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 Abstract 

The development of nanocarrier-based drug delivery systems has historically 
relied on empirical trial-and-error approaches, resulting in prolonged timelines, 
excessive resource consumption, and frequent clinical translation failures. This 
review examines the transformative integration of artificial intelligence, 
machine learning, and deep learning architectures into precision nanomedicine 
engineering. We systematically analyze computational frameworks spanning 
supervised ensemble methods, graph neural networks, generative models, and 
physics-informed neural networks that decipher complex structure-property-
performance relationships across high-dimensional pharmaceutical datasets. 
AI-driven nano-QSAR platforms incorporating specialized nanodescriptors 
including physicochemical, morphological, surface chemistry, quantum 
mechanical, and biological corona parameters enable accurate prediction of 
critical quality attributes such as encapsulation efficiency, release kinetics, and 
organ-specific biodistribution prior to wet-lab synthesis. The convergence of AI 
with microfluidic manufacturing, high-throughput automation, and self-
driving laboratories facilitates closed-loop optimization of lipid nanoparticles, 
polymeric carriers, and nucleic acid therapeutics, compressing multi-year 
development timelines to months while improving encapsulation efficiency by 
25–40%. Hybrid machine learning-physiologically based pharmacokinetic 
models bridge molecular design to systemic therapeutic outcomes, predicting 
protein corona dynamics, blood-brain barrier translocation, and tissue-specific 
accumulation. We address critical challenges including dataset heterogeneity, 
model interpretability through explainable AI frameworks, and regulatory 
considerations via the "Rule of Five" principles for AI formulation reliability. 
Future perspectives highlight foundation models, domain-specific large 
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language models, and patient-specific digital twins for personalized 
nanomedicine. This comprehensive review establishes AI-driven smart 
nanocarriers as a paradigm-shifting approach for accelerating clinical 
translation and achieving precision drug delivery with enhanced therapeutic 
efficacy and reduced off-target toxicity. 

 
1. Introduction 
1.1 Limitations of Empirical Formulation 
Approaches 
Pharmaceutical drug delivery serves as the critical 
bridge transforming active pharmaceutical 
ingredients (APIs) into clinically viable dosage 
forms, optimizing pharmacokinetics (PK) and 
pharmacodynamics (PD) to achieve therapeutic 
efficacy while minimizing systemic toxicity. 
Historically, the development of nanocarrier-based 
drug delivery systems (NDDS) has relied almost 
exclusively on empirical, trial-and-error 
experimental paradigms (Mahato et al., 2024). 
These legacy approaches require iterative, 
intuition-guided laboratory synthesis, 
characterization, and screening, resulting in an 
inherently resource-intensive, prolonged, and 
costly translational lifecycle (Taylor et al., 2023). 
The primary cause of failure in traditional 
nanomedicine development stems from an 
inability to account for the non-linear, multi-
factorial interactions between chemical excipients, 
nanocarrier structural attributes, manufacturing 
process variables, and biological systems. 
Modifying a single structural feature such as 
nanoparticle diameter frequently induces 
unintended, cascading modifications in surface 
charge density, payload encapsulation efficiency, 
release kinetics, and biological identity in vivo (He 
et al., 2019). Consequently, preclinical 
optimization conducted in simplified in vitro 
environments routinely fails to predict in vivo 
efficacy and human safety profiles, creating a 
severe bottleneck in bench-to-clinic translation 
(Negi et al., 2023). 

1.2 Convergence of High-Dimensional Data, 
Artificial Intelligence, and Nanotechnology 
To overcome the constraints of empirical 
experimentation, the field of drug delivery is 
undergoing a structural paradigm shift driven by 
artificial intelligence (AI), machine learning (ML), 
and deep learning (DL). Powered by the 
convergence of high-throughput experimental 
data, advanced algorithmic architectures, and 
high-performance computing resources, 
computational models can systematically analyze 
high-dimensional chemical and biological data 
spaces (Suksaeree, 2025). Following landmark 
computational milestones such as the rapid 
acceleration of deep learning architectures after 
2012 AI has been increasingly integrated into 
pharmaceutical sciences to map multi-parameter 
relationships that remain invisible to traditional 
statistical tools (Schmidhuber, 2022). 
In nanomedicine, AI algorithms serve as predictive 
engines capable of deciphering complex structure-
property-performance relationships. The 
computational workflow typically originates with 
high-dimensional input features, including 
physicochemical particle properties, excipient 
ratios, and microfluidic processing parameters 
(Zohura et al., 2026). These inputs are processed 
through advanced machine learning pipelines, 
graph neural networks, or physics-informed 
multiscale simulations to yield predictive outputs 
such as drug loading capacity, stimuli-responsive 
release profiles, biomolecular corona composition, 
and organ-specific tissue biodistribution prior to 
physical wet-lab synthesis (Rahdar & Fathi-
Karkan, 2026). 
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Figure 1: End-to-end multi-step workflow for AI-driven target identification, nanocarrier design, in silico 
performance simulation, and experimental feedback. 

