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Abstract—Background and Objective: Drug 

development is among the most expensive and time-

consuming processes in science, costing approximately 

$2.6 billion and 10–15 years per approved drug, with 

over 90% of candidates failing before approval. Drug 

repurposing — identifying new therapeutic uses for 

existing compounds — offers a faster, lower-cost 

alternative by leveraging established safety profiles. This 

review aims to critically evaluate the role of artificial 

intelligence (AI)-driven molecular docking in 

accelerating drug repurposing, examining current 

methodologies, landmark case studies, key databases, 

and translational challenges. 

Methods: A comprehensive narrative review of peer-

reviewed literature was conducted covering five 

principal AI methodologies: structure-based virtual 

screening (SBVS) with ML-enhanced scoring functions, 

ligand-based virtual screening (LBVS) and QSAR 

modelling, graph neural network (GNN)-based drug-

target interaction prediction, AlphaFold 2 and 3-

integrated structural proteomics, and knowledge 

graph/NLP-based network pharmacology. Landmark 

case studies (baricitinib for COVID-19; halicin as a novel 

antibiotic) and major databases (DrugBank, ChEMBL, 

PDB, AlphaFold DB) were systematically reviewed. 

Results: AI-driven docking pipelines demonstrate clear 

superiority over traditional physics-based scoring 

functions in accuracy and throughput, enabling 

screening of over 100 million compounds in under 48 

hours. AlphaFold 2 and 3 have expanded the druggable 

proteome to over 200 million predicted structures. 

Baricitinib, identified via BenevolentAI’s knowledge 

graph, reduced COVID-19 mortality by 38% in 

randomised trials and achieved WHO standard-of-care 

status. Halicin, discovered through deep learning, 

demonstrated novel antibacterial activity against drug-

resistant pathogens in vivo. Key limitations identified 

include data bias, model interpretability (the black-box 

problem), the AlphaFold docking gap, benchmark 

reproducibility issues, and a persistent clinical 

translation gap. 

Conclusion: AI-driven molecular docking has 

transformed drug repurposing from a serendipitous 

process into a systematic, high-throughput 

computational strategy with demonstrated clinical 

impact. Addressing current limitations through 

explainable AI, federated learning, benchmark 

standardisation, and integrated computational-

experimental workflows will be critical to accelerating 

the translation of AI-predicted candidates into approved 

therapies. 

 

Index Terms—Drug Repurposing; Molecular Docking; 

Artificial Intelligence; Virtual Screening; AlphaFold; 

Graph Neural Networks 

 

I. INTRODUCTION 

 

Developing new medicines is among the longest and 

most expensive processes in all of science. The total 

estimated cost of bringing a new drug to market is 

approximately $2.6 billion over 10 to 15 years per 

approved drug, and greater than 90% of all developed 

drugs never make it to market due to insufficient 

efficacy, adverse effects, or pharmacokinetic problems 

[1, 2]. Drug repurposing — also referred to as drug 

repositioning — provides a highly logical strategy to 

find new uses for already existing compounds with a 

history of being safely used in humans. Repurposed 

agents can reach the market in typically 3–6 years and 

at significantly lower costs because early toxicology 

studies and Phase I clinical trials are eliminated. This 

is especially valuable for neglected diseases and rapid 

pandemic response [2]. 
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Molecular docking, a critical component of structure-

based drug design (SBDD), computationally models 

the geometry and affinity of small-molecule ligand 

binding to protein binding sites, enabling rapid in 

silico prioritization of compound/target pairs prior to 

experimental validation [3]. Traditional platforms 

such as AutoDock Vina, Glide, and DOCK6 remain 

the backbone of SBDD but are limited by scoring 

function quality and crystal structure availability. 

Artificial intelligence (AI) — encompassing machine 

learning (ML), deep learning (DL), and graph neural 

networks (GNN) — has made great progress in the 

field of molecular docking. Training AI scoring 

functions on large drug-protein interaction datasets 

has demonstrated clear superiority over rule-based 

approaches [4]. The introduction of AlphaFold 2 and 

AlphaFold 3 has greatly expanded accessible targets 

for docking [5]. This review systematically evaluates 

the methodological landscape of AI-augmented 

molecular docking for drug repurposing, covering 

databases, landmark case studies, challenges, and 

future directions. 

