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ABSTRACT 

The integration of artificial intelligence (AI) into pharmaceutical 

sciences is redefining the landscape of drug discovery and delivery. 

This review explores the convergence of AI and pharmaceutics, 

emphasizing how intelligent systems are revolutionizing the prediction, 

design, and optimization of drug delivery pathways. Leveraging 

advanced machine learning (ML) and deep learning (DL) techniques, 

AI enables the precise analysis of vast biological datasets, aiding in 

target identification, virtual screening, pharmacokinetics (PK), and 

pharmacodynamics (PD) modeling. From predicting drug absorption 

and distribution to optimizing dosage form design, AI provides novel 

insights that streamline formulation strategies and reduce experimental 

trial-and-error. The paper delves into AI-assisted approaches in 

nanocarrier development, transdermal systems, and personalized 

medicine, showcasing how computational models can tailor therapies 

to individual patient profiles. Additionally, the role of AI in drug 

repurposing, combination therapy prediction, and real-time Monitoring of therapeutic 

efficacy is highlighted. By examining the current platforms, algorithms, and tools used in 

pharmaceutical AI applications, this review presents a comprehensive overview of 

technological advancements shaping the future of drug delivery. Challenges such as data 

quality, regulatory concerns, and model interpretability are also addressed, along with future 

perspectives for integrating AI more deeply into pharmaceutics. Ultimately, this article 

underscores the transformative potential of AI in predicting and enhancing drug delivery 

pathways, paving the way for faster, safer, and more effective therapeutic interventions. 
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INTRODUCTION 

Rapid technical developments and the increasing complexity of global healthcare concerns 

are driving a paradigm shift in the pharmaceutical sector. The necessity for effective, flexible, 

and patient-centered medication delivery systems has been highlighted by the rise of chronic 

disease, aging populations, and international health emergencies like the COVID-19 

pandemic. Conventional methods of developing and delivering drugs have been shown to be 

time-consuming and resource-intensive, frequently limited by inefficiencies in clinical 

evaluation, formulation design, and regulatory compliance. (Davis & Zhao, 2019). 

 

Current staffing shortages, clinical trial delays, and global supply chain disruptions have 

further exposed the weaknesses of traditional pharmaceutical systems and reaffirmed the need 

for smart, tech-driven alternatives.(Frost & Sullivan, 2021). 

 

The field of drug distribution is changing due to the influence of artificial intelligence (AI). 

Large and complicated biomedical datasets can be analyzed using AI technologies like 

machine learning (ML), deep learning, computer vision, and natural language processing 

(NLP), which reveal hidden patterns and produce predictive models with previously 

unheard-of accuracy. (Esteva et al., 2019). Artificial intelligence (AI) in medication delivery 

facilitates the creation of novel, targeted formulations, the forecasting of drug release profiles, 

and the customization of treatment according to patient-specific factors such as genetic 

information, comorbidities, and physiological markers measured in real time.(Rajpurkar et 

al., 2020; Zhang et al., 2021). 

 

The creation of smart drug delivery systems, such as implantable devices with 

stimulus-responsive drug release, microneedle patches, and nanoparticles, is one of the most 

promising avenues in this field. (Chen et al., 2018). Continuous patient vitals monitoring and 

adaptive dosing strategies are made possible by combining AI with wearable biosensors and 

mobile health platforms. This improves medication adherence and therapeutic effects. (Topol, 

2019). Additionally, pharmacokinetic and pharmacodynamic modeling powered by AI 

lessens the need for trial-and-error techniques, allowing for faster and more accurate dosage 

form optimization. (Li et al., 2020). 
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In addition to formulation and delivery, AI plays a crucial role in quality assurance, safety 

profiling, and regulatory compliance. Predictive toxicology models powered by AI can 

anticipate adverse effects at early stages, thereby minimizing late-stage failures and 

accelerating the drug approval process. (Burbidge et al., 2021). During manufacturing, AI 

enhances process control and minimizes variability by detecting anomalies in real-

time—ensuring consistent product quality and reducing wastage. (Kumar et al., 2022). 

 

AI also addresses long-standing challenges in clinical trials by enabling virtual and 

decentralized trial designs, improving patient recruitment through data-driven analytics, and 

mitigating dropout rates.(Kumar et al., 2021). However, the increasing digitization of 

healthcare introduces new challenges, particularly in the domains of data security, 

cybersecurity threats, and healthcare fraud. The COVID-19 pandemic exposed critical 

weaknesses in healthcare cybersecurity, as the rapid shift to telehealth and remote work led to 

a surge in ransomware attacks, data breaches, and system vulnerabilities.(Bhaskar et al., 

2020). In parallel, the industry witnessed a rise in fraudulent activities, including falsified 

data, counterfeit therapeutics, and scams exploiting public health anxieties.(Paltiel et al., 

2020). 

 

These developments highlight the dual necessity of technological innovation and ethical 

vigilance. As AI continues to integrate deeper into pharmaceutical and healthcare systems, it 

is imperative to establish robust data governance frameworks, enhance cybersecurity 

infrastructure, and foster a culture of transparency and accountability.(Sharma et al., 2021). 

 

This review article explores the evolving role of AI in drug delivery systems, examining its 

applications, benefits, limitations, and future potential. Through a multidisciplinary lens, it 

seeks to provide a comprehensive understanding of how AI is redefining the development, 

administration, and monitoring of drug therapies—ultimately paving the way for smarter, 

safer, and more personalized healthcare solutions. 

 

The fusion of AI with drug delivery and healthcare operations is not just a technological 

upgrade—it is a strategic necessity. AI has the potential to revolutionize how medicines are 

discovered, developed, and delivered while simultaneously reinforcing the digital 

infrastructure needed to safeguard data and ethical standards. As the pharmaceutical industry 

continues to evolve, embracing AI-driven solutions will be key to achieving sustainable 

innovation, improved patient outcomes, and a more resilient, secure global healthcare system. 
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(Zhang et al., 2020). 

