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Artificial intelligence (AI) is reshaping computer-aided drug design (CADD) by enabling data-driven analysis 
and generation across the early drug-discovery continuum. Conventional CADD approaches—including 
molecular docking, pharmacophore modelling, quantitative structure-activity relationship analysis and 
molecular dynamics—remain valuable, but their predictive performance can be constrained by simplified 
scoring functions, incomplete structural information and the enormous size of chemical space. Machine 
learning (ML), deep learning, graph neural networks, protein language models, geometric learning and 
generative models increasingly complement these methods. AI can support disease and target prioritization, 
protein-structure prediction, binding-site analysis, drug-target interaction prediction, virtual screening, 
de novo molecular generation, ADMET prediction, retrosynthetic planning and multi-parameter lead 
optimization. Recent advances such as AlphaFold3, deep-learning docking, ultra-large-library screening 
and generative molecular design have expanded the scope of structure-based and ligand-based discovery. 
Importantly, AI-generated candidates must be assessed for potency, selectivity, physicochemical properties, 
pharmacokinetics, toxicity, synthetic accessibility and uncertainty before experimental testing. Data 
leakage, bias, activity cliffs, distribution shift, limited prospective validation and interpretability remain 
significant barriers. This review presents an integrated AI-CADD framework from target identification 
to lead optimization and emphasizes the design-make-test-analyze cycle as the practical bridge between 
computational prediction and experimental medicinal chemistry.
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Introduction
Drug discovery is a high-risk, data-intensive process in 
which decisions made during target selection and hit 
identification strongly influence downstream attrition. 
Computational methods have long been used to reduce 
experimental search space, but the emergence of large 
chemical and biological databases, high-performance 
computing and modern ML has changed the scale at 
which CADD can operate. AI is now applied to disease 
biology, target prioritization, structural prediction, virtual 

screening, molecular generation, property prediction 
and synthesis planning (Paul et al., 2021; Jiménez-Luna 
et al., 2021; Vamathevan et al., 2019). The most important 
conceptual change is that AI does not need to replace 
conventional CADD. Instead, it can augment docking, 
molecular dynamics, QSAR, pharmacophore modelling 
and medicinal-chemistry reasoning by learning patterns 
from experimental data. Deep-learning models can 
operate on molecular graphs, sequences and three-
dimensional structures, while generative systems can 
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Table 1: Comparison of conventional and AI-enabled CADD across the drug-discovery workflow.

Drug-discovery stage Conventional CADD AI-enabled CADD Expected benefit

Target identification Pathway/literature analysis Omics integration, knowledge 
graphs, target ranking

Prioritized biological targets

Structure prediction Homology/experimental 
structures

Protein foundation models Expanded structural coverage

Hit identification Docking/pharmacophores Deep screening and DTI prediction Higher-throughput hit 
prioritization

Molecule generation Analogue/fragment design Generative AI and reinforcement 
learning

Broader chemical exploration

Lead optimization Manual SAR cycles Multi-objective ML and active 
learning

Faster DMTA iteration

Developability Later-stage ADMET testing Early ADMET/synthesis prediction Reduced avoidable attrition

propose new chemical matter rather than merely rank 
existing compounds (Chen et al., 2018; Askr et al., 2023). 
The objective of this review is to critically connect AI 
methods with the practical stages of CADD, beginning with 
disease and target identification and extending through 
structure prediction, virtual screening, de novo design, 
ADMET assessment, retrosynthesis and lead optimization. 
Particular attention is given to recent advances published 
from 2021 to 2026, while selected foundational studies 
are retained because they established methods still used 
in current AI-CADD workflows.