 

II. BACKGROUND: DRUG REPURPOSING AND 

MOLECULAR DOCKING 

 

A. Rationale and Costs 

The standard drug discovery process has an extremely 

high failure rate, with less than 10% of Phase I 

candidates receiving regulatory approval [1]. Drug 

repurposing circumvents early costly stages because 

the drug has already been shown safe in humans. The 

estimated cost to develop a repurposed drug is 

approximately $300 million compared to more than $2 

billion for a new chemical entity [6]. These economic 

benefits are particularly important for neglected 

tropical diseases, rare diseases, and rapid pandemic 

response [2]. 

 

B. Principles of Molecular Docking 

Molecular docking computationally simulates the 

binding of a small molecule (ligand) to a receptor — 

akin to fitting a key into a lock. The process involves: 

(1) exploration of the conformational, orientational, 

and positional space of the ligand within the binding 

pocket; and (2) ranking resulting poses based on 

predicted binding free energy. Widely used platforms 

include AutoDock Vina, Glide, DOCK6, and rDock, 

each differing in search algorithms and scoring 

methods (empirical, force-field, or knowledge-based). 

Virtual screening extends docking to library scale, 

enabling rapid prioritization of hundreds of millions of 

compounds against a target [7]. 

 

C. The Impact of AI on Drug Discovery 

ML scoring functions — from random forests to 

SVMs to deep convolutional networks and GNNs — 

have shown measurable improvement over classical 

scoring methods [4, 8]. AI also extends beyond 

screening to de novo molecular design via generative 

models (VAEs and GANs), and NLP enables large-

scale extraction of drug-target relationships from 

literature [3]. AlphaFold 2’s 3D structural predictions 

for previously unresolved proteins resolved a critical 

bottleneck in structure-based drug design [5]. 

 

III. AI-DRIVEN METHODOLOGIES IN DRUG 

REPURPOSING 

 

A. Structure-Based Virtual Screening with AI-

Enhanced Scoring 

Traditional SBVS methods dock large compound 

libraries against a target structure and rank resulting 

poses using a scoring function, historically producing 

large numbers of false positives. ML-based scoring 

functions trained on ChEMBL and PDBbind curated 

affinity datasets outperform physics-based scoring 

functions. CNNs have produced exceptional 

performance by directly processing 3D representations 

of protein-ligand complexes, while DiffDock treats 

docking as a generative modeling task, estimating the 

statistical distribution of acceptable binding poses. 

Recent developments have enabled screening of over 

100 million compounds in under 48 hours. 

Figure 1 illustrates the complete AI-driven drug 

repurposing workflow, from large chemical libraries 

through iterative AI filtering, virtual screening, and 

ML-enhanced scoring to clinical validation. 

 

B. Ligand-Based Virtual Screening and QSAR 

Modeling 

LBVS relies on the structural and physicochemical 

characteristics of known active substances when no 

reliable 3D receptor structure exists. QSAR modelling 

creates predictive models correlating molecular 

descriptors to biological activity [7]. Ensemble ML 

techniques such as random forests and XGBoost 

effectively handle high-dimensional descriptor spaces, 
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while GNN-based models achieve state-of-the-art 

performance on MoleculeNet benchmarks for 

solubility prediction, hydration free energy estimation, 

and biological activity classification [4]. 

 

C. Graph Neural Networks for Drug-Target 

Interaction Prediction 

GNNs are among the most capable architectures for 

modelling drug-protein interactions and predicting 

molecular properties [9]. Because molecular structures 

are naturally graph-based (atoms as nodes, bonds as 

edges), GNN architectures capture both local chemical 

environments and global structural characteristics 

without the information loss associated with fixed-

length vector encoding. DeepDTA combines GNN 

drug representation with one-dimensional 

convolutional protein representations, outperforming 

individual methods on the Davis and KIBA datasets 

[10]. H2GnnDTI captures multi-scale interaction 

information and generalises well to new drug-target 

interactions [11]. 

 

D. AlphaFold 2 and AlphaFold 3: Expanding the 

Druggable Proteome 

AlphaFold 2, published in Nature in 2021, predicts 

protein structures with unprecedented accuracy from 

amino acid sequence alone, and the AlphaFold Protein 

Structure Database now provides structural models for 

over 200 million proteins [5]. The Nobel Prize in 

Chemistry 2024 recognized this achievement. 

AlphaFold 3, released in 2024, uses diffusion models 

for prediction of complex biomolecular assemblies 

including protein-ligand, protein-nucleic acid, and 

protein-protein complexes, outperforming available 

docking tools in the PoseBusters benchmark [12]. 

