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ARTICLE INFO ABSTRACT
Publ1shed:.29 SEEL A Solid dosage forms, tablets, capsules, pellets, and powders, remain the most widely
Ke}.lwo'rds. ) manufactured medicines worldwide, yet their development has long relied on slow, trial-
Artificial Intelligence,

and-error experimentation that contributes to the 10—15 year, multi-billion-dollar cost
of bringing a new drug to market. This review examines how artificial intelligence (Al)
and machine learning (ML) are reshaping solid dosage formulation across its full
lifecycle. The review surveys documented applications spanning pre-formulation
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screening, formulation design, manufacturing process control, dissolution and stability
modeling, analytical method development, and emerging generative Al approaches,
supported by published results demonstrating high predictive and detection accuracy.
Real-world case studies, including Pfizer’s Al-assisted oral formulation work, a Merck
convolutional neural network for tablet coating-defect detection, and autonomous
formulation platforms such as Intrepid Labs, demonstrate that these methods have
moved from research promise toward industrial deployment. The review then examines
the data-related, model-related, regulatory, industry, and ethical challenges still limiting
broader adoption, including proprietary data scarcity, black-box interpretability, and a
regulatory landscape only beginning to formalize Al-specific validation requirements
through the FDA’s 2025 draft guidance and the FDA-EMA’s January 2026 joint guiding
principles. Future directions considered include federated learning for cross-industry
data sharing, explainable Al for regulatory-ready models, digital twins for end-to-end
manufacturing, and Al-guided 3D printing for personalized dosage forms. Rather than
replacing the formulation scientist, AI/ML is reshaping that role, and this review
concludes that closing the remaining gap depends less on further technical advances
than on coordinated progress among academia, industry, and regulators.
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INTRODUCTION

1.1 Overview of Solid Dosage Forms

(Tablets, Capsules, Pellets, Powders)

Solid dosage forms, such as tablets, capsules,
pellets, and powders, are commonly used in
pharmaceutical drug delivery because of their
stability, convenience, accurate dosing, and ease
of manufacturing. Tablets and capsules are the
most common oral solid forms, while pellets offer
multiarticulate and modified-release capabilities.

A. Tablet

They are made by compressing drug and other
ingredients into a small solid unit. Some tablets
release medicine quickly, while others release it
slowly over time. A few are made to dissolve in
the mouth without water, and some are coated to
protect the drug or hide its taste. [1]

B. Capsule

Capsules are medicines packed inside a shell,
usually made of gelatin or a plant-based material.
Hard capsules usually contain powders or pellets,
while soft capsules often contain liquids or oily
medicines. [2]

C. Pellets

Pellets are tiny spherical particles of medicine.
They are often filled into capsules or compressed
into tablets. A major advantage is that pellets can
be coated differently, so medicine can be released
at different times. This makes them very useful for
modified-release products. [3]

D. Powders

Powders are finely divided medicines that may be
taken directly, mixed with water, or used
externally on the skin. They are simple to prepare
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and can be useful for children or older patients
when flexible dosing is needed. [4]

1.2 Traditional formulation development:
limitations and time/cost burden

For decades, pharmaceutical scientists have
navigated formulation development largely by
intuition and iteration adjusting excipient ratios,
tweaking mixing durations, and varying
compression forces across batch after batch until
an acceptable formulation was obtained. The cost
of this approach goes well beyond the laboratory.
failed
experiments, skilled technicians spend weeks on
repetitive testing, and critical problems such as
low bioavailability or poor stability often surface
only after months of effort. With industry

Raw materials are consumed in

benchmarks placing the average timeline at 10-15
years and costs exceeding one billion dollars, the
inefficiencies embedded in traditional workflows
represent a structural problem that the sector can
no longer afford. [5],[6],[7]

