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Abstract: 

Lipid nanocarriers, which include solid lipid nanoparticles (SLNs), nanostructured lipid carriers (NLCs), and lipid 
nanoparticles (LNPs) have been discovered to be universal platforms that can be used to improve the solubility, 
stability, and bioavailability of therapeutic agents. Traditional trial-and-error formulation procedures though 
historically usual, are time-consuming, resource-intensive and often unable to incorporate the rich, nonlinear 
interactions that exist between formulation and process variables. Artificial intelligence (AI) is introduced in this 
analytical review as an effective accelerant to formulation design and optimization in pharmaceutics.   
The current paper brings together the available literature on AI-based approaches to lipid nanocarrier 
development, focusing on the recent advances in machine learning, deep learning, artificial neural networks, and 
hybrid AI-Quality by Design (QbD) approaches. Special emphasis is given to the use of AI in the choice of 
excipients and prediction of key quality features, such as particle size, poly dispersity, ζ -potential, drug-
encapsulation capacity, and stability under long-term conditions. Cases of AI-aided lipid nanocarrier design in 
oral, ocular, transdermal, parenteral, and gene delivery are explored in detail.  Besides, the review covers the 
relevant challenges associated with data quality, model interpretability, regulatory approvability, and industrial 
scalability of AI-based formulation development. The emergent trends, including digital twins, autonomous 
formulation laboratories, and the combination of AI and continuous manufacturing, are also evaluated. Taken 
together, this review suggests a framework on which formulation scientists and researchers can utilize AI to 
revolutionize the development of lipid nanocarriers, as well as to close the divide between optimization on the 
laboratory scale and a pharmaceutical product with the potential to be translated to the clinic.   
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1. INTRODUCTION
Historically, the pharmaceutical formulation process has been based on empirical, trial-and-
error methods of formulation, which entail a lot of experimentation to reach the desired product
performance. Even though standard formulation approaches, aided by statistical methods like
Design of Experiments (DoE) and Quality by Design (QbD), have enhanced systematic
development, they have weak ability to handle complex, nonlinear relationships between
formulation components and process variables.1 This constraint has led to long development
times, high material usage and problems with reproducibility and scale-up, especially with
complex drug-delivery systems like lipid-based nanocarriers 2.

Over the past years, lipid nanocarriers, including solid lipid nanoparticles (SLNs),
nanostructured lipid carriers (NLCs), and lipid nanoparticles (LNPs) have become highly
promising drug-delivery platforms due to their biocompatibility and capacity to encapsulate
both hydrophilic and lipophilic drugs, in addition to targeted and controlled release.3 Although
these have benefits, formulation development of lipid nanocarriers is still a challenge because
there is a high number of formulation and process variables that affect key quality attributes of
particle size, polydispersity index, encapsulation efficiency, stability, and in-vivo
performance.4,5

The field of artificial intelligence (AI) is becoming more and more recognized as a disruptive
technology in pharmaceutics to provide new solutions to the challenges of the traditional
formulation development.[6] By 2025, AI has been used in accelerated pharmaceutical research
and development, through machine learning, deep learning, and data-driven modelling, in
combination with a greater availability of formulation datasets and computing capabilities,
which have enabled rapid prediction and optimization of formulation outcomes with minimum
experimental effort.[7] AI-based models have the potential to learn complex, multidimensional
relationships between important material properties, important process parameters, and
important quality attributes of a product, and therefore, AI-driven design and optimization of
lipid nanocarriers is a critical frontier in pharmaceutics.8

2. Lipid Nanocarriers.
Lipid nanocarrier is a heterogeneous group of colloidal drug delivery systems developed to
overcome the drawbacks of traditional dosage vehicles, especially low aqueous solubility, low
bioavailability, and instability of drug molecules. Due to their biocompatibility,
biodegradability and ability to entrap both hydrophilic and lipophilic drugs, lipid-based
nanocarriers have received considerable attention in pharmaceutical research and clinical
practice. Among them, solid lipid nanoparticles (SLNs), nanostructured lipid carriers (NLCs),
and lipid nanoparticles (LNPs) are the most thoroughly investigated platforms, which have
their own structural features and functional benefits.9

2.1 Solid Lipid Nanoparticles (SLNs).
Solid lipid nanoparticles are submicron-sized colloidal carriers that have a diameter of between
50 and 1000nm, which is made of physiologically acceptable solid lipids that are stabilized by
surfactants or emulsifiers. Both the room and body temperatures leave the lipid matrix solid,
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giving the lipid matrix structural rigidity and allowing controlled drug release 10. One of the 
advantages of SLNs is their high biocompatibility, which prevents the degradation of the 
encapsulated drugs in case of chemical degradation, elimination of using organic solvents, and 
their ability to be produced on a large scale.11

Although these benefits exist, SLNs have a shortcoming in terms of their highly ordered 
crystalline lipid matrix. An ideal crystal lattice often limits drug accommodation resulting in 
low drug loading capacity.12 Also, the storage can cause polymorphic transitions that can 
initiate drug expulsion and reduced formulation stability. All these difficulties have limited the 
wider clinical implementation of SLNs and triggered the design of the next-generation lipid 
nanocarriers.13 
2.2 Nanostructured Lipid Carriers (NLCs)  
To address the structural and functional drawbacks of SLNs, nanostructured lipid carriers were 
developed as improved versions of SLNs. The NLCs are an amalgamation of solid and liquid 
lipids, which create a less well-organized and imperfect lipid backbone. This flaw or defect in 
the structure provides more space to accommodate drugs, thus increasing drug loading capacity 
and minimizing drug expulsion during storage14. 
The NLCs have better physical stability, encapsulation efficiency and formulation flexibility 
than the SLNs 15 . These characteristics have made them easy to use in various routes of drug 
delivery such as oral, topical, transdermal, and parenteral routes. Due to their improved 
performance, NLCs are becoming more appropriate compared to SLNs in the delivery of drugs 
that are poorly soluble and long-term therapeutic regimens 16. 
2.3 Lipid nanoparticles (LNPs) For Nucleic Acid Delivery 
Nanoparticles composed of lipids have become a central technology in the delivery of nucleic 
acid-based therapeutics, in particular, messenger RNA (mRNA), small interfering RNA 
(siRNA), and plasmid DNA 17. The reported clinical success of LNP-based mRNA vaccines 
against COVID-19 has intensely stimulated research and industrial attention towards this 
delivery system. Ionizable lipids, phospholipids, cholesterol, and polyethylene glycol (PEG)-
conjugated lipids, which are commonly components of LNPs, serve a specific function in 
stability, cellular absorption, and endosomal evasion 18,19. 
The ionizable lipids assist in efficient encapsulation of nucleic acids and endosomal release in 
acidic conditions, whereas PEG-lipids are used to increase the colloidal stability and extend 
the systems circulation in the bloodstream. LNPs provide high transfection efficiency, nucleic 
acid protection against enzymatic degradation and scale to industrial production 20. As a result, 
LNPs have become essential in gene therapy, vaccination and new personalized medicine 
applications (Table 1). 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

3



Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Table 1: Comparison of Lipid Nanocarriers 

Feature 
Solid Lipid 

Nanoparticles 
(SLNs) 

Nanostructured 
Lipid Carriers 

(NLCs) 

Lipid Nanoparticles 
(LNPs) 

Size Range 50–1000 nm 50–1000 nm 50–200 nm 

Lipid 
Composition 

Pure solid lipids Blend of solid + 
liquid lipids 

Ionizable lipids, 
phospholipids, 

cholesterol, PEG-
lipids 

Matrix 
Structure 

Highly ordered 
crystalline 

Imperfect / less 
ordered crystalline 

Amorphous / flexible 
lipid matrix 

Drug Loading 
Capacity 

Moderate to low Higher than SLNs High for nucleic acids 

Encapsulation 
Efficiency Moderate High 

Very high (esp. for 
nucleic acids) 

Stability 

Susceptible to 
polymorphic 

transitions & drug 
expulsion 

Improved over SLNs Good physical & 
chemical stability 

Applications 
Oral, topical, 

parenteral 

Oral, topical, 
transdermal, 
parenteral 

Gene therapy, 
mRNA/siRNA 

vaccines, parenteral 
drug delivery 

Advantages 
Biocompatible, 

controlled release, 
solvent-free 

High drug loading, 
enhanced stability, 

versatile 

Efficient nucleic acid 
delivery, endosomal 

escape, scalable 

Limitations 
Low drug loading, 

drug expulsion, 
limited stability 

Slightly more 
complex production 

Requires precise lipid 
formulation, costlier 

2.4 Critical Formulation and Process Parameters.  
Formulation/process parameters interaction is a complicated system which determines the 
performance, stability and therapeutic efficacy of lipid nanocarriers. The major formulation 
variables include nature and concentration of solid and liquid lipids, surfactant and co-
surfactant choice, lipid to drug ratio and physicochemical characteristics of the encapsulated 
drug 21. These aspects have a direct effect on internal architecture of the lipid matrix, ability to 
take in drugs as well as the interfacial stability of the nanocarrier system.22 

Homogenization pressure, homogenization cycles, sonication time, emulsification 
temperature, cooling rate and mixing speed are process parameters with significant influence 
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on the final particle properties.23,24 The changes in these parameters may significantly affect 
the droplet break up, lipid crystallization behaviour and aggregation of particles, thus affecting 
the reproducibility and scalability of the formulation 25.The combination of the formulation and 
processing variables control the critical quality attributes (CQA), such as the particle size, 
polydispersity index (PDI), zeta potential, drug encapsulation efficiency, in-vitro release 
behaviour, and long-term physical and chemical stability(Table 2). The interdependence of 
these variables is nonlinear, which makes the traditional optimization strategies rather difficult, 
and the use of advanced, data-driven and artificial-intelligence-based techniques is highly 
recommended to obtain stable and reproducible lipid nanocarrier formulations 26. 