 
 
2. Computational Architectures and AI 
Algorithms in Nanomedicine 
2.1 Supervised, Unsupervised, and Ensemble 
Learning Frameworks 
Machine learning algorithms applied to smart 
nanocarriers are broadly categorized by their 
learning paradigms and structural designs. 
Supervised learning algorithms, which map 
labelled input features to defined continuous or 
categorical targets, are widely utilized for 
predicting formulation parameters such as particle 
size, polydispersity index (PDI), surface charge 
(zeta potential), payload drug loading capacity, and 
encapsulation efficiency (EE) (Bae et al., 2025). 
Classical supervised algorithms including Support 
Vector Machines (SVM), Random Forests (RF), 
Naïve Bayes, 𝑘-Nearest Neighbors (𝑘-NN), and 
Gradient Boosting Systems demonstrate 
robustness when trained on structured, tabular 
formulation datasets (Salloum et al., 2024). 
To address the inherent sparsity and noise 
characteristic of pharmaceutical datasets, 
ensemble learning strategies have emerged as the 

standard for tabular data analysis. Ensemble 
methods mitigate individual model bias and 
variance by aggregating predictions across multiple 
sub-models Ezzat et al., 2017). Advanced ensemble 
platforms specifically Extreme Gradient Boosting 
(XGBoost), Light Gradient Boosting Machine 
(LightGBM), and Random Forest consistently 
achieve superior predictive stability (Xie & 
Tummala, 2025). Stacking strategies, which 
employ a meta-learner to combine primary 
algorithmic outputs, and voting-based consensus 
strategies have proven highly effective in resolving 
complex formulation behaviors, such as mitigating 
prediction errors during both early burst and late 
plateau phases of drug release kinetics curves. 
Unsupervised learning algorithms process 
unlabeled data to uncover latent structures, low-
dimensional manifolds, and cluster patterns. 
Algorithms such as principal component analysis 
(PCA), 𝑡-distributed stochastic neighbor 
embedding (𝑡-SNE), and hierarchical 
agglomerative clustering are routinely 
implemented to process high-throughput 
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characterization datasets (Çaglar, 2026). For 
instance, unsupervised frameworks can extract 
contours from Transmission Electron Microscopy 
(TEM) images using geometric descriptors (such as 
Hu moments) to automatically classify 
nanostructured lipid carrier (NLC) morphology 
without human bias (Wen et al., 2021). 
 
2.2 Deep Learning, Graph Neural Networks, and 
Generative Frameworks 
While classical machine learning relies on manual 
feature engineering, Deep Learning (DL) 
architectures automatically extract multi-layered 
abstract representations from high-dimensional, 
unstructured raw data. Deep Neural Networks 
(DNNs), Multi-Layer Perceptrons (MLPs), and 
Convolutional Neural Networks (CNNs) excel in 
modeling highly non-linear nano-bio 
relationships, predicting cellular uptake, 
cytotoxicity, and structural image-based quality 
metrics (Sarker, 2021). 
Graph Neural Networks (GNNs) represent a 
major advancement in the molecular modeling of 
nanocarriers. Unlike traditional QSAR models 
that rely on static, one-dimensional or two-
dimensional molecular fingerprints, GNNs 
process molecular structures natively as 
mathematical graphs, where atoms represent 
nodes and chemical bonds represent edges. This 
architectural paradigm allows GNNs to model 
complex molecular interactions, predict drug-
excipient compatibility, and forecast dynamic drug 
release profiles with predictive accuracies 
exceeding 90% (Sarhan et al., 2026). Generative 
models including Generative Adversarial 
Networks (GANs) and Variational Autoencoders 
(VAEs) are increasingly utilized for de novo 
nanocarrier design. Rather than evaluating 
existing libraries, generative architectures explore 
latent chemical spaces to synthesize novel 
polymeric structures, ionizable lipid chemistries, 
and peptide targeting ligands optimized for 
specific delivery conditions (Bond-Taylor et al., 
2021). 

2.3 Physics-Informed Neural Networks and 
Multiscale Modeling 
Purely data-driven AI frameworks are inherently 
constrained by the scope and quality of their 
training data, frequently producing unphysical 
predictions when extrapolating outside the 
training distribution. To resolve this limitation, 
Physics-Informed Neural Networks (PINNs) 
integrate foundational physical conservation laws 
such as mass transport equations, fluid dynamics, 
thermodynamic principles, and reaction diffusion 
kinetics directly into the loss function of deep 
neural networks (Malerba et al., 2026). 
The total loss function of a PINN (ℒtotal) 
incorporates both standard empirical data loss 
(ℒdata) and physical constraint residual loss 
(ℒphysics): 