 

 

 

Advantages of Integrating AI in Drug Delivery Systems 

1. Precision in Drug Formulation 

● AI models predict optimal excipient-drug combinations. 

● Reduces formulation errors and improves product stability. 

 

2. Accelerated Drug Development 

● Machine learning shortens R&D cycles by simulating formulation outcomes. 

● Minimizes the need for repetitive wet lab experiments. 

 

3. Enhanced Pharmacokinetic/Pharmacodynamic (PK/PD) Modeling 

● AI predicts drug absorption, distribution, metabolism, and excretion profiles with high 

accuracy. 

● Improves dose optimization and safety margins. 

 

4. Smart and Targeted Delivery 

● AI assists in designing site-specific systems (e.g., nanocarriers, liposomes, 

transdermal patches). 

● Enables controlled, stimulus-responsive, and time-released formulations. 
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5. Personalized Medicine 

● AI tailors drug regimens based on genetic makeup, biomarkers, and patient history. 

● Increases therapeutic effectiveness and reduces adverse reactions. 

 

6. Real-Time Monitoring and Adaptive Dosing 

● Integration with wearable biosensors enables dynamic drug delivery based on patient 

vitals. 

● Ideal for chronic conditions requiring continuous modulation. 

 

7. Reduction in Cost and Resources 

● Decreases experimental trial-and-error and material wastage. Saves both time and budget 

in pharmaceutical R&D. 

 

8. Improved Regulatory and Safety Profiling 

● AI predicts toxicity and drug interactions early. 

● Facilitates smoother regulatory approvals and safer therapeutics. 

 

9. Data-Driven Decision Making 

● AI analyzes trends across clinical trials and real-world evidence. 

● Supports evidence-based formulation decisions. 

 

10. Automation in Manufacturing and Quality Control 

● Ensures batch consistency through real-time process monitoring. 

● Detects anomalies and maintains high product standards. 

 

Principles of Artificial Intelligence in Drug Delivery Artificial intelligence (AI) 

Artificial Intelligence is transforming drug delivery by enabling systems that are predictive, 

adaptable, and highly tailored. AI approaches help pharmaceutical scientists make more 

informed decisions by evaluating vast datasets, improving formulations, and enabling 

intelligent control of medication release profiles. (Mak & Pichika, 2019; Topol, 2019). 

 

1. Fundamental Concepts of AI in DDS 

At its foundation, AI is the development of algorithms and models capable of doing activities 

that would normally require human intellect, such as learning from data, identifying patterns, 

and making judgments. In the context of Drug Delivery Systems (DDS), AI provides the 

ability to process complicated biological, chemical, and clinical data, allowing for. 
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● Model drug release behavior based on polymer type, drug load, and environmental 

conditions. (Zhao et al., 2020). 

● Predict pharmacokinetic/pharmacodynamic (PK/PD) outcomes before in vivo 

testing. (Chen et al., 2020). 

● Optimize nanoformulations for targeted delivery based on disease profiles.(Xu et al., 

2021). 

● Integrate patient data for personalized drug therapy. (Rajkomar et al., 2019). 

 

2. Enhanced AI Subfields in DDS 

a) Machine Learning (ML) 

From preformulation to post-market surveillance, ML is extensively used in drug delivery. 

Examples 

● Random forest and support vector machine (SVM) algorithms are employed to estimate 

the solubility of drugs with low water solubility. (Ammar et al., 2020). 

● Machine learning techniques assist in selecting the most suitable excipient combinations 

in polymeric nanoparticles to enhance drug encapsulation efficiency. (Maddalena et al., 

2021). 

● Decision tree models are utilized to predict drug release patterns by analyzing factors like 

polymer degradation and drug diffusion rates.(Mahmoud et al., 2022). 

 

b) Deep Learning (DL) 

Deep learning is highly effective for analyzing complex, non-linear, and high-dimensional 

data, including medical imaging, genomic sequences, and molecular simulations. 

Examples 

● Convolutional Neural Networks (CNNs): Used in analyzing medical images to pinpoint 

precise locations for targeted drug delivery, such as in brain tumor treatment.(Esteva et 

al., 2019). 

● Recurrent Neural Networks (RNNs): Capable of modeling drug release kinetics over time 

in biodegradable delivery systems.(Zhou et al., 2021). 

● Generative Adversarial Networks (GANs): Being investigated for creating innovative 

drug formulations by generating new molecular structures or compositions.(Segler et al., 

2018). 
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c) Natural Language Processing (NLP) 

NLP allows AI systems to understand and interpret scientific literature, extracting useful 

insights from large volumes of unstructured text. 

Examples 

● Mining research articles and patents to identify formulation trends (Lee et al., 2020). 

● Automatically retrieving and summarizing experimental results from clinical studies for 

comprehensive reviews.(Choi et al., 2016). 

● Detecting adverse drug reactions by scanning data from electronic health records 

(EHRs) and social media platforms.(Jagannatha & Yu, 2016). 

 

d) Reinforcement Learning (RL) 

RL enables systems to learn optimal strategies through trial-and-error interactions with their 

environment, making it ideal for dynamic drug delivery systems. 

Examples 

● Adaptive insulin pumps that fine-tune doses based on real-time blood glucose 

readings.(Mnih et al., 2015). 

● Implantable drug delivery systems that respond to physiological triggers like pH 

levels, enzyme activity, or body temperature.(Yousefi et al., 2019). 

● Optimizing drug dosing regimens to minimize side effects while maximizing 

therapeutic benefits. (Bertsimas et al., 2020). 

