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The integration of Artificial Intelligence (AI) with nanotechnology is 

revolutionizing pharmaceutical sciences by providing a robust, data-driven 

framework to navigate the multifaceted design space of nano-drug delivery 

systems. While nanoscale carriers—including liposomes, polymeric 

nanoparticles, and lipid nanoparticles (LNPs)—offer transformative potential in 

enhancing drug solubility and targeted release, their clinical translation is often 

hindered by the resource-intensive, non-linear complexity of traditional empirical 

design methods. This review provides a comprehensive analysis of how AI 

methodologies, such as Deep Learning (DL), Graph Neural Networks (GNNs), 

and Bayesian Optimization (BO), are shifting the paradigm toward rational, in-

silico design. We examine critical applications where AI models predict 

physicochemical attributes like particle size, encapsulation efficiency, and release 

kinetics with high precision, significantly reducing experimental trial-and-error. 

Through landmark case studies, such as the optimization of mRNA-LNP vaccines 

and targeted anticancer formulations, we illustrate how AI-enabled workflows 

enhance therapeutic efficacy while reducing development timelines and costs. 

Furthermore, the review addresses the convergence of AI with microfluidics and 

robotics to create "self-driving" laboratories for automated synthesis. Finally, we 

discuss the prevailing challenges regarding data interoperability, model 

interpretability (XAI), and evolving regulatory frameworks required for Good 

Manufacturing Practice (GMP) compliance. By bridging the gap between 

computational intelligence and molecular engineering, AI-integrated nano-drug 

delivery stands as a cornerstone for the next generation of precision medicine. 
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Introduction 

Nanotechnology has fundamentally 

reshaped pharmaceutical sciences by 

introducing nanoscale drug carriers that 

overcome many limitations of conventional 

drug delivery. Liposomes, polymeric 

nanoparticles, solid lipid nanoparticles, 

dendrimers, carbon nanotubes, and 

inorganic carriers like gold or silica 

nanoparticles enhance drug solubility, 

protect labile molecules from degradation, 

prolong systemic circulation, and enable 

targeted or stimuli-responsive release. 

These features are especially critical for 

challenging therapeutics such as anticancer 

agents, nucleic acids, and poorly water-

soluble drugs [1].   

However, the translation of 

nanoformulations from laboratory to clinic 

remains slow and resource-intensive. The 

formulation design space is vast and highly 

interconnected. Critical quality attributes 

such as particle size, polydispersity index, 

zeta potential, surface functionalization, 

drug loading, encapsulation efficiency, 

release kinetics, stability, and 

biocompatibility interact in complex, often 

nonlinear ways. A small change in lipid 

composition can alter size, which then 

affects biodistribution, cellular uptake, and 

toxicity [2]. Traditional formulation relies 

on empirical Design-of-Experiments and 

one-factor-at-a-time studies, requiring 

hundreds of batches to map this space. This 

approach is time-consuming, costly, and 

may miss optimal regions.   

Artificial intelligence now offers a data-

driven alternative to navigate this 

complexity. Machine learning and deep 

learning models can learn hidden 

relationships between formulation 

variables and performance outcomes from 

existing datasets. Once trained, they predict 

size, EE, release profiles, and even in vivo 

behavior for new compositions in seconds, 

guiding wet-lab work toward high-

probability candidates. AI also enables 

closed-loop optimization when paired with 

robotics and microfluidics: the algorithm 

suggests the next experiment, the system 

runs it, and the result feeds back to improve 

the model [3].   

The convergence of nanotechnology and AI 

is timely. High-throughput synthesis, 

automated characterization, and omics data 

have created large, multidimensional 

datasets suitable for ML. Regulatory bodies 

are also building frameworks for AI/ML in 

drug development. Thus, AI-integrated 

nano-drug delivery is moving from proof-

of-concept to a practical tool for rational 

design, reducing development timelines, 

costs, and failure rates while improving 

therapeutic precision [4]. 

This review maps the current landscape of 

AI strategies applied to nanoformulation 

design, highlights landmark case studies, 

discusses workflow advantages, and 
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addresses key challenges in data, 

interpretability, and regulation. 

AI techniques and their applications in 

formulation and development: 

1. Deep Learning (DL): A subset of 

machine learning that uses neural networks 

with multiple layers to learn complex 

patterns in data. In formulation 

development, DL can be used for: 

- Predicting physicochemical properties 

(e.g., solubility, stability) of 

formulations. 

- Identifying optimal formulation 

compositions. 

- Modeling complex relationships 

between formulation variables and 

performance. 

