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Abstract

The integration of artificial intelligence (AI) and machine learning (ML) is fundamen-
tally transforming pharmaceutical sciences, shifting drug formulation and nanocarrier
design from traditional empirical approaches toward predictive, data-driven methodolo-
gies. By enabling the analysis of large, complex datasets, Al technologies are accelerating
decision-making, improving formulation efficiency, and supporting the development of
more effective therapeutic systems. Despite these advances, the successful clinical trans-
lation of advanced nanomedicines, including polymeric nanoparticles and mRNA-lipid
nanoparticle platforms, remains limited by challenges such as biological barriers, highly
sensitive formulation parameters, scalability issues, and the limited interpretability of many
computational models. This review provides a comprehensive overview of Al applications
throughout the pharmaceutical development lifecycle. It explores how classical machine
learning algorithms and deep learning architectures optimize conventional dosage forms,
enhance formulation development, and enable the rational design of targeted nanocarri-
ers. Particular emphasis is placed on predicting critical quality attributes, encapsulation
efficiency, physicochemical properties, drug-release behavior, therapeutic efficacy, and
early-stage nanotoxicity. Furthermore, we critically assess the regulatory considerations,
manufacturing constraints, data quality issues, and tumor microenvironment heterogeneity
that continue to impede bench-to-clinic translation. Ultimately, overcoming these chal-
lenges requires moving beyond isolated algorithmic optimization toward an integrated
framework that combines computational intelligence, robust experimental validation, and
continuous clinical feedback. Such a synergistic approach is expected to drive the next
generation of precision nanomedicine and facilitate the safe and effective translation of
Al-enabled pharmaceutical innovations into clinical practice.

Keywords: artificial intelligence; machine learning; nanomedicine; nanocarriers; drug
delivery; clinical translation

1. Introduction

The integration of artificial intelligence (Al) into pharmaceutical sciences has gradually
reshaped how researchers approach drug discovery, formulation, and delivery. For decades,
pharmaceutical development has relied on largely experimental and iterative methods that
are often time-consuming, costly, and limited by an incomplete understanding of complex
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biological systems. Although advances in screening technologies and computational
chemistry have improved efficiency, the process of translating promising drug candidates
into clinically effective therapies remains slow and uncertain, with high failure rates
continuing to be a major challenge in the field, as illustrated in Figure 1 [1,2]. Importantly,
despite decades of methodological refinement, these translational inefficiencies persist,
suggesting that the bottleneck is not purely technological but also rooted in biological
complexity and the limited predictive power of existing experimental frameworks.
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Figure 1. Comparison of traditional and Al-driven approaches in pharmaceutical research. Traditional
methods rely on extensive, time-consuming, and costly wet-lab experimentation and trial-and-error
processes. In contrast, Al-driven workflows utilize data integration and computational modeling
to rapidly predict and prioritize the most promising drug candidates, thereby minimizing physical
experiments, reducing costs, and accelerating the delivery of highly accurate insights.

In this context, machine learning (ML) has become an increasingly important tool in
pharmaceutical research. Rather than replacing traditional methods, ML complements
them by enabling the analysis of large, complex datasets that would otherwise be difficult
to interpret. In particular, ML-based approaches have been widely used to predict key
absorption, distribution, metabolism, excretion, and toxicity (ADMET) properties. These
predictions play an important role in early-stage drug development, where identifying
safety and pharmacokinetic limitations early can significantly reduce downstream fail-
ures [1-3]. However, the performance of such models remains highly dependent on dataset
quality and chemical space coverage, and their predictive reliability often decreases when
applied to structurally novel compounds outside the training distribution. As a result,
computational models are now more frequently incorporated into decision-making during
lead identification and optimization, helping to prioritize compounds with more favor-
able profiles, although their outputs are typically interpreted as supportive rather than
definitive evidence.

Beyond small-molecule drug discovery, pharmaceutical research has increasingly
expanded into more complex systems, particularly nanoscale drug delivery platforms.
Lipid nanoparticles, polymeric systems, nanoemulsions, and related carriers have been
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developed to improve solubility, stability, and targeted delivery of therapeutic agents.
More recently, these systems have become central to the development of nucleic acid-based
therapies, including mRNA-based drugs and vaccines, where delivery efficiency is critical
to clinical success. However, despite strong preclinical performance, translating nanocarrier
systems into consistent clinical outcomes remains limited, largely due to biological barriers
such as immune clearance, interpatient variability, and the unpredictability of in vivo
behavior. In addition, designing such systems involves many interdependent variables,
making optimization through conventional experimental approaches both challenging and
resource-intensive [4-6].

Given this complexity, interest in applying data-driven methods to formulation science
has grown. Machine learning approaches can assist in understanding how formulation
parameters affect performance outcomes such as particle size, encapsulation efficiency, and
drug-release behavior. Rather than relying solely on trial-and-error experimentation, re-
searchers can now use predictive models to guide formulation design and identify the most
promising experimental conditions. This shift does not eliminate the need for laboratory
work, but it introduces a data-dependent layer of decision-making that is still constrained
by the representativeness and completeness of available datasets. These developments form
the basis of Section 2, which discusses traditional formulation approaches and ADMET
prediction, and Section 3, which focuses on advanced drug delivery systems and nucleic
acid-based formulations.

