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Artificial Intelligence (AI) is becoming an important decision-support technology in
pharmaceutical formulation development. Conventional formulation work often relies
on repeated experiments to identify suitable compositions and processing conditions,
which can require substantial time, materials, and specialist effort. Machine Learning
(ML), Deep Learning (DL), Artificial Neural Networks (ANNs), and knowledge-based
systems can learn from formulation data, predict product performance, and help
prioritize experiments. Current applications include preformulation, excipient selection,
tablet and controlled-release development, nanoparticle and liposomal systems, stability
assessment, Quality by Design (QbD), Process Analytical Technology (PAT), and
personalized dosage forms. Al can also support process monitoring and more efficient
development strategies. However, practical implementation depends on data quality,
appropriate validation, model interpretability, regulatory expectations, and continued
human oversight. The most useful role of Al is therefore complementary: it can extend
the analytical capacity of formulation scientists while leaving scientific interpretation
and final development decisions under expert control

INTRODUCTION

and-error experiments can become labor-intensive
and resource intensive.!

The pharmaceutical industry continually seeks
safer and more effective medicines while reducing
development time, cost, and experimental burden.
Traditional formulation development relies
heavily on laboratory trials and the experience of
formulation scientists. Because many variables
must be optimized simultaneously, repeated trial-

Recent advances in Artificial Intelligence (Al)
have introduced a data-driven approach to this

process. Al systems can examine large
experimental datasets, identify relationships
among formulation variables, and provide
predictions before a new formulation is

manufactured. This does not remove the need for
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laboratory work; instead, it can help scientists
decide which experiments are most informative
and which formulation regions deserve closer
investigation.>

The growing availability of pharmaceutical
databases, computing resources, and cloud-based
platforms has encouraged wider use of machine-
learning methods. Historical data can be used to
estimate properties such as dissolution, stability,
excipient performance, and manufacturing
outcomes.> Al also complements Quality by
Design (QbD) by helping researchers examine
relationships among Critical Material Attributes
(CMAs), Critical Process Parameters (CPPs), and
Critical Quality Attributes (CQAs).*

Al is now being investigated across conventional
and advanced dosage forms, including tablets,
sustained-release systems, nanoparticles,
liposomes, liquid formulations, and other delivery
platforms.>® At the same time, issues involving
data quality, validation, interpretability, regulatory
acceptance, and implementation remain important
barriers to routine industrial adoption.’

2. Fundamentals of Artificial Intelligence

Artificial Intelligence refers broadly to computer
systems that perform tasks associated with

learning, reasoning, prediction, or decision-
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making.® In formulation research, Al is mainly
used to analyze experimental information, predict
product behavior, optimize variables, and reduce
unnecessary experimentation.’

The main approaches discussed in pharmaceutical
formulation include Machine Learning, Deep
Learning, Artificial Neural Networks, and expert
systems. ML and DL are especially useful when
several formulation and process variables interact
and the underlying relationships are difficult to
describe with simple rules.'°

2.1 Machine Learning (ML)

Machine Learning is a branch of Al in which
algorithms learn patterns from existing data and
use those patterns to make predictions for new
observations.!! In formulation development, ML
can be used to estimate dissolution, stability,
effects, and other quality-related
outcomes from previous experiments.'?

excipient

Supervised learning uses labelled observations to
predict a defined outcome; unsupervised learning
searches for patterns or groups without a
predefined target; and reinforcement learning
improves decisions through feedback.!! The
choice of method should reflect the formulation
question, the available data, and the level of
validation required.
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Figure 1-Overview of the role of machine learning in pharmaceutical developmen

2.2 Deep Learning (DL)

Deep Learning uses multilayer neural networks to
represent complex and  high-dimensional
relationships. Compared with conventional ML,
DL can learn useful features from complex inputs
with less manual feature engineering."> In
pharmaceutical formulation, applications include
prediction of stability and dissolution, particle
characteristics, CQAs, image-based inspection,
and advanced drug-delivery performance.!*

Table 1. Comparison of Machine Learning and Deep Learning.

* Neural Networks

* Ensemble methods

« Solubility prediction * Better decision

| making
- . Drug release optimization - _
* Personalized
« Formulation design medicine

+ Process optimization

Ao m

[13-15]
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Deep-learning models generally need more data
and computational resources than simpler ML
approaches. Their value is greatest when the
dataset and problem are sufficiently complex to
justify the additional modelling effort. High
predictive performance should therefore be
considered together with validation and
interpretability rather than as the only measure of
model quality.'®

11,13-15

Feature Machine Learning Deep Learning
Data requirement Moderate Large
Human feature selection Usually required Often automated
Training time Shorter Longer

Typical formulation use

Formulation optimization,
Dissolution prediction

Stability prediction, image
analysis, advanced drug
delivery
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2.3 Artificial Neural Networks (ANNSs)

Artificial Neural Networks are computational
models inspired by interconnected biological
neurons. They can learn nonlinear relationships
between multiple formulation inputs and product
characteristics.!® This feature is useful when
several material and process variables influence
the same quality attribute at the same time.!”