Materials and Methods
As a review article, this manuscript does not report 
original laboratory experiments. The literature was 
synthesised through a narrative review of peer-reviewed 
studies and recognised preprints on artificial intelligence-
enabled computer-aided drug design, with emphasis on 
work published between 2021 and 2026 and inclusion of 
selected foundational studies that established methods 
still in current use. Sources were selected to cover each 
stage of the AI-CADD pipeline addressed in the Results and 
Discussion: data and computational foundations, target 
identification, protein structure prediction, binding-site 
analysis, drug-target interaction and affinity prediction, 
virtual screening and docking, QSAR/property prediction, 
de novo molecular generation, hit-to-lead progression, 
ADMET and developability prediction, retrosynthesis, 
lead optimization, multi-objective optimization, model 
validation, and translational case studies. Findings are 
synthesised and critically discussed below.

Results and Discussion

Data And Computational Foundations of AI-CADD
AI-CADD depends on reliable biological and chemical 
data. Major resources include ChEMBL for bioactivity, 
DrugBank for drug and target information, BindingDB for 
experimentally determined binding affinities, the Protein 

Data Bank for macromolecular structures, PubChem for 
chemical information and the Therapeutic Target Database 
for target druggability information (Zdrazil et al., 2023; 
Knox et al., 2024; Liu et al., 2007; Burley et al., 2022; Kim, 
2021; Zhou et al., 2024). The quality, assay context, endpoint 
definition and chemical diversity of these datasets directly 
affect model reliability. Molecules can be encoded as 
fingerprints, physicochemical descriptors, SMILES strings, 
molecular graphs or three-dimensional conformations. 
Graph-based models represent atoms as nodes and bonds 
as edges, allowing the model to learn structural features 
rather than relying entirely on handcrafted descriptors 
(Kearnes et al., 2016; Gilmer et al., 2017; Yang et al., 2019). 
Protein inputs may include sequences, structures, residue 
graphs and learned embeddings. Multimodal models can 
integrate ligand, protein and biological context. A critical 
issue is data leakage. Random train/test splits may place 
highly similar analogues in both sets and therefore 
overestimate prospective performance. Scaffold splits, 
temporal splits, target-held-out evaluations and external 
validation provide more realistic estimates. Models 
should also report calibration and applicability-domain 
information rather than relying on a single accuracy metric 
(Wu et al., 2018; Hasselgren and Oprea, 2024).

AI For Target Identification and Validation
Target identification is increasingly supported by AI-based 
integration of genomic, transcriptomic, proteomic, 
phenotypic and clinical data. Network models can 
identify disease-associated genes and proteins, while 
knowledge-graph approaches can connect targets to 
diseases, pathways, phenotypes and known drugs. 
The therapeutic value of a target, however, depends 
not only on disease association but also on causal 
evidence, tractability, tissue distribution, safety and 
the availability of a pharmacologically addressable 
binding site (You et al., 2022; Tabana et al., 2023; Pun et 
al., 2026). AI can assist target assessment by integrating 
multiple evidence streams and prioritizing targets with 
convergent biological support. The updated Therapeutic 
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Target Database provides druggability information that 
can be combined with AI-driven ranking. Human genetic 
evidence is particularly valuable because it can increase 
confidence that modulation of a target is mechanistically 
linked to disease (Finan et al., 2017; Zhou et al., 2024). 
AI-based cellular imaging and phenotypic analysis can 
also identify disease-relevant morphological signatures. 
Such systems are most powerful when image-derived 
phenotypes are linked to molecular perturbation data 
and followed by experimental target deconvolution. The 
central principle is that AI can prioritize hypotheses, 
but target validation remains an experimental and 
pharmacological task.

AI-Enabled Protein Structure Prediction
Structure-based CADD has historically depended on 
experimentally determined protein structures. AlphaFold2 
demonstrated that deep learning can predict many protein 
structures with remarkable accuracy, while RoseTTAFold 
provided an independent multi-track approach (Jumper 
et al., 2021; Baek et al., 2021). AlphaFold3 extended the 
paradigm by predicting complexes involving proteins, 
nucleic acids, small molecules and ions, providing a 
broader structural foundation for AI-CADD (Abramson 
et al., 2024). These predictions can increase the number 
of proteins accessible to structure-based screening, but 
a predicted structure is not necessarily equivalent to an 
experimentally observed ligand-bound state. Flexible 
loops, cryptic pockets, induced fit and alternative 
conformations may remain difficult . Consequently, 
predicted structures should be combined with structural 
homologues, pocket analysis, molecular dynamics and 
experimental information whenever available (Burley et 
al., 2021; Özçelik et al., 2023).

