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ABSTRACT 

Objective: To provide a comprehensive review of 

the applications of AI in drug discovery and 

development, highlighting its impact on target 

identification, lead optimization, preclinical and 

clinical evaluation, and post-marketing 

surveillance, and to asses its potential to improve 

efficiency, reduce costs, and enhance translational 

success. 

Data Sources: Relevant literature from peer-

reviewed journals, public databases and case 

studies focusing in AI application in drug 

discovery. 

Study Selection: Research describing AI 

methodologies, including machine learning, deep 

learning, graph neural networks, and transformer-

based architectures, was included. Studies 

demonstrating AI in target prioritization, chemical 

space exploration, ADMET prediction, clinical trial 

support, and manufacturing optimization were 

prioritized. Case studies illustrating successful real-

world translation were also considered. 

Summary of Contents: AI supports the drug 

discovery continuum by improving target 

identification, structure–activity relationship 

modelling, and early prediction of ADMET and 

toxicity profiles. In development, AI enhances 

formulation design, continuous manufacturing, and 

process analytical technologies. Clinically, 

applications such as synthetic control arms, digital 

twins, and AI-assisted regulatory documentation 

streamline trials and decision-making. Selected 

case studies demonstrate AI-driven antibiotic 

discovery, rapid drug repurposing during health 

emergencies, and first-in-class clinical candidate 

identification. 

Conclusion: AI represents a paradigm shift in 

pharmaceutical research, offering predictive, 

efficient, and cost-effective strategies. Its 

integration across discovery, development, and 

clinical stages accelerates therapeutic innovation, 

reduces attrition, and improves translational 

success. 

Keywords: AI, Drug Discovery, ADMET 

prediction, Clinical Development 

 

I. INTRODUCTION 
Drug discovery and development is a 

process that involves the identification, 

optimization, pre-clinical and clinical studies to 

extensively test and characterize the new drug 

molecule for its pharmacological properties and 

toxicity profile(1). During the process of new drug 

discovery ventures in different pharmaceutical 

industries, researchers are more focused towards 

the development of new molecular entities (NMEs) 

and novel dosage forms(2). The increasing 

biological complexity of diseases, coupled with 

rising research and development (R&D) costs, has 

placed significant pressure on conventional drug 

discovery paradigms to deliver safer and more 

effective therapeutics within feasible timelines(3). 

Recent advances in computational 

sciences have highlighted artificial intelligence 

(AI) as a transformative approach capable of 

reshaping the drug discovery pipeline. By enabling 

data-driven decision-making across molecular, 

biological, and clinical domains, AI offers new 

opportunities to overcome longstanding 

inefficiencies inherent in traditional research-based 

drug discovery (RBDD)(4). 

 

1.1. Challenges of Traditional Research-Based 

Drug Discovery: 

Traditional research-based drug discovery 

is largely sequential, labor-intensive, and dependent 

on empirical experimentation(5). The idea for a 

target can come from a variety of sources including 

academic and clinical research and from the 

commercial sector. It may take many years to build 

up a body of supporting evidence before selecting a 

target for a costly drug discovery programme(6).  

Traditionally this process has demanded 

significant time and resources, requiring an average 

of 14-16 years (figure 1) and a cost of US$2.6 

billion to advance a single molecule from 

https://www.sciencedirect.com/topics/pharmacology-toxicology-and-pharmaceutical-science/drug-discovery
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conception to FDA approval. Despite these efforts, 

the process is marked by high attrition rates, 

significant adverse effects of modern drugs, and 

persistent challenges in addressing chronic diseases 

such as diabetes and cancers(7),(8). Small biotech 

companies often struggle to bring innovative 

therapies to market due to the high cost of clinical 

trials(9).  

 

 
Figure 1 The process of Drug Discovery and Development 

 

1.2. The AI Paradigm as a Solution to Drug 

Discovery Challenges: 

The challenges mentioned above demand 

more efficient methods, where artificial intelligence 

(AI) and machine learning (ML) offer a promising 

path towards increased efficiency and success rates 

in drug development, providing the pharmaceutical 

industry with a solution with AI/ML 

implementation to correct limitations while also 

opening up novel opportunities using new model 

implementations based on AI parameters(10). 