At a more advanced level, artificial intelligence is also being explored as a tool for the
rational design of nanocarriers. In this context, Al is used not only for prediction but also
for optimization. By integrating diverse datasets, including physicochemical properties,
biological interactions, and experimental outcomes, machine learning models can help
identify design patterns that are not easily observable through conventional analysis. This
includes optimizing nanocarrier size, surface characteristics, and drug-loading capacity,
as well as improving stability and in vivo performance. However, these optimization
frameworks often prioritize statistical performance over mechanistic interpretability, raising
important questions about their robustness when applied to biologically heterogeneous
systems. In some cases, multi-objective optimization approaches are used to balance
competing formulation requirements, a task that is often difficult to achieve with traditional
methods alone [6-8]. Section 4 of this review explores these developments in more detail,
focusing on how Al is being used to support the design of smarter and more efficient
nanocarrier systems.

Despite these promising advances, several challenges continue to limit the clinical
translation of Al-driven nanomedicine. A primary limitation is the quality and consistency
of available data. Many datasets used to train predictive models are incomplete, hetero-
geneous, or derived from different experimental conditions, which can undermine the
reliability of model outputs. In addition, many advanced machine learning models are
complex systems that are difficult to interpret, raising concerns about transparency and
trust, especially in regulated healthcare environments. This issue is often referred to as the
“black-box” problem, and it remains a key barrier to clinical adoption [8-10]. Efforts to
improve explainability, standardize datasets, and establish robust validation frameworks
are therefore becoming increasingly important, although progress in these areas remains
uneven across different subfields of pharmaceutical Al.

Another important challenge is the gap between computational predictions and real-
world biological systems. While models can provide useful guidance, biological complexity
often introduces variability that is difficult to fully capture in silico. As a result, experi-
mental validation remains essential, and successful translation requires close integration
between computational modeling and laboratory research. Regulatory considerations
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further complicate this landscape, as approval pathways for Al-assisted systems are still
evolving and lack full standardization in many regions, leading to uncertainty about how
such tools should be evaluated within existing drug approval frameworks.

In response to these challenges, this review aims to provide a structured overview
of how artificial intelligence is being integrated across different stages of pharmaceutical
development, as illustrated in Figure 2. It covers traditional formulation modeling and
ADMET prediction, advanced nanoscale drug delivery systems, and the emerging role
of Al in designing and optimizing smart nanocarriers. It also discusses key barriers to
clinical translation and highlights future directions, including the potential role of digital
modeling approaches in personalized nanomedicine. Section 5 focuses specifically on
these translational and regulatory aspects, along with broader perspectives on the future of
digital nanomedicine.
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Figure 2. Overview of the Al-driven pharmaceutical development workflow. The process begins with
the integration of complex datasets, including multi-omics databases, DNA /RNA sequences, and
high-throughput assay data. These inputs are processed using advanced neural network-based Al
models for biomarker and target identification, which ultimately guide the development of precision
treatments such as targeted lipid nanoparticles (LNPs) and personalized patient care strategies.

Overall, this work aims to highlight how Al is gradually becoming a practical tool in
pharmaceutical sciences rather than a purely theoretical concept. While significant chal-
lenges remain, the integration of computational methods with experimental pharmaceutics
is beginning to reshape how drug delivery systems are designed and evaluated. This
evolving interface between data science and pharmaceutical research is likely to play an
important role in developing more efficient and clinically relevant nanomedicine strate-
gies in the coming years. Finally, Al does not eliminate uncertainty in nanomedicine; it
redistributes it from the experimental space to the computational and translational layers.

This review was conducted through a comprehensive literature search of PubMed,
Scopus, Web of Science, and Google Scholar databases. Relevant studies published between
2018 and 2025 were identified using combinations of keywords including “artificial intelli-
gence”, “machine learning”, “drug formulation”, “ADMET prediction”, “nanomedicine”,
“nanocarriers”, “lipid nanoparticles”, “mRNA delivery”, and “clinical translation”. Origi-
nal research articles, reviews, and regulatory reports written in English were considered.
Studies were selected based on their relevance to Al-driven pharmaceutical formulation,
nanocarrier optimization, toxicity prediction, and clinical translation. Additional references
were identified through manual screening of reference lists from key publications.
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2. Machine Learning Algorithms in Traditional Pharmaceutical
Formulation and ADMET Property Prediction

The conventional development of pharmaceutical formulations has long relied on
empirical, trial-and-error approaches that are both time-consuming and resource-intensive,
particularly when dealing with structurally complex drug candidates [11]. In recent years,
machine learning (ML) has emerged as a practical alternative for extracting predictive
relationships from existing experimental datasets. However, the field continues to face
important limitations, including variable data quality, limited interpretability of model
outputs, and challenges in transferring predictions across chemically diverse domains [11].
Importantly, these limitations are not merely technical constraints but represent fundamen-
tal bottlenecks that directly affect the reliability and real-world applicability of ML models
in pharmaceutics. Although many models demonstrate high predictive performance under
controlled experimental conditions, this success often fails to translate to practical formula-
tion development. One major reason is historical dataset bias, as the published literature
and publicly available databases are heavily enriched with successful (“positive”) outcomes
while failed formulations or inactive compounds (“negative” data) remain underreported.
Because negative examples are essential for defining robust decision boundaries, this im-
balance limits model generalizability. In addition, the lack of standardized data generation
protocols across laboratories introduces substantial experimental heterogeneity. Differences
in raw material sourcing, equipment calibration, and environmental conditions generate
batch-to-batch variability that becomes embedded within aggregated datasets. Conse-
quently, ML models trained on such heterogeneous and biased data may inadvertently
learn experimental artifacts rather than true formulation—property relationships, thereby
reducing their predictive reliability when applied to novel pharmaceutical systems [12].

