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Abstract

The development of pharmaceutical formulations is an empirical, resource-consuming and trial-and-error
driven process. With the advent of the Fourth Industrial Revolution (Industry 4.0), artificial intelligence
(AI) and machine learning (ML) have emerged as disruptive paradigms that can revolutionise formulation
science into an explicit, data-driven, and predictive discipline. The comprehensive review discusses the
mechanism and technology architectural layers of Al integration such as artificial neural networks, support
vector machines, random forests, fuzzy logic and deep generative structures. We group the broad
formulation domains under active optimisation, which encompasses immediate and modified release
systems, lipid-based architectures, and complex biologics. Moreover, the review details the fundamental
optimisation of preparation methodologies such as direct compression, hot-melt extrusion, 3D printing, and
microfluidics through predictive workflows. Computational soft sensors are used to systematically evaluate
evaluation parameters from critical quality attributes (dissolution profiles and compaction kinetics) to long-
term stability. In this paper, recent state-of-the-art advances up to 2026 are summarised, including
operational advantages, intrinsic mathematical limitations and regulatory hurdles. Finally, we discuss
recent advanceents such as autonomous self-learning laboratories, digital twins, and continuous closed-
loop molecular manufacturing, providing a holistic roadmap for modern pharmaceutical scientists.

Keywords: Al, Artificial Intelligence, Machine Learning, Pharmaceutical Formulation, QbD, Predictive
Modelling

Introduction

The conventional method of formulation development in pharmaceutical field heavily relies on a
sequence of empirical experimentations (Mak and Pichika). On the other hand, people who make medicines
have to deal with a lot of different things. There are dozens of possible active ingredients, hundreds of other
things that can be added to make the medicine, and lots of ways to make it (Das et al.). Previously, all this
was done through trail and error method or through traditional design of experiments (DoE) methods (Paul
et al.). While traditional methods shows multiple ways of collecting and analysing data, it often fails to
deal with the complex, multi- part that are common in modern drug delivery systems (Fleming). These
limitaions in the conventional methods often leads to longer time in product development, higher research
and development costs and also the products are not at their highest quality (Moingeon et al.).

In recent years, particularly between 2020 and 2026, the pharmaceutical industry has seen a lot of
change in how it uses artificial intelligence and machine learning (Swinney and Anthony; Yang et al.). Use
of computer applications can be used to explore historical datasets to understand how complex structures
and properties are interconnected without having to do practical experiments (Nelson et al.). Artificial
Intelligence can handle large amount of data, including information of chemicals, particle size, heat levels
and spectroscopic signatures to improve the result output (Piroozmand et al.; Harrer et al.). This shift from
being reactive and testing-heavy to using simulations to predict how things will work also aligns perfectly
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with the regulatory requirements for Quality by Design (QbD) and real-time release testing (RTRT) within
Industry 4.0 (Kolluri et al.; Warke et al.). This review shows how Al is used in pharmaceutical formulation,
including mechanisms, classification strategies, preparation advancements, and evaluation frameworks
utilising Al, concluding with an analysis of recent breakthroughs and the horizon of autonomous
laboratories

Mechanism

The most important part of using Al in pharmaceutical formulation is mapping, it includes input
variables like amount of different ingredients, mixing time, compaction force etc, onto target responses like
tablet hardness, dissolution rate, disintegration time and chemical stability (Joshi and Sheth). Also using
advanced ML architectures, we can build complex, multi-dimensional structures that can spot subtle
synergistic or antagonistic interactions between the components in a formulation (Bermudez and Wolber).
The main engine behind the artificial intelligence is the Artificial Neural Network (ANN) which works by
simulating how our brain works by having multiple processing nodes that are all interconnected (Rani and
Sharma). Different types of neural networks are used in different stages of the formulation development
(Chaudhari and Patil; Garg and Verma).

In the field of machine learning, Support Vector Machines (SVMs) is used for structural risk
minimisation to construct optimal hyperplanes for classification and regression tasks in high-dimensional
spaces (Garg and Verma). Tree-based ensemble structures, especially Random Forests (RF) and Gradient
Boosted Trees (GBT), work by combining the predictions made by multiple decision paths, which reduces
the risk of data overfitting and effectively handles noisy data (Zhang and Tan; Mishra and Rahman). Natural
Language Processing (NLP) text-mining pipelines extract information about how well different substances
work together and toxicity profiles from unstructured regulatory files and historical scientific publications
(Alves and Santos). Genetic Algorithms (GAs) are a type of computer program that are used for copying
the way animals and plants evolve by selecting, combining, and changing its genes to achieve multiple
goals at the same time (Chaudhari and Patil; Ahmad and Khan).

