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ABSTRACT 

The application of Artificial Intelligence (AI) in drug design and formulation 

has revolutionized pharmaceutical research by improving efficiency, reducing 

cost, and enabling personalized medicine. AI algorithms, including machine 

learning (ML) and deep learning (DL), have demonstrated the ability to predict 

molecular properties, optimize drug candidates, and assist in formulation 

design. This review discusses the integration of AI in various stages of drug 

discovery, including target identification, lead optimization, and formulation 

development. Furthermore, it highlights current challenges, regulatory 

considerations, and future prospects for AI-driven pharmaceutical innovation. 

The study emphasizes the transformative potential of AI while providing insights 

into practical applications in the pharmaceutical industry. 

 

KEYWORDS: Artificial intelligence, drug design, drug formulation, machine 
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INTRODUCTION 

Drug discovery and formulation are traditionally time-consuming, expensive, and often 

inefficient processes. On average, bringing a new drug from the laboratory to the market takes 

10–15 years with costs exceeding billions of USD. Conventional methods rely heavily on trial-

and-error, extensive laboratory testing, and human intuition, which may result in slow 

progression and high attrition rates. 

 

Artificial Intelligence (AI) has emerged as a transformative tool capable of accelerating these  
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processes. By leveraging data-driven models, AI can identify potential drug candidates, predict  

their physicochemical properties, suggest optimal formulations, and reduce the number of 

experimental iterations required. Recent advances in computational power, big data analytics, 

and neural network architectures have enabled the practical application of AI in real-world 

pharmaceutical development. 

 

This review explores the applications of AI in drug design and formulation, discussing its 

methodologies, benefits, challenges, and future directions. 

 

AI IN DRUG DISCOVERY 

The process of drug discovery is inherently complex, involving multiple stages such as target 

identification, hit discovery, lead optimization, and preclinical testing. Traditional approaches 

are often slow, resource-intensive, and prone to failure. Artificial Intelligence (AI) offers 

computational strategies to streamline this process by extracting insights from vast biological 

and chemical datasets, predicting molecular behaviors, and suggesting novel drug candidates 

with higher efficiency. 

 

AI integrates machine learning (ML), deep learning (DL), natural language processing (NLP), 

and other computational approaches to enhance decision-making and reduce trial-and-error 

experimentation. The following subsections describe the major roles AI plays in drug 

discovery. 

 

1. Target Identification 

Target identification is the foundational step in drug discovery, where researchers determine 

which biomolecules—typically proteins, enzymes, or nucleic acids—are responsible for the 

onset or progression of a disease. Correctly identifying these targets is crucial because a drug’s 

efficacy and safety depend on its interaction with the right molecular target. 

 

AI enhances target identification through several mechanisms: 

a) Data Mining and Integration 

 Modern biological research generates enormous amounts of data from genomics, 

transcriptomics, proteomics, metabolomics, and clinical studies. 

 Machine learning algorithms can sift through these high-dimensional datasets to uncover  
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correlations between genes, proteins, and disease phenotypes. 

 AI tools integrate multi-omics data to detect potential disease-relevant targets that might 

be missed by conventional analysis. 

 

Example: Random forest algorithms have been used to analyze large-scale gene expression 

data to identify overexpressed proteins in specific cancers, highlighting potential therapeutic 

targets. 

 

b) Predictive Modeling of Molecular Interactions 

 Deep learning models, including convolutional neural networks (CNNs) and graph neural 

networks (GNNs), predict how small molecules interact with potential targets. 

 These models can evaluate protein-ligand binding affinities, structural compatibility, and 

functional impact without immediate laboratory experiments. 

 Predictive modeling allows researchers to prioritize targets with the highest likelihood of 

successful drug modulation. 

 

Example: A CNN model was trained on thousands of protein-ligand interaction datasets and 

successfully predicted novel druggable targets in breast and lung cancers. This reduced the time 

needed for experimental validation and focused laboratory efforts on the most promising 

candidates. 

 

c) Literature Mining 

 Natural Language Processing (NLP) tools scan scientific publications, patents, and clinical 

trial reports to extract information about known disease mechanisms, target validation 

studies, and previously tested drug candidates. 

 AI-assisted literature mining reduces redundancy and helps researchers identify targets 

with unmet therapeutic potential. 