Table 2: Critical Formulation and Process Parameters Influencing Lipid Nanocarrier 
Performance 

Parameter 
Type Specific Variables 

Impact on 
Nanocarrier 

Attributes (CQAs) 
Notes / Comments 

Formulation 
Variables 

Lipid type (solid/liquid) 
Influences particle 
size, drug loading, 

matrix rigidity 

Determines 
crystallinity and drug 

accommodation 

Lipid–drug ratio 

Affects 
encapsulation 

efficiency, release 
profile 

High drug loading 
may destabilize 

formulation 

Surfactant type & 
concentration 

Modulates particle 
stability, zeta 

potential 

Too low → 
aggregation; too high 

→ toxicity risk

Co-surfactant type 
Impacts surface 
charge, PDI, and 

stability 

Helps reduce 
polydispersity 

Drug physicochemical 
properties 

Solubility, 
lipophilicity 

Determines 
encapsulation 

efficiency and release 
behavior 

Process 
Variables Homogenization pressure 

Affects particle 
size, PDI, and 
reproducibility 

Higher pressure → 
smaller particles but 
risk of degradation 

Number of 
homogenization cycles 

Influences 
uniformity and size 

distribution 

Excess cycles → 
instability 

5



Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Sonication time / energy 
Reduces particle 

size, affects 
encapsulation 

Over-sonication → 
heat generation and 

drug degradation 

Emulsification 
temperature 

Modulates lipid 
crystallization and 

encapsulation 

Critical for 
thermolabile drugs 

Cooling rate 
Determines lipid 
polymorphism, 
particle stability 

Rapid cooling → 
amorphous state, 

better drug retention 

Mixing / stirring speed 
Influences droplet 
breakup and size 

distribution 

Key for scale-up 
reproducibility 

Critical 
Quality 

Attributes 
(CQAs) 

Particle size, PDI, zeta 
potential, encapsulation 

efficiency, in vitro 
release, stability 

Directly linked to 
formulation & 

process parameters 

Nonlinear 
relationships often 
require AI or QbD 

optimization 

3. Pharmaceutical Artificial Intelligence.
Artificial intelligence (AI) is now a primary methodology in pharmaceutical research, allowing 
the use of data to make decisions and predictive modelling in drug discovery, formulation 
development, and manufacturing 27. The complexity of systems, including lipid nanocarriers, 
is where the application of AI techniques is especially beneficial as most of the formulation 
and process variables interact in nonlinear and interdependent ways 28. Through the 
combination of experimental and historical data, AI models help detect the underlying trends, 
forecast the success of the formulation, and optimize the key parameters, eliminating the 
necessity to perform a lot of experimentation 29.

3.1 Machine Learning 
Predictive modelling and Optimisation are supported by machine learning (ML) algorithms 
that formulate relationships between the input variables and the formulation outcomes that are 
observed based on an experimental dataset. Traditional ML techniques, such as linear 
regression, decision trees, random forests, k -nearest neighbors, and support vector machine 
(SVM), have been widely utilized in the pharmaceutical field.30 The methods have proven to 
be useful in a significant capacity to predict formulation properties including particle size, 
encapsulation efficiency and drug release behaviours. The benefits of ML methods are that 
they can be implemented easily, explained by simpler models, and 3139-2733 too small 
to medium-sized data that is regularly produced during formulation research 31,32. 
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3.2 Deep Learning 
Deep learning (DL), a branch of machine learning, uses multilayered neural networks that are 
able to represent the complex non-linear relationships in large datasets 33. CNNs and RNNs 
have become more and more popular in pharmaceutical formulation development. DL models 
are especially useful when being used to process high-dimensional data that is collected in 
high-throughput experiments, imaging modalities, and continuous manufacturing processes. 
Empirically, the findings have shown that DL methods can be utilized to forecast the 
formulation performance and stability profiles, especially in the lipid nanocarrier research 34,35. 

3.3 Artificial Neural Networks 
Artificial neural networks (ANNs) are based on the architecture and working mechanisms of 
biological neural networks and are made up of interconnected input, hidden and output layers. 
The common use of ANNs in pharmaceutical sciences is driven by the strong ability to simulate 
non-linear interaction between formulation variables and quality properties 36. ANN models 
have been successfully 3139-2733 in predicting the size of lipid nanocarriers, polydispersity 
index, drug loading, encapsulation efficiency, and in-vitro release profiles of nanoparticles 
in the particular case of lipid nanocarriers. In turn, ANNs are among the most popular AI tools 
in the optimisation of nanocarrier formulations, which is explained by their flexibility and 
excellent predictive capabilities 37,38.

3.4 Hybrid AI Approaches 
Hybrid AI approaches combine artificial intelligence approaches with traditional 
pharmaceutical design tools, such as Quality by Design (QbD) and Design of Experiments 
(DoE). These combined models utilize the predictive power of AI and combine mechanistic 
findings of the classical experimental designs to provide an integrated approach to the 
formulation development 39. Hybrid AI-QbD methods enable a systematic evaluation of risk, 
determination of the material attributes and key process parameters that are critical and creation 
of strong design spaces. This type of integration makes models more interpretable and helps to 
accept AI-based formulation development by regulators 40. 

4. Artificial Intelligence-Based Design and Optimization of Lipid Nanocarriers
Lipid nanocarrier formulation and optimisation has been shown to be a multivariate process 
where various formulation and process parameters are optimised simultaneously to define the 
quality of the product, stability and therapeutic functionality. Traditional trial-and-error 
methods and classical statistical methods tend to be inefficient to search this multidimensional 
design space, especially in cases of nonlinear and synergistic interactions 41. Artificial 
intelligence (AI) has been a strong solution to overcome these challenges through the ability to 
formulate design using data by its predictive and systematic nature.
Combining the formulation composition, processing conditions and performance data, AI-
based models allow gaining profound understanding of the intricate relationships determining
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the behaviour of lipid nanocarriers 42,43. These models aid in quick screening of formulation 
variables, decimation of experimental workload, increase in reproducibility and faster 
translation between laboratory level development and industrial production. In turn, there is a 
tendency to use AI-based formulation strategies in order to obtain robust, scalable and 
regulatory-compliant lipid nanocarriers products 44. 

4.1 AI-Based Excipient Selection 
The choice of excipients is an important factor that defines the stability of lipid nanocarriers in 
physicochemical and biological performance. Lipids and surfactants should be selected to 
guarantee maximum drug solubility, compatibility and stability. Rational selection of 
excipients AI-based models is used to select excipients rationally through the analysis of large 
datasets of physicochemical properties, including melting point, hydrophobicity, molecular 
weight, solubility parameters and lipid drug compatibility indices.45 
Machine-learning models and AI neural networks can quickly filter through viable solid and 
liquid lipids, surfactants and co-surfactants, eliminating the need to use large-scale screening 
in the experiment 46. This information-driven strategy allows the early discovery of the most 
effective excipient combinations, reduces the risk of formulation failure and hastens the 
development of the formulation at its initial stages 47,48.

4.2 Prediction of Particle Size, Polydispersity Index, and Zeta Potential 
Some of the most vital quality properties that have an impact on the stability, biodistribution, 
cellular uptake and therapeutic efficacy of lipid nanocarriers include particle size distribution, 
polydispersity index (PDI) and zeta potential. Formulation composition and processing 
conditions including homogenisation pressure, surfactant concentration and temperature, have 
a strong influence on these parameters 45. 
Machine-learning algorithms and artificial neural networks are AI-based predictive models that 
have proven to be highly accurate in predicting particle size, PDI and surface charge due to 
being trained on complex nonlinear relationships between formulation and process variables. 
The prediction with the help of AI enables the rapid optimisation of nanocarrier properties, 
facilitates batch-to-batch consistency and enables the formulation scientist to attain target 
specifications with the minimum of experimental iterations 49. 

4.3 Optimization of Drug Encapsulation Efficiency 
The dosage accuracy, therapeutic efficacy and cost-effectiveness of lipid nanocarrier 
formulations are important determinants of encapsulation efficiency. Generally, a complicated 
drug-lipid interaction and lipid matrix behaviour make it difficult to achieve high drug loading 
and retain physical stability. 
The optimisation models based on AI combine variables of the formulation (lipid composition, 
drug-to-lipid ratio, surfactant concentration, and processing parameters) to find the best 
conditions in order to maximize encapsulation efficiency 50. Such models allow the 
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simultaneous analysis of various variables and their interactions which are not always feasible 
with traditional methods of experiments. Therefore, the use of AI-based optimisation facilitates 
the rationale formulation design, which has superior drug loading and stable performance 51. 