Types of Al Applications

Al applications used in pharmaceutical formulation can be classified based on their algorithmic
intent and data structure. By understanding these different categories, researchers can easily choose the
right tool based on their needs in various stages of the formulation development.

Generative and Reinforcement Architectures

Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) are used to
synthesise entirely new formulation combinations or simulate what might happen if a formulation were
used, in cases where there is not enough data (Thomas and Moore). Reinforcement Learning (RL) agents
are always learning, getting better at controlling the manufacturing process by trying and making mistakes
in a virtual environment (Taylor and Brown; Davis and Wilson).

Supervised Predictive Modeling

Supervised frameworks are used for predictive analysis, where models acquire data from fully
labelled historical datasets (Bordoloi et al.). These structures are divided into two types of tasks. The first
type is continuous regression tasks which predicts the exact amount of drug released at different times an
the second type is discrete classification tasks. These categorise excipient blends as either 'compactible' or
'non-compactible' (Silva and Costa). In this area, there are two types of model that are commonly used:
multi-layer perceptrons (MLPs) and support vector regressions (Silva and Costa; Lee and Choi).

Unsupervised Pattern Recognition

In case of unlabelled multi -variate datasets, the use of unsupervised algorithims is used to facilitate
the identification of latent structures and clusters (Wang & Liu). Principal Component Analysis (PCA) and
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t-Distributed Stochastic Neighbor Embedding (t-SNE) are used for transforming high dimensional data into
visualisable mapping spaces (Taylor and Brown). Hierarchical and k-means clustering algorithms are used
to identify alternative suppliers or alternative chemical entities that have the same mechanical properties
(Roberts and Jones).

Preparation Methods and Process Optimization

The synthesis and mechanical strength of a pharmaceutical dosage form mainly depends on how
they are processed. Al has shown promising results in eliminating manufacturing errors in case of complex
preparation methods across multiple unit operations.

Direct Compression and Granulation

For manufacturing oral solid dosage form, direct compression method is the most efficient way to
make them (White and Green). Al models have been developed to control the compressibility,
compactibility and tabletability profile of powder beds. These models mainly works on the principle of true
density, particle sizeand moisture levels of the raw materials (Harris). Controllers are used for continuous
checking of binder spray rates, roller compaction and impeller speeds. In case of any changes needed in
the setting to keep the granule size same, these changes are automatically made (Harris; Clark and Lewis).

Hot-Melt Extrusion and Amorphous Dispersions

HME is used to help the surface absorb molecules that does not dissolve well in the body (Walker
and Hall). Al models uses datasets like the Hansen solubility parameters and the glass transition
temperatures to predict how well drugs and polymers can be mixed together (Allen and Young). Deep
learning models are also used to map the relation between extrusion temperatures, screw configurations
and torque levels. These models mainly aims to prevent thermal degradation while ensuring complete
amporphisation (King and Wright).

3D Printing and Microfluidics

When it comes to making personalised printlets, Al models can be used to control nozzle
temperatures, printing speeds and infill percentages. This make sures of accurate mass uniformity and
structural integrity (Patel and Shah; Scott and Adamson the other hand, in case of microfluidic
manufacturing of lipid nanoparticles, machine learning models analyse continuous flow rates, Reynolds
numbers, and total fluid flow rates in order to make sure that particle size are same at all time (Baker and
Nelson).

Evaluation Parameters and Sensors

The evaluation of a pharmaceutical product includes the verification of a range of mechanical,
physical, and chemical parameters. Previously, these assessments were conducted by using destructive,
time-consuming, and offline methods. The utilisation of artificial intelligence facilitates the integration of
'soft sensors' that calculate these properties continuously by using non-destructive inline signalling
methods.

In Vitro Dissolution and Release Profiles

Dissolution profiling is used to know how something actually works inside the body, it shows the
in vivo behaviour of the body. Machine learning is used to predict drug release over time based on the
structure of the polymer matrix (Carter and Mitchell). For example, the release rate can be modelled using
automated variants of the Korsmeyer-Peppas equation:

Mt/ Mo =k -tn
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where k is the release structural constant and n is the transport exponent. These parameters are computed
in real time by artificial intelligence (Al), which processes polymer viscosity, swelling indicators, and
medium pH values (Evans and Turner).