 

 
 

e) Computer Vision 

AI-powered image processing plays an important role in drug delivery research. 
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Examples 

● Characterizing nanoparticle size and shape using scanning electron microscopy 

(SEM) images. 

● Tracking drug distribution in tissues using fluorescence imaging. 

 

3. Role of AI Across DDS Development Pipeline. 

Stage AI Contributions 

Preformulation Predict solubility, permeability, and stability 

Formulation Design Optimize particle size, polymer type, and drug load 

In vitro Studies Model release profiles under different pH/enzyme conditions 

In vivo/Clinical Studies Predict bioavailability and therapeutic outcomes 

Patient Monitoring Real-time feedback and dose adjustment 

 

4. Integration with Digital Health and Smart Devices 

Modern DDS is increasingly connected to Internet of Medical Things (IoMT) and 

wearable biosensors, creating opportunities for real-time data collection and responsive drug 

release. AI bridges the gap by analyzing this real-time data and making therapeutic 

adjustments dynamically. (Heikenfeld et al., 2018) 

Example: A wearable patch with integrated sensors and an AI algorithm could detect fever 

or inflammation and trigger anti-inflammatory drug release from a hydrogel reservoir.(Zhao 

et al., 2020) 

 

5. Ethical and Regulatory Considerations 

● Data Privacy: Patient data used in AI models must be protected under laws like 

HIPAA and GDPR. (Shen et al., 2021) 

● Model Transparency: Regulatory bodies (like the FDA) increasingly demand 

explainability in AI systems. (Adadi and Berrada, 2018) 

● Bias and Fairness: AI models must be trained on diverse datasets to avoid biased 

outcomes in drug therapy. (Rajkomar et al., 2019). 

● Validation: AI predictions must be experimentally and clinically validated to ensure 

safety and efficacy. (Topol, 2019). 

 

6. Future Outlook 

With the rise of precision medicine, the future of DDS is one where AI-powered systems 

deliver the right drug, at the right dose, at the right time—tailored specifically for each 

individual (Topol, 2019). AI will also help drive innovations in: 

● Autonomous drug manufacturing (Zhou et al., 2020) 
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● AI-assisted clinical decision support for DDS selection (Esteva et al., 2019) 

 

 
 

Current Pharmaceutical Challenges in Drug Delivery System and the Role of Artificial 

Intelligence 

Despite major breakthroughs in pharmaceutical sciences and advanced drug delivery systems, 

the industry continues to face critical challenges that hinder innovation, delay market entry, 

and compromise patient outcomes. From formulation hurdles to regulatory bottlenecks, these 

obstacles can be costly and time-consuming. Artificial Intelligence (AI) has emerged as a 

transformative tool in addressing these issues by enabling predictive modeling, automation, 

and personalized therapeutic design. 

 

1. Key Challenges in the Pharmaceutical and Drug Delivery Domain 

a) High R&D Costs and Long Timelines 

● Issue: Developing a new drug typically takes 10–15 years and costs over $2.6 

billion.(DiMasi et al., 2016). 

● AI’s Role: AI accelerates early-stage discovery through predictive modeling of molecular 

interactions, virtual screening, and drug repurposing, thereby reducing lab time and cost. 

AI also assists in identifying high-potential leads, predicting clinical trial outcomes, and 

simulating real-world scenarios.(Mak and Pichika, 2019). 

b) Poor Drug Solubility and Bioavailability 

● Issue: Nearly 40% of approved drugs and 90% of new chemical entities (NCEs) exhibit 

poor aqueous solubility, limiting absorption and therapeutic efficacy.(Savjani et al., 

2012). 

● AI’s Role: ML models like QSPR (Quantitative Structure–Property Relationship) predict 

solubility and permeability profiles, while DL tools help design nanoformulations (e.g., 
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solid lipid nanoparticles, liposomes) or prodrug strategies for improved 

bioavailability.(Zhao and So, 2017). 

 

c) Interpatient Variability 

● Issue: Therapeutic responses can vary greatly across individuals due to genetics, 

microbiome composition, age, diet, and comorbidities.(Hamburg and Collins, 2010). 

● AI’s Role: AI integrates multi-omics data (genomics, transcriptomics, proteomics) and 

patient history to personalize drug delivery systems. It supports dose adjustments and 

drug selection for maximum efficacy with minimal side effects.(Topol, 2019). 

 

d) Lack of Targeted Delivery 

● Issue: Many conventional therapies distribute drugs systemically, leading to toxicity in 

healthy tissues and reduced local effectiveness.(Peer et al., 2007). 

● AI’s Role: AI optimizes targeted DDS (e.g., ligand-functionalized nanoparticles) by 

analyzing receptor-ligand interactions and disease-specific markers. Tools like molecular 

docking and AI-guided ligand screening enhance precision targeting.(Chen et al., 2021). 

 

e) Complex Formulation Optimization 

● Issue: Formulation design requires a balance of multiple variables—stability, release 

profile, excipient compatibility—often needing extensive experimentation.(Li and Zhao, 

2018). 

● AI’s Role: Supervised ML models like support vector machines (SVMs), artificial neural 

networks (ANNs), and decision trees predict optimal formulation parameters, drastically 

reducing trial-and-error cycles.(Panchal et al., 2020). 

 

f) Drug Resistance and Therapeutic Failure 

● Issue: In diseases like cancer, HIV, and tuberculosis, resistance to frontline therapies 

leads to treatment failure and increased mortality.(Holmes et al., 2016). 

● AI’s Role: AI identifies resistance pathways using genomic data and predicts effective 

drug combinations. It also simulates molecular dynamics to reveal mutation-induced 

binding disruptions and helps in rational redesign.(Xia et al., 2021). 