Certain modern methodologies such as Graph 

Neural Network (GNN) and Transformer 

Architectures have demonstrated remarkable 

success in learning complex molecular 

representations and achieving state-of-the-art 

performance on a variety of crucial drug discovery 

tasks(11).  

 

II. AI IN TARGET IDENTIFICATION 

AND VALIDATION 
The process of identifying the right 

biological molecules or cellular pathways that can 

be modulated by drugs to achieve therapeutic 

benefits, is increasingly important in modern drug 

discovery. Although innovations in experimental 

and omic technologies have been growing over the 

past few decades identifying actionable therapeutic 

targets remains challenging. The integration of 

multi-omic data with AI algorithms has recently 

emerged as a promising approach for target 

identification (12). 

AI prioritizes targets for specific 

indications by using multi-models that utilize a 

diverse range of publicly available omic and text 

data. Omic data encompass genomics, 

transcriptomics, proteomics, epigenomics, and 

metabolomics. These data provide information 

about altered signaling pathways, molecular 



 

  

International Journal of Pharmaceutical Research and Applications 

Volume 11, Issue 1 Jan - Feb 2026, pp: 624-637 www.ijprajournal.com ISSN: 2456-4494 

                                       

 

 

 

DOI: 10.35629/4494-1101624637          Impact Factor value 7.429  | ISO 9001: 2008 Certified Journal Page 626 

interactions, and protein–protein interactions that 

can serve as additional inputs for target 

prioritization. Text-based data are retrieved from 

funding reports, patents, publications, and clinical 

trials. During target prioritization, multiple target 

selection criteria such as protein family class, 

development status, druggability, toxicity, and 

novelty can be applied to refine the list of AI-

driven targets to align with specific research 

objectives (13). 

GNNs are also being employed in drug 

target discovery. One such approach is EMOGI, a 

graph convolutional network (GCN) that predicts 

cancer drug targets(14). 

 

2.1 The use of AI-generated synthetic data for 

target identification: 

'Synthetic data' refers to artificially 

generated data that mimic real-world patterns and 

characteristics. In rare diseases or conditions where 

patient data are limited, AI can generate synthetic 

data based on existing knowledge and patterns. 

These synthetic data can then be used to train AI 

models and identify potential therapeutic targets 

that may have been overlooked (15).  

In some therapeutic areas, particular 

patient populations may be under-represented in the 

available datasets, leading to challenges in target 

identification. AI can generate synthetic data 

representing these under-represented populations, 

allowing more comprehensive and inclusive 

analysis (16). 

 

2.2 Target Selection Criteria: 

Apart from experimental methods, a 

common computational approach to infer causal 

relationships between targets and diseases is 

network-based analysis, which involves the 

construction of biological networks that capture the 

relationships between different genes, proteins, 

drugs, and other molecular entities (17). These 

networks can be used to identify potential targets 

that might have a causal involvement in a disease 

based on their centrality and connectivity within 

the network. 

 

2.3 AI-identified targets validated in 

experiments: 

Target validation using both cell and 

animal models is crucial to confirm the modulatory 

effects of the proposed target on disease 

development.Organoids – 3D cell models derived 

from either induced pluripotent stem cells 

(iPSCs) or adult stem cells (ASCs) – have arisen as 

a promising technique for both disease research and 

drug testing by allowing the capture of tissue 

architecture and cellular microenvironment in vitro 

(18). 

An increasing number of AI-identified 

targets are being successfully validated. For 

example, 28 AI-proposed targets for ALS treatment 

were validated in an ALS-

mimicking Drosophila model, revealing eight 

unreported targets whose suppression strongly 

rescues eye neurodegeneration (19). 

Furthermore, the integration of AI with 

fully automated robotic laboratories offers the 

potential for high-throughput target validation and 

screening. Automated experiments, coupled with 

AI-driven data analysis, can expedite the validation 

of predicted targets, enabling researchers to assess 

their therapeutic potential quickly. This 

combination of AI and automation has the potential 

to revolutionize the drug discovery process and 

significantly reduce the time and cost required for 

target identification and validation(13). 