 

E. Knowledge Graphs, NLP, and Network-Based 

Repurposing 

AI technologies for drug repurposing increasingly 

connect biomedical data types through knowledge 

graphs reflecting relationships between drugs, targets, 

diseases, pathways, and clinical outcomes, derived 

from scientific literature using ML-based Named 

Entity Recognition (NER) and relationship extraction 

[3]. Graph embedding techniques generate low-

dimensional vector representations enabling 

predictions about new drug-disease relationships. 

Network pharmacology uses PPI networks to model 

disease biology, enabling identification of repurposing 

candidates that target disease pathways rather than 

individual proteins [13]. 

 

IV. KEY DATABASES AND COMPUTATIONAL 

RESOURCES 

 

The performance of AI-based docking workflows is 

strongly dependent on the quality and scope of their 

underlying databases. The principal resources 

employed in AI drug repurposing workflows are 

summarized in Table I. 

 

Table I. Principal Databases in AI-Driven Drug 

Repurposing 

Database Content & Role 

DrugBank ~14,000 drug entries; 

approved compound libraries 

and target information. 

ChEMBL >2.5M bioactive compounds; 

training sets for QSAR/ML 

models. 

PubChem ~119M compounds with 

biological activity data; large-

scale VS campaigns. 

ZINC Library >750M drug-like purchasable 

compounds; ultra-large 

library docking. 

PDB (RCSB) ~210,000 experimental 

protein structures; gold-

standard receptor inputs. 

AlphaFold DB >200M predicted structures; 

expands druggable proteome 

for SBVS. 

OMIM/DisGeNET Disease-gene associations; 

target prioritization for KG-

based repurposing. 

 

V. LANDMARK CASE STUDIES 

 

A. Baricitinib for COVID-19 

A landmark example of AI-driven drug repurposing is 

the identification of baricitinib as a potential COVID-

19 treatment [14]. In January 2020, BenevolentAI 

utilised their proprietary AI-enabled Biomedical 

Knowledge Graph to identify compounds capable of 
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interfering with SARS-CoV-2 cell entry and 

dampening the cytokine storm driving severe COVID-

19. The system identified baricitinib — an oral 

JAK1/JAK2 inhibitor approved for rheumatoid 

arthritis — as a candidate capable of inhibiting AAK1-

mediated viral endocytosis and reducing cytokine-

mediated inflammation [14]. 

 

In the ACTT-2 randomised trial (n > 1,033), 

baricitinib combined with remdesivir significantly 

accelerated hospital discharge and reduced mortality 

by approximately 35% compared to remdesivir alone 

[15]. The CoV-BARRIER trial confirmed a 38% 

reduction in 28-day mortality. Baricitinib 

subsequently received FDA Emergency Use 

Authorization and was included in WHO standard-of-

care guidelines for severe COVID-19, demonstrating 

how AI-generated predictions can translate directly 

into clinical guidelines [15, 16]. The repurposing 

timeline is illustrated in Figure 2. 

 

B. Halicin: Deep Learning for Novel Antibiotics 

Researchers at MIT trained a deep learning model on 

molecular databases to scan the Drug Repurposing 

Hub — a curated database of approved and 

investigational drugs [16]. Halicin, originally 

investigated for diabetes, was predicted to disrupt the 

electrochemical gradient across bacterial membranes, 

representing a novel mechanism of action unlikely to 

generate conventional resistance. Halicin 

demonstrated significant antibacterial activity against 

drug-resistant Acinetobacter baumannii and 

Mycobacterium tuberculosis both in vitro and in 

mouse models, establishing AI-driven screening as a 

pathway to genuinely novel pharmacological 

mechanisms [16]. 

 

C. Oncology and Infectious Disease Agents 

Mebendazole, an anthelmintic, was computationally 

determined to share a tubulin-binding mechanism with 

anti-tumour agents, with docking studies validating its 

binding geometry at the colchicine binding site [6]. 

Celecoxib, a selective COX-2 inhibitor, has been 

evaluated as an anti-cancer agent in colon, breast, and 

prostate cancer through AI-assisted target 

identification [6]. Oseltamivir, darunavir, raltegravir, 

and chloroquine have each been investigated against 

multiple infectious disease targets using AI-based 

analytical methods [6]. 

 

VI. COMPARATIVE METHODOLOGICAL 

OVERVIEW 

 

A systematic comparison of the principal AI-based 

methodologies for drug repurposing is presented in 

Table II. 