Binding-Site and Druggability Analysis
AI can identify potential binding pockets from protein 
coordinates, residue environments and geometric 
features. Deep-learning and geometric models can 
learn spatial relationships that are difficult to capture 
with conventional descriptors. Binding-site prediction 
is especially useful for allosteric targets and proteins 
for which ligand-bound structures are unavailable. The 
practical objective is not merely to identify any cavity, 
but to prioritize sites with suitable volume, enclosure, 
physicochemical complementarity, conservation or disease 
relevance and an opportunity for selectivity. Structural AI 
should therefore be integrated with experimental ligand 
information and conventional pocket characterization 
rather than treated as a stand-alone decision system 
(Özçelik et al., 2023; Pun et al., 2026).

Drug-Target Interaction and Affinity Prediction
Drug-target interaction (DTI) prediction estimates 
whether a molecule interacts with a protein and may 
also estimate binding affinity. DeepPurpose and related 
architectures demonstrate how deep neural networks 
can learn joint representations of chemical structures and 
protein sequences (Huang et al., 2021). Graph convolutional 
approaches have also been applied to drug response and 
molecular interactions (Nguyen et al., 2022). Modern 
models increasingly incorporate three-dimensional 
information. TANKBind uses geometric constraints for 
protein-ligand structure and affinity prediction, while 
diffusion and geometric-learning methods have expanded 
the range of protein-ligand pose prediction (Lu et al., 2022; 
Corso et al., 2022). These methods can rapidly prioritize 
molecules but should be evaluated carefully on scaffold- 
and target-held-out datasets.

Table 2: Major artificial-intelligence model families used in computer-aided drug design and their typical applications.

AI model family Typical CADD task Representative input Main strength

Random Forest / 
Gradient Boosting

QSAR, ADMET, activity prediction Descriptors, fingerprints Strong baseline and 
relatively interpretable

Convolutional Neural 
Network

3D binding-site learning Voxelized structures / molecular 
grids

Learns spatial patterns

Graph Neural Network Molecular property and activity 
prediction

Molecular graphs Captures atom-bond 
relationships

Transformer / LLM Molecular representation, reaction and 
literature modelling

SMILES, sequences, text Long-range contextual 
representation

VAE / GAN De novo molecular generation Latent molecular representations Explores chemical space

Diffusion model 3D and molecular generation Graphs, coordinates, conditions Flexible conditional 
generation

Reinforcement learning Goal-directed optimization Molecular states and rewards Optimizes multiple 
objectives

Hybrid / ensemble 
models

Virtual screening and rescoring Structure + ligand + assay data Combines complementary 
signals
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AI-Driven Virtual Screening and Molecular Docking
Virtual screening can be divided into ligand-based and 
structure-based approaches. AI models can rapidly 
pre-filter ultra-large libraries before more expensive 
docking and physics-based calculations. Deep Docking 
demonstrated an AI-enabled workflow for screening 
very large chemical libraries and thereby reducing the 
computational burden associated with conventional 
docking (Gentile et al., 2022). GNINA introduced deep 
learning into molecular docking and scoring, while 
AutoDock Vina 1.2.0 expanded conventional docking 
capabilities and remains useful as a transparent baseline 
(McNutt et al., 2021; Eberhardt et al., 2021). More recently, 
RosettaVS demonstrated an AI-assisted structure-based 
screening platform designed for high-throughput virtual 
screening (Zhou et al., 2024). A robust workflow therefore 
combines rapid AI filtering with interpretable docking, 
rescoring and experimental confirmation.

