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Abstract  

Artificial intelligence (AI) has emerged as a transformative force in the realm of drug discovery, 

enabling accelerated timelines, reduced costs, and enhanced precision in therapeutic development. This 

paper explores the integration of AI technologies, particularly predictive modeling and drug repurposing 

strategies, in the pursuit of precision medicine. We delve into the core methodologies, recent 

advancements, and future perspectives of AI-driven drug discovery, highlighting key challenges and 

potential solutions. 
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INTRODUCTION 

Drug discovery is a complex, resource-intensive process traditionally requiring over a decade and 

billions of dollars to bring a new drug to market. The advent of AI has begun to revolutionize this 

paradigm by offering tools to analyze vast biomedical datasets, predict drug-target interactions, and 

identify new uses for existing drugs. This paper focuses on how AI, through predictive modeling and 

drug repurposing, is shaping the landscape of precision drug discovery [1] [2] [3]. 

The process of drug discovery is traditionally characterized by high costs, extensive timelines, and 

significant attrition rates. On average, it takes over a decade and billions of dollars to develop a single 

drug from the laboratory bench to the patient's bedside. The complexity of understanding disease 

mechanisms, identifying viable drug targets, and designing effective therapeutics adds further challenges 

to this endeavor [4]. 

Artificial Intelligence (AI) has emerged as a disruptive force capable of addressing these longstanding 

inefficiencies. By leveraging vast amounts of biological, chemical, and clinical data, AI facilitates a 

data-driven approach to drug discovery—one that enhances accuracy, shortens development cycles, and 

supports the principles of precision medicine. Two of the most impactful applications of AI in this 

domain are predictive modeling and drug repurposing [17] [18] [19]. 

Predictive modeling allows researchers to forecast molecular behavior, drug-target interactions, and 

safety profiles with unprecedented accuracy using machine learning and deep learning algorithms. Drug 

repurposing, on the other hand, employs AI to uncover new therapeutic uses for existing drugs, 

potentially bypassing early-phase development and dramatically reducing costs [7] [8] [9] [10]. 
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This paper explores the convergence of AI with precision drug discovery, focusing on innovations in 

predictive modeling and drug repurposing. We examine the methodologies, highlight significant 

breakthroughs, address current limitations, and provide a roadmap for future integration of AI in 

pharmaceutical research. 

 

PREDICTIVE MODELING IN DRUG DISCOVERY 

Reductive modeling is the application of advanced computational algorithms to anticipate the 

characteristics and outcomes associated with drug candidates before they enter the laboratory or clinical 

testing phases. AI significantly enhances these models by recognizing complex patterns in 

multidimensional datasets that are often beyond the scope of traditional statistical methods. It is used in 

Drug-target interaction prediction to analyze molecular structures and biological networks to identify 

likely drug-target interactions. Predictive Modeling can be used in Pharmacokinetics and 

pharmacodynamics for forecasts how drugs behave in the body, aiding in dose optimization and 

personalized treatment strategies. Toxicity prediction and Biomarker discovery are additional 

application of predictive modeling. 

Predictive modeling support Vector Machines (SVMs), Random Forests, and Artificial Neural for 

classification and regression tasks, Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs) handle large-scale data like genomics and imaging and Generative Adversarial 

Networks (GANs) and Variation Auto encoders (VAEs) are employed to design novel molecular 

structures with desired properties. Public databases such as ChEMBL, PubChem, Drug Bank, and 

BindingDB serve as foundational resources for training and validating predictive models. 

 

DRUG REPURPOSING VIA AI 

Drug repurposing, also known as drug repositioning, is the process of identifying new therapeutic 

indications for existing or previously failed drugs. AI-driven repurposing has emerged as a promising 

strategy due to its ability to process large-scale biomedical data and discover hidden patterns that 

suggest novel uses for approved drugs. This approach can significantly reduce development timelines, 

lower costs, and increase the likelihood of clinical success, as repurposed drugs have already passed 

safety evaluations. 

AI analyzes complex biological and pharmacological networks to reveal relationships between drugs, 

targets, and diseases that are not evident through conventional analysis. Natural language processing 

(NLP) algorithms sift through vast biomedical literature and clinical trial data to extract relevant 

associations and potential drug-disease links. Similarity-based approaches leverage chemical structure 

similarity, gene expression patterns, or phenotypic profiles to predict new indications for known drugs. 

Machine learning and deep learning methods train on integrated datasets—spanning, omics, drug 

profiles, and clinical data—to predict repurposing candidates with high accuracy. In COVID-19 

Pandemic, AI tools rapidly identified existing antivirals such as remdesivir and dexamethasone as 

candidates for COVID-19 treatment, enabling faster deployment during the health crisis. Drugs like 

thalidomide, initially withdrawn due to toxicity, were repurposed for multiple myeloma treatment with 

the help of AI models. AI has identified potential repurposed drugs for conditions like Alzheimer’s and 

Parkinson’s disease by analyzing gene expression and protein interaction networks. 