 

III. AI IN LEAD DISCOVERY AND 

OPTIMIZATION 
A chemical lead is defined as a 

synthetically stable, feasible, and drug like 

molecule active in primary and secondary assays 

with acceptable specificity, affinity and selectivity 

for the target receptor (20). Lead optimization is the 

process by which a drug candidate is designed after 

an initial lead compound is identified. Potential 

leads are evaluated for a range of properties, 

including selectivity and binding mechanisms 

during lead optimization, as the final step in early 

stage drug discovery. The purpose of lead 

optimization is to maintain favorable properties in 

lead compounds, while improving on deficiencies 

in lead structure. 

In order to find potential candidates, 

virtual screening (VS), which includes both ligand-

based (such as QSAR and pharmacophore 

modeling) and structure-based techniques, is 

essential. Lead optimization still faces several 

obstacles despite notable progress, including as 

precisely taking into consideration receptor 

flexibility, desolvation effects, and the intrinsic 

intricacy of ligand-receptor interactions. This stage 

is being completely transformed by the advent of 

AI/MLdriven techniques like Generative 

Therapeutics Design (GTD) and Query-based 

molecular optimization (QMO), which allow for 

more effective chemical space exploration, more 

accurate molecular property prediction, and faster 

creation of new chemical entities (21). 
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3.1 Virtual Screening: 

It is a computational technique for finding 

new drug candidates that makes use of model-

based computer programs.Identifying compounds 

with characteristics such as high potency and low 

toxicity that could be utilized to create new drugs is 

feasible with virtual screening. To predict the 

properties of biological pharmacological activities, 

machine learning (ML) algorithms are trained on 

large datasets of well-known substances and their 

attributes (22).  

AutoDock’s Lamarckian genetic algorithm 

uses pharmacy grids to identify beneficial ligand-

binding types (23). DeepDock uses deep learning to 

improve structure-based drug discovery by 

optimizing the identification of prospective 

therapeutic candidates (24),(25). CarsiDock, a deep 

learning algorithm, uses large-scale pretraining to 

enable precise docking and screening (26). 

 KarmaDock, allows the high-precision docking of 

many ligand libraries (24). DynamicBind advances 

this field by predicting ligand-specific protein–

ligand complex structures with a deep equivariant 

generative model (27). 

 

3.2 De Novo Drug Design: 

De novo design is a set of 

computational methods that can be used to design a 

compound without using a previously known one 

as a starting point (28). Deep generative models 

enable de novo molecular design by learning 

statistical patterns in chemical datasets to generate 

novel, valid compounds (29).  

Recurrent Neural Networks (RNNs) 

excel in generating new molecular structures by 

identifying patterns in training data. Notable 

developments include the first model by Olivecrona 

et al.(30) and subsequent advancements like 

DrugEx(31),(32), which emphasizes multi-

objective optimization, including toxicity 

considerations. 

Variational Autoencoders (VAEs) 

function through a dual neural network 

architecture, comprised of an encoder that maps 

molecular structures into a latent space, and a 

decoder that reverses this transformation. Models 

have been designed to accommodate both 2D and 

3D molecular representations (33). The PASITHEA 

model introduced ―deep dreaming‖ to molecular 

design (34). 

Generative Adversarial Networks 

(GANs) involves two competing neural networks: a 

generator and a discriminator. The generator’s 

primary objective is to create molecular structures 

that the discriminator cannot distinguish from 

genuine molecules (28). The first example in 

generative drug design was ORGANIC (35) and 

other ones were rapidly developed, such as ATNC 

(36) and MolGAN(37) which improved the rate of 

valid molecules generated. 

Transformer-based models, originally 

developed for NLP, are also applied to molecular 

science. These models typically employ a string 

based molecular representation. For example, 

ChemBERTa(38), trained on millions of SMILES 

strings using masked token prediction, produces 

rich, label-free molecular embeddings suitable for 

downstream tasks such as property prediction or 

generative modelling (29). 

 

3.3 Structure-Activity Relationship (Sar) 

Modeling: 

SAR modeling is a critical element of lead 

optimization that seeks to establish systematic 

relationships between chemical structure and 

biological activity. Early SAR approaches were 

primarily based on incremental structural 

modifications guided by medicinal chemistry 

expertise and simple statistical correlations, which 

limited scalability and predictive power(39). The 

integration of artificial intelligence (AI) and 

machine learning (ML) has significantly enhanced 

SAR modeling by enabling the analysis of large, 

complex datasets containing chemical, biological, 

and pharmacological information. ML-based SAR 

models use molecular descriptors, fingerprints, and 

physicochemical properties to predict biological 

activity more accurately than classical quantitative 

methods(40). 