ℒtotal = 𝑤dataℒdata +𝑤physicsℒphysics 

ℒdata =
1

𝑁
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑁

𝑖=1

2 

ℒphysics =
1

𝑀
∑|𝒩𝑥[𝑦̂(𝑥𝑗)]|

𝑀

𝑗=1

2 

where 𝒩𝑥 represents the differential operator 
governing physical laws (e.g., Fickian diffusion 
equations or Navier-Stokes equations for 
microfluidic channels), 𝑦𝑖 represents experimental 
observations, 𝑦̂ denotes network outputs, and 
𝑤data, 𝑤physics represent relative loss weights (Pan et 
al., 2026). 
PINNs are integrated alongside multiscale 
computational modeling frameworks. These 
multiscale ecosystems bridge discrete 
spatiotemporal regimes, ranging from quantum 
mechanical Density Functional Theory (DFT) 
calculations (modeling electronic structure and 
drug-carrier binding energy) to Molecular 
Dynamics (MD) simulations (capturing nanoscale 
self-assembly, membrane permeation, and 
endosomal escape), up to Agent-Based Modeling 
(ABM) and Multiscale Machine-Learned Modeling 
Infrastructure (MuMMI) platforms that simulate 
tissue-level cellular uptake and systemic 
physiological transport (Ren et al., 2025). 
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Table 1: Comparison of Machine Learning and Deep Learning Architectures in Nanocarrier 
Engineering 

Computational 
Architecture 

Typical Input 
Data Types 

Primary 
Nanomedicine 
Applications 

Core Advantages Key Limitations 

Classical ML 
Ensembles 
(XGBoost, Random 
Forest, LightGBM) 

Tabular data: 
Excipient ratios, 
solvent 
percentages, 
temperature, 
mixing speeds, 
pH 

Optimizing 
encapsulation 
efficiency, size 
control, 
polydispersity 
index, pKa 
prediction 

Exceptional 
stability on sparse, 
low-sample tabular 
datasets; fast 
training execution 

Inability to process 
uncurated image or 
graph data directly; 
manual feature 
selection required 

Graph Neural 
Networks (GNNs) 

2D/3D 
Molecular graphs: 
Drug structures, 
lipid headgroups, 
block-copolymer 
linkages 

Predicting drug-
excipient 
compatibility, 
dynamic release 
kinetics, payload 
interactions 

Natively preserves 
atomic 
connectivity and 
spatial chemical 
topology without 
loss 

High 
computational 
overhead; sensitive 
to incomplete 
feature annotations 

Deep 
Reinforcement 
Learning (DRL) 

Multi-variable 
state vectors: 
Continuous 
feedback from 
microfluidic 
parameter spaces 

Multi-objective 
formulation 
discovery, 
continuous 
microfluidic 
parameter control 

Dynamically maps 
multi-objective 
trade-offs 
autonomously 
without static rule 
sets 

Highly prone to 
reward-function 
gaming; requires 
high volume of 
training 
interactions 

Physics-Informed 
Neural Networks 
(PINNs) 

Coupled 
continuous 
parameters: Time, 
3D spatial 
coordinates, fluid 
flow rates, 
diffusion 
constants 

Modeling drug 
release diffusion, 
microfluidic fluid 
shear dynamics, 
biological barrier 
transport 

Extrapolates 
physically plausible 
predictions 
outside training 
bounds by obeying 
physical laws 

Mathematically 
complex loss 
landscape 
optimization; high 
computational 
overhead 

 
3. AI-Guided Design and Formulation 
Optimization of Smart Nanocarriers 
3.1 Nano-QSAR Modeling and Feature 
Engineering 
Quantitative Structure-Activity Relationship 
(QSAR) paradigms have evolved into advanced 
nano-QSAR platforms specifically engineered to 
process the physical, chemical, and biological 
complexities of nanomaterials. Traditional 
molecular QSAR models assume uniform, static 
chemical structures and linear structural 
relationships, failing when applied to 
nanoparticles characterized by surface 
heterogeneity, size distributions, dynamic protein 

absorption, and multi-component assembly (Singh 
et al., 2024) 
Nano-QSAR addresses these challenges by 
incorporating specialized nanodescriptor 
categories that bridge molecular properties with 
macroscopic nanocarrier behaviors. 
Physicochemical descriptors capture 
hydrodynamic diameter, polydispersity, and zeta 
potential, while morphological features quantify 
core-shell aspect ratios, particle curvature, and 
shape moments. Surface chemistry descriptors 
evaluate ligand density and the Biological Surface 
Adsorption Index (BSAI), accounting for lone-pair 
electrons, polarizability, and hydrogen-bonding 
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capacities (Fatemi & Jafari, 2026). Quantum 
mechanical metrics derived from Density 
Functional Theory such as electronegativity (𝜒𝑚𝑒) 
and cation formation enthalpy (Δ𝐻𝑚𝑒+) 
characterize electronic structures. Finally, 
biological and corona descriptors incorporate 
proteomic composition metrics and cellular 
uptake rates to model in vivo behavior (Sifonte et 
al., 2021). 
By linking these descriptors to biological 
endpoints through ML frameworks, nano-QSAR 
models predict critical performance and safety 
metrics. Cherkasov and colleagues established 
SVM-based nano-QSAR models for predicting 