 

g) Regulatory and Quality Control Challenges 

● Issue: Ensuring consistency, safety, and compliance across production batches is 

complex and labor-intensive.(Yu et al., 2014). 
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● AI’s Role: AI-enabled systems monitor production in real time, detect batch anomalies, 

automate documentation for audits, and predict equipment failure for timely maintenance. 

This enhances quality assurance and regulatory readiness.(Sarker, 2021). 

 

h) Incomplete Understanding of Disease Mechanisms 

● Issue: In diseases like Alzheimer’s, Parkinson’s, and autoimmune disorders, poorly 

understood mechanisms limit therapeutic innovation.(Cummings et al., 2019). 

● AI’s Role: Natural language processing (NLP) and data mining tools scan literature, 

clinical records, and omics datasets to identify novel biomarkers, pathways, and 

druggable targets, fostering mechanism-based drug design.(Wang and Zhang, 2019). 

 

i) Clinical Trial Inefficiencies 

● Issue: Patient recruitment, high dropout rates, and protocol deviations increase costs and 

delay approvals.(Sully et al., 2013). 

● AI’s Role: AI facilitates virtual and decentralized trials, predicts patient eligibility, 

improves adherence monitoring, and simulates trial outcomes using synthetic control 

arms—accelerating trial success rates.(Weng et al., 2020) 

 

j) Fragmented Real-World Data Integration 

● Issue: Valuable patient data from EMRs, wearables, and apps are often siloed and 

underutilized.(Feldman et al., 2018). 

● AI’s Role: AI unifies structured and unstructured data sources, offering actionable 

insights for post-market surveillance, pharmacovigilance, and continuous therapy 

optimization.(Rajpurkar et al., 2022). 

 

k) Environmental and Ethical Concerns 

● Issue: Traditional manufacturing may produce chemical waste and raise ethical concerns 

in animal testing and data privacy. (Cefalu et al., 2018). 

● AI’s Role: AI supports green chemistry approaches by predicting eco-friendly synthetic 

routes and reduces animal testing through in silico modeling and virtual screening. It also 

promotes ethical compliance through secure data governance systems. (Choudhury et al., 

2021). 
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2. AI-Powered Solutions in Addressing Pharmaceutical Challenges. 

Challenge AI-Based Solution 

Low solubility & permeability Predictive models for salt forms, prodrugs, or nanocarriers 

Complex formulation development Design of Experiments (DoE) + ML algorithms to reduce trial-and-

error 

High attrition in clinical trials Predictive analytics for patient selection and response modeling 

Limited targeted delivery AI-based ligand screening and receptor mapping 

Resistance in pathogens or tumors AI-guided drug combinations and mutation mapping 

Post-marketing surveillance NLP tools to analyze adverse event reports and social media data 

Dose adjustment in real time Reinforcement learning in smart im plants or biosensor-driven 

systems 

 

3. AI as a Catalyst for Precision Drug Delivery 

Precision medicine aims to tailor medical treatment to individual characteristics. AI serves as 

a bridge between massive biomedical data and practical application in DDS by. 

● Analyzing multi-omics data to stratify patients (Li et al., 2020) 

● Designing bioresponsive drug delivery systems that adapt in real time (Wang and 

Zhang, 2021) 

● Developing digital twins of patients for in silico simulations of  drug response 

(Bruynseels et al., 2018) 

● Supporting adaptive clinical trials where AI recommends dose adjustments or 

patient selection criteria dynamically (Bhatt and Mehta, 2016). 

 

 

 

4. Real-World Examples 

● Insulin pumps integrated with AI algorithms can adjust insulin delivery based on 

real-time glucose levels. (Rajpurkar et al., 2022). 
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● AI-driven liposomal formulations have been used in optimizing cancer drug 

delivery with improved targeting and reduced toxicity. (Chen et al., 2021). 

● AI-enhanced pulmonary DDS (like for asthma) can predict patient attacks and 

optimize inhaler dosage and timing. (Topol, 2019). 

 

Artificial Intelligence in Different Drug Delivery Formulations 

Artificial Intelligence (AI) is changing the way drug delivery systems are developed and 

used. By analyzing large sets of data and learning patterns, AI helps scientists design better 

and more effective ways to deliver drugs. This is especially helpful in different types of 

formulations, each having its own challenges. Below is a detailed but easy-to-understand 

explanation of how AI supports various drug delivery methods. 

 

1. Oral Drug Delivery Systems 

Oral delivery, such as tablets and capsules, is the most common and convenient way of giving 

medicine. However, some drugs have poor solubility or are broken down before reaching the 

bloodstream. 

● AI Applications 

○ AI helps choose the right combination of ingredients to improve drug solubility 

and absorption. (Zhao and So, 2017). 

○ It can predict how the drug will behave in the stomach and intestines.(Savjani et al., 2012) 

○ AI models simulate how the drug is released from the tablet (immediate or slow 

release). (Li and Zhao, 2018). 

Example: AI has been used to develop tablets that release drugs slowly over 12–24 hours for 

patients with chronic conditions. (Mak and Pichika, 2019). 

 

2. Injectable Formulations 

Injectable drugs are used when a quick or long-lasting effect is needed. These include 

intravenous (IV), intramuscular (IM), or subcutaneous (SC) injections. 

● AI Applications 

○ AI helps in designing stable injectable solutions by predicting how ingredients behave 

together. (Li et al., 2020). 

○ It can model how long the drug stays active in the body.(Chen et al., 2021). 

○ AI assists in creating formulations that slowly release the drug over time, reducing 

the number of injections needed. (Peer et al., 2007). 



www.wjpr.net      │     Vol 14, Issue 13, 2025.      │     ISO 9001: 2015 Certified Journal      │ 

 

 

 

 

Nirmala et al.                                                                      World Journal of Pharmaceutical Research 
 

217 

Example: Long-acting injections for mental health or hormone therapies have been 

optimized using AI tools. (Mak and Pichika, 2019). 