Deep learning approaches have further 

advanced SAR analysis by capturing nonlinear and 

hierarchical relationships between molecular 

features and pharmacological responses. Neural 

network–based SAR models have shown superior 

performance in predicting compound potency, 

selectivity, and off-target effects across diverse 

chemical spaces(41). Among these, graph neural 

networks (GNNs) represent a major breakthrough, 

as they encode molecules as graphs and learn 

directly from atomic connectivity, eliminating the 

need for handcrafted descriptors(42). 

AI-enabled quantitative SAR (QSAR) 

modeling also supports multi-objective 

optimization by simultaneously predicting efficacy, 

toxicity, solubility, and metabolic stability. This 

capability is essential in modern drug discovery, 

where late-stage failures are frequently caused by 

unfavorable pharmacokinetic or safety profiles 

rather than insufficient target activity(43). Recent 

progress has emphasized improving the 
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interpretability of AI-based SAR models through 

explainable AI (XAI) techniques. These methods 

help identify key molecular substructures driving 

biological activity, thereby supporting rational 

structure refinement and increasing confidence in 

AI-guided decision-making(44). Consequently, AI-

driven SAR modeling plays a pivotal role in 

accelerating lead optimization and improving 

translational success. 

 

IV. AI IN PRECLINICAL 

ASSESSMENT 
Adverse pharmacokinetic properties pose 

a significant threat to human health and 

environmental safety, representing one of the 

leading causes of drug development failure. ∼40% 

of preclinical candidate drugs fail due to 

insufficient ADMET profiles, while nearly 30% of 

marketed drugs are withdrawn due to unforeseen 

toxic reactions(45). Early integration of ADMET 

factors into the evaluation of new chemical entities 

has been shown to significantly reduce attrition 

rates in drug discovery(46). Therefore, it is crucial 

to predict and optimize the ADMET properties of 

candidate compounds in advance. ADMET 

evaluation encompasses the absorption, 

distribution, metabolism, excretion, and toxicity of 

drugs, providing a comprehensive assessment of 

their in vivo behavior and predicting their clinical 

efficacy and safety. 

 

4.1 Predictive ADMET-Learning Model to 

Predict ADMET: 

The rise of ML/AI has stimulated a new 

generation of ADMET prediction platforms that 

can process large libraries of candidate molecules, 

capturing molecular structure and physicochemical 

descriptors at scale. These approaches markedly 

reduce experimental cost and time by screening out 

compounds with poor developability profiles 

before labor‑ intensive assays. By exploiting large 

historical ADMET datasets, AI models refine 

prediction accuracy and permit multi‑ perspective 

analysis of drug performance under various 

physiological and environmental conditions, 

thereby supporting more evidence‑ based 

decision‑ making. Conceptually, an ADMET 

prediction platform is a multilayered workflow 

spanning input, computational methods and 

predictive output (figure 2). 

 

 
Figure 2 The Basic Framework of ADMET Prediction Platforms. 

 

The input layer aggregates rich chemical 

structure information (formulas, weights, 2D/3D 

structures) together with diverse experimental 

ADMET data, including bioavailability, metabolic 

stability and clearance under multiple conditions. 

Curated literature data further broadens coverage 

and improves generalizability within the 

tools/methods layer, chemoinformatics modules 

such as RDKit and Scopy compute core 

physicochemical properties (molecular weight, 
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pKa, log P, TPSA, hydrogen‑ bond 

donors/acceptors), which then serve as features for 

ML models. On top of these descriptors, algorithms 

including SVM, RF, neural networks and 

gradient‑ boosting trees learn to predict continuous 

endpoints (for example t½, VDss, CL, MRT) and 

classification outcomes such as BBB permeability 

and HLM stability. Iterative feature selection and 

hyperparameter optimization enhance performance 

across both in vitro and in vivo tasks. 