nanomaterial cytotoxicity, achieving validated 
cross-validation accuracies (𝑅2 = 0.83) using a 
minimal set of 13 primary descriptors (Abor et al., 
2026). Similarly, SHAP (SHapley Additive 
exPlanations)-enhanced Random Forest models 
trained on datasets such as ENANOMAPPER 
have demonstrated 85% balanced accuracy in 
predicting mutagenicity and genotoxicity 
endpoints. In toxicology assessments, nano-QSAR 
models utilizing parameters like metal 
electronegativity and enthalpy of formation 
accurately predict oxidative stress and membrane 
disruption across diverse inorganic and carbon-
based platforms (Antoniou et al., 2026). 

 
Table 2: Key Nano-QSAR Descriptors and Their Biological Significance in Nanomedicine Modeling 

Descriptor 
Category 

Representative 
Parameters 

Methodological 
Determination 

Biological Efficacy & 
Safety Implications 

Physicochemical Hydrodynamic diameter 
(𝐷ℎ), Polydispersity Index 
(PDI), Zeta potential (𝜁) 

Dynamic Light Scattering 
(DLS), Electrophoretic 
Light Scattering 

Governs clearance rate, 
paracellular extravasation, 
phagocytic engulfment, 
colloidal stability 

Surface 
Chemistry / BSAI 

Biological Surface 
Adsorption Index (lone-
pair, polarizability, H-bond 
donor/acceptor) 

High-Performance Liquid 
Chromatography (HPLC), 
Surface Plasmon 
Resonance 

Dictates biomolecular 
interactions, serum 
protein binding kinetics, 
immune system 
recognition 

Morphological Aspect ratio, core-shell 
thickness, surface 
curvature, Hu shape 
moments 

Electron Microscopy 
(TEM/SEM) automated 
image segmentation via 
ML 

Influences cellular 
internalization pathways, 
vascular margination, 
endosomal escape kinetics 

Quantum 
Mechanical  

Metal electronegativity 
(𝜒𝑚𝑒), cation formation 
enthalpy (Δ𝐻𝑚𝑒+), 
HOMO-LUMO gap 

Density Functional 
Theory (DFT) 
computational 
calculations 

Controls reactive oxygen 
species (ROS) generation, 
ion dissolution rates, 
cellular cytotoxicity 

Biological 
Corona 

Relative abundance of 
dysopsonins vs. opsonins, 
corona thickness, binding 
affinity 

LC-MS/MS proteomic 
profiling paired with deep 
learning predictive models 

Redefines in vivo synthetic 
identity, governing 
targeted organ tropism 
and circulation half-life 

 
3.2 Polymeric Nanoparticles, Nanogels, and Soft-
Matter Dynamics 
Polymeric nanoparticles specifically those based 
on poly(lactic-co-glycolic acid) (PLGA), polylactic 
acid (PLA), polyethylene glycol (PEG), and soft 
polymeric hydrogels/nanogels offer precise 
control over drug release through tunable polymer 

degradation, molecular weight distribution, and 
crosslinking density. AI models accelerate 
polymeric nanocarrier engineering by predicting 
complex drug release kinetics, eliminating the 
need for empirical trial-and-error release assays 
(Musumeci et al., 2026). Supervised DRL 
framework optimization of PLGA formulations 
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identified ideal processing conditions (such as 
2.2% polymer mass fraction, 1.0% surfactant 
concentration, and an 8:2 lipid-to-polymer ratio), 
generating monodisperse particles with targeted 
diameters (~120 nm), low PDI (0.18), and 
maximum encapsulation efficiency. Overall, AI-
driven closed-loop workflows yield a 25% to 40% 
improvement in encapsulation efficiency, a 33% 
to 65% enhancement in targeted specificity, and 
compress multi-year empirical timelines down to 
months (Aher et al., 2026). 
Beyond structural parameters, mechanical softness 
and elasticity are increasingly recognized as 
functional design parameters governing biological 
fate. Machine learning frameworks linking 
polymer crosslinking density with mechanical 
deformation profiles demonstrate that soft 
polymeric nanocarriers exhibit prolonged 
circulation times, reduced splenic filtering, and 
enhanced penetration through dense tumor 
extracellular matrices compared to rigid 
counterparts (Chakrapani et al., 2025). 
Furthermore, integrating AI with bioorthogonal 
reaction modeling enables the rational design of 
smart nanogels capable of site-specific cleavage and 
stimulus-responsive structural transformations 
(Farooq et al., 2025). 
 