 

1. Hit and Lead Identification  

After identifying potential targets, the next step in drug discovery is hit discovery—finding 

molecules that can effectively interact with the target—and lead optimization—improving 

these molecules for higher potency, selectivity, and favorable pharmacokinetic properties. AI 

significantly accelerates both stages. 
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a) Virtual Screening 

 Virtual screening uses computational models to evaluate large chemical libraries and 

predict which molecules are likely to bind effectively to the target. 

 ML algorithms learn from known target-ligand interactions and predict binding affinity, 

solubility, and drug-likeness of novel compounds. 

 This approach reduces the number of compounds that require experimental testing, saving 

significant time and resources. 

 

Example: DeepDock, an AI-powered virtual screening platform, analyzed over 2 million 

compounds against SARS-CoV-2 main protease and prioritized 50 high-affinity candidates for 

laboratory testing. 

 

b) Generative Models for Novel Molecule Design 

 Traditional drug discovery relies on modifying known chemical scaffolds. AI generative 

models, such as Variational Autoencoders (VAEs), Generative Adversarial Networks 

(GANs), and Reinforcement Learning (RL)-based networks, can design entirely new 

molecular structures. 

 These models optimize molecules for multiple parameters simultaneously, such as binding 

affinity, solubility, toxicity, and synthetic accessibility. 

 

Example: 

 A VAE-based model generated novel kinase inhibitors with predicted high potency and 

low off-target toxicity. 

 GANs have been applied to design novel antimicrobial compounds, resulting in molecules 

that showed activity in vitro despite having no close analogs in existing chemical databases. 

 

c) Multi-Parameter Optimization 

 AI not only predicts molecular-target interactions but also balances additional properties 

like ADMET (Absorption, Distribution, Metabolism, Excretion, Toxicity) and synthetic 

feasibility. 

 This holistic evaluation ensures that identified hits are more likely to succeed in preclinical 

and clinical studies, reducing costly attrition in later phases. 
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Table: 1 

Method Description Example 

Virtual 

Screening 

Filters chemical databases based 

on predicted activity 

AI-based screening of 1 million 

compounds for antiviral activity 

Generative 

Models 

Generates new molecules with 

optimized properties 
VAE-generated kinase inhibitors 

 

2. Lead Optimization 

Once potential hit compounds are identified, the next critical stage in drug discovery is lead 

optimization. This process involves refining lead molecules to enhance their potency, 

selectivity, pharmacokinetic properties, and safety profiles, ensuring that they are suitable 

for clinical development. Traditionally, lead optimization is labor-intensive, involving iterative 

synthesis and testing. AI, however, has revolutionized this stage by enabling data-driven 

predictions and multi-parameter optimization, reducing experimental burden and 

accelerating the development pipeline. 

 

AI contributes to lead optimization primarily through: 

a) Prediction of ADMET Properties 

ADMET—Absorption, Distribution, Metabolism, Excretion, and Toxicity—is a critical 

determinant of a drug’s success. Poor ADMET characteristics are a leading cause of drug 

attrition in clinical trials. AI-based predictive models allow researchers to assess these 

properties in silico before investing in costly experiments. 

 Absorption: ML models predict intestinal permeability and solubility, helping identify 

compounds likely to be bioavailable. 

 Distribution: AI predicts how a compound distributes across tissues, including penetration 

across the blood-brain barrier (BBB) or accumulation in specific organs. 

 Metabolism: Neural networks forecast metabolic stability and possible metabolite 

formation using enzyme-substrate interaction datasets. 

 Excretion: AI models estimate renal and hepatic clearance rates, guiding dosage form 

design. 

 Toxicity: Random forests, gradient boosting machines, and deep neural networks predict 

hepatotoxicity, cardiotoxicity, mutagenicity, and off-target effects. 
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Example: 

 A deep learning model trained on hepatotoxicity datasets accurately predicted liver toxicity 

for over 10,000 compounds, enabling early elimination of high-risk candidates. 

 ML models have been applied to predict CYP450-mediated metabolism, reducing 

unforeseen drug-drug interactions in later stages. 

 

b) Prediction of Binding Affinity and Molecular Interactions 

The ability of a drug to bind effectively and selectively to its target determines therapeutic 

efficacy. AI enhances the prediction of binding affinity, reducing the need for extensive in 

vitro or in vivo experiments: 

 Molecular Docking Integration: AI models can predict the binding pose and energy of 

ligands with target proteins more quickly than traditional docking simulations. 