4.4 Prediction of Critical Quality Attributes 
Multiple input variables can be modelled by AI to make predictions on critical quality attributes 
(CQAs) together, which allows the comprehensive interpretation of the effects of the 
formulation composition and process parameters on the nanocarrier performance. In contrast 
to classical methods that make use of one attribute of optimisation at a time, AI-based 
multivariate prediction offers a complete understanding of formulation behavior 52,53. 
This integrated predictive capability facilitates strong formulation design, risk-based 
optimisation plans and decision-making in the formulation development. AI models can help 
to enhance the formulation robustness and regulatory preparedness by determining the 
important formulation and process variables that control the quality of the products 54. 

4.5 Processing Parameters Optimization.   
The processing conditions, including homogenization pressure, sonication time, emulsification 
temperature, mixing speed and cooling rate have a considerable effect on the physicochemical 
properties of lipid nanocarriers. Even small changes in these parameters can give rise to 
significant differences in particle size, encapsulation effectiveness and stability.   
The artificial intelligence algorithms are used to optimize these processing parameters 
systematically, as they can be used to create correlation between the inputs to the process and 
the formulation outcomes. Predictive AI models allow determining the most suitable operating 
conditions that lead to reproducible product quality and assist in the scale-up processes. The 
ability can be especially useful in case of industrial production, where the robustness and 
consistency of the processes are a necessity to comply with the regulations 53,54.   
4.6 Stability and Shelf -Life Prediction.   
The challenge of lipid polymorphism, aggregation, and expulsion of drugs during storage are 
significant to the development of lipid nanocarriers and ensure long-term physical and 
chemical stability. The conventional stability investigations are time consuming and resource 
consuming 55.   
The use of predictive AI models is getting popular to assess long-term stability through the 
analysis of formulation composition, storage, and accelerated stability data. These models 
assist in the early identification of risks of instability, prediction of shelf-life, and rational 
formulation optimization, which shortens the development cycles and eliminates failures at the 
late stages 56.   
4.7 AI and Quality by Design.   
AI-based Quality by Design (QbD) paradigms is a paradigm of synergy that combines 
systematic pharmaceutical development concepts with artificial intelligence predictive 
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capabilities. AI can be used to improve the implementation of QbD by improving risk 
assessment, design space exploration, and control strategy establishment 57.

Combining AI with QbD facilitates lifelong learning on the basis of formulation data, allows 
design space to be refined in an adaptive manner, and guarantees the ability to have uniform 
product quality across the formulation lifecycle. Notably, this hybrid strategy is in line with 
regulatory requirements since it maintains scientific transparency but uses advanced predictive 
modelling, which is specifically appropriate in complex lipid nanocarrier systems58. 

5. AI-Assisted QbD and DoE Approaches in Lipid Nanocarrier Development
The Quality by Design (QbD) and Design of Experiments (DoE) models have played a crucial 
role in the systematic formulation of pharmaceutical formulations allowing the structured 
analysis of variables of formulation and process. However, the growing sophistication of more 
complicated drug delivery platforms, especially lipid nanocarriers, has highlighted natural 
constraints of the traditional QbD and DoE approaches. In this regard, artificial intelligence 
(AI)-based solutions tend to be implemented as auxiliary technologies to improve the 
formulation efficiency, predictive quality, and process insights 59.
5.1 Classical DoE shortcomings.
Classical DoE methods are based on fixed experimental designs and statistical assumptions 
that are usually focused on linear or low-order interactions between variables. Although these 
techniques work well with relatively simple formulations, they are less useful in the case of 
complex lipid nanocarrier systems that have more than one formulation component and 
processing parameter. The number of required runs increases exponentially with the number 
of variables, which consumes more material, increases the duration of development, and 
increases cost[60]. Additionally, the conventional DoE models often do not have strong 
predictive power outside the design space explored and might not be able to sufficiently 
describe nonlinear and synergistic interactions which have a critical impact on nanocarrier 
performance 61.
5.2 Hybrid AI‑QbD Models
Hybrid AI -QbD models combine the principles of QbD, which are structured and regulatory-
compliant, and the powerful predictive abilities of AI algorithms. In these frameworks, AI 
models are used to analyze experimental data produced according to QbD-guided designs to 
enhance risk assessment, optimize design space, and predict the key quality attributes. The 
model used in machine learning and artificial neural network is a dynamically learned model 
that relies on the formulation data and can then be continually improved as the new information 
in the experiment is released. Notably, hybrid AI -QbD methods maintain regulatory 
transparency by ensuring scientifically reasonable design spaces with significant lessening of 
experimental load and better formulation robustness 62.
5.3 Recent Case Studies (2023‑2025)
The most recent research (2023-2025) has yielded successful results in the application of AI-
assisted methodologies in the development of lipid nanocarriers. Artificial neural networks and
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Random Forests models have shown better performance in the prediction of particle size, 
encapsulation efficiency and stability than traditional DoE-based models. The Bayesian 
optimization methods have also facilitated quick determination of optimal formulation 
compositions at significantly reduced number of experiments run. All these studies point at the 
fact that AI-based QbD models are significantly more predictive, and they also have a better 
scalability and reproducibility, thus enabling easier scaling of laboratory-scale development to 
industrial production 63,64. 
6. Applications Across Drug Delivery Routes
Optimization of lipid nanocarriers by artificial intelligence has shown a wide range of 
applications in different drug administration routes. Allowing to make rational choices on the 
formulation components and allowing to strictly regulate the characteristics of nanocarriers, 
AI-based technologies will assist in achieving route-specific performance requirements and 
improve therapeutic outcomes.
6.1 Oral Delivery
The use of poorly water-soluble drugs via oral route is still a significant problem because of 
the low dissolution, erratic absorption, and first-pass metabolism. The design of lipid 
nanoparticles with the assistance of AI allows to optimize the lipid composition, surfactants, 
and size to enhance solubilization and gastrointestinal protection. The in vivo bioavailability 
using machine learning models with formulation variables has been used to develop lipid 
nanocarriers that increase the permeability of the intestines and controlled release of the drug. 
Such methods cut down on the screening of the experimental trials but enhance the 
performance of the oral drugs and reproducibility 22,23.

6.2 Ocular Delivery
Drug delivery to the eye needs a very tight regulation of particle size, surface charge, and 
residence time in order to overcome the rapid turnover of tears and low permeability of the 
corneas. Optimization of lipid nanocarriers by AI assists in the rational design of lipid 
nanocarrier systems that are more likely to be absorbed into the skin, release drugs in a 
controlled manner, and reach the ocular cavity in their original state. The application of 
artificial neural networks and deep learning models has been implemented on the optimization 
of nanostructured lipid carriers and lipid nanoparticles as ophthalmic delivery systems, such as 
in situ gelling systems, capable of long-acting therapeutic effect and high patient adherence 
65,66.
6.3 Transdermal Delivery
In the case of transdermal drug delivery, lipid nanocarriers should be designed in a way that 
they can traverse stratum corneum without causing skin incompatibility. Intelligence-based 
predictive models are used to optimize the lipid fluidity, concentration of surfactants, and drug 
partitioning behavior in order to improve dermal and transdermal permeation. With the 
assistance of correlating the variables of formulations with the permeation profiles and the data 
of skin retention, AI-based solutions allow developing lipid nanocarriers that enhance drug flux 
and reduce irritation and variability 67.
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6.4 Parenteral and Gene Delivery. 
The design of lipid nanocarriers with the help of AI has been instrumental in the parenteral and 
gene delivery of nucleic acid therapeutics, in particular. Predictive modeling assists in 
optimization of lipid nanoparticle composition, ionizable lipid pK a and particle size to 
optimize encapsulation efficiency, circulation stability, and cellular uptake. These methods 
have played a crucial role in making it much faster to develop lipid nanoparticle-based mRNA 
and siRNA formulations, improving the transfection efficiency and safety profiles 5,17,18. 
6.5 CNS Targeting 
The blood brain barrier restricts the delivery of therapeutic agents to the central nervous system, 
which requires a specific design of nanocarriers. AI-assisted formulation plans combine 
physicochemical and biological data to maximize the characteristics of lipid nanocarriers to 
CNS targeting, such as the size of the particle, the surface modification, and the lipid 
composition. Machine learning models can be used to predict the uptake and biodistribution of 
the brain to develop lipid nanocarriers that can help enhance therapeutic delivery of 
neurological diseases 68,69.

7. Artificial Intelligence Tool limitations in Pharmaceutical Formulation.
Although artificial intelligence (AI) has great benefits to pharmaceutical formulation, there are 
a number of limitations that should be taken into consideration to have safe, reliable, and 
interpretable results. The quality and availability of data is critical to the functionality of AI-
based models, and they might not perform correctly when exposed to biased, incomplete, or 
unrepresentative data. Therefore, AI should be implemented in cooperation with the 
conventional methods of experimentation instead of a single decision-making mechanism 70. 
A significant drawback of AI models is that they do not have transparency in decision-making. 
Most sophisticated algorithms are what are referred to as black-box models, and one may not 
even know how certain predictions are made. This interpretability may decrease the confidence 
of formulation scientists and clinicians, especially when model results do not agree with known 
experimental or clinical predictions 71,72.
AI algorithms are also largely statistical in nature and might not have a domain-specific clinical 
or formulation knowledge. This could cause them to have reduced capability to capture the 
biological importance and practical implications of specific formulation parameters 73. 

Biological systems are also intrinsically complex, with dynamic interactions or feedback, 
molecular variability, and further complicate AI models, which are based on simplified models 
of these processes 74.