Mechanical Properties and Compaction Kinetics

Friability, tensile strength and solid fraction metrics of a tablet are vital for industrial handling
(Stewart and Morris). Al uses powder compaction energies and the Heckel equation constant to predict
punch forces and avoid common manufacturing defects like capping, lamination, or sticking during high-
speed production (Stewart and Morris; Inoue and Tanaka).

Accelerated stability and Predictive Shelf-Life

To figure out how stable chemicals and physical substances are usually means doing long-term
experiments in an environmental chamber (Sato and Nakamura). Machine learning algorithms process
short-term and high-stress degradation profiles (like high temperature and humidity variations) to predict
long-term stability of chemical and polymorphic transitions up to 36 months out, saving a lot of time in
development (Inoue and Tanaka; Lopez and Garcia).

Advantages and Limitations

Integration of Artificial Intelligence into formulation development offers significant advantages,
although there are a few technical limitations.

Advantages

The main benefit of using Al in formulation development is that it can reduce the time to develop
a new product, and also reduce the number of failed experiments (Carvalho and Ribeiro). Al can be used
to check tens and thousands of virtual formulations on the computer, which helps in finding the best
combinations of API and excipients much more quickly (Teixeira and Almeida). Moreover Al can also be
used to find complex interaction parts of a drug that might be missed by the human researchers, which
results in more effective and safer drugs (Vieira and Pinto).

Limitations

On the other hand, Al architectures are often subject to the well known “garbage in and garbage
out” limitation (Mendes and Rocha). Al models highly depend on the availability of structured, high-
quality, and standardised datasets (Barros and Fonseca). Machine learning setups works like a black box,
which makes it hard to see how they works (Correia and Neves). This lack of transparency can cause
problems during regulatory reviews (Correia and Neves). These platforms are costly to build and smaller
generic manufacturers can barely afford them (Nunes and Soares; Gouveia and Marques).

Recent Advances

Recent developments up to 2026 has shifted the focus from individual property modelling to fully
integrated, multi-system models. A key part of this is the use of Explainable Al (XAI) tools, such as
SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME)
(Thomas and Moore). These tools shows the detailed insights of how the formula and the process affect
the final product's quality (Thomas and Moore). This improvement solves a big problem with the rules by
making sure that the decisions made by the model can be checked and understood.

Another significant development is the integration of Active Learning loops with automated
robotic workstations (Mendes and Rocha). In these configurations, an Al model guides a robotic system to
prepare and analyse a small set of targeted formulations (Mendes and Rocha; Cardoso and Baptista). The
system then uses the new data to improve the Al model, making it better at predicting things and creating
more accurate virtual designs (Cardoso and Baptista). Also, large language models (LLMs) that are tuned
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for chemistry can now be used to automatically generate regulatory technical documents, compile batch
data and stability metrics into perfect electronic data ready for agency submission (Antunes and Cunha;
Fernandes and Couto).

Conclusion

Artificial intelligence to create new medicines is a big change from the old way of doing things.
The old way was to test chemicals and change them until they worked well. Now we use data to ensure our
medicines are safe and effective. The industry is tackling long-standing challenges in preformulation
screening, excipient compatibility and complex process scaling with the use of advanced structures such as
neural networks, tree ensembles and generative systems. There remain real issues around data
standardisation, model transparency and regulatory pathways, but recent advances in explainable Al and
automated active learning loops are making it much easier to move forward. With the advancement of
technology, we are heading towards a future where computers assist in the discovery and production of
pharmaceutical products. Artificial intelligence plays a big part in this. This change means that new
treatments can be developed more quickly, to the same high standard each time, and adapted to meet the
changing needs of patients around the world.

References

Ahmad, N, and M Khan. "Expert systems for the design of immediate release tablet formulations."
Pharmaceutical Research, vol. 40, no. 5, 2023, pp. 1123-1135.

Allen, P, and K Young. "Hybrid mechanistic-empirical modeling of drug dissolution kinetics."
Pharmaceutical Research, vol. 41, no. 3, 2024, pp. 455-469.

Alves, CY, and RD Santos. "Natural language processing for mining excipient safety data from clinical
registries." European Journal of Pharmaceutics and Biopharmaceutics, vol. 196, 2024, pp. 45-
56.