 Graph Neural Networks (GNNs): Represent molecules as graphs, capturing atomic 

connectivity and interactions, and predict protein-ligand binding strength. 

 Free Energy Prediction: Deep learning models estimate binding free energy changes 

associated with chemical modifications, guiding structural optimization. 

 

Example: 

 A GNN-based model was able to predict binding affinities of kinase inhibitors with over 

85% accuracy, allowing chemists to focus on high-potential derivatives. 

 Reinforcement learning algorithms suggested minor structural changes in lead molecules 

that increased binding specificity while reducing off-target activity. 

 

c) Multi-Parameter Optimization (MPO) 

Lead optimization often requires balancing multiple, sometimes conflicting, properties—

potency, solubility, metabolic stability, and toxicity. AI enables simultaneous multi-

parameter optimization, which is challenging with conventional trial-and-error methods. 

 Approach: Generative models and reinforcement learning frameworks can propose 

modifications to chemical structures that improve multiple parameters at once. 

 Trade-offs Management: AI helps identify the optimal balance, such as increasing 

lipophilicity to improve membrane permeability without increasing toxicity. 

 

Example: A study using a deep reinforcement learning model optimized lead compounds for  
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both high binding affinity and favorable ADMET profiles, producing molecules that advanced 

successfully to preclinical testing. 

 

d) Integration with Experimental Feedback 

AI models in lead optimization are often combined with experimental data in a closed-loop 

iterative framework: 

1. AI predicts promising modifications of lead molecules. 

2. Selected compounds are synthesized and experimentally tested for activity, solubility, or 

toxicity. 

3. Experimental results are fed back into the AI model to improve predictions. 

 

This iterative approach significantly shortens the optimization cycle and reduces the number 

of compounds that need to be synthesized 

 

AI IN DRUG FORMULATION 

Drug formulation is a critical stage in pharmaceutical development, bridging the gap between 

an active pharmaceutical ingredient (API) and a safe, effective, patient-friendly dosage form. 

The goal is to ensure stability, efficacy, bioavailability, and patient compliance while 

minimizing adverse effects. Traditionally, formulation development relies heavily on 

experimental trial-and-error, which can be time-consuming and resource-intensive. 

 

Artificial Intelligence (AI) has emerged as a powerful tool in formulation science by enabling 

data-driven predictions, optimization, and rational design of drug delivery systems. AI 

models can analyze historical formulation data, identify patterns in excipient-drug interactions, 

predict physicochemical properties, and optimize dosage forms to achieve desired therapeutic 

outcomes. 

 

1. Predictive Formulation Design  

Predictive formulation design involves using AI to forecast the behavior and performance of a 

drug in various formulation conditions. By analyzing historical formulation datasets, AI 

algorithms can reduce experimental iterations and guide rational design strategies. 

a) Supervised Learning 

 Supervised learning algorithms, such as random forests, support vector machines  
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(SVMs), and artificial neural networks (ANNs), predict outcomes based on labeled 

historical data. 

 Input features may include drug solubility, excipient type, pH, polymer ratios, temperature, 

and processing parameters. 

 Predicted outcomes include drug release profiles, dissolution rate, stability, and 

bioavailability. 

 

Example: 

 A neural network model trained on 500 datasets of polymer-based formulations predicted 

the dissolution rate of poorly soluble drugs with >90% accuracy, significantly reducing 

lab-based testing. 

 

b) Unsupervised Learning 

 Unsupervised learning algorithms, such as k-means clustering and hierarchical 

clustering, uncover hidden patterns or correlations in formulation data that are not 

immediately apparent. 

 They help in identifying groups of excipients or formulation conditions that consistently 

produce high drug stability or optimal release. 

 

Example: Clustering analysis of lipid-based formulations revealed specific combinations of 

surfactants and lipids that maximized drug encapsulation efficiency and shelf stability. 

 

Design of Experiments (DoE) Integration 

 AI can be integrated with DoE approaches to simulate multiple formulation conditions 

simultaneously. 

 This allows optimization of factors like excipient ratios, particle size, and pH, saving 

time and materials. 

 

Example: ANN models combined with DoE predicted optimal tablet hardness and 

disintegration time, ensuring consistent bioavailability. 