Output component: the output component 

represents the final form of the platform’s 

predictions, generally referred to as ―endpoints‖ 

indicating the predictive values or classification 

results corresponding to each ADMET 

characteristic. The number and type of these 

endpoints vary among platforms. However, 

comprehensive ADMET prediction platforms can 

evaluate over 100 different endpoints, 

encompassing both in vitro properties (such as 

HLM stability and PPB) and in vivo 

pharmacokinetic parameters (such as 

bioavailability (F), half-life (t1/2), and renal 

clearance (CLr)). These results are presented 

through intuitive data visualization and reporting 

tools, enabling researchers to swiftly acquire both 

in vitro and in vivo drug ADMET characteristics to 

support informed decision-making. The platform 

outputs extend beyond single predictive values and 

incorporate physicochemical properties with 

predictive outcomes to offer deeper analyses, such 

as directions for drug optimization, potential side 

effects, and optimal routes of administration(47). 

Additionally, some platforms facilitate comparisons 

between candidate drugs and other compounds, 

assisting developers in drug screening and 

optimization processes(48). 

 

4.2 Prediction of Toxicity Endpoints: 

Nowadays, numerous computational tools 

have been developed to predict various ADMET-

related properties, ranging from broad spectrum 

platforms to tools specialized in specific aspects. 

Broad-spectrum platforms, such as admetSAR 

3.0(49), ADMETlab 3.0(50), etc provide 

comprehensive coverage across all five ADMET 

dimensions. By integrating multiple predictive 

models, these platforms offer systematic 

assessments of compounds in terms of ADMET. In 

contrast, platforms like Swiss ADME(48), and 

FAF-Drugs4.0(51), focus specifically on 

pharmacokinetic properties, emphasizing 

predictions related to absorption, distribution, 

metabolism, and excretion. Additionally, certain 

platforms concentrate solely on toxicity prediction; 

e.g. ProTox 3.0(52) and VenomPred 2.0(53) are 

tailored for evaluating toxicity endpoints such as 

hepatotoxicity, carcinogenicity, and mutagenicity. 

Furthermore, tools like BioTransformer 3.0(54), 

XenoSite(55), etc. specifically address interactions 

with cytochrome P450 enzymes (CYPs), playing 

critical roles in drug metabolism studies. 

 

V. AI IN FORMULATION, 

MANUFACTURING AND DELIVERY 
Pharmaceutical sciences feature advanced 

formulations like solid dispersions, extrudates, 

pellets, nanoparticles, and liposomes alongside 

standard dosage forms. These formulation 

techniques enhance functionality in tablets and 

address API challenges such as low solubility, 

stability, bioavailability, and manufacturability. AI 

applications in these techniques warrant 

investigation for next-generation drug products 

with optimized critical quality attributes (CQAs) 

and superior efficacy (56). 

 

5.1 Formulation Optimization-Use of AI to 

Predict Critical Quality Attributes: 

AI streamlines formulation optimization 

by predicting critical quality attributes (CQAs) like 

solubility, stability, and dissolution through drug-

excipient interaction modeling(57),(58). ML 

models (random forest, SVMs, DNNs) screen 

excipient-API combinations, predict compatibility, 

and optimize parameters pre-lab, replacing trial-

and-error DoE. Systematic use of 

molecular/historical data via RF regressors/SVMs 

predicts solubility, dissolution, hygroscopicity; 

enables rapid prototyping, cuts costs(57). 

Reinforcement learning algorithms are being 

explored for optimal decisions to dynamically 

update developmental strategies in response to real-

time data, further supporting the concept of 

adaptive formulation design(59). Another hopeful 

application is in silico-DoE, where AI-driven tools 

help reduce the need for high-throughput 

experimental runs by generating virtual screening 

environments(60).  

AI in formulation development workflows 

improves speed, precision, and accuracy, aligning 

with the regulatory principles such as quality by 

design (QbD)(61). AI also helps in the 

determination of the encapsulation efficiency and 

the drug release kinetics in advanced formulation 

platforms such as liposomes, lipid nanoparticles, 

solid colloidal dispersions, and other controlled-

release drug delivery systems(62). By analyzing 

large datasets, AI models can provide information 



 

  

International Journal of Pharmaceutical Research and Applications 

Volume 11, Issue 1 Jan - Feb 2026, pp: 624-637 www.ijprajournal.com ISSN: 2456-4494 

                                       

 

 

 

DOI: 10.35629/4494-1101624637          Impact Factor value 7.429  | ISO 9001: 2008 Certified Journal Page 630 

on key physicochemical and biopharmaceutical 

characteristics such as solubility, rate of 

dissolution, permeability, and chemical stability at 

various temperatures and humidity. These datasets 

are not limited to molecular descriptors, but also 

formulation parameters and biological responses. 