Among the earliest and most widely adopted approaches, artificial neural networks
(ANNSs) have played a central role in modeling non-linear relationships between for-
mulation variables and product performance. By approximating complex input-output
mappings, these models can significantly reduce the need for extensive experimental
screening, effectively replacing large numbers of laboratory iterations with computational
predictions [13]. However, despite their apparent efficiency, artificial neural networks often
function as data-interpolation tools rather than true mechanistic models. This distinction
is critical because it limits their ability to extrapolate beyond the chemical space repre-
sented in the training data, raising concerns about their reliability when applied to novel
drug candidates.

In solid dosage form development, predictive modeling must account for multiple
interacting variables, including critical material attributes and associated pharmacokinetic
behavior [14]. This requires careful dataset preparation, where issues such as class imbal-
ance and high dimensionality are commonly addressed through preprocessing strategies
including oversampling and feature reduction techniques [14]. In this context, classical ML
approaches, such as Support Vector Machines (SVM) and multivariate statistical models,
have demonstrated clear value in improving formulation efficiency and robustness [15].
More advanced ensemble learning methods, including Random Forests and Voting Regres-
sors, have also been applied to predict key in vitro quality attributes, such as disintegration
time, friability, and water uptake, thereby reducing experimental workload and material
waste [16]. Similarly, gradient-based tree models, such as Gradient Boosting and Extra
Trees, have shown strong performance in predicting solubility in complex solvent systems
where traditional thermodynamic approaches are often insufficient [17]. Nevertheless, the
apparent improvements in predictive accuracy reported for ensemble methods may be
partially influenced by dataset-specific optimization rather than true generalizable learning.
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As a result, performance metrics often vary significantly across independent validation
studies, highlighting the need for more rigorous external validation frameworks.

Beyond formulation science, ML has become increasingly important in early-stage
drug discovery, particularly for predicting ADMET properties. These models integrate
diverse data types, including molecular fingerprints, SMILES representations, protein
sequences, and graph-based biological descriptors [18]. This multimodal integration en-
ables a more holistic representation of drug-target interactions and supports more reliable
prediction of pharmacokinetic and toxicity profiles. Recent advances in deep learning have
further expanded these capabilities, particularly through models that infer the structural
and functional properties of proteins from sequence data [19]. These structural insights have
enabled more realistic virtual screening workflows, in which protein-ligand complexes are
encoded as high-dimensional representations suitable for convolutional neural network
analysis [20]. In parallel, generative models combined with reinforcement learning have
driven a shift toward de novo drug design, enabling exploration of large chemical spaces
and the identification of novel compounds with desirable biological activity and synthetic
feasibility [21]. A notable example of this paradigm is the discovery of halicin, a struc-
turally novel antibacterial compound identified through deep learning-based screening of
large chemical libraries [22]. This demonstrates the ability of ML systems to move beyond
human-designed chemical intuition and uncover unexpected therapeutic candidates.

To illustrate the practical utility of these computational models, several recent studies
have successfully integrated Al predictions with rigorous experimental validation. In the
context of formulation optimization, for instance, machine learning algorithms such as
Random Forests and Artificial Neural Networks have been explicitly deployed to optimize
the composition of amorphous solid dispersions (ASDs). By predicting the physical stabil-
ity and dissolution rates of various drug—polymer combinations, researchers were able to
synthesize the top-ranked Al-designed formulations, which subsequently demonstrated
in vitro dissolution profiles that closely matched the in silico predictions [23]. Similarly, in
ADMET profiling, hybrid deep learning models have been utilized to predict the hepatotox-
icity and metabolic clearance of novel small-molecule candidates. In a notable case study,
an Al-driven platform screened a library of compounds for metabolic stability; the top-tier
candidates were synthesized and evaluated using human liver microsome (HLM) assays,
revealing a high concordance between predicted systemic clearance rates and experimental
in vitro data [24]. These case studies underscore that while Al significantly narrows the
experimental search space, empirical validation remains indispensable for confirming both
formulation robustness and safety profiles.

A comparative overview of classical machine learning and deep learning architectures,
alongside their specific pharmaceutical applications, is summarized in Table 1.