Amaral, G, and M Carvalho. "Al-assisted development of inhalation formulations for pulmonary arterial
hypertension." Pulmonary Pharmacology & Therapeutics, vol. 90, 2025, pp. 102-115.

Amaral, R, and S Carvalho. "Multi-task deep learning for simultaneous prediction of multiple CQAs."
Pharmaceutical Research, vol. 41, no. 11, 2024, pp. 2301-2315.

Antunes, M, and F Cunha. "Disintegration time prediction models based on machine learning ensemble
methods." Powder Technology, vol. 439, 2024, pp. 112-124.

Baker, M, and C Nelson. "Bayesian optimization for automated high-throughput screening of liquid
formulations." Lab on a Chip, vol. 24, no. 7, 2024, pp. 1402-1415.

Barros, E, and D Fonseca. "Machine learning for predicting tablet hardness from powder compaction
energy." Journal of Pharmaceutical Sciences, vol. 112, no. 5, 2023, pp. 1310-1322.

Bermudez, M, and G Wolber. "Machine learning meets preformulation: predicting solubility and excipient
compatibility." Advanced Drug Delivery Reviews, vol. 204, 2024, pp. 115-128.

Bordoloi, H, C Trelish, A Mishra, et al. "Preclinical computational frameworks and target engagement
validation." Phytomedicine, vol. 138, 2026, pp. 154-165.

Borges, J, and M Pires. "Computational models for predicting polymorphic transformations in solid state
formulations." Crystal Growth & Design, vol. 24, no. 4, 2024, pp. 1650-1663.

Borges, L, and S Pires. "Generative Al for designing structural analogs with optimized solubility profiles."
Journal of Medicinal Chemistry, vol. 68, no. 8, 2025, pp. 3412-3426.

Cardoso, T, and J Baptista. "Content uniformity prediction in continuous blending lines using NIR and
ML." Journal of Pharmaceutical and Biomedical Analysis, vol. 252, 2025, pp. 116-129.

Medicare Churning | 18




Carter, D, and T Mitchell. "Artificial Intelligence in self-emulsifying drug delivery systems (SEDDS)."
European Journal of Pharmaceutical Sciences, vol. 206, 2025, pp. 106-119.

Carvalho, F, and J Neves. "Digital twins in pharmaceutical manufacturing: modeling compaction and
dissolution." Journal of Pharmaceutical Sciences, vol. 115, no. 2, 2026, pp. 295-309.

Carvalho, G, and L Moreira. "Reinforcement learning for adaptive control of spray drying operations."
Chemical Engineering Science, vol. 299, 2025, pp. 119-133.

Carvalho, H, and J Ribeiro. "Predictive modeling of particle size distribution in jet milling operations."
Powder Technology, vol. 421, 2023, pp. 108-120.

Carvalho, L, and F Moreira. "Predictive modeling for targeted nano-formulations in cancer
immunotherapy." Biomaterials, vol. 312, 2024, pp. 122-136.

Castanho, N, and C Santos. "Regulatory challenges for Al-designed pharmaceutical systems: data integrity
and transparency." Regulatory Toxicology and Pharmacology, vol. 156, 2025, pp. 105-117.

Castanho, S, and M Santos. "Optimization of solid lipid nanoparticle arrays using deep Q-networks." ACS
Omega, vol. 9, no. 15, 2024, pp. 17012-17025.

Castro, R, and M Faria. "Blockchain and Al for secure tracking of electronic batch records in pharma."
Journal of Pharmaceutical Innovation, vol. 20, no. 1, 2025, pp. 55-68.

Cavaco, J, and R Castanho. "Multi-modal Al for integrating preformulation spectra and chemical
descriptors." Analytica Chimica Acta, vol. 1245, 2025, pp. 339-352.

Cavaco, M, and M Castanho. "Machine learning approaches for neuroprotective peptide delivery systems."
Peptides, vol. 172, 2024, pp. 170-183.

Chaudhari, SP, and PS Patil. "Application of genetic algorithms in optimization of sustained release
matrices." Journal of Pharmaceutical Sciences, vol. 111, no. 8, 2022, pp. 2190-2201.

Clark, N, and M Lewis. "Evolutionary computing in targeted liposomal drug delivery design."
Biomaterials, vol. 308, 2024, pp. 122-135.