 

Table II. Comparative Overview of AI-Driven Methodologies 

Approach Key Tools Strengths Limitations 

SBVS AutoDock Vina, DiffDock Mechanistic insight; uses 3D 

structure 

Needs crystal structures; 

slow for huge libraries 

LBVS / QSAR RF, SVM, XGBoost No structure needed; rapid Limited by known ligand 

data 

ML Scoring CNN, Graph Attention Nets Improved accuracy; fewer 

false positives 

Overfitting; low 

interpretability 

GNN-DTI DeepDTA, H2GnnDTI Graph topology; multi-

relational 

Needs high-quality training 

data 

AlphaFold-

Integrated 

AF2+AutoDock; AF3 Expands druggable proteome May underperform without 

refinement 

 

VII. CHALLENGES AND LIMITATIONS 

 

Despite remarkable progress, several persistent 

challenges limit the real-world translation of AI-

driven drug repurposing pipelines, summarized in 

Table III. 
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Table III. Key Challenges in AI-Driven Drug 

Repurposing 

Challenge Description 

Data Quality & 

Imbalance 

ChEMBL and similar databases 

have unequal representation of 

target classes and chemical 

scaffolds, producing biased 

model predictions [7]. 

Black-Box 

Interpretability 

Deep learning models achieve 

high performance without 

transparency. SHAP and LIME 

provide post-hoc attribution, but 

biological rationale is often 

unclear [17]. 

AlphaFold 

Docking Gap 

AF2 structures frequently 

underperform PDB structures in 

docking without side-chain 

refinement. AF3 shows 

improvement but needs further 

validation [5, 12]. 

Benchmark 

Reproducibility 

DUD-E and Davis datasets 

exhibit proximity bias and train-

test leakage that overestimate 

prospective screening 

performance [18]. 

Clinical 

Translation 

Gap 

Most computationally predicted 

candidates fail in biochemical 

assays due to imprecise scoring 

functions, incomplete ADMET 

predictions, and protein 

flexibility issues. 

 

VIII. FUTURE DIRECTIONS 

 

A. Multimodal Data Integration 

Future repurposing projects integrating multi-omics 

data will establish predictive models supporting multi-

modal repurposing based on disease biology rather 

than binding affinity alone. Biomedical foundation 

models offer new ways to integrate transcriptomic, 

proteomic, and metabolomic data. 

 

B. Explainable AI and Regulatory Compatibility 

As AI-derived repurposing agents advance toward 

clinical trials, regulatory frameworks at FDA and 

EMA will increasingly require mechanistic reasoning 

to support computational evidence — specifying 

which protein-ligand binding events occur, which 

pathways are modulated, and what molecular 

properties drove identification [17]. 

 

C. Federated Learning and Quantum Computing 

Federated learning enables collaborative AI model 

development across institutions while preserving 

patient privacy and proprietary rights [19]. Quantum 

computing may enable evaluation of protein-ligand 

free energy at quantum mechanical precision via 

variational quantum eigensolvers (VQEs) and hybrid 

quantum-classical methods within the next decade [4]. 

 

D. Real-Time Adaptive Screening Pipelines 

Active learning systems iteratively retrain AI models 

on experimental screening results, directing 

subsequent efforts toward regions of highest predicted 

activity [20]. Closed-loop approaches integrating AI 

prediction, automated synthesis, and high-throughput 

biochemical assay have potential to compress 

hypothesis-to-validation timelines from years to 

months. 

 

IX. CONCLUSION 

 

AI-based molecular docking represents one of the 

most rapidly developing and impactful areas within 

computational pharmacology. With ML-based scoring 

functions, GNN-based DTI prediction, generative 

molecular modelling, and AlphaFold-based structural 

proteomics, today’s AI-accelerated molecular docking 

pipelines offer unprecedented high-throughput 

exploration of vast chemical and biological spaces. 

The case of baricitinib — from a BenevolentAI 

knowledge graph query to a WHO Standard-of-Care 

recommendation — demonstrates that AI-driven drug 

repurposing is a viable strategy for clinical drug 

development. Halicin establishes that AI-driven 

screening can identify entirely novel pharmacological 

mechanisms. Persistent challenges — data bias, model 

opacity, the AlphaFold docking gap, benchmark 

reproducibility, and the clinical translation gap — 

require investment in benchmark standardisation, 

explainable AI architectures, federated data sharing, 

and integrated computational-experimental 

workflows. 