AI-Driven Repurposing reduces time and cost compared to de novo drug discovery, Increases 

probability of clinical success due to known safety profiles, Enables rapid response to emerging diseases  
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and public health emergencies. 

Despite promising results, AI in drug discovery faces several hurdles because of data quality and 

heterogeneity, Black-box models hinder trust and regulatory approval and harmonizing AI tools with 

traditional processes remains difficult. 

AI-powered predictive models have significantly reduced the time required to identify viable drug 

candidates. Traditional drug discovery can take over 10 years; AI methods have shown potential to 

compress this timeline by identifying leads in months. Machine learning models trained on large 

biological and chemical datasets have outperformed traditional methods in predicting drug-target 

interactions. Enhanced sensitivity and specificity have been reported, particularly using deep neural 

networks. AI successfully identified existing drugs for new indications, notably during the COVID-19 

pandemic (e.g., remdesivir, dexamethasone). In oncology and neurology, AI-assisted repurposing has 

led to new clinical trials with existing compounds. Drug repurposing and in Silico predictions reduced 

the need for early-stage laboratory testing, thus lowering financial risk. Cost savings of up to 40-60% 

have been reported in preclinical stages using AI screening. AI models have accurately predicted 

ADMET (absorption, distribution, metabolism, excretion, toxicity) profiles, helping to eliminate 

unsuitable candidates early in the pipeline. Generative AI models (GANs, VAEs) have been used to 

design new molecular structures with optimized drug-like properties, some of which are entering 

preclinical evaluation. The application of AI in precision drug discovery has delivered measurable 

benefits—reduced timelines, improved predictions, and successful repurposing examples. However, its 

full transformative potential remains constrained by data-related limitations and the need for better 

integration into traditional drug development workflows. The success of AI models is directly tied to the 

quality, diversity, and volume of training data. Biases, inconsistencies, and lack of standardization in 

biomedical data are recurring issues that impact model performance and generalizability. The most 

effective applications arise from interdisciplinary collaborations—uniting computer scientists, 

pharmacologists, clinicians, and regulatory experts. Open data sharing and cross-disciplinary innovation 

enhance AI’s impact and help address complex biological questions. While deep learning models offer 

high accuracy, their “black box” nature poses challenges in regulatory settings and clinical acceptance. 

Efforts in explainable AI (XAI) are crucial to increase trust and transparency in these applications. AI's 

rapid response to emergent health crises, such as COVID-19, has demonstrated its value in drug 

repurposing. This flexibility positions AI as a critical tool in responding to future pandemics and rare 

disease challenges. The regulatory and ethical frameworks surrounding AI in drug discovery are still 

evolving. As AI-generated predictions start influencing clinical decisions, there is a pressing need for 

clear standards, validation protocols, and accountability mechanisms. 
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Flow graph: 

 
Fig. 1. AI in drug discovery 

 

Table 1: Observations on AI in Precision Drug Discovery 

Observation Description Implications 

AI's Potential Not Fully 

Realized 

Early successes seen, but broader impact 

limited by integration and validation 

challenges. 

Further research and 

infrastructure needed to scale 

impact. 

Data Quality is Critical 

Model accuracy is highly dependent on 

clean, diverse, and well-annotated 

datasets. 

Improved data curation and 

standardization required. 

Interdisciplinary 

Collaboration is Key 

Collaborative projects yield better model 

designs and clinical relevance. 

Foster partnerships across AI, 

pharma, and medicine. 

Lack of Interpretability 

Limits Trust 

Black-box models hinder adoption in 

clinical and regulatory settings. 

Investment in explainable AI 

(XAI) is essential. 

Drug Repurposing 

Demonstrates Practical 

Impact 

AI-enabled repurposing, especially in 

COVID-19, proved effective and fast. 

Demonstrates AI’s agility in 

real-world scenarios. 

Ethical & Regulatory 

Frameworks Lag Behind 

No consistent global standards for AI in 

drug discovery. 

Urgent need for ethical 

guidelines and validation 
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Observation Description Implications 

protocols. 

 

 
Graph 1. Key Observations in AI Driven Discovery 

 

Here’s a visual representation of the key observations in AI-driven precision drug discovery. Each bar 

reflects the relative importance of the observation, helping to prioritize focus areas for future research 

and development. Let me know if you’d like this in a downloadable format or with different styling 

 

FUTURE DIRECTIONS 

Advancements in AI algorithms, improved data sharing, and interdisciplinary collaboration are key to 

overcoming current limitations. Regulatory frameworks must evolve to accommodate AI-driven 

methods. Ethical considerations, particularly data privacy and algorithmic bias, will also play a critical 

role in shaping the future of AI in drug discovery. 

 

CONCLUSION 

AI holds immense promise in transforming precision drug discovery through predictive modeling and 

drug repurposing. As the field matures, continued innovation and responsible implementation will be 

essential in realizing its full potential to revolutionize healthcare. 
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