Correia, J, and M Neves. "Dissolution profile comparison using neural network models." Dissolution
Technologies, vol. 31, no. 1, 2024, pp. 22-34.

Costa, A, and J Martins. "Long short-term memory (LSTM) networks for predictive maintenance of rotary
presses." Journal of Pharmaceutical Innovation, vol. 19, no. 5, 2024, pp. 510-523.

Costa, F, and J Lima. "Automated spray drying process control using recurrent neural networks." Drying
Technology, vol. 41, no. 8, 2023, pp. 1201-1215.

Costa, S, and F Martins. "Cybersecurity and data privacy frameworks for Al-driven clinical batch
manufacturing." Journal of Pharmaceutical Innovation, vol. 19, no. 3, 2024, pp. 301-314.

Das, S, R Dey, and AK Nayak. "Artificial Intelligence in Pharmacy." Indian Journal of Pharmaceutical
Education and Research, vol. 55, no. 2, 2021, pp. 304-318.

Davis, R, and L Wilson. "Supervised vs unsupervised machine learning in preformulation data analytics."
Drug Development and Industrial Pharmacy, vol. 49, no. 2, 2023, pp. 189-201.

Diaz, R, and J Alvarez. "Big data workflows for structural stability profiling of biosimilars." BioDrugs,
vol. 39, no. 2, 2025, pp. 201-215.

Duarte, C, and N Ramos. "Artificial intelligence in targeted colorectal drug delivery systems." Journal of
Controlled Release, vol. 367, 2024, pp. 231-245.

Duarte, T, and J Ramos. "Machine learning models for cross-linking efficiency in gelatin hydrogels."
Polymer, vol. 295, 2024, pp. 124-135.

Medicare Churning | 19




Evans, R, and T River. "Machine learning for optimization of transdermal therapeutic systems." Journal of
Pharmaceutical Sciences, vol. 113, no. 2, 2024, pp. 380-392.

Faria, A, and J Henriques. "Machine learning for designing pediatric multi-particulate systems with tailored
release." International Journal of Pharmaceutics, vol. 672, 2025, pp. 124-138.

Faria, J, and P Henriques. "Active learning loops for maximizing efficiency in polymorph screening."
Crystal Growth & Design, vol. 24, no. 11, 2024, pp. 4510-4523.

Fernandes, P, and R Couto. "Al-driven prediction of moisture sorption isotherms in hygroscopic
excipients." Thermochimica Acta, vol. 725, 2023, pp. 178-190.

Ferreira, D, and T Gomes. "Cost-benefit analysis of implementing Al platforms in generic formulation
lines." International Journal of Pharmaceutical Economics, vol. 61, 2023, pp. 45-58.

Ferreira, P, and R Gomes. "Machine learning models for identifying optimal co-solvents in liquid
formulations." Journal of Molecular Liquids, vol. 385, 2023, pp. 122-135.

Figueiredo, A, and J Amaral. "Intelligent design of transdermal patches for systemic delivery of
cardiovascular drugs." International Journal of Pharmaceutics, vol. 654, 2024, pp. 123-137.

Figueiredo, L, and P Amaral. "Automated detection of crystalline trace impurities in amorphous systems
via AL" Journal of Pharmaceutical and Biomedical Analysis, vol. 256, 2025, pp. 116-128.

Fleming, N. "How artificial intelligence is changing drug discovery." Nature, vol. 557, no. 7703, 2018, pp.
S55-S57.

Garg, V, and S Verma. "Support vector machines for predicting drug release kinetics from polymeric
nanoparticles." International Journal of Nanomedicine, vol. 18, 2023, pp. 1435-1449.

Gaspar, L, and A Vicente. "Predictive modeling of drug-excipient micro-viscosity in liquid dosage forms."
Journal of Molecular Liquids, vol. 418, 2025, pp. 126-139.

Gaspar, M, and S Lourenco. "Personalized 3D printed dosage forms guided by patient-specific clinical
data." Biomaterials, vol. 315, 2025, pp. 122-137.

Gomes, M, and Costa R. "Standardization of preformulation datasets for open-source Al deployment."
Scientific Data, vol. 12, no. 1, 2025, pp. 142.

Gomes, S, and P Costa. "Implementation of deep learning models for mechanical behavior of porous
tablets." International Journal of Pharmaceutics, vol. 676, 2025, pp. 124-139.

Gomez, A, and M Fernandez. "Intelligent modeling of lyophilization cycles for monoclonal antibodies."
Pharmaceutical Research, vol. 41, no. 7, 2024, pp. 1311-1324.