 

3. Transdermal Drug Delivery (Through the Skin) 

 

 

Transdermal systems, like patches or gels, allow drugs to enter the body through the skin. 

This method is painless and avoids the digestive system. 

● AI Applications 

○ AI predicts whether a drug can pass through the skin layers.(Gupta et al., 2021). 

○ It helps choose enhancers or patch materials that improve drug delivery. (Pathan and Setty, 

2009). 

○ It models how long and how much drug enters the body from the patch.(Li and Zhao, 

2018). 

Example: AI helped design nicotine patches that deliver steady amounts of the drug to aid 

smoking cessation. (Mak and Pichika, 2019). 

 

4. Nanoparticle-Based Drug Delivery 

Nanoparticles are tiny carriers that can deliver drugs directly to specific cells, like cancer 

cells. This reduces side effects and improves effectiveness. 

● AI Applications 

○ AI designs nanoparticles with the right size, shape, and coating.(Chen et al., 2021). 

○ It predicts how nanoparticles move in the body and where they release the 



www.wjpr.net      │     Vol 14, Issue 13, 2025.      │     ISO 9001: 2015 Certified Journal      │ 

 

 

 

 

Nirmala et al.                                                                      World Journal of Pharmaceutical Research 
 

218 

drug.(Jiang et al., 2022). 

○ AI helps choose targeting agents to ensure the nanoparticles go only to diseased 

cells.(Peer et al., 2007). 

Example: AI has been used to create nanoparticles that carry chemotherapy drugs directly to 

tumors, minimizing harm to healthy cells.(Chen et al., 2021). 

 

 

 

5. Pulmonary Drug Delivery (Through the Lungs) 

Inhalers and nebulizers are used to deliver drugs for conditions like asthma, COPD, or even 

infections. 

● AI Applications 

○ AI simulates how the drug particles behave in the airways. (Pilcer and Amighi, 2010). 

○ It helps design inhalers that deliver the right dose deep into the lungs. 

(Muralidharan et al., 2020). 

○ AI adjusts dosing based on lung capacity or breathing rate. (Harbison et al., 2022). 

Example: AI was used to improve the delivery of asthma drugs via dry powder inhalers for 

children and elderly patients. (Pilcer and Amighi, 2010). 

 

6. Buccal, Nasal, and Ocular Delivery 

These systems deliver drugs through the mouth lining, nose, or eyes. They are used when 

quick absorption is needed or when patients cannot take drugs orally. 

● AI Applications 

○ AI models how drugs interact with sensitive tissues. (Al-Kassas et al., 2017). 

○ It helps improve the stickiness and effectiveness of buccal films or nasal sprays. (Li 

et al., 2020). 
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○ It predicts irritation or side effects before human testing. (Bucolo et al., 2012). 

Example: AI helped create nasal sprays that deliver migraine medicine quickly 

and effectively during attacks. (Li et al., 2020) 

 

7. Implantable and Smart Drug Delivery Systems 

Implants and smart pumps deliver drugs over weeks, months, or even years. Some are 

controlled electronicallyand respond to signals from the body. 

● AI Applications 

○ AI allows real-time monitoring and automatic drug release based on patient needs. 

(Veiseh and Langer, 2015). 

○ It helps adjust drug amounts based on changes in body conditions (like glucose 

levels). (Capozzi et al., 2021). 

○ AI supports designing implants that release drugs at steady or changing rates. 

(Veiseh and Langer, 2015). 

Example: In diabetic patients, AI-powered insulin pumps adjust the insulin dose 

automatically based on continuous glucose monitoring. (Capozzi et al., 2021). 

 

 

8. Liposomal Drug Delivery Systems 

Liposomes are tiny vesicles that carry drugs and release them slowly or target specific 

tissues. 

● AI Applications 
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○ Predicts liposome stability, encapsulation efficiency, and release profiles. (Bozzuto and 

Molinari, 2015). 

○ Helps design lipid compositions for targeted delivery and longer circulation time.(Moura 

et al., 2020). 

○ Simulates drug-liposome interactions to enhance bioavailability.(Souto et al., 2022). 

Example: AI-assisted models have been used to develop liposomal formulations for 

anticancer drugs like Doxorubicin to reduce cardiotoxicity.(Bozzuto and Molinari, 2015). 

 

INTEGRATION OF ARTIFICIAL INTELLIGENCE IN DRUG DELIVERY SYSTEM 

(DDS) 

AI integration in drug delivery systems (DDS) is an exciting frontier in pharmaceutics that 

can significantly enhance the precision, efficiency, and personalized nature of drug therapies. 

Here are a few ways AI can be integrated into DDS. 

 

1. Personalized Drug Delivery 

● AI-Driven Patient Data Analysis: AI can analyze patient data such as genetics, age, 

health conditions, and biomarkers to personalize drug delivery. This ensures the right 

dosage and drug release pattern for each patient. (Topol, 2019). 

● Tailored Dosing and Release Profiles: Machine learning (ML) algorithms can 

optimize dosing schedules and drug release kinetics for individual patients, ensuring more 

effective treatment with minimal side effects. (Beam and Kohane, 2018). 

 

2. Formulation Optimization 

● Prediction of Drug Solubility and Stability: AI models can predict the solubility, 

stability, and bioavailability of drug compounds before formulating DDS. This helps 

streamline the development process and improve the chances of success in the 

clinic.(Mak and Pichika, 2019). 

● Smart Formulation Design: AI can assist in designing DDS that are responsive to 

specific physiological conditions (like pH, temperature, or enzyme activity) to release the 

drug only when needed, optimizing therapeutic effects.(Chakraborty et al., 2020). 