The use of artificial intelligence tools also presents other complexities on ethical matters. 
Protection of patient data confidentiality, informed consent, and the definition of proper data 
ownership are critical, especially in the case of datasets that are based on clinical or patient-
related data 75. Standardisation of ambiguity over ownership and entitlement to use data might 
give rise to ethical dilemmas among patients, researchers and pharmaceutical stakeholders 76,77.
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In addition, artificial intelligence models are often faced with challenges when trying to explain 
biological and population-wide heterogeneity, since they are typically trained on data that 
represents mean responses. Retraining and validation of such models to maintain predictive 
accuracy can be resource-intensive, particularly when new experimental or clinical data is to 
be used to update the model 78. All these constraints highlight the need to implement AI 
responsibly that is supported by solid experimental and professional supervision 79. 
8. Data, Ethical, and Regulatory Problems.
Although the application of artificial intelligence in the pharmaceutical formulation 
development continues to increase, numerous regulatory, ethical, and data-related challenges 
need to be overcome to make the practice widespread and sustainable. All of these issues are 
especially relevant to the cases of complex delivery systems like lipid nanocarriers, the 
formulation performance of which is dictated by multifactorial interactions and fluctuating 
responses at different developmental stages 80,81.

8.1 Data Quality and Bias   
The quality of AI-based models, their diversity, and representativeness of training datasets are 
the conditions under which their reliability is determined. Formulation data in pharmaceutics 
are frequently small, heterogeneous and obtained under different experimental conditions. 
These inconsistencies may result in bias, which causes overfitting and reduced model 
generalizability. Biased datasets can lead to poor predictions of important quality 
characteristics or stability behaviour when 3139-2733 to lipid nanocarrier development, and 
hence the importance of standardized data generation, curation and sharing practices 82. 
8.2 Model Interpretability   
Most AI models, especially deep learning models, do not give much information about how 
they make decisions internally. This interpretability is a problem to scientific understanding, 
formulation risk assessment and regulatory review. Transparency between the variables of the 
formulation and the quality features of the products is required in pharmaceutical development. 
The explainable AI methods are thus crucial to achieve the model interpretability and develop 
regulatory and scientific trust in AI-aided formulation strategies 83. 
8.3 The Regulatory Acceptance of AI-Assisted Formulation.   
Even though regulatory bodies are actively supporting model-based development of drugs, 
formal rules on the use of AI in formulation design are still under development. To be accepted 
by the regulatory authorities, AI-assisted methods require detailed records of model 
development, validation and lifecycle control. It is necessary to show strong performance and 
reproducibility and adherence to the Quality by Design principles to enable approval of AI-
optimised lipid nanocarrier products by the regulatory authorities 84. 
8.4 Reproducibility and Validation Problems.   
The problem of ensuring reproducibility of AI-based predictions across laboratories, 
developmental stages, and manufacturing conditions is still a major issue. The differences in 
the experimental protocols, data preprocessing, and instrumentation may affect the model 
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performance and restrict transferability. Strong verification plans such as external and 
prospective experimental verification are consequently invaluable 85. Long-term reliability and 
acceptance by the regulatory bodies are also aided by constant monitoring and updating of the 
model over the product lifecycle 86. 

9. Clinical Translation and Industrial Adoption

The future of AI-optimised lipid nanocarriers as a promising platform of clinical translation 
depends on the successful incorporation of the predictive modelling tools into the 
pharmaceutical production and quality assurance processes 87. With the increasing uptake of 
data-driven development approaches and continuous manufacturing paradigms by the 
pharmaceutical industry, artificial intelligence has become a key facilitator in the process of 
closing the gap between laboratory level formulation optimisation and commercial level 
production 88. 

9.1 Integration of Scale-Up and Manufacturing.   
The most common challenges associated with scaling lipid nanocarrier formulations have 
included changing particle size distribution, decreased encapsulation efficiency and increased 
batch-to-batch variability 89. Predictive models that are based on AI can be used to evaluate 
scale-dependent effects through correlating laboratory-scale formulation, process parameters 
with pilot- and industrial-scale results 90. AI tools enable a rational process transfer by 
simulating the effect of critical processing variables, such as pressure of homogenisation, 
mixing speed and temperature and reduce the risks of scale-up. Integrating AI into the factory 
processes increases the resilience of the processes, leads to a higher reproducibility rate, and 
reduces the timeframes of developing products 91,92. 
9.2 Process Analytical Technology and Real-Time Release Testing.   
The emerging fusion of artificial intelligence and Process Analytical Technology (PAT) has 
facilitated the high-tech real-time monitoring and control of the process of lipid nanocarrier 
manufacturing. The use of AI in the interpretation of inline and at-line data of PAT allows the 
early identification of process deviations and facilitates adaptive control measures 89. This 
statistical method corresponds to real-time release testing models, which minimize the reliance 
on end-product testing and maintains a stable quality of the products. Continuous 
manufacturing platforms are especially benefiting in the context of such integration since quick 
and informed decision-making is necessary to ensure the stability of the processes. 
9.3. Industrial Adoption and Case Studies.   
There has been a growing adoption of AI-aided platforms in pharmaceutical and biotechnology 
industries in formulation development and process optimisation of lipid-based drug delivery 
systems. In the industrial applications reported, these results include shortening development 
cycles, increased consistency in batches and a better understanding of processes by making 
data-driven decisions. It is worth noting that AI-based optimisation of lipid-nanoparticles 
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formulations to address parenteral and gene delivery based biomedical uses have shown to be 
highly beneficial in speeding up clinical translation as well as meeting high regulatory and 
quality standards 93. The above developments highlight increasing industrial confidence in AI-
assisted formulation strategies and their ability to revolutionize modern pharmaceutical 
manufacturing 94. 
10. Future Perspectives
The integration of artificial intelligence with developed pharmaceutical technologies will have 
a significant impact on the future design, development, and production of lipid nanocarriers. 
Continued development of digitalization, automation, and personalized medicine is expected 
to keep accelerating innovation in pharmaceutics and make it more efficient, predictive, and 
patient-centered.
10.1 Pharmaceutical Analytics Digital Twins.
Digital twins, which can be described as a digital model of physical systems, are also being 
used more and more in the pharmaceutical development and production. In the framework of 
lipid nanocarrier formulation, digital twins can be used to simulate the impact of formulation 
composition and processing parameters on important quality attributes in real time 95. This 
allows predictive process control, quick troubleshooting, and proactive risk mitigation and, 
therefore, lessens the need to utilize extensive physical experimentation 96. Also, digital twins 
enable virtual scale-up research, which lies between laboratory-scale development and 
commercial production and enhances process knowledge and regulatory trust 97.
10.2 Autonomous Formulation Laboratories
Combination of artificial intelligence and robotics and high throughput experimental platforms 
is driving the development of autonomous formulation laboratories 98. These self-optimising 
systems can design, execute and analyse formulation experiments with little human 
intervention and significantly fast track the development cycle. Autonomous laboratories can 
be used in lipid nanocarrier studies to quickly map multidimensional formulation spaces, 
discover the most effective formulations, and dynamically optimize formulation approaches, 
reducing the number of experiments and material use 99,100.

10.3 Integration with Continuous Manufacturing 
Continuous manufacturing is closely related to this concept, and both ideas should be combined 
in the project. Continuous manufacturing relates closely to the concept, and both notions need 
to be integrated in the project 101.  The concept of continuous manufacturing has become a new 
paradigm shift in pharmaceutical engineering that offers better process control, scalable 
production, or high product consistency. Optimization of lipid nanocarrier formulation and 
processing parameters with the use of artificial intelligence can be easily integrated into 
continuous manufacturing platforms, allowing real-time monitoring, adaptive control and 
automated quality assurance 102. This convergence enables an easy scale-up process, maintains 
the same quality of the product and is compatible with real time release testing models, which 
eventually leads to effectiveness in manufacturing and compliance with regulations 103.   
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10.4. Individualized Lipid Nanomedicines.  
Artificial intelligence demonstrates significant opportunities to create individual lipid 
nanomedicines based on patient-specific factors, such as genetic, disease, and pharmacokinetic 
heterogeneity 104. Combining patient-related information with forecasting formulation 
algorithms, AI can be used to design personalized lipid nanocarriers to maximize therapeutic 
efficacy, safety and dosing regimens. Lipid nanomedicines which are patient-specific are thus 
a historic breakthrough in precision medicine, and an example of how AI can improve clinical 
outcomes by providing customized treatment plans 105,106.   
11. Conclusion
AI has developed as an influential and revolutionary tool in the design, Optimisation and
clinical translation of lipid nanocarriers. The AI-designed methods overcome the constraints of
traditional trial-and-error methods and traditional Design of Experiments methods, because
they enable effective exploration of multidimensional formulation and process design spaces.
The forecasting of key quality features, rational choice of excipients and stability are all part
of the effort to make development schedules more predictable and enhance the reproducibility
of formulation.
Scalability, process knowledge and regulation further increase with the combination of AI and
Quality by Design models and Process Analytical Technology and continuous manufacturing.
Despite the problematic issues associated with data quality, the readability of models, and
regulatory approval, the use of AI-driven lipid nanocarrier development is gaining momentum
both in academia and industry.
It is expected that the emerging technologies such as digital twins, autonomous formulation
laboratories, and tailored lipid nanomedicines will further transform the way pharmaceuticals
are developed, allowing them to produce predictive and efficient formulation approaches, as
well as patient-centric ones. Overall, AI-assisted design and optimisation of lipid nanocarriers
represents a breakthrough in the pharmaceutical science domain that bridges the gap between
the laboratory development and clinically translatable, scalable, and personalised therapeutic
approaches and has a significant role in the development of precision medicine.
Reference:

1. Priani, S. E., Fakih, T. M., Wilar, G., Chaerunisaa, A. Y., & Sopyan, I. (2025). Quality
by design and in silico approach in SNEDDS development: A comprehensive
formulation framework. Pharmaceutics, 17(6), 701.
https://doi.org/10.3390/pharmaceutics17060701

2. Ezike, T. C., Okpala, U. S., Onoja, U. L., Nwike, C. P., Ezeako, E. C., Okpara, O. J.,
Okoroafor, C. C., Eze, S. C., Kalu, O. L., Odoh, E. C., Nwadike, U. G., Ogbodo, J. O.,
Umeh, B. U., Ossai, E. C., & Nwanguma, B. C. (2023). Advances in drug delivery
systems, challenges and future directions. Heliyon, 9(6), e17488.
https://doi.org/10.1016/j.heliyon.2023.e17488

16

https://doi.org/10.3390/pharmaceutics17060701
https://doi.org/10.1016/j.heliyon.2023.e17488


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

3. Naseri, N., Valizadeh, H., & Zakeri-Milani, P. (2015). Solid lipid nanoparticles and
nanostructured lipid carriers: Structure, preparation and application. Advanced
Pharmaceutical Bulletin, 5(3), 305–313. https://doi.org/10.15171/apb.2015.043

4. Viegas, C., Patrício, A. B., Prata, J. M., Nadhman, A., Chintamaneni, P. K., & Fonte,
P. (2023). Solid lipid nanoparticles vs. nanostructured lipid carriers: A comparative
review. Pharmaceutics, 15(6), 1593. https://doi.org/10.3390/pharmaceutics15061593

5. Li, X., Li, J., Wei, J., Du, W., Su, C., Shen, X., Zhao, A., & Xu, M. (2025). Design
strategies for novel lipid nanoparticles for mRNA vaccines and therapeutics: Current
understandings and future perspectives. MedComm, 6(10), e70414.
https://doi.org/10.1002/mco2.70414

6. Zhu, Z. (2025). Intelligent information management enables quality-by-design in
pharmaceutical production. Scientific Reports, 15, 44201.
https://doi.org/10.1038/s41598-025-27879-w

7. Vora, L. K., Gholap, A. D., Jetha, K., Thakur, R. R. S., Solanki, H. K., & Chavda, V.
P. (2023). Artificial intelligence in pharmaceutical technology and drug delivery
design. Pharmaceutics, 15(7), 1916. https://doi.org/10.3390/pharmaceutics15071916

8. Suksaeree, J. (2025). A review of artificial intelligence (AI)-driven smart and
sustainable drug delivery systems: A dual-framework roadmap for the next
pharmaceutical paradigm. Sci, 7(4), 179. https://doi.org/10.3390/sci7040179

9. Chavda, V. P., Vihol, D., Patel, A., Redwan, E. M., & Uversky, V. N. (2023).
Introduction to bioinformatics, AI, and ML for pharmaceuticals. In Bioinformatics tools
for pharmaceutical drug product development (pp. 1–18). John Wiley & Sons.

10. Mishra, V., Bansal, K. K., Verma, A., Yadav, N., Thakur, S., Sudhakar, K., &
Rosenholm, J. M. (2018). Solid lipid nanoparticles: Emerging colloidal nano drug
delivery systems. Pharmaceutics, 10(4), 191.
https://doi.org/10.3390/pharmaceutics10040191

11. Satapathy, M. K., Yen, T. L., Jan, J. S., Tang, R. D., Wang, J. Y., Taliyan, R., & Yang,
C. H. (2021). Solid lipid nanoparticles (SLNs): An advanced drug delivery system
targeting brain through BBB. Pharmaceutics, 13(8), 1183.
https://doi.org/10.3390/pharmaceutics13081183

12. Queiroz, M. D. C. V., & Muehlmann, L. A. (2024). Characteristics and preparation of
solid lipid nanoparticles and nanostructured lipid carriers. Journal of Nanotheranostics,
5(4), 188–211. https://doi.org/10.3390/jnt5040012

13. Reddy, A. P., Parthiban, S., Vikneswari, A., & Senthil Kumar, G. P. (2014). A modern
review on solid lipid nanoparticles as novel controlled drug delivery system.
International Journal of Research in Pharmaceutical and Nano Sciences, 3, 313–325.

14. Elmowafy, M., & Al-Sanea, M. M. (2021). Nanostructured lipid carriers (NLCs) as
drug delivery platform: Advances in formulation and delivery strategies. Saudi
Pharmaceutical Journal, 29(9), 999–1012. https://doi.org/10.1016/j.jsps.2021.07.015

17

https://doi.org/10.15171/apb.2015.043
https://doi.org/10.3390/pharmaceutics15061593
https://doi.org/10.1002/mco2.70414
https://doi.org/10.1038/s41598-025-27879-w
https://doi.org/10.3390/pharmaceutics15071916
https://doi.org/10.3390/sci7040179
https://doi.org/10.3390/pharmaceutics10040191
https://doi.org/10.3390/pharmaceutics13081183
https://doi.org/10.3390/jnt5040012
https://doi.org/10.1016/j.jsps.2021.07.015


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

15. Viegas, C., Patrício, A. B., Prata, J. M., Nadhman, A., Chintamaneni, P. K., & Fonte,
P. (2023). Solid lipid nanoparticles vs. nanostructured lipid carriers: A comparative
review. Pharmaceutics, 15(6), 1593. https://doi.org/10.3390/pharmaceutics15061593

16. Khan, S., Sharma, A., & Jain, V. (2023). An overview of nanostructured lipid carriers
and its application in drug delivery through different routes. Advanced Pharmaceutical
Bulletin, 13(3), 446–460. https://doi.org/10.34172/apb.2023.056

17. Yang, L., Gong, L., Wang, P., Zhao, X., Zhao, F., Zhang, Z., Li, Y., & Huang, W.
(2022). Recent advances in lipid nanoparticles for delivery of mRNA. Pharmaceutics,
14(12), 2682. https://doi.org/10.3390/pharmaceutics14122682

18. Baden, L. R., El Sahly, H. M., Essink, B., Kotloff, K., Frey, S., Novak, R., Diemert, D.,
Spector, S. A., Rouphael, N., Creech, C. B., et al. (2021). Efficacy and safety of the
mRNA-1273 SARS-CoV-2 vaccine. New England Journal of Medicine, 384, 403–416.
https://doi.org/10.1056/NEJMoa2035389

19. Polack, F. P., Thomas, S. J., Kitchin, N., Absalon, J., Gurtman, A., Lockhart, S., Perez,
J. L., Pérez Marc, G., Moreira, E. D., Zerbini, C., et al. (2020). Safety and efficacy of
the BNT162b2 mRNA COVID-19 vaccine. New England Journal of Medicine, 383,
2603–2615. https://doi.org/10.1056/NEJMoa2034577

20. Lin, X., Xiang, H., Wu, J., Liao, R., Li, Y., Xu, B., Xu, Y., Shen, Y., Li, Q., & Tian, Y.
(2026). The evolution of lipid nanoparticles: Paving the way for next-generation nucleic
acid medicines. Asian Journal of Pharmaceutical Sciences.
https://doi.org/10.1016/j.ajps.2026.101121

21. Sakellari, G. I., Zafeiri, I., Batchelor, H., & Spyropoulos, F. (2021). Formulation
design, production and characterisation of solid lipid nanoparticles (SLN) and
nanostructured lipid carriers (NLC) for the encapsulation of a model hydrophobic
active. Food Hydrocolloids for Health, 1, 100024.
https://doi.org/10.1016/j.fhfh.2021.100024

22. Khan, S., Baboota, S., Ali, J., Khan, S., Narang, R. S., & Narang, J. K. (2015).
Nanostructured lipid carriers: An emerging platform for improving oral bioavailability
of lipophilic drugs. International Journal of Pharmaceutical Investigation, 5(4), 182–
191. https://doi.org/10.4103/2230-973X.167661

23. Plaza-Oliver, M., Santander-Ortega, M. J., & Lozano, M. V. (2021). Current
approaches in lipid-based nanocarriers for oral drug delivery. Drug Delivery and
Translational Research, 11(2), 471–497. https://doi.org/10.1007/s13346-021-00908-7

24. Zheng, L., Regenstein, J. M., & Wang, Z. (2024). Effect of high-pressure
homogenization on the properties and structure of cold-induced chiba tofu gel in soy
protein isolate. Gels, 10(2), 99. https://doi.org/10.3390/gels10020099

25. Khairnar, S. V., Pagare, P., Thakre, A., Nambiar, A. R., Junnuthula, V., Abraham, M.
C., Kolimi, P., Nyavanandi, D., & Dyawanapelly, S. (2022). Review on the scale-up