The future of drug repurposing will be built on multi-

modal AI-powered pipelines, quantum simulation, and 
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adaptive real-time screening rather than serendipitous 

observation or exhaustive experimental testing alone. 

 

CONFLICT OF INTEREST 

The author declares no conflicts of interest. 

 

USE OF GENERATIVE AI AND AI-ASSISTED 

TOOLS 

The author used Claude (Anthropic) to assist with 

manuscript drafting, structural formatting, and 

language refinement. Figures were created using 

BioRender (biorender.com). The intellectual 

responsibility for all content, analysis, and conclusions 

remains entirely with the author. 

 

REFERENCES 

 

[1] J. Abramson, J. Adler, J. Dunger, R. Evans, T. 

Green, A. Pritzel, et al., “Accurate structure 

prediction of biomolecular interactions with 

AlphaFold 3,” Nature, vol. 630, no. 8016, pp. 

493–500, 2024, doi: 10.1038/s41586-024-07487-

w. 

[2] E. Anokian, J. Bernett, A. Freeman, M. List, L. P. 

Santamaría, Z. Tanoli, and S. Bonnin, “Machine 

learning and artificial intelligence in drug 

repurposing—Challenges and perspectives,” 

Drug Repurposing, vol. 1, no. 1, 2024, doi: 

10.58647/DRUGREPO.24.1.0004. 

[3] P. Bannigan, M. Aldeghi, Z. Bao, F. Häse, A. 

Aspuru-Guzik, and C. Allen, “Machine learning 

directed drug formulation development,” 

Advanced Drug Delivery Reviews, vol. 175, p. 

113806, 2021, doi: 10.1016/j.addr.2021.05.016. 

[4] S. M. Corsello, J. A. Bittker, Z. Liu, J. Gould, P. 

McCarren, J. E. Hirschman, et al., “The Drug 

Repurposing Hub: A next-generation drug library 

and information resource,” Nature Medicine, vol. 

23, no. 4, pp. 405–408, 2017, doi: 

10.1038/nm.4306. 

[5] D. E. Graff, E. I. Shakhnovich, and C. W. Coley, 

“Accelerating high-throughput virtual screening 

through molecular pool-based active learning,” 

Chemical Science, vol. 12, no. 22, pp. 7866–7881, 

2021, doi: 10.1039/D0SC06805E. 

[6] Y. Jing, D. Zhang, and L. Li, “H2GnnDTI: 

Hierarchical heterogeneous graph neural 

networks for drug–target interaction prediction,” 

Bioinformatics, vol. 41, no. 4, p. btaf117, 2025, 

doi: 10.1093/bioinformatics/btaf117. 

[7] J. Jumper, R. Evans, A. Pritzel, T. Green, M. 

Figurnov, O. Ronneberger, et al., “Highly 

accurate protein structure prediction with 

AlphaFold,” Nature, vol. 596, no. 7873, pp. 583–

589, 2021, doi: 10.1038/s41586-021-03819-2. 

[8] P. Keramida, N. K. Syrigos, M. Kouvela, G. 

Poulakou, A. Charpidou, and O. Fiste, “AI-driven 

drug repurposing: Applications and challenges,” 

Medicines, vol. 12, no. 4, p. 28, 2025, doi: 

10.3390/medicines12040028. 

[9] D. B. Kitchen, H. Decornez, J. R. Furr, and J. 

Bajorath, “Docking and scoring in virtual 

screening for drug discovery: Methods and 

applications,” Nature Reviews Drug Discovery, 

vol. 3, no. 11, pp. 935–949, 2004, doi: 

10.1038/nrd1549. 

[10] X.-Y. Meng, H.-X. Zhang, M. Mezei, and M. Cui, 

“Molecular docking: A powerful approach for 

structure-based drug discovery,” Current 

Computer-Aided Drug Design, vol. 7, no. 2, pp. 

146–157, 2011, doi: 

10.2174/157340911795677602. 

[11] T. Nguyen, H. Le, T. P. Quinn, T. Nguyen, T. D. 

Le, and S. Venkatesh, “GraphDTA: Predicting 

drug–target binding affinity with graph neural 

networks,” Bioinformatics, vol. 37, no. 8, pp. 

1140–1147, 2021, doi: 

10.1093/bioinformatics/btaa921. 

[12] T. Oliveira, M. Silva, E. Maia, A. Silva, and A. 