 

3. Smart Nanocarriers and Targeted Delivery 

The convergence of nanotechnology and AI has led to the development of intelligent 

nanocarriers capable of targeted and controlled drug release. These nanocarriers are designed 

to respond to specific stimuli (e.g., pH, temperature, enzyme presence) and release drugs at 
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the site of pathology. AI contributes to the optimization of nanoparticle surface 

characteristics, ligand-receptor interactions, and biodistribution profiles (Singh et al.). In 

oncology, AI-assisted design of ligand-modified liposomes and polymeric nanoparticles has 

improved delivery to tumor tissues while sparing healthy cells. 

 

4. Automated Screening and High-Throughput Formulation 

AI-driven automation has revolutionized the high-throughput screening (HTS) of drug 

delivery systems. Robotics integrated with ML algorithms enable rapid testing of multiple 

formulation variables, accelerating the identification of optimal candidates (Chen et al.). This 

approach significantly reduces development timelines and resource expenditures. 

Additionally, AI can assist in retrospective analysis of experimental data to uncover hidden 

correlations and guide future formulation strategies. 

 

5. Real-Time Monitoring and Adaptive Delivery 

Feedback-responsive drug delivery systems represent a significant advancement facilitated by 

AI. These systems incorporate biosensors that continuously monitor physiological parameters 

and relay data to an AI processor. The AI then analyzes the data and initiates appropriate drug 

release adjustments in real-time (Zhao et al.). Such closed-loop systems are especially 

valuable in critical care and chronic disease management, where maintaining therapeutic 

homeostasis is essential. 

 

6. Intelligent Drug Release Systems 

● Real-Time Monitoring and Adjustment: AI can be integrated with sensors in DDS (like 

smart transdermal patches) to monitor the drug concentration in real time. Based on this 

data, the system can adjust the drug release dynamically, ensuring that the patient 

receives the right amount at the right time. (Heikenfeld et al., 2018). 

● Adaptive Release Mechanisms: Using AI, the DDS can adapt to changing conditions in 

the body, such as alterations in blood flow or metabolic rate, and modify its drug release 

accordingly. (Wang and Song, 2020). 

 

7. Nanoparticle-Based DDS and AI 

● Predicting Nanoparticle Behavior: AI can predict the behavior of nanoparticles in 

biological systems, such as their interaction with cells, tissue targeting, and 

pharmacokinetics. This can be used to design more effective drug delivery systems, 

especially for complex diseases like cancer or brain-targeted drug delivery. (Patra et al., 

https://www.feedipedia.org/node/7228
https://pubmed.ncbi.nlm.nih.gov/10059776/
https://pubmed.ncbi.nlm.nih.gov/32639818/


www.wjpr.net      │     Vol 14, Issue 13, 2025.      │     ISO 9001: 2015 Certified Journal      │ 

 

 

 

 

Nirmala et al.                                                                      World Journal of Pharmaceutical Research 
 

222 

2018). 

● Optimizing Nanoparticle Characteristics: AI models can assist in the optimization of 

nanoparticle size, surface charge, and drug loading capacity, ensuring the delivery system 

targets the desired site efficiently. (Yu et al., 2022). 

 

8. Drug-Drug Interaction Prediction 

● AI can analyze large datasets of drug interactions and predict potential adverse effects or 

interactions between drugs administered via DDS. This is particularly useful for patients 

with comorbidities requiring multiple medications. (Vamathevan et al., 2019) 

 

9. AI in Clinical Trials 

● Patient Recruitment and Stratification: AI can be used to analyze patient profiles and 

predict who will benefit most from a specific DDS. This ensures more targeted 

recruitment for clinical trials and optimizes patient stratification. (Esteva et al., 2019). 

● Data Analysis: AI can process large amounts of data from clinical trials, identifying 

trends, side effects, and efficacy patterns that can help refine the DDS. (Rajkomar et al., 

2019). 

 

10. AI-Driven Optimization of Manufacturing Processes 

● AI can be applied to optimize the manufacturing process of DDS, improving consistency, 

quality control, and scalability. It can help in adjusting the parameters for drug loading, 

encapsulation efficiency, and release profiles. (Niazi, 2020). 

 

Potential AI Techniques in DDS Integration 

● Machine Learning (ML): Used for pattern recognition in clinical data, optimizing 

formulations, and predicting drug release behavior. (Beam and Kohane, 2018). 

● Deep Learning (DL): Applied for more complex tasks such as image analysis (e.g., tissue 

targeting or nanoparticle behavior) and drug discovery. (LeCun et al., 2015). 

● Natural Language Processing (NLP): For analyzing medical literature, patient records, or 

clinical trial data to identify new opportunities for DDS optimization. (Wang et al., 2018). 

● Reinforcement Learning (RL): Can be used for dynamic optimization of drug delivery in 

real-time, adjusting the drug release rate based on feedback from the body. (Arulkumaran 

et al., 2017). 

 

Challenges to Overcome 
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● Data Availability and Quality: AI systems require vast amounts of high-quality data to 

train models. Inadequate data can lead to inaccurate predictions. (He et al., 2019). 

● Regulatory Hurdles: AI-integrated DDS may face regulatory challenges as the technology 

is still in a nascent stage, and regulatory bodies need to establish frameworks for these 

innovations. (Topol, 2019). 

● Integration Complexity: Combining AI with DDS technology may involve complex 

hardware-software integration, making it challenging to develop cost-effective, user-

friendly systems. 

 

Integrating AI into DDS holds a lot of promise for enhancing drug delivery precision and 

improving patient outcomes. (Mak and Pichika, 2019). 