3.3 Lipid Nanoparticles (LNPs) and Nucleic Acid 
Delivery 
Lipid Nanoparticles (LNPs) represent the leading 
delivery technology for nucleic acid therapeutics, 
including mRNA vaccines, siRNA, and gene-
editing platforms. Standard LNP architectures 
comprise four functional components: an 
ionizable lipid (enabling nucleic acid 
complexation and endosomal escape), a helper 
phospholipid (maintaining structural integrity), 
cholesterol (modulating membrane fluidity), and a 
PEGylated lipid (preventing aggregation and 
controlling circulation limits). The ionizable lipid 
is the principal determinant of potency, 
endosomal escape efficiency, and tissue tropism 
(Tenchov et al., 2021). 
AI platforms optimize LNP formulations through 
two distinct operational pathways. First, 
transformer-based chemical foundation models 

and domain-specific language models (such as 
LipidBERT) explore theoretical chemical spaces to 
design novel ionizable lipid chemistries. In closed-
loop discovery frameworks like LUMI-lab, AI 
platforms have autonomously synthesized and 
screened over 1,700 unique LNP formulations, 
identifying novel structural motifs such as 
brominated lipid tails that enhance mRNA 
transfection efficiency (Sakkal & Abou Hajal, 
2025). Second, machine learning models evaluate 
ionizable lipid pKa, which serves as the governing 
physical metric for endosomal escape and systemic 
tolerability. XGBoost and deep ensemble 
architectures predict LNP pKa, particle size, PDI, 
and encapsulation efficiency with predictive 
accuracy exceeding 94% based solely on 
constituent lipid structures and microfluidic 
mixing parameters (Kongtaworn et al., 2026). 
 
4. Microfluidics, High-Throughput Automation, 
and Closed-Loop Robotics 
4.1 Microfluidic Process Parameters and Quality 
by Design (QbD) 
The clinical translation of complex 
nanomedicines requires continuous, highly 
reproducible, and scalable manufacturing 
technologies. Microfluidic platforms utilizing 
microscale channel architectures, impinging jet 
mixers (IJMs), or staggered herringbone mixers 
have largely replaced batch nanoprecipitation 
methods. Microfluidics enables precise control 
over ultra-small fluid volumes (10−9 to 10−18 L), 
where surface forces dominate bulk mixing forces, 
yielding uniform mixing dynamics, elevated mass 
transfer, and strict batch-to-batch reproducibility 
(Mehta et al., 2023). 
Integrating AI with Quality by Design (QbD) 
frameworks enables the real-time mapping of 
Critical Process Parameters (CPPs) to Critical 
Quality Attributes (CQAs) of the finished 
nanocarrier product. XGBoost and gradient-
boosted decision trees systematically model key 
process parameters driving nanocarrier attributes. 
The Flow Rate Ratio (FRR) representing the 
volumetric ratio between the aqueous phase 
containing nucleic acids and the organic solvent 
phase containing lipids directs localized solvent 
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supersaturation rates, governing primary particle 
nucleation kinetics and downstream particle 
diameter (Panwar et al., 2026). The Total Flow 
Rate (TFR) regulates fluid velocity and shear stress 
within channels, controlling particle PDI, 
structural stability, and batch uniformity. 

Concurrently, aqueous buffer pH and ionic 
strength dictate the ionization fraction of ionizable 
lipids or polymers during nanoprecipitation, 
governing complexation efficiency with nucleic 
acid cargoes (Abbasi et al., 2026). 

 
Table 3: Microfluidic Process and AI Optimization Parameters for Lipid Nanoparticles (LNPs) 

Process 
Parameter / 
CQA 

Operational Range / 
Target Metric 

AI Optimization 
Mechanism 

Physiological Impact of AI 
Optimization 

Flow Rate 
Ratio (FRR) 

1: 1 to 5: 1 
(Aqueous:Organic) 

Bayesian Optimization 
mapping supersaturation 
nucleation thresholds 

Controls hydrodynamic 
diameter (targeting ~80 nm vs. 
~200 nm profiles) 

Total Flow 
Rate (TFR) 

0.5 mL/min to 
12.0 mL/min 
[cite: 9] 

XGBoost modeling shear 
stress gradients and fluid 
velocity fields 

Minimizes PDI (< 0.1), 
preventing broad size 
distributions and systemic 
aggregation 

Buffer pH & 
Ionic Strength 

pH 3.0--6.0 (Citrate / 
Acetate buffers) 

Active learning mapping 
ionizable lipid protonation 
kinetics 

Maximizes mRNA 
Encapsulation Efficiency (>
90%) while maintaining 
mRNA stability 