AI for Qsar and Molecular Property Prediction
QSAR modelling remains one of the most practical AI 
applications in CADD. Deep neural networks, message-
passing networks and graph transformers can learn 
relationships between chemical structure and potency 
or physicochemical properties. MoleculeNet established a 
benchmark framework for molecular machine learning and 
emphasized the importance of standardized evaluation 
(Wu et al., 2018). Modern molecular property models 
can support potency, solubility, permeability, metabolic 
stability, plasma protein binding, CYP inhibition and 
toxicity prediction. Chemprop provides a widely used 
message-passing framework for molecular property 
prediction, while ADMETlab 2.0 integrates multiple 
ADMET endpoints (Heid et al. , 2024; Xiong et al. , 
2021). Prediction should be coupled with uncertainty 
and applicability-domain assessment because model 
performance may deteriorate sharply for novel chemical 
scaffolds.

AI for DE Novo Molecular Generation
Generative AI changes the discovery problem from selecting 
molecules from an existing library to constructing new 
chemical structures. Deep generative approaches include 
variational autoencoders, recurrent neural networks, 

reinforcement learning, graph generative models and, 
more recently, diffusion and transformer-based systems 
(Cheng et al., 2021; Wang et al., 2022; Zeng et al., 2022). 
REINVENT demonstrated practical reinforcement-
learning-based de novo design, while subsequent systems 
increasingly condition generation on target activity and 
multiple molecular properties (Blaschke et al., 2020). 
Three-dimensional interaction-guided generation is 
particularly promising because it directly incorporates 
protein-ligand geometry (Zhung et al., 2024). Generative AI 
should not be judged solely by novelty or validity. A useful 
molecule must balance predicted potency, selectivity, 
physicochemical properties, ADMET behaviour, synthetic 
accessibility and chemical stability. Multi-objective 
optimization is therefore central to practical generative 
chemistry.

AI for Hit Identification and Hit-To-Lead
AI can identify chemically diverse hits by combining 
similarit y searching, activit y prediction, docking 
and generative design. The discovery of halicin using 
deep learning demonstrated that AI can identif y 
antibacterial chemical matter with structures distinct 
from conventional antibiotic classes (Stokes et al., 2020). 
Deep-learning-driven kinase inhibitor design similarly 
illustrated the possibility of rapidly exploring chemical 
space around a selected target (Zhavoronkov et al., 
2019). During hit-to-lead development, AI can prioritize 
analogues with improved ligand efficiency, selectivity 
and physicochemical properties. The greatest benefit 
is obtained when predictions are embedded in an 
experimental cycle in which newly measured compounds 
are incorporated into the next model iteration.

Ai for Admet and Developability Prediction
A lead compound must possess more than target potency. 
Absorption, distribution, metabolism, excretion and 
toxicity can eliminate otherwise attractive candidates. 
AI can model permeability, solubility, metabolic stability, 
CYP inhibition, transporter interactions, cardiotoxicity, 
hepatotoxicity and mutagenicity. ADMETlab 2.0 integrates 
multiple ADMET predictions, while recent practical work 
emphasizes careful dataset definition, calibration and 
prospective use of ADME models during lead optimization 

Table 3: AI-assisted virtual-screening strategies and practical considerations.

Approach Input Typical output Key limitation

Classical docking Protein + ligand Pose and docking score Scoring-function limitations

Deep-learning docking 3D protein/ligand Pose and learned score Generalization

Ligand-based ML Molecular descriptors/graphs Activity ranking Training-chemistry dependence

DTI prediction Protein + molecule Interaction/affinity prediction Target and assay bias

Ultra-large screening Very large libraries Prioritized subset Possible false negatives

Hybrid screening AI + docking + physics Consensus ranking Higher complexity
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(Xiong et al., 2021; Rich, 2024). The appropriate use 
of AI is to reduce avoidable synthesis of compounds 
with predictable liabilities, not to replace experimental 
pharmacokinetic and toxicological studies.