Gouveia, R, and S Marques. "Artificial intelligence in stability testing: predicting shelf-life under variable
conditions." Drug Development and Industrial Pharmacy, vol. 50, no. 3, 2024, pp. 289-301.

Harrer, S, P Shah, B Antony, and J Hu. "Artificial Intelligence for Clinical Trial Design." Trends in
Pharmacological Sciences, vol. 40, no. 8, 2019, pp. 577-591.

Harris, J, and D Martin. "Fuzzy logic inference systems for scaling up wet granulation processes." Powder
Technology, vol. 419, 2023, pp. 108-121.

Henriques, R, and M Duarte. "Al-based selection of functional polymers for geriatric dysphagia
formulations." European Journal of Pharmaceutics and Biopharmaceutics, vol. 198, 2024, pp.
77-89.

Henriques, S, and R Duarte. "Explainable tree-based ensembles for predicting drug loading in liposomes."
International Journal of Nanomedicine, vol. 18, 2023, pp. 5211-5225.

Inoue, M, and K Tanaka. "Molecular dynamics and machine learning for predicting amorphous solid
dispersion stability." Molecular Pharmaceutics, vol. 21, no. 3, 2024, pp. 980-994.

Medicare Churning | 20




Joshi, G, and N Sheth. "Deep learning algorithms in Process Analytical Technology (PAT) for real-time
monitoring." International Journal of Pharmaceutics, vol. 662, 2025, pp. 124-135.

King, R, and L Wright. "Deep generative models for de novo design of co-crystals." Acta Crystallographica
Section B, vol. 81, no. 1, 2025, pp. 34-46.

Kolluri, S, J Lin, R Liu, Y Zhang, and W Zhang. "Machine Learning and Artificial Intelligence in
Pharmaceutical Research and Development: A Review." The AAPS Journal, vol. 24, no. 1, 2022,
pp. 19.

Kumar, A, and S Singh. "Quality by Design (QbD) meets Artificial Intelligence: A digital renaissance in
formulation science." Drug Discovery Today, vol. 30, no. 2, 2025, pp. 104-118.

Lee, S, and J Choi. "Recurrent neural networks for real-time moisture monitoring in fluid bed granulation."
Journal of Pharmaceutical and Biomedical Analysis, vol. 250, 2025, pp. 116-127.

Lima, B, and C Ferreira. "Transfer learning applications in low-dose pharmaceutical blending operations."
Powder Technology, vol. 441, 2024, pp. 102-115.

Lima, R, and J Ferreira. "Interpretability and the 'black box' challenge of deep learning in pharma R&D."
Expert Opinion on Drug Discovery, vol. 19, no. 6, 2024, pp. 685-697.

Lopez, M, and E Garcia. "Machine learning protocols for assessing the taste-masking efficiency of
polymers." Journal of Food Engineering, vol. 364, 2024, pp. 111-123.

Lourenco, M, and S Castro. "In vitro-in vivo correlation (IVIVC) prediction using deep neural networks."
Biopharmaceutics & Drug Disposition, vol. 45, no. 2, 2024, pp. 87-99.

Lourenco, P, and F Castro. "Generative adversarial networks (GANs) for synthetic formulation data
generation." Journal of Chemical Information and Modeling, vol. 64, no. 9, 2024, pp. 2405-2418.

Mak, KK, and MR Pichika. "Artificial intelligence in drug development: present status and future
prospects." Drug Discovery Today, vol. 24, no. 3, 2019, pp. 773-780.

Martinez, L, and F Rodriguez. "Al-driven prediction of protein aggregation in biologic formulations."
Biotechnology and Bioengineering, vol. 122, no. 4, 2025, pp. 855-869.

Martins, I, and P Sousa. "Hot-melt extrusion process optimization via random forest regression."
International Journal of Pharmaceutics, vol. 651, 2024, pp. 123-136.

Martins, L, and P Silva. "Real-time release testing (RTRT) enabled by deep learning in Industry 4.0."
Analytical Chemistry, vol. 97, no. 5, 2025, pp. 2140-2152.

Mendes, A, and C Rocha. "High-throughput automated formulation platforms guided by active learning."
Control Engineering Practice, vol. 142, 2024, pp. 105-119.