Interestingly, the applicability of these algorithms extends beyond pharmaceutical
systems. Tree-based models such as Random Forests have also been successfully applied
in unrelated engineering contexts, including the prediction of mechanical properties of
granular materials [25]. This cross-domain success highlights the general strength of these
methods for handling complex, non-linear relationships, which are also characteristic of
pharmaceutical powder behavior and formulation processes. Despite these advances, the
long-term reliability of ML models in pharmaceutics strongly depends on maintaining
model validity over time through active lifecycle management. As chemical spaces con-
tinuously evolve and novel therapeutic targets emerge, static models inherently suffer
from performance degradation, a phenomenon known as “concept drift”. Studies evalu-
ating production-scale ADMET models have shown that while some predictions remain
stable, error rates for structurally novel compounds increase over time, emphasizing the
critical need for continuous model retraining pipelines that systematically incorporate
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newly generated experimental data [26]. Furthermore, internal cross-validation alone is
insufficient to guarantee real-world robustness. To ensure that algorithms do not merely
memorize dataset-specific artifacts (overfitting), rigorous external validation is mandatory.
This involves testing the updated models against completely independent, temporally
separated, or multi-institutional datasets, thereby confirming their true generalizability
before deployment in early-stage drug discovery [27].

Table 1. Comparative Overview of Classical Machine Learning and Deep Learning Architectures and
Their Pharmaceutical Applications.

. e . Pharmaceutical
Algorithm Category Specific Algorithms Key Inputs Key Outputs Applications
. . Random Forest (RF), Proces§ paramgters, Disintegration time, Solid dosage formulation,
Classical Machine . physicochemical 1 . early-stage PK/PD
- eXtreme Gradient . solubility, systemic -~ .
Learning . descriptors, SMILES prediction, material
Boosting (XGBoost) . clearance, AUC . .
strings behavior modeling
Support Vector . s .
Classical Machine Machines (SVM), For.rr} ulation . St.abl'h.ty, tablet Qual.lty. COl:ltI'Ol, scale' up
. . composition, material friability, water optimization, material
Learning Multivariate Data . . . .
. attributes absorption ratios waste reduction
Analysis
' Artificial Neural Nor} linear process Optlmlzed excipient High th1“0ughput ylrtual
Deep Learning variables, complex ratios, ADMET screening, non-linear
Networks (ANNSs) . . . . s
biological assay data properties formulation optimization
Molecular graphs Target affinity, De novo drug design,
. Graph Neural . Lo
Deep Learning (interconnected nodes bioactivity, complex advanced molecular
Networks (GNNs) . L
and edges) representations property prediction

Deep Learning

Convolutional Neural
Networks (CNNSs)

3D protein structures,
interaction fingerprints

Binding poses, virtual
screening prioritization

Target-ligand interaction
modeling, structural
bioinformatics

While machine learning methods such as XGBoost and GLMnet have demonstrated
strong performance in predicting key pharmacokinetic parameters like systemic clearance
and area under the curve (AUC), these purely data-driven models often lack the mecha-
nistic interpretability provided by traditional pharmacometric approaches. To bridge this
gap, there is a growing shift toward hybrid modeling frameworks that integrate machine
learning with Physiologically Based Pharmacokinetic (PBPK) models. Traditional PBPK
models are highly mechanistic, relying on known anatomical and physiological parame-
ters to simulate drug disposition across distinct body compartments; however, they often
struggle when faced with incomplete specific physicochemical data or complex metabolic
pathways. By synergizing ML with PBPK modeling, Al can accurately predict unknown
drug-specific input parameters (such as partition coefficients or intrinsic clearance) from
molecular structures, which are subsequently fed into the PBPK framework. This hybrid
AI/ML-PBPK approach not only preserves the mechanistic transparency required by regu-
latory agencies but also significantly enhances predictive accuracy across diverse patient
populations, ultimately accelerating precision dosing and early-stage lead optimization.

To improve data reliability and workflow reproducibility, automated platforms such
as KNIME are widely used for data mining, feature selection, and consensus modeling [28].
These tools help reduce noise in experimental datasets and improve the robustness of
downstream predictions. In pharmacokinetic modeling, ML methods such as XGBoost
and GLMnet have demonstrated strong performance in predicting key parameters, in-
cluding drug clearance and area under the curve (AUC) [29]. However, despite their
predictive accuracy, these methods often lack the mechanistic interpretability of traditional
pharmacometric approaches, such as non-linear mixed-effects (NLME) modeling. As a

https://doi.org/10.3390 / pharmaceutics18070845


https://doi.org/10.3390/pharmaceutics18070845

Pharmaceutics 2026, 18, 845

8 of 18

result, hybrid frameworks that combine ML-based prediction with mechanistic PK/PD
modeling are increasingly being explored to balance accuracy with biological interpretabil-
ity [30]. Compelling case studies demonstrating this synergy have been recently detailed,
showcasing the direct integration of machine learning within physiologically based pharma-
cokinetic (PBPK) frameworks. For instance, researchers have successfully utilized machine
learning algorithms to accurately predict complex chemical-specific parameters—such as
tissue-to-plasma partition coefficients and intrinsic clearance—based directly on molecular
descriptors. Rather than functioning as standalone predictive tools, these ML-derived
parameters were systematically embedded into mechanistic PBPK models to accurately
simulate in vivo concentration-time profiles and human exposure levels. This hybrid
ML-PBPK modeling approach significantly outperforms traditional empirical allometric
scaling methods, effectively bridging the gap between data-driven predictive accuracy and
biological interpretability for reliable translational dosing [31].