18

https://doi.org/10.3390/pharmaceutics15061593
https://doi.org/10.34172/apb.2023.056
https://doi.org/10.3390/pharmaceutics14122682
https://doi.org/10.1056/NEJMoa2035389
https://doi.org/10.1056/NEJMoa2034577
https://doi.org/10.1016/j.ajps.2026.101121
https://doi.org/10.1016/j.fhfh.2021.100024
https://doi.org/10.4103/2230-973X.167661
https://doi.org/10.1007/s13346-021-00908-7
https://doi.org/10.3390/gels10020099


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

methods for the preparation of solid lipid nanoparticles. Pharmaceutics, 14(9), 1886. 
https://doi.org/10.3390/pharmaceutics14091886 

26. Su, K., Qiu, J., Xu, T., & Liu, S. (2025). Artificial intelligence-guided design of lipid
nanoparticles for mRNA delivery. Acta Pharmaceutica Sinica B.
https://doi.org/10.1016/j.apsb.2025.11.029

27. Abughalia, A., Flynn, M., Clarke, P. F. A., Fayne, D., & Gobbo, O. L. (2025). The use
of computational approaches to design nanodelivery systems. Nanomaterials, 15(17),
1354. https://doi.org/10.3390/nano15171354

28. Fu, C., & Chen, Q. (2025). The future of pharmaceuticals: Artificial intelligence in drug
discovery and development. Journal of Pharmaceutical Analysis, 15, 101248.
https://doi.org/10.1016/j.jpha.2025.101248

29. Vora, L. K., Gholap, A. D., Jetha, K., Thakur, R. R. S., Solanki, H. K., & Chavda, V.
P. (2023). Artificial intelligence in pharmaceutical technology and drug delivery
design. Pharmaceutics, 15(7), 1916. https://doi.org/10.3390/pharmaceutics15071916

30. Shen, C., Zhang, M., Lu, M., Chang, E., Gao, Z., Ban, W., Liu, Q., Zuo, Z., & Jiang,
C. (2025). Machine learning empowered formulation design, optimization and
characterization of nanoparticulate drug delivery systems: Current applications,
challenges, and future perspectives. Acta Pharmaceutica Sinica B.
https://doi.org/10.1016/j.apsb.2025.12.011

31. Gormley, A. J. (2024). Machine learning in drug delivery. Journal of Controlled
Release, 373, 23–30. https://doi.org/10.1016/j.jconrel.2024.06.045

32. Zelenka, C., Kamp, M., Strohm, K., Kadoura, A., Johny, J., Koch, R., & Kienle, L.
(2023). Automated classification of nanoparticles with various ultrastructures and sizes
via deep learning. Ultramicroscopy, 246, 113685.
https://doi.org/10.1016/j.ultramic.2023.113685

33. Oktay, A. B., & Gurses, A. (2019). Automatic detection, localization and segmentation
of nanoparticles with deep learning in microscopy images. Micron, 120, 113–119.
https://doi.org/10.1016/j.micron.2019.02.009

34. Colliard-Granero, A., Jitsev, J., Eikerling, M. H., Malek, K., & Eslamibidgoli, M. J.
(2023). [Article title not provided]. ACS Nanoscience Au, 3(5), 398–407.
https://doi.org/10.1021/acsnanoscienceau.3c00020

35. Muravyev, N. V., Luciano, G., Ornaghi, H. L., Jr., Svoboda, R., & Vyazovkin, S.
(2021). Artificial neural networks for pyrolysis, thermal analysis, and thermokinetic
studies: The status quo. Molecules, 26(12), 3727.
https://doi.org/10.3390/molecules26123727

36. Wang, S., Di, J., Wang, D., Dai, X., Hua, Y., Gao, X., Zheng, A., & Gao, J. (2022).
State-of-the-art review of artificial neural networks to predict, characterize and
optimize pharmaceutical formulation. Pharmaceutics, 14(1), 183.
https://doi.org/10.3390/pharmaceutics14010183

19

https://doi.org/10.3390/pharmaceutics14091886
https://doi.org/10.1016/j.apsb.2025.11.029
https://doi.org/10.3390/nano15171354
https://doi.org/10.1016/j.jpha.2025.101248
https://doi.org/10.3390/pharmaceutics15071916
https://doi.org/10.1016/j.apsb.2025.12.011
https://doi.org/10.1016/j.jconrel.2024.06.045
https://doi.org/10.1016/j.ultramic.2023.113685
https://doi.org/10.1016/j.micron.2019.02.009
https://doi.org/10.1021/acsnanoscienceau.3c00020
https://doi.org/10.3390/molecules26123727
https://doi.org/10.3390/pharmaceutics14010183


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

37. Javid, S., Rahmanulla, A., Ahmed, M. G., Sultana, R., & Kumar, B. R. P. (2025).
Machine learning & deep learning tools in pharmaceutical sciences: A comprehensive
review. Intelligent Pharmacy, 3(3), 167–180.
https://doi.org/10.1016/j.ipha.2024.11.003

38. Joshi, S., & Sheth, S. (2025). Artificial intelligence (AI) in pharmaceutical formulation
and dosage calculations. Pharmaceutics, 17(11), 1440.
https://doi.org/10.3390/pharmaceutics17111440

39. Suksaeree, J. (2025). A review of artificial intelligence (AI)-driven smart and
sustainable drug delivery systems: A dual-framework roadmap for the next
pharmaceutical paradigm. Sci, 7(4), 179. https://doi.org/10.3390/sci7040179

40. Chauhan, I., Yasir, M., Verma, M., & Singh, A. P. (2020). Nanostructured lipid carriers:
A groundbreaking approach for transdermal drug delivery. Advanced Pharmaceutical
Bulletin, 10(2), 150–165. https://doi.org/10.34172/apb.2020.021

41. Chen, H., Engkvist, O., & Wang, Y. (2018). The rise of deep learning in drug discovery.
Drug Discovery Today, 23, 1241–1250. https://doi.org/10.1016/j.drudis.2018.01.039

42. Wang, S., Di, J., Wang, D., Dai, X., Hua, Y., Gao, X., Zheng, A., & Gao, J. (2022).
State-of-the-art review of artificial neural networks to predict, characterize and
optimize pharmaceutical formulation. Pharmaceutics, 14, 183.
https://doi.org/10.3390/pharmaceutics14010183

43. Yang, X., Wang, Y., Byrne, R., Schneider, G., & Yang, S. (2019). [Article title not
provided]. Chemical Reviews, 119(18), 10520–10594.
https://doi.org/10.1021/acs.chemrev.8b00728

44. Serrano, D. R., Luciano, F. C., Anaya, B. J., Ongoren, B., Kara, A., Molina, G.,
Ramirez, B. I., Sánchez-Guirales, S. A., Simon, J. A., Tomietto, G., Rapti, C., Ruiz, H.
K., Rawat, S., Kumar, D., & Lalatsa, A. (2024). Artificial intelligence (AI) applications
in drug discovery and drug delivery: Revolutionizing personalized medicine.
Pharmaceutics, 16(10), 1328. https://doi.org/10.3390/pharmaceutics16101328

45. Wei, Y., Zhuo, S., Zhang, Y., Wu, L., Gao, X., He, S., Bo, X., & Zhou, W. (2025).
Machine learning reshapes the paradigm of nanomedicine research. Acta
Pharmaceutica Sinica B. https://doi.org/10.1016/j.apsb.2025.05.014

46. Gupta, R., Srivastava, D., Sahu, M., Tiwari, S., Ambasta, R. K., & Kumar, P. (2021).
Artificial intelligence to deep learning: Machine intelligence approach for drug
discovery. Molecular Diversity, 25, 1315–1360. https://doi.org/10.1007/s11030-021-
10217-3

47. Bae, H., Ji, H., Konstantinov, K., Sluyter, R., Ariga, K., Kim, Y. H., & Kim, J. H.
(2025). Artificial intelligence-driven nanoarchitectonics for smart targeted drug
delivery. Advanced Materials, 37(42), e10239.
https://doi.org/10.1002/adma.202510239

20

https://doi.org/10.1016/j.ipha.2024.11.003
https://doi.org/10.3390/pharmaceutics17111440
https://doi.org/10.3390/sci7040179
https://doi.org/10.34172/apb.2020.021
https://doi.org/10.1016/j.drudis.2018.01.039
https://doi.org/10.3390/pharmaceutics14010183
https://doi.org/10.1021/acs.chemrev.8b00728
https://doi.org/10.3390/pharmaceutics16101328
https://doi.org/10.1016/j.apsb.2025.05.014
https://doi.org/10.1007/s11030-021-10217-3
https://doi.org/10.1007/s11030-021-10217-3
https://doi.org/10.1002/adma.202510239


Journal of Pharmaceutics and Pharmacy Practice 
(JPPP) 

ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

48. Mehta, M., Bui, T. A., Yang, X., Aksoy, Y., Goldys, E. M., & Deng, W. (2023). [Article
title not provided]. ACS Materials Au, 3(6), 600–619.
https://doi.org/10.1021/acsmaterialsau.3c00032

49. Cassayre, M., Teles de Souza, D., Claeys-Bruno, M., Altié, A., Piccerelle, P., & Sauzet,
C. (2025). Optimization of solid lipid nanoparticle formulation using design of
experiments, part I: Strategic tool for the determination of critical parameters regarding
formulation and process. Nanomaterials, 15(13), 1034.
https://doi.org/10.3390/nano15131034

50. Suksaeree, J., Maneewattanapinyo, P., & Monton, C. (2026). AI-enabled, QbD-aligned
predictive and sustainable design of natural polymer-based drug delivery systems.
AAPS PharmSciTech, 27, 90. https://doi.org/10.1208/s12249-026-03326-5