Taranto, “Virtual screening algorithms in drug 

discovery: A review focused on machine and deep 

learning methods,” Drugs and Drug Candidates, 

vol. 2, no. 2, pp. 311–334, 2023, doi: 

10.3390/ddc2020017. 

[13] S. M. Paul, D. S. Mytelka, C. T. Dunwiddie, C. C. 

Persinger, B. H. Munos, S. R. Lindborg, and A. L. 

Schacht, “How to improve R&D productivity: 

The pharmaceutical industry's grand challenge,” 

Nature Reviews Drug Discovery, vol. 9, no. 3, pp. 

203–214, 2010, doi: 10.1038/nrd3078. 

[14] S. Pushpakom, F. Iorio, P. A. Eyers, K. J. Escott, 

S. Hopper, A. Wells, et al., “Drug repurposing: 

Progress, challenges and recommendations,” 

Nature Reviews Drug Discovery, vol. 18, no. 1, 

pp. 41–58, 2019, doi: 10.1038/nrd.2018.168. 

[15] P. Richardson, I. Griffin, C. Tucker, D. Smith, O. 

Oechsle, A. Phelan, M. Rawling, E. Savory, and 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 202359 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7049 

J. Stebbing, “Baricitinib as potential treatment for 

2019-nCoV acute respiratory disease,” The 

Lancet, vol. 395, no. 10223, pp. e30–e31, 2020, 

doi: 10.1016/S0140-6736(20)30304-4. 

[16] C. Shen, X. Zhang, C.-Y. Hsieh, Y. Deng, D. 

Wang, L. Xu, et al., “A generalized protein-ligand 

scoring framework with balanced scoring, 

docking, ranking and screening powers,” 

Chemical Science, vol. 14, no. 30, pp. 8129–8146, 

2023, doi: 10.1039/D3SC02044D. 

[17] J. Stebbing, V. Krishnan, S. De Bono, S. 

Ottaviani, G. Casalini, P. J. Richardson, et al., 

“Mechanism of baricitinib supports artificial 

intelligence-predicted testing in COVID-19 

patients,” EMBO Molecular Medicine, vol. 12, 

no. 8, p. e12697, 2020, doi: 

10.15252/emmm.202012697. 

[18] J. M. Stokes, K. Yang, K. Swanson, W. Jin, A. 

Cubillos-Ruiz, N. M. Donghia, et al., “A deep 

learning approach to antibiotic discovery,” Cell, 

vol. 180, no. 4, pp. 688–702, 2020, doi: 

10.1016/j.cell.2020.01.021. 

[19] X. Sun, X. Jia, Z. Lu, J. Tang, and M. Li, “Drug 

repositioning with adaptive graph convolutional 

networks,” Bioinformatics, vol. 40, no. 1, p. 

btad748, 2024, doi: 

10.1093/bioinformatics/btad748. 

[20] M. Varadi, S. Anyango, M. Deshpande, S. Nair, 

C. Natassia, G. Yordanova, et al., “AlphaFold 

Protein Structure Database: Massively expanding 

the structural coverage of protein-sequence space 

with high-accuracy models,” Nucleic Acids 

Research, vol. 50, no. D1, pp. D439–D444, 2022, 

doi: 10.1093/nar/gkab1061. 

[21] W. Yin, S. Wang, Y. Zhang, S. Qiao, W. Wu, and 

H. Li, “Multirelational hypergraph representation 

learning for predicting circRNA-miRNA 

associations,” Journal of Chemical Information 

and Modeling, vol. 64, no. 21, pp. 8349–8360, 

2024, doi: 10.1021/acs.jcim.4c01436. 

[22] J. Zhou, G. Cui, S. Hu, Z. Zhang, C. Yang, Z. Liu, 

et al., “Graph neural networks: A review of 

methods and applications,” AI Open, vol. 1, pp. 

57–81, 2020, doi: 10.1016/j.aiopen.2021.01.001. 

 

FIGURES 

 

 
Fig. 1. AI-driven drug repurposing workflow — from large chemical libraries through iterative AI filtering, virtual 

screening, and ML-enhanced scoring to clinical validation, compressing the development timeline from 10–15 years 

to 3–6 years. Figure created using BioRender (biorender.com). 
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Fig. 2. Baricitinib repurposing timeline — from BenevolentAI knowledge graph identification in January 2020 

through FDA Emergency Use Authorization and WHO standard-of-care recommendation, illustrating the speed of 

AI-enabled translational drug repurposing. Figure created using BioRender (biorender.com). 