Ethanol 
Content Post-
Mixing 

20%--33% initial; <
0.1% post-dialysis 

ML-driven downstream 
ultrafiltration / diafiltration 
process modeling 

Eliminates solvent toxicity; 
prevents payload leakage 
during buffer exchange 

 
4.2 Self-Driving Laboratories and Material 
Acceleration Platforms 
The convergence of AI, microfluidics, and 
automated liquid-handling robotics has enabled 
Self-Driving Laboratories (SDLs) and Materials 
Acceleration Platforms (MAPs) for precision 
nanomedicine. Operating as fully autonomous 
execution loops, platforms such as NanoMAP 
combine automated robotic nanoprecipitation on 
96-well formats with real-time characterization 
devices (Mukhin et al., 2025). The AI decision 
engine selects experimental parameter candidates, 
which are processed via automated microfluidic 
liquid handlers. Integrated analytical tools 
immediately evaluate the physical products, 
returning data to retrain the surrogate models and 
reduce uncertainty across the design space (Chen 
et al., 2026). 
The mathematical engine driving these 
autonomous systems relies on Bayesian 
Optimization paired with Gaussian Process (GP) 

regression surrogate models. The algorithm selects 
subsequent experimental configurations by 
evaluating acquisition functions, such as Expected 
Improvement (EI): 

EI(𝑥) = 𝔼[max(0, 𝑓(𝑥) − 𝑓(𝑥+)))] 
where 𝑓(𝑥) is the objective function value at 
candidate point 𝑥, and 𝑓(𝑥+) is the current 
optimal value (Martinez-Cantin, 2018). By 
balancing exploration (sampling areas of high 
computational uncertainty) with exploitation 
(sampling areas predicted to yield optimal 
performance), active learning frameworks achieve 
targeted performance goals within minimal 
experimental iterations. In high-throughput 
cellular uptake studies, active learning workflows 
demonstrated a jump from an initial 5-fold uptake 
baseline to a 15-fold increase in cellular 
internalization after only two iterative active 
learning cycles (Lookman et al., 2019). 
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4.3 Integrated Analytical Diagnostics 
To enable closed-loop decision loops, self-driving 
platforms integrate continuous, automated 
analytical diagnostics directly downstream of 
nanocarrier synthesis. Automated plate-reader 
Dynamic Light Scattering (DLS) systems acquire 
hydrodynamic diameter and PDI metrics directly 
within 96-well synthesis plates in seconds. 
Automated High-Performance Liquid 
Chromatography (HPLC) extraction channels 
extract formulated nanocarriers, quantifying free 
versus encapsulated drug fractions to compute 
encapsulation efficiency (𝐸𝐸%) and drug loading 
capacity (𝐷𝐿𝐶%) in near-real-time (Choi et al., 
2026): 
𝐸𝐸%

= (
Total Drug Added − Free Unencapsulated Drug

Total Drug Added
)

× 100 
Complementing physical metrics, High-Content 
Imaging (HCI) platforms evaluate cellular uptake 
kinetics, endosomal escape events, and 
cytotoxicity profiles across multiplexed cell line 
arrays. Advanced Raman spectroscopy paired with 
spectral cross-correlation algorithms further 
provides real-time spatial mapping of nanocarrier 
intracellular localization and cargo breakdown 
within living cells (Barral et al., 2022). 
 
5. Predictive Modeling of Nano-Bio Interactions 
and Biological Barriers 
5.1 Protein Corona Dynamics and Biological 
Identity 
Upon introduction into biological fluids (such as 
blood plasma), smart nanocarriers adsorb a 
complex layer of host serum proteins, forming 
what is termed the protein corona. The formation 
of this biomolecular layer alters the nanocarrier's 
physicochemical surface properties, imparting a 
new "biological identity" that differs substantially 
from its initial synthetic identity. The protein 
corona governs downstream biological behaviors, 
including opsonization, immune clearance by 
macrophages, circulation half-life, cellular 
targeting, and biodistribution profiles (Neagu et 
al., 2017). 

AI and machine learning platforms model protein 
corona formation by processing paired proteomic 
LC-MS/MS datasets and surface chemistry 
descriptors. Deep learning models predict the 
relative binding affinities of specific plasma 
proteins (e.g., dysopsonins like Serum Albumin vs. 
opsonins like IgG and Complement factors) to 
candidate nanocarriers. Incorporating predicted 
protein corona composition directly into machine 
learning pipelines improves downstream 
predictions of organ-specific accumulation and 
clearance rates compared to models relying solely 
on synthetic properties (Corbo et al., 2021). 
 
5.2 Crossing Biological Barriers: Blood-Brain 
Barrier Translocation 
Navigating dense biological barriers specifically 
the Blood-Brain Barrier (BBB) presents a major 
hurdle in drug delivery. Nanocarriers cross the 
BBB through four primary routes: paracellular 
transport through tight junctions, passive 
lipophilic diffusion, active receptor-mediated 
transcytosis (RMT) targeting surface receptors, or 
cell-mediated transcytosis ("hitchhiking" on 
circulating monocytes or neutrophils) (Patel & 
Patel, 2017). 
Machine learning models predict BBB 
translocation efficiency by capturing structure-
transport relationships across complex endothelial 
cell barriers. For cell-mediated transcytosis, ML 
sub-models simulate rate constants governing 
nanocarrier loading onto host immune cells, cell 
transmigration kinetics across the vascular 
endothelium, and subsequent intracellular 
payload release within central nervous system 
parenchyma (Hu & Wang, 2026). 
 