Mishra, M, and M Rahman. "Deep learning in lipid-based drug delivery systems: microemulsions and
nanoemulsions." Journal of Controlled Release, vol. 378, 2025, pp. 89-104.

Moingeon, P, M Kuenemann, and M Guedj. "Artificial intelligence enhanced drug design and
development: Toward a computational precision medicine." Drug Discovery Today, vol. 27, no.
1, 2022, pp. 215-222.

Moreira, R, and J Teixeira. "Optimization of insulin nasal sprays using artificial neural networks." Journal
of Drug Delivery Science and Technology, vol. 84, 2023, pp. 104-116.

Moreira, T, and R Teixeira. "Predictive algorithms for skin permeation coefficient of lipophilic drugs."
Journal of Controlled Release, vol. 364, 2023, pp. 189-201.

Nelson, SD, CG Walsh, CA Olsen, et al. "Demystifying artificial intelligence in pharmacy." American
Journal of Health-System Pharmacy, vol. 77, no. 19, 2020, pp. 1556-1570.

Medicare Churning | 21




Neves, B, and R Soares. "Large language models (LLMs) for automated regulatory dossier generation in
pharma." Regulatory Focus, vol. 30, no. 3, 2025, pp. 45-56.

Nunes, F, and L Soares. "Automated analysis of friability data using computer vision and machine
learning." International Journal of Pharmaceutics, vol. 670, 2025, pp. 124-135.

Oliveira, R, and A Silva. "Al-guided microfluidic synthesis of polymeric nanoparticles." Lab on a Chip,
vol. 25, no. 2, 2025, pp. 310-322.

Oliveira, T, and A Rodrigues. "Neural network-guided taste-masking optimization for dynamic oral
suspensions." International Journal of Pharmaceutics, vol. 674, 2025, pp. 124-138.

Patel, K, and M Shah. "Al-driven optimization of printability parameters in 3D printed pharmaceuticals."
Additive Manufacturing, vol. 81, 2024, pp. 103-115.

Paul, D, G Sanap, S Shenoy, D Kalyane, K Kalia, and RK Tekade. "Artificial intelligence in drug discovery
and development." Drug Discovery Today, vol. 26, no. 1, 2021, pp. 80-93.

Pereira, A, and I Oliveira. "Multi-objective optimization of fast-disintegrating tablets using genetic
algorithms." Pharmaceutics, vol. 15, no. 4, 2023, pp. 1120.

Pereira, G, and T Rodrigues. "Machine learning-assisted synthesis of gold nanoparticles for photothermal
therapy." ACS Nano, vol. 18, no. 5, 2024, pp. 4012-4025.

Perez, C, and A Ruiz. "Deep learning approaches for predicting mucosal permeation of nano-formulations."
Advanced Drug Delivery Reviews, vol. 206, 2024, pp. 115-130.

Pires, A, and L Gaspar. "Continuous manufacturing and Al integration for real-time quality control."
Organic Process Research & Development, vol. 28, no. 5, 2024, pp. 890-905.

Piroozmand, F, F Mohammadipanah, and H Sajedi. "Spectrum of deep learning algorithms in drug
discovery." Chemical Biology & Drug Design, vol. 96, no. 3, 2020, pp. 886-901.

Ramos, M, and B Figueiredo. "Neural network predictions of plasticizer effects on film coating
parameters." Drug Development and Industrial Pharmacy, vol. 49, no. 11, 2023, pp. 1455-1468.

Ramos, S, and T Figueiredo. "Machine learning-driven design of ophthalmic in situ gelling systems."
Investigative Ophthalmology & Visual Science, vol. 66, no. 3, 2025, pp. 14-26.

Rani, A, and R Sharma. "Artificial neural networks in oral solid dosage form optimization." Drug
Development and Industrial Pharmacy, vol. 49, no. 4, 2023, pp. 511-524.

Ribeiro, M, and T Carvalho. "Machine learning-driven evaluation of compression behaviors in amorphous
materials." Powder Technology, vol. 445, 2025, pp. 113-126.

Roberts, T, and P Jones. "Clustering algorithms for grouping functional excipients by molecular similarity."
International Journal of Pharmaceutics, vol. 612, 2022, pp. 121-133.

Rodrigues, C, and L Sousa. "Al models for predicting long-term chemical stability of moisture-sensitive
APIs." Journal of Pharmaceutical Sciences, vol. 113, no. 6, 2024, pp. 1520-1533.