 

ARTIFICIAL INTELLIGENC IN PHARMACOKINETICS AND 

PHARMACODYNAMICS 

Artificial intelligence (AI) is playing a transformative role in the field of pharmacokinetics 

(PK) and pharmacodynamics (PD), helping researchers and pharmaceutical scientists to 

better understand and predict drug behavior in the human body. In pharmacokinetics, AI 

models—particularly machine learning (ML) and deep learning (DL) algorithms—are used to 

predict ADME properties (absorption, distribution, metabolism, and excretion) of drugs. By 

analyzing the molecular structure of a compound, AI can estimate key parameters such as 

bioavailability, half-life, clearance, and volume of distribution. This accelerates early-stage 

drug screening and reduces the reliance on time-consuming and expensive experimental 

procedures.(Vamathevan et al., 2019; Zhuang et al., 2021) 

 

In the domain of pharmacodynamics, AI helps predict how a drug interacts with its target and 

what kind of biological response it elicits. Using large biological datasets, AI models can 

simulate dose-response relationships, predict receptor binding affinities, and assess potential 

toxicity. These predictions enable researchers to fine-tune dosage regimens and reduce the 

risk of adverse effects. Deep learning frameworks such as neural networks are capable of 

generating accurate predictions for PD endpoints like IC50, EC50, and therapeutic index, 

making them valuable tools in rational drug design.(Zhou et al., 2020; Chen et al., 2021). 
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Additionally, AI facilitates the development of personalized PK/PD models by integrating 

patient-specific variables such as age, weight, organ function, genetic markers, and disease 

state. This makes it possible to create individualized therapeutic plans, particularly useful in 

precision medicine and chronic disease management. Recurrent neural networks (RNNs) and 

long short-term memory (LSTM) models are especially effective in modeling time-series 

data, such as drug plasma concentration over time, which is essential for controlled or 

sustained drug delivery systems. (Bender et al., 2021; Li & Shen, 2022). 

 

By combining AI-driven PK/PD modeling with smart drug delivery systems like transdermal 

patches or nanoparticles, it becomes possible to create intelligent therapies that adapt in real 

time to the patient’s physiological responses. For example, an AI-powered patch could 

monitor drug release, predict upcoming concentration levels, and adjust delivery accordingly 

to maintain therapeutic effectiveness. This integration not only enhances treatment precision 

but also opens new avenues for research in brain-targeted drug delivery, oncology, and 

personalized pharmacotherapy. (Kim et al., 2020; Shao et al., 2020). 

 

Artificial Intelligence to Predict Drug Delivery Pathways 

The integration of artificial intelligence (AI) into pharmaceutical sciences has opened new 

frontiers in the prediction of drug delivery pathways—one of the most complex yet essential 

aspects of drug development. Accurately forecasting how a drug will travel, release, and act 

in the human body is critical for designing effective and safe therapeutics. Traditional in vitro 

and in vivo methods, though valuable, are time-consuming, costly, and often limited in their 

predictive power. AI-driven approaches, particularly through machine learning (ML) and 

deep learning (DL), offer enhanced predictive capabilities by analyzing multidimensional 

datasets and learning intricate biological patterns (Mak & Pichika, 2019). 

https://pubmed.ncbi.nlm.nih.gov/30472429/
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AI models can simulate the pharmacokinetics (PK) and pharmacodynamics (PD) of 

drugs—processes encompassing absorption, distribution, metabolism, and excretion 

(ADME). For example, supervised learning algorithms can be trained using historical drug 

behavior data to predict how a new compound might be absorbed or metabolized in specific 

tissues. This is particularly significant in the context of targeted drug delivery, where 

precision is essential. Neural networks have shown promising results in predicting 

nanoparticle interactions within the body, allowing researchers to optimize size, surface 

charge, and coating for effective tumor targeting with minimal off-site toxicity (Singh et al., 

2022). 

 

Another notable application is AI’s ability to incorporate patient-specific parameters such as 

genomic profiles, age, gender, disease state, and microbiome variations. By leveraging this 

individualized data, AI facilitates the development of personalized drug delivery systems. 

These systems adjust drug release rates or routes based on real-time patient feedback, 

increasing therapeutic efficacy and reducing side effects. This is central to the paradigm of 

precision medicine, where one-size-fits-all strategies are replaced by dynamic, data-informed 

interventions (Esteva et al., 2019). 

 

Furthermore, AI is being used in combination with computational simulations such as 

physiologically based pharmacokinetic (PBPK) modeling to predict drug transport 

mechanisms across biological barriers, such as the blood-brain barrier or tumor vasculature. 

These hybrid models allow for a more comprehensive understanding of drug movement and 

localization, ultimately accelerating preclinical assessments and reducing reliance on animal 

testing.(Zhao & Liu, 2019; Shao et al., 2020). 

 

However, challenges persist. High-quality annotated datasets are still limited in many areas of 

pharmaceutical research, and the ―black box‖ nature of some AI algorithms can hinder their 

regulatory acceptance. Ensuring transparency, reproducibility, and interpretability of AI 

predictions remains an ongoing concern. Additionally, integration into clinical settings 

requires validation through robust, large-scale trials to ensure reliability and generalizability. 

(Wang et al., 2020; Ribeiro et al., 2016; Miller et al., 2021). 

 

https://pubmed.ncbi.nlm.nih.gov/10044293/
https://pubmed.ncbi.nlm.nih.gov/10044293/
https://www.nature.com/articles/s41591-018-0316-z
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Limitations and Challenges in AI-Driven Drug Delivery System (DDS) Prediction. 

 

While the application of AI in drug delivery systems is rapidly growing, several critical 

limitations and challenges hinder its full-scale implementation and reliability in clinical and 

industrial settings. 

 

Data Limitations 

● Scarcity of Quality Data: Machine learning and deep learning models require vast 

amounts of high-quality, labeled data. In pharmaceutical research, such datasets are often 

incomplete, proprietary, or scattered across institutions.(Wang et al., 2020). 