5.3 ML-PBPK and PK/PD Integration 
To predict systemic pharmacokinetic and 
pharmacodynamic outcomes, machine learning 
algorithms are integrated into Physiologically 
Based Pharmacokinetic (PBPK) modeling 
frameworks. Standard PBPK models utilize 
systems of coupled ordinary differential equations 
(ODEs) to simulate organ-level blood flow and 
tissue mass balances: 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972 

Volume 3 • Issue 4 • August 2026 

https://ijournalar.com  | Khan et al., 2026 | Page 1059 

𝑉𝑇
𝑑𝐶𝑇
𝑑𝑡

= 𝑄𝑇 (𝐶𝐴 −
𝐶𝑇
𝐾𝑝,𝑇

) − Clearance𝑇(𝐶𝑇) 

where 𝑉𝑇 is tissue volume, 𝐶𝑇 is drug 
concentration in target tissue, 𝑄𝑇 represents tissue 
blood flow rate, 𝐶𝐴 is arterial drug concentration, 
and 𝐾𝑝,𝑇 represents the tissue-to-plasma partition 
coefficient (Malarvannan et al., 2026). 
In ML-PBPK hybrid frameworks, machine 
learning models replace fixed empirical 
parameters by dynamically predicting tissue-

specific partition coefficients (𝐾𝑝,𝑇), vascular 
permeability values, clearance rates, and corona-
dependent macrophage uptake rates based on 
nanocarrier features. These hybrid frameworks 
link structural chemistry to physiological tissue 
distribution, enabling accurate predictions of 
whole-body biodistribution and therapeutic 
indices prior to animal testing (Walter et al., 
2025). 

 
Table 4: Biological Barriers, Computational Frameworks, and Predictive Outcomes 

Target Biological 
Barrier 

Primary Transport 
Mechanism 

Applied AI / 
Computational 
Framework 

Key Predicted Output / 
Performance Outcome 

Systemic Serum 
Corona 

Dynamic protein 
adsorption in plasma 

Deep Neural Networks 
paired with LC-MS/MS 
proteomic profile 
datasets 

Corona proteomic 
composition, dysopsonin 
enrichment, macrophage 
evasion efficiency 

Blood-Brain Barrier 
(BBB) 

Receptor-mediated 
transcytosis (RMT) & 
cell-mediated 
hitchhiking 

ML-PBPK hybrid models 
coupled with nano-
QSAR descriptors 

Brain tissue accumulation 
percentage, vascular 
permeability constants, 
endothelial transport rates 

Tumor 
Microenvironment 
(TME) 

EPR effect, interstitial 
fluid transport, deep 
ECM matrix diffusion 

Agent-Based Modeling 
(ABM) & DRL 
optimization 

Intratumoral penetration 
depth, cell internalization 
efficiency, tumor retention 
kinetics 

Reticuloendothelial 
System (RES) 

Phagocytic clearance 
via hepatic Kupffer 
cells & splenic 
macrophages 

Random Forest & 
XGBoost ensembles on 
bio-surface indices 

Systemic circulation half-life 
(𝑡1/2), liver/spleen 
sequestration ratios, off-
target toxicity 

 
6. Regulatory Considerations, Standardized 
Frameworks, and Clinical Translation 
6.1 The "Rule of Five" (Ro5) Principles for AI 
Formulation Reliability 
The integration of AI into pharmaceutical 
formulation development requires standardized 
guidelines to ensure data integrity, model 
generalizability, and reproducible predictive 
performance. To address this requirement, explicit 
guidelines analogous to medicinal chemistry's 
Lipinski rules have been established: the "Rule of 
Five" (Ro5) for AI-driven formulation 
development (Uddin et al., 2025). 

The first principle requires a dataset volume 
criterion, specifying that training datasets must 
comprise a minimum of 500 fully characterized 
formulation entries to ensure statistical power and 
prevent overfitting. The second principle dictates 
chemical space heterogeneity, requiring coverage 
of at least 10 structurally distinct active drugs 
alongside all primary excipients to avoid restricted 
domain bias (Zhou et al., 2024). The third 
principle mandates appropriate molecular 
representations, ensuring input features 
incorporate verified chemical and topological 
representations (such as SMILES strings, 
molecular graphs, and standardized 
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nanodescriptors) for all constituents. The fourth 
principle requires comprehensive coverage of 
Critical Process Parameters, capturing processing 
variables such as flow rates, mixing speed, 
temperature, and buffer pH alongside 
concentration ratios (Lavecchia, 2025). The fifth 
principle mandates algorithmic suitability and 
interpretability, requiring model selection to be 
paired with cross-validation and Explainable AI 
tools to confirm physical and biological 
plausibility (Shambour et al., 2025). 
 