A major challenge across all ML applications in pharmaceutics remains the lack of
standardized evaluation frameworks and consistent validation practices. Benchmarking
platforms such as MoleculeNet have therefore become essential, providing standardized
datasets (e.g., Tox21 and ClinTox) and evaluation protocols, such as scaffold splitting,
to assess generalization to novel chemical structures [32]. When artificial intelligence
models are tasked with predicting the properties of structurally novel compounds that
fall outside their training distribution, their predictive performance frequently degrades.
This highlights a fundamental limitation in structural extrapolation, where models may
confidently output erroneous predictions for unfamiliar chemotypes. To mitigate this risk,
modern computational workflows increasingly incorporate Uncertainty Quantification
(UQ) and rigorously define the model’s Applicability Domain (AD)—the chemical space
within which predictions can be trusted. Consequently, benchmarking platforms such
as MoleculeNet have become essential, providing standardized datasets and evaluation
protocols, most notably scaffold splitting. Unlike conventional random data splitting,
scaffold splitting forces the model to evaluate distinct chemical backbones not present in
the training set, thereby offering a highly realistic estimation of how the algorithm will
perform on truly novel drug candidates during early-stage discovery [32,33].

Opverall, although machine learning methods have substantially advanced pharmaceu-
tical modeling, their current role remains largely supportive rather than transformative.
The field continues to face a structural limitation: most models are trained on historically
biased datasets that reflect narrow experimental conditions rather than the full diversity
of clinically relevant chemical space. Without systematic improvements in data curation,
external validation, and mechanistic integration, the predictive utility of these models will
remain constrained within predefined domains of applicability.

3. Advanced Nanoscale Drug Delivery Systems and mRNA and
Vaccine Formulation

The development of nanoscale drug delivery systems has transformed pharmaceutical
science by enabling more controlled and targeted therapeutic delivery [34,35]. However,
nanocarrier performance remains highly dependent on particle composition, surface prop-
erties, and disease context, limiting the establishment of universal design principles.

Polymeric nanoparticles are among the most established nanocarriers, offering sus-
tained drug release through gradual polymer degradation [36,37]. PLGA is particularly
valued for its biocompatibility, biodegradability, and versatility in systemic and local-
ized delivery, including transdermal applications [38]. Despite these advantages, sus-
tained release does not necessarily improve cellular uptake or tissue specificity, limiting
clinical translation.
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Lipid-based systems, particularly liposomes, have also become key drug delivery
platforms due to their ability to encapsulate both hydrophilic and hydrophobic agents [39].
They are especially useful for gene delivery by protecting nucleic acids from enzymatic
degradation [40]. Although several liposomal formulations have reached clinical use, their
broader translation remains limited by instability during circulation and inconsistent tumor
accumulation [41]. Surface modification with targeting ligands has improved selectivity
but has not fully overcome these challenges [42].

The development of lipid nanoparticles (LNPs) marked a major advance in nucleic acid
delivery by improving intracellular transport [43]. Typical LNPs contain ionizable lipids,
cholesterol, helper phospholipids, and PEGylated lipids, which collectively determine
stability, encapsulation efficiency, and in vivo performance [44]. However, slight changes
in formulation can substantially alter biodistribution, immune activation, and therapeutic
efficacy, complicating large-scale manufacturing.

The clinical importance of LNPs became evident with mRNA-based COVID-19
vaccines, whose rapid development demonstrated the effectiveness of mRNA-loaded
LNPs [45]. Nevertheless, this success occurred under unique regulatory and clinical condi-
tions that are not representative of oncology or chronic diseases, where long-term safety
and biodistribution remain major challenges [46]. Consequently, LNPs have become the
leading non-viral mRNA delivery platform, supported by continued innovation in lipid
composition and formulation strategies [47-50].

Current research aims to improve delivery efficiency while reducing toxicity and off-
target effects through optimization of lipid composition and helper lipids [51,52]. However,
enhancing one property often compromises others, such as immunogenicity or biodistri-
bution, highlighting the need to balance multiple formulation objectives. These advances
have also expanded LNP delivery beyond the liver to extrahepatic tissues [53].

Beyond infectious diseases, mRNA-LNPs are increasingly investigated for cancer ther-
apy by encoding tumor-associated antigens and immunomodulatory proteins to stimulate
targeted immune responses [54]. This strategy enables transient therapeutic protein produc-
tion within patient cells and supports personalized treatment approaches [55]. However,
tumor heterogeneity, immune evasion, and variability of the tumor microenvironment
continue to limit clinical translation.

Naturally derived nanocarriers, particularly exosomes, have also attracted attention
because of their intrinsic biocompatibility and ability to cross biological barriers. Despite
their promise, clinical application remains limited by challenges in large-scale produc-
tion, purification, reproducibility, heterogeneous cargo loading, and low manufacturing
yield [56].

To consolidate the physicochemical principles discussed, Table 2 summarizes the key
properties, major advantages, current limitations, and clinical translation status of the
primary nanocarrier platforms.

Table 2. Key properties, major advantages, current limitations, and clinical translation status of the
primary nanocarrier platforms.