Modeling of these properties plays a vital role in 

determining bioavailability, absorption kinetics, 

and therapeutic efficacy(63). 

 

5.2 AI’s Role in Continuous Manufacturing and 

Process Analytical Technology: 

Smart manufacturing transforms 

pharmaceutical production lines into AI-driven 

smart factories, where machines autonomously 

adjust processes using live sensor data, robotics, 

and IoT devices for enhanced efficiency, precision, 

and scalability. AI-driven robotics automates 

repetitive, risky tasks like packaging, labeling, and 

material handling; these fatigue-free robots operate 

24/7 with consistent output and minimal errors, 

safely managing toxic substances without 

contamination risks(64). In smart manufacturing, 

AI enables real-time adjustments to parameters 

such as temperature, pressure, or mixing speed 

based on sensor feedback, ensuring batch 

consistency. A Novartis case study from 2020 

showed AI-enabled automation at its site yielding 

15% higher production efficiency and 20% lower 

operating costs. AI integrates with emerging 

technologies like 3D printing by optimizing 

designs, predicting parameters, and enabling 

personalized drug release profiles(65),(66),(67). 

AI/ML models control parameters via 

real-time sensor data, detecting variances for 

continuous adjustments. This ensures quality 

consistency, cuts recalls, batch failures, and human 

errors, the biggest cost driver in pharmaceutical 

production(68). AI predicts equipment failures for 

maintenance, preventing downtime and product 

loss. Quality systems detect early defects; AI-based 

methods can actually reduce up to 25% waste 

compared to traditional methods if subpar batches 

are not allowed to proceed to production. AI 

optimizes raw materials/labor by calculating exact 

usage and forecasting demand, avoiding 

waste/overproduction. This minimizes supply chain 

costs efficiently(69). 

The collaboration of PAT, process data 

science, and AI establishes robust monitoring for 

continuous manufacturing lines, yielding benefits 

like decreased production expenses through 

reduced final product testing and application of 

PAT principles. This enables quicker product 

release, lower inventory, and faster cost recovery-

most valuable for companies manufacturing 

products long-term, with leadership collaborating 

regulators for shareholder and patient gains. 

Beneficial AI tools include expert systems, fuzzy 

logic, neural networks (ANNs), genetic algorithms, 

and Model Predictive Control (MPC) for emulating 

human decision-making in process control, 

optimization, monitoring, prediction, 

chemometrics, scale-up/down, and soft sensors. 

Though few real-time PAT apps exist, ANNs 

optimize API synthesis(70),(71),(72). Information 

from data-rich PAT tools such as in-line 

microscopic images has been extracted using 

ANNs. When used for contamination classification, 

a ResNet CNN demonstrated >98% accuracy in 

classifying crystals found in PVM images(73). 

Additionally, CNN-based in-line image analysis 

could be used to measure the particle size 

distribution and predict the crystal growth rate. 

 

VI. AI IN CLINICAL DEVELOPMENT 

AND POST-MARKETING 
The clinical phase represents the most 

capital-intensive and high-risk stage of drug 

development. AI is shifting this paradigm from 

empirical execution to predictive precision, 

addressing critical bottlenecks in trial design, 

regulatory documentation, and safety 

surveillance(74). 

 

6.1 Clinical Trial Optimization: Synthetic Arms 

and Digital Twins: 

The traditional randomized controlled trial 

(RCT) model is often hindered by the ethical and 

logistical challenges of recruiting control groups, 

particularly for rare diseases. AI is addressing this 

through Synthetic Control Arms (SCAs). 

Synthetic Data Generation: Recent studies 

demonstrate that generative AI can create synthetic 

external control arms using historical trial data and 

real-world evidence. A 2025 study validated a 

"reversible data generalization" technique that 

allows synthetic data to serve as a statistical proxy 

for empirical control arms in single-arm trials, 

effectively reducing the need for placebo cohorts 

while preserving patient privacy(75). 