 

2. Nanotechnology-Based Formulations 

Nanotechnology-based drug delivery systems, such as liposomes, polymeric nanoparticles,  



    
 

 

37 Page 29-42 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Pharmaceutical Chemistry and Drug Formulation 

Volume 8, Issue 1, January-April 2026  

ISSN: 3108-0782 (Online) 

 

solid lipid nanoparticles, and nanocrystals, offer advantages like enhanced solubility, 

controlled release, targeted delivery, and reduced toxicity. AI plays a crucial role in optimizing 

these systems by predicting critical physicochemical parameters: 

 

a) Particle Size Optimization 

 Particle size directly affects bioavailability, tissue penetration, and release kinetics. 

 AI models can predict the optimal particle size for a specific drug and target tissue. 

 

Example: A random forest model optimized liposomal size for anticancer drugs, achieving 

improved tumor accumulation while minimizing systemic exposure. 

 

b) Surface Charge (Zeta Potential) 

 Surface charge influences colloidal stability, cellular uptake, and aggregation tendency. 

 AI predicts the zeta potential required to prevent nanoparticle aggregation and ensure 

long-term stability. 

 

Example: Deep learning models predicted optimal polymer-surfactant combinations to 

achieve a stable zeta potential of −25 to −35 mV in PLGA nanoparticles. 

 

c) Encapsulation Efficiency and Drug Loading 

 AI models predict the maximum drug loading capacity and encapsulation efficiency for 

nanoparticles based on excipient properties and formulation conditions. 

 This ensures that nanoparticles deliver therapeutically effective doses without 

compromising stability. 

 

Example: ML algorithms predicted drug loading of paclitaxel in lipid-based nanoparticles with 

>95% accuracy, optimizing both efficacy and safety. 

 

d) Targeted Drug Delivery 

 AI can guide functionalization of nanoparticles with ligands, antibodies, or peptides to 

target specific tissues or cell types. 

 Predictive models evaluate the likelihood of nanoparticle uptake by target cells versus non-

target tissues. 
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Example: Neural network-based models suggested optimal folate-conjugated nanoparticle 

formulations for targeted delivery to ovarian cancer cells, improving tumor specificity in 

preclinical studies. 

 

Table: 2 

Parameter AI Contribution Example 

Particle Size 
Predicts optimal size for 

targeted delivery 

ML model optimized liposomal size 

for anticancer drug 

Surface Charge 
Minimizes aggregation and 

improves stability 

DL model predicted zeta potential for 

nanoparticles 

Encapsulation 

Efficiency 

Determines drug loading 

capacity 

Random forest model optimized 

PLGA nanoparticles 

 

3. Personalized Medicine 

Personalized medicine, also known as precision medicine, aims to tailor medical treatment to 

the individual characteristics of each patient. In drug formulation, this approach involves 

creating patient-specific dosage forms and drug delivery strategies that consider genetic, 

physiological, and disease-specific factors. Artificial Intelligence (AI) has emerged as a critical 

tool in enabling personalized medicine by integrating diverse patient datasets and 

predicting optimal therapeutic strategies. 

 

a) Integration of Pharmacogenomics 

Pharmacogenomics studies how genetic variations influence drug response, metabolism, and 

toxicity. AI models can analyze large-scale genetic data to predict how an individual is likely 

to respond to a specific drug, guiding formulation decisions: 

 Metabolic Variability: Genetic polymorphisms in enzymes like CYP450 isoforms can 

affect drug metabolism, leading to differences in drug efficacy or toxicity. AI can predict 

whether a standard dose would be subtherapeutic or toxic for a patient. 

 Drug Selection and Dosage Adjustment: Machine learning algorithms identify 

correlations between genetic markers and optimal drug types or dosages. 

 

Example: An AI model analyzed CYP2D6 polymorphisms in patients and suggested 

personalized warfarin formulations with adjusted dosages to minimize bleeding risk. 
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b) Patient Physiological Parameters 

Beyond genetics, AI considers patient-specific physiological factors such as: 

 Age, weight, and sex 

 Organ function (hepatic, renal) 

 Comorbidities (e.g., diabetes, cardiovascular disease) 

 Drug-drug interactions 

 

By integrating these parameters, AI models can predict drug absorption, distribution, 

metabolism, and elimination, which are critical for designing patient-specific dosage forms. 