Nanocarrier Platform Key Physmoc'hemlcal Major Advantages Current Limitations Clinical Translation
Properties Status
Polymeric Tunable degradation Sustained and . Poteptlal acidic Highly est.abhshed
. . . controlled drug release, microenvironments upon (Multiple
Nanoparticles rates, variable size and . . e .
high biocompatibility, degradation, complex FDA-approved
(e.g., PLGA) surface charge . .
versatile payload scale-up formulations)
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Table 2. Cont.

Nanocarrier Platform Key Physmoc.hemlcal Major Advantages Current Limitations Clinical Translation
Properties Status
High biocompatibility, .. .
Phospholipid bilayer low toxicity, Short in vivo half-life Mature and widely

(if unPEGylated),

Liposomes structure, aqueous core, encapsulates both susceptible to oxidation translated (e.g., Doxil,
amphiphilic nature hydrophilic and pUbx 1 Onivyde)
hydrophobic drugs and rapid clearance
Potential
Solid lipid core Robust nucleic acid immunogenicity, Highly advanced
Lipid Nanoparticles incorpora tgs ioniza;ble encapsulation, complex intellectual (Gold standard for
(LNPs) -orporat facilitates efficient roperty landscape, mRNA COVID-19
cationic lipids and PEG property P
P endosomal escape off-target liver vaccines)
accumulation
Exceptional Complex isolation and
Exosomes Endogenous lipid biocompatibility, rifri) tion pr Emerging (Increasingly
Extracellular bilayer, cell-derived inherent ability to cross pUrHication processes, evaluated in earl
4 4 low yield, high y
Vesicles) surface proteins formidable biological yierd, g clinical trials)

. batch-to-batch variability
barriers

4. Integrating Artificial Intelligence and Machine Learning in Optimizing
and Designing Smart Nanocarriers

The application of machine learning in drug delivery has gradually shifted the field
from largely empirical optimization to a more predictive and data-driven paradigm [57].
In nanomedicine, this transition is particularly significant due to the inherently high-
dimensional nature of formulation design, in which multiple interdependent physicochem-
ical and biological variables must be optimized simultaneously [58]. Although machine
learning tools have demonstrated clear value in accelerating formulation screening and
narrowing experimental search spaces [59], their impact remains strongly dependent on
the quality and representativeness of underlying datasets, which are often limited by ex-
perimental bias and incomplete biological characterization. As a result, the predictive
gains observed in silico do not always translate directly into reproducible in vivo perfor-
mance [60].

One of the most prominent applications of these methods lies in the rational design
of targeted nanocarriers. Machine learning models can assist in optimizing surface func-
tionalization and ligand-receptor interactions, both of which are critical determinants of
cellular uptake and tissue specificity [61]. However, these predictions are typically derived
under simplified biological assumptions, which may not fully capture the dynamic and
heterogeneous nature of physiological environments. Consequently, Al-guided design is
better interpreted as a prioritization tool rather than a definitive optimization framework,
supporting experimental decision-making rather than replacing it.

In addition, predictive models have been employed to estimate formulation behavior
and drug-release characteristics, particularly in long-acting polymer-based delivery sys-
tems, where release kinetics are a key design constraint [62]. Beyond formulation-level
predictions, some models extend to forecasting in vivo performance, including anticancer
efficacy, based on structural and physicochemical descriptors [63]. Nevertheless, such
extrapolations remain inherently uncertain, as they rely on indirect correlations rather than
a mechanistic understanding of biological interactions, limiting their robustness outside
well-characterized chemical spaces.

A particularly active area of development has been lipid nanoparticle (LNP) design for
mRNA delivery. Machine learning approaches are increasingly used to navigate the vast
and non-linear formulation space of LNP systems, identifying compositions associated with
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improved stability and delivery efficiency [64]. While these approaches have contributed
to significant formulation advances, the LNP design landscape remains highly sensitive,
where small perturbations in lipid composition can lead to disproportionately large changes
in biological outcomes. This sensitivity highlights a persistent limitation of data-driven
optimization: the inability to fully capture nonlinear physiological feedback mechanisms
governing intracellular delivery and immune recognition [65]. Because improving one
functional aspect of LNPs—such as maximizing mRNA encapsulation efficiency—often
inadvertently compromises another, such as increasing particle size or inducing higher
systemic toxicity, single-objective algorithms are generally insufficient. To systematically
address these competing formulation requirements, multi-objective optimization (MOO)
strategies, such as Pareto frontier analysis and genetic algorithms, are increasingly being
integrated into LNP design workflows. These advanced computational approaches allow
researchers to simultaneously co-optimize conflicting parameters, identifying the optimal
molar ratios of ionizable lipids, cholesterol, and PEG-lipids that balance maximum trans-
fection efficacy with minimal cytotoxicity and acceptable biodistribution profiles. This
holistic MOO framework is crucial for efficiently navigating the vast combinatorial lipid
space and identifying clinically viable LNP candidates that would be easily missed by
traditional sequential experimentation.