ANN:-based approaches have been used to predict
drug-release profiles, tablet
formulations, estimate nanoparticle size, assess
stability, optimize
conditions.”® When validated properly, these
models can help reduce experimental workload
and focus laboratory effort
formulations.

optimize

and manufacturing

18

on promising

2.4 Expert Systems

Expert systems use a knowledge base and
predefined rules to support decisions. Unlike many
ML models, they do not automatically learn from
new observations; instead, they apply structured
knowledge supplied by experts.!” In formulation
work, such systems can assist with excipient
selection, identification of formulation problems,
process decisions, and quality-risk assessment.?’

2.5 Why AI Is Important in Formulation
Development

Modern formulations involve drug properties,
excipient concentrations, manufacturing methods,
and processing conditions that may interact in

INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES

complex ways. Al can rapidly analyze
experimental  datasets, identify influential
variables, estimate formulation performance, and
help prioritize experiments.?!?> The practical
benefit is not simply faster computation; it is the
ability to examine a larger experimental decision
space before committing resources to laboratory
trials.

3. Al in
Development

Pharmaceutical Formulation

Al is being explored across the formulation
workflow,  from  preformulation  through
manufacturing. Data-driven models can be used to
predict product behavior and optimize variables
before extensive experimental testing.?>>* Major
applications include preformulation, excipient
selection, tablet capsule development,
controlled-release  systems, nanotechnology,
stability prediction, QbD, PAT, and liquid dosage
forms.

and

3.1 Al in Preformulation Studies

Preformulation establishes the physicochemical
foundation for dosage-form design. Important
properties include solubility, stability, particle
size,  polymorphism, and  drug—excipient
compatibility.”> Al can analyze earlier
experiments and estimate these properties before
large experimental campaigns are started.
Applications  include solubility prediction,
compatibility assessment, stability estimation,
polymorph prediction, and selection of suitable
dosage forms.?
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Figure 2. Al-assisted preformulation workflow for pharmaceutical product development.?>2

3.2 Al in Excipient Selection

Excipients influence stability, dissolution,
manufacturability, and patient acceptability.
Traditionally, selection has depended substantially
on formulation experience and experimental
screening. Al can compare previous formulation
data and identify = promising
combinations.?” This can support faster screening,
improved formulation stability, better release

and fewer unsuccessful

excipient

characteristics,
development cycles.?8

3.3 Al in Tablet Formulation Development

Tablets remain widely used because of their
convenience and stability. Their development
requires coordinated selection of excipients and
manufacturing variables such as granulation
method, compression force, and coating
conditions.?” ML models can use previous batches
to predict tablet characteristics and in-vitro

performance, supporting formulation
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optimization.>® Recent work has also examined
prediction of disintegration-related parameters for

fast-disintegrating tablets.’!

Potential benefits include optimization of
excipient concentration, prediction of dissolution
behavior, improved  consistency,  shorter

development timelines, and lower experimental
workload.

3.4 Al in Controlled-Release Formulations

Controlled-release systems are designed to deliver
drug gradually over an extended period. Their
development involves optimization of polymers,
drug concentration, and processing conditions.>?
Al models can learn relationships between these
variables and release profiles, allowing researchers
to screen before
performing a large number of experiments.*’
Applications include polymer selection, matrix-
tablet optimization, extended-release design, and
process optimization.

promising  formulations
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3.5Al in Nanoparticle Formulation

Nanoparticle systems can improve delivery,
solubility, bioavailability, and targeting, but their
properties are strongly influenced by formulation
and process variables.** Al models can predict
particle size, entrapment efficiency, zeta potential,
drug loading, and release behavior.>> Recent
formulation research further supports the use of
ML for nanoparticulate design, optimization, and
characterization.**

3.6 Al in Liposomal Drug Delivery

Liposomes are phospholipid-based vesicles whose
performance depends on lipid composition,
cholesterol content, vesicle size, and preparation
conditions.*® Machine-learning methods can help
estimate how these variables influence liposomal
characteristics and can support optimization of
lipid composition, entrapment efficiency, stability,
release, and scale-up.’’” Recent work has also
considered ML for lipid nanoparticle formulation
and process development.®

3.7 Al in Stability Prediction

Stability testing is essential for estimating shelf
life and storage conditions, but conventional
studies require long observation periods under
multiple environmental conditions.** Al can learn
from historical stability data and identify patterns
associated with degradation.*® Potential uses
include shelf-life estimation, moisture sensitivity
thermal stability prediction,
and

analysis,
photostability  assessment, packaging
decisions. Al predictions should complement,

rather than replace, conventional stability studies.
3.8 Al in Quality by Design (QbD)

QbD aims to build quality into a pharmaceutical
product and process through systematic
understanding of material and  process

INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES

relationships.*! Al can accelerate this analysis by
examining large datasets and identifying variables
that have important effects on product quality. ML
can support assessment of relationships among
CMAs, CPPs, and CQAs, strengthening
formulation optimization and risk assessment.*?