AI-Assisted Retrosynthesis and Synthetic Accessibility
Sy nt het ic accessibi l it y is a major const raint on 
generative drug design. Retrosynthesis algorithms 
propose disconnections that can be evaluated against 
reaction databases and chemical rules. AiZynthFinder 
combines neural-network reaction prediction with Monte 
Carlo tree search, and its later versions incorporate 
lessons from industrial deployment (Genheden et 
al., 2020; Saigiridharan et al., 2024). The Molecular 
Transformer demonstrated that reaction prediction can 
be formulated as a sequence-to-sequence translation 
problem, with uncertainty estimation providing additional 
decision support (Schwaller et al., 2019). Chemformer 
extended transformer-based retrosynthesis to multistep 
planning, illustrating the growing role of large reaction 
datasets (Mercado et al., 2024). In AI-CADD, synthetic 
feasibility should be incorporated before final compound 
prioritization.

AI for Lead Optimization
Lead opt imizat ion is inherent ly mult i-object ive: 
potency, selectivity, solubility, permeability, metabolic 
stability, safety and synthetic accessibility must be 
improved simultaneously. AI can learn structure-activity 
relationships and propose modifications likely to improve 
one or more properties. Recent approaches distinguish 
goal-directed generation from structure-directed 
optimization, including fragment replacement, linker 
design, scaffold hopping and side-chain decoration (Xia 
et al., 2024; Zhang et al., 2024). Deep Lead Optimization 
frameworks provide increasingly practical strategies for 
medicinal chemists (Zhang et al., 2024). AI-guided ADME 
models can further reduce the number of compounds 
synthesized solely to discover predictable liabilities (Rich, 
2024).

Multi-Objective Optimization and Active Learning
Multi-objective optimization is essential because 
improving one property can worsen another. Bayesian 
optimization, reinforcement learning and active learning 
can identify compounds that either maximize predicted 
utility or provide informative experimental data. Active 
learning is particularly useful when experimental data are 
expensive and training datasets are small (Current status 
of active learning for drug discovery, 2021). The optimal 
next compound is not necessarily the molecule with the 
highest predicted potency. A compound with moderate 
predicted activity but high uncertainty may provide 
greater information and improve the next generation of 
the model. This principle links AI directly to the design-
make-test-analyze cycle.

Explainable Ai, Uncertainty And Model Validation
Interpretability is essential for medicinal chemistry 
because computational predictions should generate 
chemically testable hypotheses. Explainable AI can 
highlight influential molecular substructures, protein 
residues or learned features, but explanations should not 
automatically be interpreted as mechanisms. Uncertainty 
estimation is equally important. Ensemble methods, 
calibration, conformal prediction and applicability-
domain analysis can identify predictions that should be 
treated cautiously. Benchmarking should use scaffold 
and temporal splits where appropriate and should include 
external prospective datasets. The increasing availability 
of high-capacity models makes rigorous validation more—
not less—important (Hasselgren and Oprea, 2024; Askr 
et al., 2023).

Prospective Evidence and Translational Impact
The field is moving from retrospective benchmark 
performance toward prospective drug-discovery evidence. 
A major recent example is the generative-AI-discovered 
TNIK inhibitor program reported in a randomized phase 
2a trial for idiopathic pulmonary fibrosis, providing 
an important translational milestone for AI-enabled 

Table 4: Multi-parameter objectives commonly integrated into AI-guided lead optimization.