To bridge the gap between theoretical models and practical application, the recent
literature provides compelling case studies where Al-guided nanocarrier optimization
was explicitly validated through experimental synthesis and biological testing. Within the
domain of polymeric nanocarriers, ensemble machine learning algorithms such as Random
Forest and artificial neural networks (ANNs) have been actively deployed to optimize
the critical quality attributes of drug-loaded PLGA nanoparticles. These computational
models accurately predicted the non-linear relationships between polymer concentrations,
surfactant ratios, and formulation parameters, allowing researchers to precisely tune par-
ticle size and maximize encapsulation efficiency prior to physical synthesis. Subsequent
laboratory validations confirmed that these Al-optimized PLGA nanoparticles matched
the in silico predictions with exceptional accuracy [66]. Similarly, in the development of
lipid-based platforms, researchers have recently utilized machine learning frameworks
to systematically optimize the composition of lipid nanoparticles (LNPs) for nucleic acid
delivery. By applying deep learning algorithms to screen combinatorial lipid libraries,
predictive models successfully identified optimized LNP formulations that bypassed tradi-
tional trial-and-error bottlenecks. When these Al-prioritized LNPs were synthesized and
evaluated in vivo, they demonstrated significantly enhanced systemic stability, targeted
cellular uptake, and improved transfection efficiency compared to empirically designed
baselines [67]. These case studies conclusively demonstrate that integrating machine learn-
ing with targeted experimental validation can successfully transition nanocarrier design
from a predominantly empirical process toward a robust, predictive engineering pipeline.

Beyond efficacy, physicochemical stability and safety remain central challenges in
nanocarrier engineering. Machine learning models have been used to estimate key parame-
ters such as zeta potential, which is closely associated with colloidal stability in biological
fluids [68]. Similarly, drug-loading capacity and encapsulation efficiency—long-standing
bottlenecks in nanomedicine development—can now be partially optimized using predic-
tive modeling approaches [69]. However, these predictions are often constrained by narrow
training distributions and may not generalize well across different nanocarrier architectures
or manufacturing scales. Extensions of these methods to systems such as liposomes and
niosomes further demonstrate their versatility, but also expose variability in predictive
reliability across formulation classes [70].
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Importantly, machine learning is increasingly being explored for early-stage safety as-
sessment, particularly in silico prediction of nanomaterial cytotoxicity [71]. This represents
a valuable step toward reducing experimental burden and improving screening efficiency.
However, toxicity prediction remains one of the most uncertain areas of nanomedicine
modeling due to the complexity of biological response pathways and the limited availability
of high-quality, standardized toxicity datasets. This limitation is especially pronounced in
inorganic nanomaterials and emerging cell-based delivery platforms, where fundamentally
different factors drive data scarcity. For inorganic nanomaterials, such as metallic or meso-
porous silica nanoparticles, data scarcity and inconsistency stem from the vast parametric
space of their synthesis—where minute variations in size, geometry, and surface capping
drastically alter biological responses. Furthermore, many metallic nanoparticles optically in-
terfere with standard colorimetric toxicity assays, leading to irreproducible reporting across
laboratories. Conversely, for cell-based delivery systems like exosomes or cell-membrane-
coated nanocarriers, the data bottleneck is driven by profound biological heterogeneity.
The inherent donor-to-donor variability, dynamic molecular cargo (comprising complex
mixtures of proteins, lipids, and nucleic acids), and the lack of universally standardized
isolation protocols make it exceedingly difficult to construct the large, highly curated, and
reproducible datasets required to effectively train robust deep learning algorithms [72,73].

Overall, while machine learning has become an indispensable tool in nanocarrier
design and optimization, its current role is primarily supportive rather than autonomous.
The field still faces a fundamental limitation: most predictive models operate within
constrained chemical and biological domains that do not fully capture in vivo complexity.
Without deeper integration of mechanistic understanding and standardized biological
datasets, Al-driven nanocarrier design will remain a powerful but inherently bounded
approach rather than a fully predictive engineering framework. The comprehensive role of
artificial intelligence across the entire nanomedicine workflow, from initial design to safety
prediction and clinical translation, is outlined in Table 3.

Table 3. Explains the comprehensive role of artificial intelligence across the entire nanomedicine
workflow, from initial design to safety prediction and clinical translation.

Development Phase

Role of Artificial Intelligence Key Functions & Outputs Representative Examples

Design & Formulation

Targeting & Optimization

Safety & ADMET Profiling

Clinical Translation &
Manufacturing

Predicting optimal
nanocarrier composition and
component compatibility

Excipient selection, entrapment
efficiency prediction, particle size
and stability optimization

Optimizing curcumin-loaded
liposomes; identifying highly
stable mRNA-LNP lipid ratios
Predicting anti-cancer efficacy
and cellular uptake based on
specific structural
modifications
Quantitative prediction of
inorganic nanomaterial
cytotoxicity prior to physical
synthesis
Adapting real-time quality
control for precision
nanotherapeutics

Modeling ligand-receptor binding
kinetics, optimizing surface
functionalization

Enhancing spatial precision
and target site accumulation

Early-stage screening of
toxicological and
pharmacokinetic profiles

Estimating zeta potential, in silico
cellular toxicity predictions,
systemic clearance rates

Facilitating process scale-up
and personalized
therapeutic delivery

Establishing digital twins, Quality
by Design (QbD) compliance,
patient cohort stratification

5. Clinical Translation, Regulatory Hurdles, and Future Perspectives of
Digital Nanomedicine

Despite major advances in nanocarrier design and computational optimization, clin-
ical translation remains a complex and non-linear process [74]. While machine learning
and digital health have improved patient stratification, treatment monitoring, and trial
optimization [75], they have not fully bridged the gap between preclinical success and
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clinical efficacy, as reflected by the slow and unpredictable progression of many anticancer
nanomedicines through clinical trials [76].