3.9 Al in Process Analytical Technology (PAT)

PAT supports timely measurement and control of
pharmaceutical processes and quality attributes.*
When Al is combined with PAT data, ML models
can assist with process monitoring, prediction,
detection, and  optimization.**

include blend-uniformity

anomaly
Applications
monitoring, granulation endpoint detection, tablet
compression, coating,
manufacturing.*> Recent work in oral solid-dosage
manufacturing emphasizes predictive
modelling and real-time process optimization.*

and continuous

also

3.10 Al in Personalized Medicine

Personalized medicine seeks to tailor treatment to
individual ~ patient  requirements.  Patient
characteristics can influence drug response and
dose requirements.*’ Al can support development
of individualized dosage forms, personalized
combinations, Al-assisted 3D-printed medicines,
and precision delivery systems.** These
applications may eventually connect formulation
design with patient-specific needs more closely

than conventional one-size-fits-all dosage forms.

4. Advantages of Al in Pharmaceutical

Formulation Development

Al can accelerate formulation development by
rapidly examining experimental data and
predicting performance, potentially reducing the
number of iterative laboratory trials.>*>! It can also
estimate dissolution, stability, release, and other
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quality attributes and help identify influential
variables.

Reduced experimentation can lower material
laboratory ~ workload,  and
development cost.>? At the same time, data-driven

consumption,

optimization can support reproducibility and more
consistent product quality.>
encourage exploration of novel
strategies and advanced drug-delivery systems.’

Al may also

formulation
4

5. Challenges and Limitations of AI in
Pharmaceutical Formulation Development

Despite its  potential, successful Al
implementation depends on reliable data,
appropriate model selection, sufficient

computational resources, and rigorous validation.’
5.1 Data Availability and Quality

Al  models need sufficiently
representative, and well-organized training data.

Pharmaceutical datasets may be small, incomplete,

accurate,

heterogeneous, or generated under different
laboratory conditions. Such differences can limit
model generalization and may introduce
misleading relationships.>

5.2 Regulatory Challenges

Pharmaceutical Al applications  require
appropriate validation, documentation,

transparency, and scientific justification before

routine use.>

Regulatory expectations become
particularly important when a model influences

product quality or manufacturing decisions.
5.3 Model Interpretability

Complex models, particularly some deep-learning
systems, can behave like black boxes.’® Limited
transparency can reduce confidence in predictions
and make scientific review more difficult.

INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES

Explainable-Al approaches can help researchers
understand influential inputs, but explanations
should still be interpreted within the limitations of
the model and dataset.

5.4 High Initial Investment

Implementation may require software,
computational infrastructure, data-management
systems, and personnel with both pharmaceutical
and data-science expertise. These requirements
can increase the initial investment, especially for
organizations with limited digital infrastructure.

5.5 Dependence on Human Expertise

Al can process information and generate
predictions, but formulation scientists remain
essential for experimental design, interpretation,
risk  assessment, development
decisions.!” Overfitting is another concern: a
model may perform well on training data but fail
on genuinely new formulations. Independent
validation and appropriate test datasets are
therefore necessary.

and final

6. Future Perspectives

Future formulation programs may increasingly
combine Al with digital twins, explainable Al,
cloud computing, robotics, automated
experimentation, and continuous manufacturing.’’
Digital-twin  concepts virtual
representation of development or manufacturing
systems, although their practical value will depend
on data quality and model validation.>®

may allow

Self-driving laboratories are another emerging
direction. In such workflows, an Al system can
propose experiments, laboratory automation can
execute them, and the results can be fed back to the
model for the next cycle.’” The most realistic near-
term role is not complete autonomy but a tighter
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learning loop between computational prediction
and experimental evidence.

Recent formulation-focused work also points
toward broader Al support for dosage design,
precision delivery, and personalized
manufacturing.9962%  Good  implementation
practice requires clear problem definition, curated
datasets, validation,  uncertainty

assessment, transparent documentation, and
61.64.65

external

human review.
7. CONCLUSION

Artificial Intelligence is becoming a useful
complementary technology in pharmaceutical
formulation development. ML, DL, ANNs, and
expert  systems support  prediction,
optimization, decision-making  across
preformulation, excipient selection, tablets,
controlled release, nanoparticles, liposomes,
stability, QbD, PAT, and personalized delivery.

can
and

The value of Al lies in extending the analytical
capacity of formulation teams rather than
replacing scientific expertise. Data quality, model
interpretability, validation, regulatory acceptance,
and computational infrastructure remain important
limitations.

With well-curated datasets and appropriate human
oversight, Al can help formulation scientists
more options, reduce unnecessary
experimentation, and make development decisions
more efficiently. Future progress will depend on

explore

collaboration among formulation scientists, data
scientists, manufacturing teams, and regulatory
stakeholders.
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