Optimization objective AI strategy Typical endpoint Medicinal-chemistry interpretation

Potency QSAR/GNN/3D affinity IC50, EC50, Kd Increase target activity

Selectivity Multi-task learning Off-target panel Reduce unwanted pharmacology

Solubility Regression/classification Aqueous solubility Improve formulation/exposure

Permeability ML/graph models PAMPA, Caco-2 Balance polarity and exposure

Metabolic stability ADME models Microsomal half-life Reduce rapid clearance

Toxicity Multi-endpoint ML hERG, hepatotoxicity, genotoxicity Remove liabilities early

Synthetic accessibility Retrosynthesis/SA scoring Route feasibility Prefer practical compounds

Overall developability Multi-objective optimization Composite utility Balance competing properties
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Table 5: Recommended evaluation measures for AI-enabled CADD models and prospective validation

CADD prediction task Useful metric What it measures Recommended validation consideration

Classification ROC-AUC, PR-AUC, F1 Class discrimination Use scaffold/external splits and report 
class balance

Regression / QSAR RMSE, MAE, R² Prediction error and 
variance explained

Report uncertainty and external 
performance

Virtual screening EF, BEDROC, enrichment Early retrieval of active 
compounds

Use realistic active/inactive distributions

Ranking Spearman / Kendall correlation Agreement in ordering Test on unseen chemical series

Molecular generation Validity, uniqueness, novelty Chemical quality and 
diversity

Also assess synthesizability

Docking / pose 
prediction

RMSD, pose success rate Pose reproduction Consider receptor flexibility

ADMET prediction AUROC, RMSE/MAE Endpoint prediction 
quality

Prefer assay-specific external validation

Prospective 
discovery

Hit rate / experimental success Real-world utility Predefine criteria and preserve blind tests

Table 6: Major barriers to reliable AI-CADD and recommended mitigation strategies

Challenge Why it matters Recommended mitigation

Data leakage Inflated benchmark performance Scaffold/temporal/external splits

Dataset bias Poor transfer to underrepresented chemistry Diverse datasets and reweighting

Distribution shift Novel targets/scaffolds can break models Applicability domain and uncertainty

Activity cliffs Small structural changes can cause large effects Local SAR and analogue-aware validation

Protein flexibility Static structures miss relevant conformations Ensembles, MD and experimental structures

Interpretability Black-box predictions are hard to audit Attribution and chemical review

Synthetic feasibility Generated molecules may be impractical Retrosynthetic planning and expert review

Prospective validation Retrospective metrics may not translate Prospective synthesis and blinded evaluation

Reproducibility/IP Data and provenance may be unclear Versioned data, code and provenance

discovery (Xu et al., 2025). Such examples should be 
interpreted carefully: the success of a program reflects 
integrated medicinal chemistry, pharmacology, clinical 
development and experimental validation, not AI alone. 
The emerging lesson is that AI is most credible when 
it produces experimentally validated compounds and 
measurable improvements in discovery efficiency rather 
than only high retrospective benchmark scores (Wilczok 
and Zhavoronkov, 2025).

Challenges, Ethical Issues and Future Directions
The major challenges include biased training data, 
inconsistent assay measurements, data leakage, activity 
cliffs, distribution shift, synthetic infeasibility, protein 
f lexibility, limited interpretability and inadequate 
prospective validation. Intellectual-property issues, 
provenance of training data and reproducibility also 
require attention. Future AI-CADD platforms are likely 
to combine foundation models for proteins and molecules, 

three-dimensional generative models, multimodal 
biological knowledge, active learning and automated 
experimentation. Large language models may increasingly 
serve as orchestration layers that connect databases, 
prediction tools, retrosynthesis systems and laboratory 
platforms. However, human oversight will remain essential 
for selecting biologically meaningful objectives and 
evaluating experimental evidence (Hasselgren and Oprea, 
2024; Kanakala et al., 2024; Pun et al., 2026).

Conclusion
AI is becoming an important enabling layer for CADD, 
connecting target biology, structural modelling, virtual 
screening, molecular generation, ADMET prediction, 
synthesis planning and lead optimization. Its greatest 
value lies in integrating diverse data and accelerating 
iterative hypothesis testing. Reliable AI-CADD therefore 
requires high-quality data, rigorous external validation, 
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uncertainty estimation and experimental confirmation. 
T he most promising f ut ure is a human-g uided, 
AI-accelerated design-make-test-analyze cycle that 
combines computational scale with medicinal-chemistry 
judgement and laboratory evidence.
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