Digital Twins: Beyond static controls, AI is 

enabling Digital Twins—virtual replicas of patients 

or organs that integrate multi-omics and real-time 

sensor data. These models allow for in silico 

clinical trials where dosage regimens and 

physiological responses are simulated before 

human administration. This approach allows 

researchers to predict individual treatment 
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outcomes and adverse events with high granularity, 

optimizing inclusion/exclusion criteria to prevent 

late-stage trial failures(76). 

 

6.2 Generative AI in Regulatory 

Documentation: 

The regulatory landscape requires the 

synthesis of massive datasets into coherent Clinical 

Study Reports (CSRs). Generative AI (GenAI) has 

moved from proof-of-concept to practical 

application in automating these expert-intensive 

tasks. 

Automated Drafting: Large Language Models 

(LLMs) are now deployed to draft patient safety 

narratives and regulatory documents by 

synthesizing raw clinical data (Tables, Listings, and 

Figures). A 2025 mini-review highlights that these 

tools can reduce drafting time for CSRs by 30–85% 

while maintaining terminological consistency(77). 

Human-in-the-Loop Verification: Despite the 

efficiency gains, current reviews emphasize the 

necessity of a "human-in-the-loop" framework to 

mitigate "hallucinations" (factually incorrect 

generation) and ensure that AI-generated 

summaries align with rigorous medical standards 

before submission(77),(78). 

 

6.3 Post-Marketing Surveillance and 

Pharmacovigilance: 

Once a drug enters the market, AI 

transforms pharmacovigilance (PV) from reactive 

reporting to proactive signal detection. 

Automated Signal Detection: Modern PV systems 

utilize Natural Language Processing (NLP) to 

automate the extraction of adverse drug reactions 

(ADRs) from unstructured text, such as medical 

literature and electronic health records. 

Causality Assessment: Advanced implementations 

now include expert-defined Bayesian networks that 

assist in causality assessment. These probabilistic 

models can process complex safety signals to 

distinguish between drug-induced events and 

background disease progression, significantly 

reducing the manual burden on safety physicians 

and enabling faster regulatory decision-

making(79). 

 

VII. PRACTICAL CASE STUDIES OF 

AI IN DRUG DISCOVERY 
7.1 Case Study: AI-Driven Discovery and 

Repurposing of Halicin 

El Belghiti et al. (2025) conducted a study 

of halicin, an antibiotic discovered by deep 

learning–based artificial intelligence screening, as a 

proof-of-concept for AI-driven drug repurposing in 

the post-antibiotic era. This compound was first 

identified using a deep neural network, trained on 

large chemical–biological datasets, to predict 

antibacterial activity beyond conventional 

structure–activity relationships. To expand the 

power of this AI discovery, the authors 

experimentally validated halicin’s antibacterial 

activity against multidrug-resistant (MDR) 

ESKAPE pathogens through CLSI-guided in vitro 

assays. Halicin shows sustained inhibition of 

Escherichia coli, Staphylococcus aureus, 

Acinetobacter baumannii, Enterobacter cloacae, 

and Klebsiella pneumoniae with MIC values 

ranging from 16 to 64 µg/mL, while Pseudomonas 

aeruginosa remained intrinsically resistant. 

Scanning electron microscopy corroborated the AI-

predicted mechanism by demonstrating membrane 

disruption consistent with proton motive force 

collapse. This study exemplifies how AI-enabled 

deep learning platforms can successfully identify 

non-obvious antimicrobial candidates and 

accelerate translational validation, highlighting 

artificial intelligence as a transformative tool for 

combating antimicrobial resistance and revitalizing 

antibiotic discovery pipelines(80). 

 

7.2 Case Study: AI-Assisted Repurposing of 

Baricitinib for COVID-19 

Richardson et al. (2022) outlined the AI-

assisted repurposing of baricitinib as a landmark 

case of artificial intelligence powering rapid 

therapeutic discovery during a global health 

emergency. In their paper, the authors used 

BenevolentAI's knowledge graph–based AI 

platform to consolidate the large-scale biomedical 

literature, in addition to protein–protein interaction 

networks, and host–virus biology, to identify 

approved drugs capable of simultaneously 

modulating hyperinflammation and viral entry in 

COVID-19. AI-based analysis predicted baricitinib 

as a dual-action candidate on the basis of its 

inhibition of Janus kinase (JAK1/2)–mediated 

cytokine signaling and numb-associated kinases 

(AAK1 and GAK) involved in clathrin-mediated 

endocytosis (a key route of SARS-CoV-2 cell 

entry). These AI-based hypotheses were then 

validated using mechanistic studies and large 

randomized clinical trials and led to substantial 

reductions in mortality in hospitalized patients with 

COVID-19. The results of the current study provide 

robust clinical evidence of the ability of AI-

mediated knowledge graph models to convert in 

silico predictions into regimens that could 

transform guidelines, and positions AI as a 
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powerful and rapidly scalable tool for both drug 

repurposing and pandemic preparedness(81). 