6.2 Dataset Heterogeneity, FAIR Standards, and 
Model Explainability 
A primary obstacle limiting AI applications in 
nanomedicine is the scarcity, fragmented nature, 
and heterogeneity of published experimental data. 
Literature-derived datasets frequently suffer from 
publication bias (where negative experimental 
results are systematically omitted), non-
standardized units, missing process metadata, and 
inconsistent characterization protocols across 
laboratories (Okafor et al., 2026). 
Overcoming these data quality bottlenecks 
requires the adoption of FAIR (Findable, 

Accessible, Interoperable, and Reusable) data 
principles across the nanomedicine domain. 
Standardized reporting guidelines must specify 
polymer/lipid characterization metrics, detailed 
microfluidic parameters, exact bioassay 
conditions, and complete negative result 
reporting. Implementing these standardized 
pipelines converts raw, noisy literature data into 
harmonized repositories capable of driving 
explainable computational models (Tiwari et al., 
2026). 
Simultaneously, the "black-box" nature of complex 
deep learning architectures poses challenges for 
regulatory acceptance and scientific validation. To 
build trust in model predictions, Explainable AI 
(XAI) frameworks specifically SHAP (SHapley 
Additive exPlanations) and LIME (Local 
Interpretable Model-agnostic Explanations) are 
incorporated into computational pipelines. XAI 
methods quantify the exact mathematical 
contribution of individual input features to a 
given prediction, identifying key nanodescriptors 
driving therapeutic efficacy or nanotoxicity 
(Chaudhary, 2024). 

 
Figure 2: Architectural paradigm of an AI-integrated smart nanomedicine platform spanning 

computational foundations, predictive simulation modules, key translation challenges, and future 
strategic directions. 
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7. Future Directions and Concluding 
Perspectives 
7.1 Foundation AI Models, Large Language 
Models, and Digital Twins 
The next phase of AI-driven precision 
nanomedicine will be defined by the integration of 
foundation AI models, specialized Large Language 
Models (LLMs), and patient-specific digital twin 
architectures. Pretrained multimodal foundation 
models trained on millions of chemical structures, 
polymer sequences, structural images, and 
biological assay readouts will enable zero-shot or 
few-shot predictions for novel nanocarrier 
platforms, reducing reliance on task-specific 
training data (Jin et al., 2026). Simultaneously, 
domain-specific reasoning LLMs will automate 
literature data extraction, synthesize cross-study 
scientific findings, design multi-step experimental 
protocols, and dynamically instruct self-driving 
laboratory robotics (Guo & Yang, 2026). 
At the clinical interface, the convergence of 
multiscale ML-PBPK models, clinical biomarker 
data, genomic profiling, and real-time diagnostic 
inputs will support the generation of patient-
specific digital twins. These digital twin platforms 
will allow clinicians to simulate nanocarrier 
biodistribution, cellular target accumulation, and 
therapeutic responses in silico, enabling 
personalized nanocarrier selection and dosing 
tailored to an individual patient's distinct anatomy 
and disease profile (Hammouti et al., 2026). 
 
Conclusion 
The integration of artificial intelligence into 
nanocarrier engineering represents a fundamental 
paradigm shift from intuition-driven empirical 
experimentation to data-driven rational design. AI 
architectures spanning supervised ensembles, 
graph neural networks, generative models, and 
physics-informed frameworks have demonstrated 
remarkable capacity to map complex, non-linear 
relationships across chemical excipient 
combinations, manufacturing process variables, 
and biological system interactions. These 
computational tools enable predictive 
optimization of critical quality attributes including 
particle size, polydispersity, encapsulation 

efficiency, and stimuli-responsive release kinetics, 
while reducing reliance on costly and time-
consuming wet-lab iterations. The convergence of 
AI with microfluidic manufacturing and self-
driving laboratory platforms has established 
autonomous closed-loop discovery pipelines that 
compress traditional development timelines from 
years to months, achieving 25–40% improvements 
in encapsulation efficiency and 33–65% 
enhancements in targeting specificity. Hybrid ML-
PBPK models now bridge molecular design to 
systemic pharmacokinetic outcomes, while 
explainable AI frameworks such as SHAP and 
LIME address the "black-box" challenge, enabling 
regulatory-acceptable model validation and 
scientific interpretability. Despite significant 
progress, challenges persist regarding dataset 
heterogeneity, FAIR data standardization, and 
model generalizability across diverse nanocarrier 
platforms. The adoption of standardized reporting 
guidelines and the "Rule of Five" principles for AI 
formulation reliability will be essential for 
building robust, reproducible computational 
workflows. Looking forward, foundation AI 
models, domain-specific large language models, 
and patient-specific digital twin architectures 
promise to further accelerate clinical translation 
by enabling zero-shot predictions for novel 
platforms and personalized nanocarrier selection 
tailored to individual patient profiles. Ultimately, 
AI-driven smart nanocarriers offer a 
transformative pathway toward precision drug 
delivery, substantially improving therapeutic 
efficacy while minimizing systemic toxicity and 
advancing the clinical implementation of next-
generation nanomedicines. 
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