Example: Predicting the release profile of a 

sustained-release formulation using a 

recurrent neural network (RNN) or long 

short-term memory (LSTM) network [5]. 

2. Graph Neural Networks (GNNs): A 

type of DL that deals with graph-structured 

data, where nodes and edges represent 

molecules or interactions [6]. In 

formulation development, GNNs can be 

used for: 

- Predicting molecular properties and 

interactions. 

- Identifying potential formulation 

excipients and their compatibility. 

- Modeling complex systems, such as 

nanoparticle-drug interactions. 

Example: Predicting the binding affinity of 

a small molecule to a protein target using 

GNNs. 

3. Bayesian Optimization (BO): A 

probabilistic approach to optimization that 

uses Bayesian inference to search for the 

optimal solution. In formulation 

development, BO can be used for: 

- Optimizing formulation compositions 

and process conditions. 

- Identifying the most important 

formulation variables affecting 

performance. 

- Reducing the number of experiments 

required for optimization. 

Example: Optimizing the formulation of 

nanoparticles for targeted drug delivery 

using BO [7]. 

4. Reinforcement Learning (RL): A type 

of machine learning that involves an agent 

learning to take actions in an environment 

to maximize a reward. In formulation 

development, RL can be used for: 

- Optimizing formulation development 

processes, such as synthesis or 

manufacturing. 

- Identifying optimal control strategies 

for formulation processes. 

- Developing adaptive control systems 

for formulation processes. 

Example: Developing an RL-based control 

system for a spray drying process to 

optimize particle size and yield [8]. 



Research Journal of Pharmacy and Life Sciences: Volume 7, Issue 1; January – April, 2026: Page 10 – 20 

13 

 

5. Generative Adversarial Networks 

(GANs): A type of DL that consists of two 

neural networks that generate and evaluate 

synthetic data. In formulation development, 

GANs can be used for: 

- Generating new molecular structures or 

formulations with desired properties. 

- Predicting the properties of 

hypothetical formulations. 

- Identifying potential formulation 

candidates [9]. 

Example: Generating new polymer 

structures for drug delivery using GANs. 

6. Transfer Learning/Few-Shot 

Learning: A technique that allows models 

to leverage pre-trained knowledge and 

adapt to new tasks with limited data. In 

formulation development, transfer learning 

can be used for: 

- Applying knowledge from one 

formulation system to another. 

- Reducing the amount of data required 

for model development. 

- Identifying common patterns and 

relationships across different 

formulation systems. 

Example: Using a pre-trained model on a 

large dataset of small molecules to predict 

the properties of a new molecule with 

limited data [10]. 

These AI techniques have the potential to 

revolutionize the field of formulation 

development by enabling faster, more 

efficient, and more accurate development 

of complex formulations. 

Table 1: Key AI Strategies in Nano‑Formulation Design [12-14] 

AI Technique Application in Nano‑Delivery Representative Example 

Deep Learning 

(CNNs, GNNs) 

Predict particle size, 

polydispersity index (PDI), drug 

release profiles, and encapsulation 

efficiency. 

Liposomal doxorubicin formulation 

optimized for size ≈ 100 nm, 

EE > 90 % using CNNs.¹⁴ 

Graph Neural 

Networks (GNNs) 

Model drug‑excipient 

compatibility and stability; predict 

ligand‑target binding on 

nanoparticle surface. 

siRNA‑liposome design for enhanced 

transfection efficiency.³ 

Bayesian 

Optimization (BO) 

Efficient Design‑of‑Experiments 

(DoE), adaptive excipient ratio 

tuning. 

Lipid‑nanoparticle (LNP) formulation 

for mRNA vaccine reduced 

experimental runs by ~60 %.²³ 

Reinforcement 

Learning (RL) 

Closed‑loop formulation 

workflow; real‑time adjustment of 

synthesis parameters. 

Self‑driving lab for microfluidic LNP 

production.²⁵ 

Generative 

Adversarial 

Networks (GANs) 

Generate novel polymer or lipid 

structures meeting target PK/PD 

criteria. 

Virtual lipid library screened for 

ionizable lipids in mRNA LNPs 

(LiON framework).³ 

Transfer Learning / 

Few‑Shot Learning 

Leverage data from one 

nanocarrier class to another. 

Cross‑domain prediction of drug 

loading in polymeric nanoparticles.¹ 
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Figure 1: AI techniques in Nano Drug Delivery Formulations 

Formulation Case Studies 

1. Liposomal Doxorubicin (Cancer) 

- AI Model: Support Vector Machine 

(SVM) + Random Forest (RF) 

predicting encapsulation efficiency 

(EE) and size. 