● Heterogeneous Data Sources: Data collected from different platforms (e.g., clinical trials, 

omics data, chemical libraries) often vary in format and quality, making it challenging 

to train consistent models.(Zhao & Liu, 2019). 

● Data Imbalance: Rare diseases and personalized medicine datasets often suffer from class 

imbalance, leading to biased predictions. (Kim & Park, 2021). 

 

Model Interpretability and Trustworthiness 

● Black Box Nature of AI: Especially in deep learning, it’s often difficult to understand how 

the model reached a conclusion. This lack of interpretability limits clinical adoption 

where decision transparency is vital. (Ribeiro et al., 2016). 

● Risk in Clinical Decision-Making: If AI models make incorrect predictions without 

explaining the rationale, it could lead to adverse clinical outcomes, undermining trust in 

the system. (Topol, 2019). 
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Lack of Standardization and Regulatory Hurdles 

● Regulatory Framework Gaps: There is a lack of standardized guidelines for evaluating 

and approving AI-driven DDS tools by regulatory bodies like the FDA or EMA. (Miller 

et al., 2021). 

● Ethical and Legal Issues: Data privacy (e.g., patient data in personalized delivery 

systems), algorithmic bias, and accountability in decision-making are major legal and 

ethical concerns. (Char et al., 2018). 

 

Generalizability and Overfitting 

● Model Overfitting: AI models may perform well on training data but poorly in real-

world scenarios due to overfitting or lack of generalizability.(Goodfellow et al., 2016). 

● Population Variability: Models trained on specific populations may not accurately predict 

drug delivery responses in diverse groups due to differences in genetics, metabolism, and 

disease patterns. (Johnson et al., 2020). 

 

Integration Challenges 

● Incompatibility with Existing Systems: Most healthcare and pharmaceutical 

infrastructures are not designed for seamless integration with AI systems. (Patel & Chen, 

2020) 

● Computational Requirements: High-end computational resources and expertise are 

required to deploy and maintain AI systems, making them inaccessible for smaller 

research setups or clinics. (Nguyen & Lee, 2019). 

 

Future Prospects and Research Directions 

Despite the above challenges, the future of AI in DDS is bright, with many exciting avenues 

for exploration and innovation. 

 

Explainable Artificial Intelligence (XAI) 

● Future models will increasingly prioritize interpretability. XAI tools can help explain the 

logic behind predictions, enhancing transparency and clinician confidence. (Samek et al., 

2017). 

● By visualizing decision pathways, XAI can guide researchers in understanding biological 

correlations between drug properties and delivery mechanisms. (Doshi-Velez & 

Kim, 2017). 
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Integration of Multi-Omics Data 

● AI can integrate genomics, proteomics, metabolomics, and epigenomics data to design 

personalized drug delivery strategies tailored to individual biological profiles. (Hasin et 

al., 2017). 

● For example, in cancer treatment, integrating tumor-specific gene expression with drug 

response data can help predict the most effective delivery route and dosage. (Cristescu et 

al., 2018). 

 

AI-Powered Smart Drug Delivery Systems 

● AI can be embedded into smart delivery platforms like transdermal patches, implants, and 

nanorobots to control drug release in real-time based on physiological feedback. (Kim et 

al., 2020). 

● Real-time biosensors combined with AI algorithms can dynamically adjust dosing 

schedules based on biomarkers or patient activity. (Johnson & Smith, 2021). 

 

Advanced Carrier Design Using AI 

● Deep generative models (like GANs) can design novel nanoparticle formulations or lipid 

carriers with optimal size, shape, and drug-loading capacity. (Gupta et al., 2020). 

● AI-based screening can predict the toxicity, biodistribution, and clearance rate of 

nanocarriers in silico, reducing the need for animal testing. (Liu et al., 2021). 

 

Digital Twin Technology 

● A ―digital twin‖ is a virtual model of a patient that mimics physiological and 

pharmacokinetic responses. (Bruynseels et al., 2018). 

● By using AI to simulate how a person would react to various delivery systems, 

researchers can optimize therapy before actual administration. (Shao et al., 2020). 

 

Collaborative AI-Pharma Ecosystem 

● Encouraging collaboration between academia, pharmaceutical companies, AI experts, and 

regulatory bodies will be essential. (Wang & Zhang, 2022). 

● Establishing open-access databases, AI benchmarks, and global guidelines can ensure 

ethical and safe AI deployment in DDS. (Bender et al., 2021). 
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CONCLUSION 

The integration of artificial intelligence (AI) into pharmaceutics is ushering in a new era of 

innovation in drug delivery, where therapeutic systems are becoming more precise, efficient, 

and personalized. AI-driven technologies such as machine learning, deep learning, natural 

language processing, and reinforcement learning are now instrumental in transforming every 

stage of the drug delivery process—from early-stage drug discovery and formulation design 

to clinical trials and real-time patient monitoring. These technologies enable the prediction of 

pharmacokinetic and pharmacodynamic profiles, identification of optimal excipient 

combinations, simulation of drug release behaviors, and development of targeted delivery 

systems such as nanoparticles, transdermal patches, and smart implants. AI also facilitates 

adaptive drug release based on real-time physiological feedback through integration with 

biosensors and digital health platforms, significantly improving treatment outcomes and 

patient adherence. Moreover, by reducing experimental trial-and-error and automating quality 

control, AI helps lower development costs and speeds up the regulatory approval process. 

While challenges such as data quality, model transparency, and regulatory standardization 

remain, ongoing advancements in explainable AI, multi-omics data integration, and smart 

delivery technologies are steadily addressing these limitations. Overall, the convergence of 

AI and drug delivery science holds immense promise to reshape modern therapeutics, 

enabling highly individualized, responsive, and effective treatment strategies that align with 

the goals of precision medicine and next-generation healthcare. 
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