Nanomedicine also presents regulatory challenges because of the dynamic behavior
of nanoparticles in biological systems. Regulatory agencies have adopted more specialized,
risk-based frameworks to address nanoscale-specific pharmacokinetics and safety [77].
However, the lack of standardized experimental protocols and clinical reporting continues
to hinder cross-study comparison and the development of unified regulatory pathways.

A major obstacle to clinical translation is the unpredictable in vivo behavior of nanoma-
terials. Protein corona formation and rapid clearance by the mononuclear phagocyte system
can substantially alter nanoparticle biodistribution and therapeutic efficacy [78]. These
effects vary across biological systems, limiting the predictive value of animal models. In
oncology, tumor microenvironment heterogeneity further complicates drug accumulation
and treatment response [79].

The variability of the enhanced permeability and retention (EPR) effect in human
tumors has substantially reduced the reliability of passive targeting strategies [80]. To
address this unpredictability, artificial intelligence (Al) is increasingly being leveraged to
non-invasively assess and predict patient-specific EPR characteristics. By applying machine
learning algorithms to routine medical imaging modalities, such as dynamic contrast-
enhanced MRI and PET, researchers can extract high-dimensional radiomic features that
correlate with tumor vascular permeability, interstitial fluid pressure, and extracellular ma-
trix density. This Al-driven radiomic approach enables pre-treatment patient stratification
by identifying individuals with favorable EPR profiles who are most likely to benefit from
passive nanocarrier accumulation. As a result, Al-assisted prediction has the potential to
improve patient selection and reduce the clinical attrition historically associated with em-
piric administration of passive nanomedicines [81]. Nevertheless, because passive targeting
remains inherently dependent on highly heterogeneous tumor biology, research has increas-
ingly shifted toward actively targeted and stimuli-responsive delivery systems. While these
strategies offer greater targeting specificity, they also introduce additional challenges re-
lated to reproducibility, large-scale manufacturing, and regulatory approval. Consequently,
modern nanomedicine development has evolved beyond maximizing therapeutic efficacy
alone, placing equal emphasis on manufacturability, robustness, and clinically relevant
outcomes to facilitate successful clinical translation [82,83].

Future progress is expected to rely on adaptive and intelligent nanomedicine platforms
with improved spatial and temporal control of drug release [84]. However, experience from
both successful and unsuccessful clinical trials demonstrates that technological advances
alone are insufficient for clinical translation [85]. Instead, success depends on integrating
biological understanding with scalable manufacturing and regulatory feasibility while
maintaining cost-effectiveness and reproducibility [86,87].

To achieve this scalable and compliant framework, the integration of Artificial Intelli-
gence with Quality by Design (QbD) principles is becoming indispensable. Al accelerates
the QbD paradigm by rapidly mapping complex multidimensional formulation spaces,
allowing developers to identify critical process parameters without exhaustive trial-and-
error. Furthermore, the advent of “digital twins”—virtual, real-time computational replicas
of physical manufacturing processes—offers a transformative approach to clinical scale-up.
By simulating physical stress, fluid dynamics, and thermodynamic variations in silico, digi-
tal twins enable continuous real-time monitoring and predictive maintenance, drastically
reducing batch failures during the mass production of sensitive nanocarriers like LNPs.
However, maximizing the impact of these digital innovations requires urgent regulatory har-
monization. As regulatory bodies grapple with the dynamic nature of both nanomedicines
and machine learning algorithms, establishing unified, cross-regional guidelines for the
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validation of Al-generated data, digital twin simulations, and continuous manufacturing
processes is essential to streamline global approval pathways and ensure consistent patient
safety [88].

Ultimately, the integration of nanotechnology, data science, and clinical medicine
is expected to advance precision nanomedicine [89]. Rather than replacing experimen-
tal research, computational tools are likely to function within hybrid frameworks where
predictive modeling, experimental validation, and clinical feedback continuously refine
therapeutic development. An overview of common nanocarriers, including PLGA nanopar-
ticles, liposomes, lipid nanoparticles (LNPs), and exosomes, is presented in Figure 3.

PLGA Nanoparticle Liposome

fetel
IQO U P,

/Ps— Lipid bilayer

PLGA matrix

Aqueous core

Drug molecules

PLGA nanoparticles: Polymer matrix encapsulating drug molecules Liposome: Lipid bilayer surrounding aqueous core

Lipid Nanoparticle (LNP) Exosome

Extracellular
vesicle

Lipid Nanoparticle (LNP): mRNA encapsulated inside lipid particle Exosome: Extracellular vesicle with surface proteins

Figure 3. Overview of common nanocarriers for drug delivery. The schematic illustrates four pri-
mary platforms: PLGA nanoparticles, which use a degradable polymer matrix to encapsulate drug
molecules; liposomes, characterized by a lipid bilayer surrounding an aqueous core; lipid nanoparti-
cles (LNDPs), specifically designed to encapsulate and protect mRNA payloads; and exosomes, which
are natural extracellular vesicles equipped with surface proteins that facilitate cellular targeting.
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