- Outcome: Achieved EE ≈ 92 % and 

size ≈ 110 nm, matching experimental 
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validation; reduced trial batches by 

70 %.[15] 

2. mRNA‑LNP Vaccines (COVID‑19, 

Moderna) 

- Framework: LiON (Lipid Optimisation 

using Neural Networks) – Directed 

Message‑Passing Neural Network 

(D‑MPNN). 

- Impact: Identified optimal ionizable 

lipid structures, improving mRNA 

delivery efficiency and stability, critical 

for rapid vaccine rollout [16]. 

3. siRNA‑LNP for Hepatic Gene 

Silencing 

- AI Approach: Graph‑Convolutional 

Network predicting lipid‑siRNA 

interaction and serum stability. 

- Result: 85 % reduction in liver enzyme 

leakage, 2‑fold increase in transfection 

in vivo [17]. 

4. Gold Nanoparticle (AuNP)‑Drug 

Conjugates 

- Method: Molecular Dynamics (MD) + 

ML hybrid model predicting protein 

corona formation and uptake. 

- Insight: Surface PEGylation length 

tuned to 5 kDa for minimal immune 

clearance [18]. 

5. Paclitaxel (Albumin NPs) 

- AI Model used: Artificial Neural 

Networks (ANN) 

- Impact/Outcome: Optimized solvent-

to-antisolvent ratios to achieve a narrow 

PDI (<0.1) and enhanced stability over 

6 months. 

6. Curcumin via Niosomes 

- AI Approach: Genetic Algorithms (GA) 

and ANN. 

- Result: This combination optimized the 

surfactant-to-cholesterol ratios to 

maximize skin permeation for 

transdermal delivery, resulting in a 

three-fold increase in flux compared to 

traditional Design of Experiments 

(DoE) methods [19]. 

7. Cisplatin (Mesoporous Silica) 

- AI Model used: Random Forest (RF) 

models. 

- Impact/Outcome: These models 

accurately predicted pore-loading 

capacity and the efficiency of pore-

gatekeepers, which effectively reduced 

premature drug "leaking" by 40% under 

gastric pH conditions [20]. 

8. Exosome-based Delivery 

- AI Approach: Deep Autoencoders have 

been used to identify specific surface 

proteins required for "homing" to 

glioblastoma cells. 

- Outcome: This AI-driven targeting 

strategy led to a remarkable 2.5-fold 

increase in Blood-Brain Barrier (BBB) 

penetration, showcasing the power of 

deep learning in overcoming 

physiological barriers [21]. 
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AI‑Enabled Workflow Advantages 

- Speed: From weeks of DoE to hours of 

in‑silico screening [22]. 

- Cost Efficiency: 30‑60 % reduction in 

reagent use and failed batches [23]. 

- Precision: Predicts biodistribution, 

clearance, and toxicity early [24. 

- Scalability: Integration with 

microfluidics and robotics (self‑driving 

labs) [25]. 

Challenges & Regulatory Landscape 

- Data Quality & Interoperability: Need 

standardized nano‑informatics 

repositories [26]. 

- Interpretability (XAI): Regulators 

demand transparent models for GMP 

compliance [27]. 

- Ethical & Safety Concerns: Off‑target 

effects of AI‑designed nanocarriers 

must be validated pre‑clinically [28]. 

- Regulatory Guidance: FDA’s draft 

outlines validation, documentation, and 

real‑time release testing expectations 

for AI/ML in drug development [29]. 

Future Directions 

- Hybrid Physics‑AI Models: Coupling 

MD simulations with DL to capture 

atomic‑level interactions (e.g., 

LNP‑membrane fusion) [30]. 

- Federated Learning (FL): Addressing 

the data scarcity/privacy issue. FL 

allows multiple pharmaceutical 

companies to train a shared AI model 

without sharing their proprietary raw 

data [31]. 

- Digital Twins in Nano- 

manufacturing: Creating a virtual 

replica of the microfluidic production 

line. AI can simulate "what-if" 

scenarios for scaling up from 10mL to 

100L batches without wasting 

expensive lipids [32]. 

- AI in Regulatory Science: Using AI to 

automate the "Chemistry, 

Manufacturing, and Controls" (CMC) 

section of IND/NDA filings, ensuring 

real-time compliance with evolving 

FDA guidelines [33]. 

- Sustainability & Green Nano-AI: 

Utilizing AI to select bio-based, 

biodegradable excipients and optimize 

synthesis routes to minimize solvent 

waste and carbon footprint (Green 

Pharmacy) [34]. 
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