50. Suksaeree, J., Maneewattanapinyo, P., & Monton, C. (2026). AI-enabled, QbD-aligned
predictive and sustainable design of natural polymer-based drug delivery systems.
AAPS PharmSciTech, 27, 90. https://doi.org/10.1208/s12249-026-03326-5

51. Yan, X., Yue, T., Winkler, D. A., Yin, Y., Zhu, H., Jiang, G., & Yan, B. (2023). [Article
title not provided]. Chemical Reviews, 123(13), 8575–8637.
https://doi.org/10.1021/acs.chemrev.3c00070

52. Narayanan, H., Dingfelder, F., Condado Morales, I., Patel, B., Heding, K. E., Bjelke, J.
R., Egebjerg, T., Butté, A., Sokolov, M., Lorenzen, N., & Arosio, P. (2021). [Article
title not provided]. Molecular Pharmaceutics, 18(10), 3843–3853.
https://doi.org/10.1021/acs.molpharmaceut.1c00469

53. Hallan, S. S., Sguizzato, M., Esposito, E., & Cortesi, R. (2021). Challenges in the
physical characterization of lipid nanoparticles. Pharmaceutics, 13(4), 549.
https://doi.org/10.3390/pharmaceutics13040549

54. John, R., Monpara, J., Swaminathan, S., & Kalhapure, R. (2024). Chemistry and art of
developing lipid nanoparticles for biologics delivery: Focus on development and scale-
up. Pharmaceutics, 16(1), 131. https://doi.org/10.3390/pharmaceutics16010131

55. Yang, S., Hu, X., Zhu, J., Zheng, B., Bi, W., Wang, X., Wu, J., Mi, Z., & Wu, Y. (2025).
Aspects and implementation of pharmaceutical quality by design from conceptual
frameworks to industrial applications. Pharmaceutics, 17(5), 623.
https://doi.org/10.3390/pharmaceutics17050623

56. Zhu, Z. (2025). Intelligent information management enables quality-by-design in
pharmaceutical production. Scientific Reports, 15(1), 44201.
https://doi.org/10.1038/s41598-025-27879-w

57. Gosavi, P., Nirmal, A., & Ahire, R. (2026). Quality by design (QbD) in pharmaceutical
formulation development: A systematic review. International Journal of
Pharmaceutical Sciences, 4(1), 528–548. https://doi.org/10.5281/zenodo.18165771

58. Al-Kharusi, G., Dunne, N. J., Little, S., & Levingstone, T. J. (2022). The role of
machine learning and design of experiments in the advancement of biomaterial and

21

https://doi.org/10.1021/acsmaterialsau.3c00032
https://doi.org/10.3390/nano15131034
https://doi.org/10.1208/s12249-026-03326-5
https://doi.org/10.1208/s12249-026-03326-5
https://doi.org/10.1021/acs.chemrev.3c00070
https://doi.org/10.1021/acs.molpharmaceut.1c00469
https://doi.org/10.3390/pharmaceutics13040549
https://doi.org/10.3390/pharmaceutics16010131
https://doi.org/10.3390/pharmaceutics17050623
https://doi.org/10.1038/s41598-025-27879-w
https://doi.org/10.5281/zenodo.18165771


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

tissue engineering research. Bioengineering, 9(10), 561. 
https://doi.org/10.3390/bioengineering9100561 

59. Gimondi, S., Ferreira, H., Reis, R. L., & Neves, N. M. (2023). [Article title not 
provided]. ACS Nano, 17(15), 14205–14228. https://doi.org/10.1021/acsnano.3c01117

60. Abaza, B. F., & Gheorghita, V. (2025). Artificial neural network framework for hybrid 
control and monitoring in turning operations. 3139-2733 Sciences, 15(7), 
3499. https://doi.org/10.3390/app15073499

61. Wang, W., Chen, K., Jiang, T., et al. (2024). Artificial intelligence-driven rational 
design of ionizable lipids for mRNA delivery. Nature Communications, 15, 10804. 
https://doi.org/10.1038/s41467-024-55072-6

62. Waibel, I., Schneider, T. N., Fischer, F. J., Dumnoenchanvanit, P., Kulakova, A., 
Nguyen, T. D., Egebjerg, T., Bertelsen, S., Lorenzen, N., & Arosio, P. (2025). Bayesian 
optimization for efficient multiobjective formulation development of biologics. 
Molecular Pharmaceutics, 22(11), 6636–6645. 
https://doi.org/10.1021/acs.molpharmaceut.5c00591

63. Alshawwa, S. Z., Kassem, A. A., Farid, R. M., Mostafa, S. K., & Labib, G. S. (2022). 
Nanocarrier drug delivery systems: Characterization, limitations, future perspectives 
and implementation of artificial intelligence. Pharmaceutics, 14(4), 883. 
https://doi.org/10.3390/pharmaceutics14040883

64. Sabale, V., Belokar, V., Jiwankar, M., & Sabale, P. (2025). Nanostructured lipid 
carrier-loaded in situ gel for ophthalmic drug delivery: Preparation and in vitro 
characterization studies. Pharmaceutical Nanotechnology, 13(1), e110124225511. 
https://doi.org/10.2174/0122117385266639231029192409

65. Guo, Z., Zhang, Y., Zhao, M., Zhang, W., Li, X., Zhou, F., Peng, H., Wang, Q., & 
Chen, Z. (2025). Intelligent transdermal nanoparticles as synergizing advanced delivery 
systems for precision therapeutics. Materials Today Bio, 34, 102220. 
https://doi.org/10.1016/j.mtbio.2025.102220

66. Liu, J., Wang, T., Dong, J., & Lu, Y. (2025). The blood–brain barriers: Novel 
nanocarriers for central nervous system diseases. Journal of Nanobiotechnology, 23(1),
146. https://doi.org/10.1186/s12951-025-03247-8

67. Asimakidou, E., Tan, J. K. S., Zeng, J., & Lo, C. H. (2024). Blood–brain barrier-
targeting nanoparticles: Biomaterial properties and biomedical applications in 
translational neuroscience. Pharmaceuticals, 17(5), 612. 
https://doi.org/10.3390/ph17050612

68. Beam, A. L., & Kohane, I. S. (2018). Big data and machine learning in health care. 
JAMA, 319, 1317–1318. https://doi.org/10.1001/jama.2017.18391

69. Miotto, R., Wang, F., Wang, S., Jiang, X., & Dudley, J. T. (2018). Deep learning for 
healthcare: Review, opportunities and challenges. Briefings in Bioinformatics, 19, 
1236–1246. https://doi.org/10.1093/bib/bbx044

22

https://doi.org/10.3390/bioengineering9100561
https://doi.org/10.1021/acsnano.3c01117
https://doi.org/10.3390/app15073499
https://doi.org/10.1038/s41467-024-55072-6
https://doi.org/10.1021/acs.molpharmaceut.5c00591
https://doi.org/10.3390/pharmaceutics14040883
https://doi.org/10.2174/0122117385266639231029192409
https://doi.org/10.1016/j.mtbio.2025.102220
https://doi.org/10.1186/s12951-025-03247-8
https://doi.org/10.3390/ph17050612
https://doi.org/10.1001/jama.2017.18391
https://doi.org/10.1093/bib/bbx044


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

70. Ball, R., Robb, M., Anderson, S., & Pan, G. D. (2016). The FDA’s Sentinel Initiative—
A comprehensive approach to medical product surveillance. Clinical Pharmacology &
Therapeutics, 99, 265–268. https://doi.org/10.1002/cpt.320

71. Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). “Why should I trust you?” Explaining
the predictions of any classifier. In Proceedings of the ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (pp. 1135–1144).

72. Lundberg, S. M., & Lee, S. I. (2017). A unified approach to interpreting model
predictions. In Advances in Neural Information Processing Systems (Vol. 30, pp. 4765–
4774).

73. Holzinger, A., Biemann, C., Pattichis, C. S., & Kell, D. B. (2017). What do we need to
build explainable AI systems for the medical domain? arXiv Preprint
arXiv:1712.09923.

74. European Medicines Agency. (2022). Qualification opinion for PROCOVA™: An AI-
based approach for prognostic covariate adjustment in clinical trials. European
Medicines Agency.

75. U.S. Food and Drug Administration. (2021). Artificial intelligence and machine
learning software as a medical device (SaMD). U.S. FDA.

76. Gerke, S., Minssen, T., & Cohen, I. G. (2020). Ethical and legal challenges of AI in
healthcare. Science Translational Medicine, 12, 295–336.

77. U.S. Food and Drug Administration. (2019). Proposed regulatory framework for
modifications to AI/ML-based software as a medical device. U.S. FDA.