 

7.3 Case Study: AI-Facilitated Discovery of 

Ebola Virus Inhibitors 

Kwofie et al. (2023) presents an integrated 

view of how artificial intelligence, machine 

learning, and big data analytics can be applied 

towards the drug discovery of Ebola virus, focusing 

on AI as a key facilitator of data-based antiviral 

drug development. This work systematically 

examined the use of supervised learning 

algorithms, such as Bayesian classifiers, support 

vector machines, random forest models, and 

artificial neural networks to predict small 

molecules for inhibitors against important Ebola 

viral proteins (VP24, VP35, VP40, glycoproteins). 

With respect to bioassay datasets (selected from 

PubChem, ChEMBL, DrugRepV, BindingDB), AI 

models performed very well at prediction, which 

facilitated the prioritization of candidate 

compounds that were further validated using in 

vitro assays. Of greatest importance, the authors 

stressed that deep neural networks had a better 

ability to accommodate high-dimensional 

biological data and to describe nonlinear drug–

target interactions than traditional machine-learning 

methods. This research highlights AI-based 

predictive modeling and big-data integration as key 

in the acceleration of antiviral drug discovery in a 

cost, time, and attrition efficient manner with the 

implication for reinforcing AI as a leading 

technology for future infectious disease 

therapeutics(82). 

 

7.4 Case Study: AI-Driven Discovery of a 

5HT1A Agonist for OCD 

Imai et al. In 2021, a study reported a 

novel end-to-end artificial intelligence–based drug 

discovery platform, based on its comprehensive 

mechanism, that allowed DSP-1181, a novel 5-

HT₁ A receptor agonist for obsessive–compulsive 

disorder (OCD), to be quickly identified. The study 

successfully tied AI-backed de novo molecular 

design, optogenetic technology, and translational 

biomarkers to enhance central nervous system 

(CNS) drug discovery. An AI platform developed 

by Exscientia was used to automate the generation 

and optimization of virtual compounds reflecting 

the target affinity, pharmacokinetic properties, and 

brain permeability expected, supporting cycles of 

two-week design–synthesis–test iterations. This AI-

driven process minimized the discovery time frame 

to less than 12 months, well short of the industry 

average of four to five years. The hypothesized 

compounds were validated by optogenetic 

manipulation of OCD-relevant neural circuits in 

animal models and translational biomarker 

analysis, utilizing pupillary response, which 

represents a proxy for central 5-HT₁ A receptor 

involvement. This research led to the successful 

implementation of first-in-human clinical trials, 

showcasing how the integration of AI-powered 

molecular generation with novel neurobiological 

validation may vastly improve the efficiency, 

translational applicability, and the probability of 

success in CNS drug discovery(83). 

 

7.5 Case Study: TNIK-Targeted Pulmonary 

Therapy via Generative AI 

This Nature Medicine (2025) study 

highlights the successful clinical translation of 

artificial intelligence (AI) in drug discovery 

through the development of rentosertib, an oral 

TNIK inhibitor for idiopathic pulmonary fibrosis 

(IPF). Using an AI-driven platform (PandaOmics), 

TNIK was rapidly identified as a novel antifibrotic 

target, and rentosertib was designed and advanced 

into human trials. In this phase 2a randomized, 

placebo-controlled study (n = 71), rentosertib 

demonstrated good safety and tolerability, with 

dose-dependent stabilization and improvement in 

lung function (FVC) and reductions in fibrosis-

associated serum biomarkers over 12 weeks. The 

study provides strong evidence that AI can 

accelerate target identification, drug design, and 

early clinical validation, marking a significant 

milestone for AI-enabled precision medicine in 

fibrotic lung disease(84). 
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