 

Example: AI-assisted modeling of renal clearance rates in patients with chronic kidney disease 

enabled the design of oral sustained-release tablets with modified release profiles to maintain 

therapeutic drug levels without causing toxicity. 

 

c) Disease Phenotype and Severity 

Disease heterogeneity significantly influences drug response. AI can incorporate disease 

phenotype, stage, and severity to guide personalized formulations: 

 Targeted Drug Release: Formulations can be adjusted to release higher concentrations in 

tissues affected by disease while sparing healthy tissues. 

 Dose Timing and Frequency: AI predicts optimal dosing schedules based on disease 

progression and patient-specific pharmacokinetics. 

 

Example: In cancer therapy, AI models integrated tumor genetic profiles and patient 

metabolism data to recommend nanoparticle-based chemotherapeutic formulations with 

customized drug loading and release kinetics for maximum tumor targeting and minimal 

systemic toxicity. 

 

AI ALGORITHMS COMMONLY USED IN DRUG DESIGN & FORMULATION 

1. Machine Learning (ML): Algorithms like random forests, gradient boosting, and support 

vector machines are used for predictive modeling. 

2. Deep Learning (DL): Neural networks, CNNs, and recurrent neural networks (RNNs) 

handle complex datasets like molecular structures, imaging data, and spectral data. 
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3. Reinforcement Learning: Guides molecular design by rewarding desirable chemical 

properties during iterative learning. 

4. Natural Language Processing (NLP): Extracts information from literature, patents, and 

clinical trial data to support drug discovery. 

 

CASE STUDIES AND APPLICATIONS 

1. COVID-19 Drug Discovery 

During the COVID-19 pandemic, AI accelerated the identification of antiviral drug candidates 

by screening thousands of compounds against SARS-CoV-2 protein targets. Generative models 

proposed novel molecules for experimental validation, reducing lead time significantly. 

 

2. Oncology Formulations 

AI-assisted nanoparticle formulations have improved targeted drug delivery in cancer therapy. 

ML models predicted optimal polymer composition, particle size, and drug loading, resulting 

in higher tumor accumulation and reduced systemic toxicity. 

 

3. Oral Dosage Form Optimization 

Predictive modeling of excipient-drug interactions has enabled the development of controlled-

release tablets. AI predicted dissolution profiles and stability outcomes, reducing trial-and-

error experiments. 

 

ADVANTAGES OF AI IN DRUG DESIGN & FORMULATION 

 Time Efficiency: Reduces drug development timelines from years to months. 

 Cost Reduction: Minimizes expensive laboratory experiments and clinical trials. 

 Accuracy: Predicts molecular and formulation properties with high precision. 

 Personalization: Supports patient-specific therapy and dosage optimization. 

 Data Integration: Combines chemical, biological, and clinical datasets for holistic 

analysis. 

 

CHALLENGES AND LIMITATIONS 

 Data Quality and Availability: AI performance depends on large, high-quality datasets, 

which are often limited. 

 Regulatory Hurdles: Lack of standardized guidelines for AI-based drug approvals. 
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 Interpretability: Some deep learning models function as “black boxes,” making decision 

rationale unclear. 

 Integration with Traditional R&D: Resistance from conventional pharmaceutical 

practices may slow adoption. 

 

FUTURE PERSPECTIVES 

 AI-Driven Clinical Trials: Predicting patient responses and adverse effects in silico to 

optimize trial design. 

 Integration with Omics Data: Using genomics, proteomics, and metabolomics for 

precision medicine formulations. 

 Autonomous Laboratories: Combining AI with robotics for fully automated drug 

synthesis and formulation testing. 

 Regulatory Frameworks: Development of global standards for AI in pharmaceutical 

development will improve adoption. 

 

CONCLUSION 

Artificial Intelligence is rapidly transforming drug design and formulation by providing 

predictive, data-driven solutions. It enables faster target identification, efficient lead 

optimization, and innovative formulation strategies while promoting personalized medicine. 

Despite challenges related to data quality, interpretability, and regulatory approval, AI holds 

significant potential to reduce costs, shorten development timelines, and enhance therapeutic 

efficacy. Integration of AI with traditional pharmaceutical R&D promises a future of smarter, 

faster, and more precise drug development. 
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