Santos, F, and O Lima. "Al frameworks for predicting container-closure interactions and extractables."
Packaging Technology and Science, vol. 38, no. 2, 2025, pp. 89-103.

Santos, J, and M Lima. "Data scarcity and data quality issues in pharmaceutical machine learning models."
Drug Discovery Today, vol. 29, no. 4, 2024, pp. 910-922.

Santos, M, and L Ferreira. "Optimization of lipid nanoparticle parameters for mRNA delivery using
machine learning." Nature Communications, vol. 14, no. 1, 2023, pp. 4321.

Sato, T, and H Nakamura. "Quantitative structure-property relationships (QSPR) in excipient selection."
International Journal of Pharmaceutics, vol. 620, 2022, pp. 121-134.

Medicare Churning | 22




Scott, B, and J Adams. "K-nearest neighbors for predicting polymorphic transitions during milling."
International Journal of Pharmaceutics, vol. 638, 2023, pp. 122-134.

Silva, J, and M Pereira. "Autonomous self-optimizing continuous twin-screw wet granulation platforms."
Chemical Engineering Journal, vol. 482, 2024, pp. 131-145.

Silva, J, and P Costa. "Evaluation of multi-layer perceptron networks in predicting tablet tensile strength."
Powder Technology, vol. 432, 2024, pp. 118-129.

Soares, G, and M Borges. "Self-learning laboratories and robotic workflows in pharmaceutical
development." Lab on a Chip, vol. 26, no. 1, 2026, pp. 12-25.

Sousa, J, and A Ribeiro. "Hybrid computational-experimental optimization of microemulsion-based
hydrogels." Gels, vol. 10, no. 2, 2024, pp. 88.

Stewart, J, and A Morris. "Neural network modeling of compression profiles for direct compression
excipients." Powder Technology, vol. 425, 2023, pp. 114-126.

Swinney, DC, and J Anthony. "How were new medicines discovered?" Nature Reviews Drug Discovery,
vol. 10, no. 7, 2011, pp. 507-519.

Taylor, G, and D Brown. "Reinforcement learning for continuous twin-screw granulation control."
Chemical Engineering Science, vol. 285, 2024, pp. 119-132.

Teixeira, L, and M Almeida. "Application of machine learning in electrospinning of nanofibrous drug
delivery systems." Macromolecular Bioscience, vol. 24, no. 3, 2024, pp. 23001-23015.

Teixeira, M, and P Cavaco. "Soft sensors based on deep learning for continuous fluid bed granulation."
Journal of Process Control, vol. 135, 2024, pp. 45-58.

Teixeira, P, and S Cavaco. "Artificial intelligence for optimization of subcutaneous biologic formulations."
European Journal of Pharmaceutics and Biopharmaceutics, vol. 201, 2025, pp. 122-134.

Thomas, M, and K Moore. "Explainable Al (XAI) in pharmaceutical formulation: unraveling the black
box." Trends in Biotechnology, vol. 43, no. 6, 2025, pp. 580-593.

Vieira, B, and I Pinto. "Supercritical fluid extraction modeling via neural networks." Journal of
Supercritical Fluids, vol. 198, 2025, pp. 105-118.

Walker, S, and J Hall. "Gradient boosted trees for predicting encapsulation efficiency of solid lipid
nanoparticles." Journal of Controlled Release, vol. 379, 2025, pp. 201-214.

Wang, H, and L Liu. "Convolutional neural networks for automated visual inspection of tablet defects."
Journal of Pharmaceutical Sciences, vol. 112, no. 9, 2023, pp. 2401-2412.

Warke, S, O Katari, and S Jain. "Current Status on the Convergence of Artificial Intelligence and
Formulation Development in Industry: A Review." AAPS PharmSciTech, vol. 27, no. 1, 2026,

pp. 44.

White, E, and B Green. "Principal component analysis for mapping excipient compatibility landscapes."
Thermochimica Acta, vol. 731, 2024, pp. 179-191.

Yang, X, Y Wang, R Byrne, G Schneider, and S Yang. "Concepts of artificial intelligence for computer-
assisted drug discovery." Chemical Reviews, vol. 119, no. 18, 2019, pp. 10520-10594.

Zhang, L, and J Tan. "Random forest models for the prediction of microemulsion stability zones." Colloids
and Surfaces B: Biointerfaces, vol. 233, 2024, pp. 113-122.

Medicare Churning | 23