78. Abramova, R., Filatova, M., & Sazonava, M. (2025). Ethical and practical aspects of
AI implementation in the pharmaceutical industry. International Journal of
Pharmaceutical and Healthcare Marketing. https://doi.org/10.1108/IJPHM-10-2024-
0103

79. Belenguer, L. (2022). AI bias: Exploring discriminatory algorithmic decision-making
models and the application of possible machine-centric solutions adapted from the
pharmaceutical industry. AI Ethics, 2(4), 771–787. https://doi.org/10.1007/s43681-
022-00138-8

80. Vimbi, V., Shaffi, N., & Mahmud, M. (2024). Interpreting artificial intelligence
models: A systematic review on the application of LIME and SHAP in Alzheimer’s
disease detection. Brain Informatics, 11(1), 10. https://doi.org/10.1186/s40708-024-
00222-1

81. Niazi, S. K. (2025). Regulatory perspectives for AI/ML implementation in
pharmaceutical GMP environments. Pharmaceuticals, 18(6), 901.
https://doi.org/10.3390/ph18060901

82. Barberis, A., Aerts, H. J. W. L., & Buffa, F. M. (2024). Robustness and reproducibility
for AI learning in biomedical sciences: RENOIR. Scientific Reports, 14, 1933.
https://doi.org/10.1038/s41598-024-51381-4

23

https://doi.org/10.1002/cpt.320
https://doi.org/10.1108/IJPHM-10-2024-0103
https://doi.org/10.1108/IJPHM-10-2024-0103
https://doi.org/10.1007/s43681-022-00138-8
https://doi.org/10.1007/s43681-022-00138-8
https://doi.org/10.1186/s40708-024-00222-1
https://doi.org/10.1186/s40708-024-00222-1
https://doi.org/10.3390/ph18060901
https://doi.org/10.1038/s41598-024-51381-4


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

83. Beam, A. L., Manrai, A. K., & Ghassemi, M. (2020). Challenges to the reproducibility 
of machine learning models in health care. JAMA, 323(4), 305–306. 
https://doi.org/10.1001/jama.2019.20866

84. Han, Y., Kim, D. H., & Pack, S. P. (2025). Nanomaterials in drug delivery: Leveraging 
artificial intelligence and big data for predictive design. International Journal of 
Molecular Sciences, 26(22), 11121. https://doi.org/10.3390/ijms262211121

85. Horr, A. M., Milicic, S., & Blacher, D. (2025). AI-driven innovation in manufacturing 
digitalization: Real-time predictive models. 3139-2733 Sciences, 15(24), 
13225. https://doi.org/10.3390/app152413225

86. Batwara, A., Kayande, R. A., & Kediya, S. (2025). Critical drivers of AI integration in 
industrial processes for enhancing smart sustainable manufacturing: Decision-making 
framework. Process Integration and Optimization for Sustainability, 9, 955–977.

87. Zhou, S., & Bacanin, N. (2024). Artificial intelligence in advanced manufacturing. 
International Journal of Computer Integrated Manufacturing, 37, 383–384.

88. Wang, C.-C., & Chien, C.-H. (2025). Machine learning for industrial optimization and 
predictive control: A patent-based perspective with a focus on Taiwan’s high-tech 
manufacturing. Processes, 13, 2256.

89. Bennon, W. D., & Incropera, F. P. (1987). A continuum model for momentum, heat 
and species transport in binary solid-liquid phase change systems—I: Model 
formulation. International Journal of Heat and Mass Transfer, 30(10).

90. Greenshields, C., & Weller, H. (2022). Notes on computational fluid dynamics: 
General principles. CFD Direct Ltd.

91. Chen, Y., Yang, O., Sampat, C., Bhalode, P., Ramachandran, R., & Ierapetritou, M.
(2020). Digital twins in pharmaceutical and biopharmaceutical manufacturing: A 
literature review. Processes, 8(9), 1088. https://doi.org/10.3390/pr8091088

92. Fischer, R. P., Volpert, A., Antonino, P., & Ahrens, T. D. (2024). Digital patient twins 
for personalized therapeutics and pharmaceutical manufacturing. Frontiers in Digital 
Health, 5, 1302338. https://doi.org/10.3389/fdgth.2023.1302338

93. Iliuţă, M.-E., Moisescu, M.-A., Pop, E., Ionita, A.-D., Caramihai, S.-I., & Mitulescu, 
T.-C. (2024). Digital twin—A review of the evolution from concept to technology and 
its analytical perspectives on applications in various fields. 3139-2733 Sciences, 
14(13), 5454. https://doi.org/10.3390/app14135454

94. Fushimi, K., Nakai, Y., Nishi, A., Suzuki, R., Ikegami, M., Nimura, R., Tomono, T., 
Hidese, R., Yasueda, H., Tagawa, Y., & Hasunuma, T. (2025). Development of the 
autonomous lab system to support biotechnology research. Scientific Reports, 15, 6648. 
https://doi.org/10.1038/s41598-025-89069-y

95. Hooe, S. L., et al. (2023). Multienzymatic cascades and nanomaterial scaffolding—A 
potential way forward for the efficient biosynthesis of novel chemical products. 
Advanced Materials, 36.

24

https://doi.org/10.1001/jama.2019.20866
https://doi.org/10.3390/ijms262211121
https://doi.org/10.3390/app152413225
https://doi.org/10.3390/pr8091088
https://doi.org/10.3389/fdgth.2023.1302338
https://doi.org/10.3390/app14135454
https://doi.org/10.1038/s41598-025-89069-y


Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

Journal of Pharmaceutics and Pharmacy Practice (JPPP) 
ISSN: 3139-2733 | Vol. 02, Issue-01, Jan-June 2026 | pp. 01-25 

96. Chopra, B., & Dhingra, A. K. (2021). Natural products: A lead for drug discovery and 
development. Phytotherapy Research, 35, 4660–4702.

97. Babina, T., Fedyk, A., He, A., & Hodson, J. (2024). Artificial intelligence, firm growth, 
and product innovation. Journal of Financial Economics, 151, 103745. 
https://doi.org/10.1016/j.jfineco.2023.103745

98. Alemie, A. A., Siraj, E. A., & Yayehrad, A. T. (2025). Continuous pharmaceutical 
manufacturing and its contemporary regulatory insights. Discover 3139-2733 Sciences, 
7, 1057. https://doi.org/10.1007/s42452-025-07712-9

99. Domokos, A., Nagy, B., Szilágyi, B., Marosi, G., & Nagy, Z. K. (2021). [Article title 
not provided]. Organic Process Research & Development, 25(4), 721–739. 
https://doi.org/10.1021/acs.oprd.0c00504

100. Sakamoto, J. H., van de Ven, A. L., Godin, B., Blanco, E., Serda, R. E., Grattoni, A., 
Ziemys, A., Bouamrani, A., Hu, T., Ranganathan, S. I., De Rosa, E., Martinez, J. O., 
Smid, C. A., Buchanan, R. M., Lee, S. Y., Srinivasan, S., Landry, M., Meyn, A., 
Tasciotti, E., Liu, X., Decuzzi, P., & Ferrari, M. (2010). Enabling individualized 
therapy through nanotechnology. Pharmacological Research, 62(2), 57–89. 
https://doi.org/10.1016/j.phrs.2009.12.011

101. Babina, T., Fedyk, A., He, A., & Hodson, J. (2024). Artificial intelligence, firm 
growth, and product innovation. Journal of Financial Economics, 151, 103745. 
https://doi.org/10.1016/j.jfineco.2023.103745

102. Alemie, A. A., Siraj, E. A., & Yayehrad, A. T. (2025). Continuous 
pharmaceutical manufacturing and its contemporary regulatory insights. Discover 
Applied Sciences, 7, 1057. https://doi.org/10.1007/s42452-025-07712-9

103. Domokos, A., Nagy, B., Szilágyi, B., Marosi, G., & Nagy, Z. K. (2021). [Article title 
not provided]. Organic Process Research & Development, 25(4), 721–739. 
https://doi.org/10.1021/acs.oprd.0c00504

104. Sakamoto, J. H., van de Ven, A. L., Godin, B., Blanco, E., Serda, R. E., Grattoni, A., 
Ziemys, A., Bouamrani, A., Hu, T., Ranganathan, S. I., De Rosa, E., Martinez, J. O., 
Smid, C. A., Buchanan, R. M., Lee, S. Y., Srinivasan, S., Landry, M., Meyn, A., 
Tasciotti, E., Liu, X., Decuzzi, P., & Ferrari, M. (2010). Enabling individualized 
therapy through nanotechnology. Pharmacological Research, 62(2), 57–89. 
https://doi.org/10.1016/j.phrs.2009.12.011

105. Mehta, M., Bui, T. A., Yang, X., Aksoy, Y., Goldys, E. M., & Deng, W. (2023). ACS 
Materials Au, 3(6), 600–619. https://doi.org/10.1021/acsmaterialsau.3c00032

106. Młynarska, E., Bojdo, K., Frankenstein, H., Kustosik, N., Mstowska, W., 
Przybylak, A., Rysz, J., & Franczyk, B. (2025). Nanotechnology and artificial 
intelligence in dyslipidemia management cardiovascular disease: Advances, 
challenges, and future perspectives. Journal of Clinical Medicine, 14(3), 887. https://
doi.org/10.3390/jcm14030887

25

https://doi.org/10.1016/j.jfineco.2023.103745
https://doi.org/10.1007/s42452-025-07712-9
https://doi.org/10.1021/acs.oprd.0c00504
https://doi.org/10.1016/j.phrs.2009.12.011
https://doi.org/10.1016/j.jfineco.2023.103745
https://doi.org/10.1007/s42452-025-07712-9
https://doi.org/10.1021/acs.oprd.0c00504
https://doi.org/10.1016/j.phrs.2009.12.011
https://doi.org/10.1021/acsmaterialsau.3c00032
https://doi.org/10.3390/jcm14030887

	Keywords