1.3 The rise of AI/ML sciences

In formulation, ML models suggest the best
excipient ratios and processing conditions based
collected experimental data,
reducing the need for repeated trial batches. In
Al-powered sensors monitor

on previously

manufacturing,
processes in real time and catch deviations early.
Even supply chains now use predictive algorithms
to prevent shortages and manage inventory
smartly. [8],[9] The financial case is undeniable.
Al-driven improvements are projected to unlock
between $350 billion and $410 billion in annual
value across the pharmaceutical and biotech
sectors, largely by compressing timelines and
reducing failure rates. Generative Al, in particular,
is being described as a once-in-a-generation
opportunity for the industry, with the potential to
design entirely new drug candidates from
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scratch.[10],[11] Rather than manually screening
hundreds of formulations or running repetitive
stability checks, researchers now guide and
interpret Al-assisted workflows, bringing their
scientific judgment to bear on problems the model
cannot solve alone. [12]

1.4 Scope and objectives of the review

Solid dosage formulation has always demanded a
careful balance getting the appropriate drug, and

Scope

» Solid dosage forms:
*» Tablets, Capsules,
* Pellets, Powders

delivery profile, delivered in the right way. For
years, achieving that balance meant running
experiment after experiment until something
worked. The review traces how Al and machine
learning are being used at every stage, starting
from the earliest pre-formulation decisions about
solubility and excipient compatibility, moving
through formulation design and manufacturing,
and stretching all the way to stability prediction
and quality control.

Al/ML Application Stages

-

Preformulation —»  Stability & QC

Formulation & j

Preformulation —» Manufacturing

o s
Introduce core Al/ML Show concrete Future outleok
concepts applications
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Figure 1 Framework for AI/ML Integration Solid Dosage Forms

2. FUNDAMENTALS
RELEVANT TO
FORMULATION

OF AI AND ML
PHARMACEUTICAL

Al and Machine Learning (ML) help in this
industries by analysing large amounts of drug and
formulation data.
They predict how different ingredients will behave
and help select the right combination and
quantities.
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AI/ML can also predict properties such as drug
stability, solubility, release rate, and effectiveness.
This makes formulation development faster, more
accurate, and less dependent on trial-and-error
experiments.

2.1 Key AI/ML concepts

2.1.1 Supervised, and

reinforcement learning

unsupervised,
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Table 2 Supervised Learning Full Overview

Point Definition / Description
Definition A learning paradigm where the model is trained on labeled input-output pairs, learning a
mapping function to predict outputs for new, unseen inputs. [13]
Working The algorithm minimizes error between predicted and actual labeled outputs using a loss
Principle function (e.g., cross-entropy, MSE) through iterative optimization. [14]
Key Support Vector Machine (SVM), Random Forest, Decision Trees, Gradient Boosting
Algorithms (XGBoost), Artificial Neural Networks (ANN), Deep Neural Networks (DNN)
Task Types | Classification (e.g., active/inactive compound) and Regression (e.g., predicting drug release
%)[13]
Pharma Predicting drug-excipient compatibility from physicochemical descriptors to avoid
Application formulation instability
1
Pharma ADME/Tox prediction training DNNs on molecular fingerprints to predict absorption,
Application distribution, metabolism, excretion, and toxicity. [15]
2
Table 3 Unsupervised Learning Full Overview
Point Definition / Description
Definition A learning paradigm that works on unlabeled data, allowing the model to discover hidden
patterns, structure, or groupings without predefined output categories. [16]
Working The model minimizes an internal criterion (e.g., intra-cluster variance, reconstruction error)
Principle without any external labels it self-organizes data representations. [16]
Key K-Means Clustering, Hierarchical Clustering, Principal Component Analysis (PCA), t-SNE,
Algorithms Autoencoders (AE), Variational Autoencoders (VAE), Self-Organizing Maps (SOM)
[17]
Task Types Clustering (grouping similar formulations), Dimensionality Reduction (compressing feature
space), Anomaly Detection (identifying process deviations)[17]
Pharma Formulation design space clustering grouping formulations by dissolution behavior or stability
Application using K-Means, supporting QbD (Quality by Design) approaches[17]
1
Table 4 Reinforcement Learning Full Overview
Point Definition / Description
Definition A learning paradigm where an agent learns to make sequential decisions by
interacting with an environment, receiving rewards for desirable outcomes
and penalties for undesirable ones. [15]
Working Principle The agent follows a policy (\pi(a
Key Algorithms Q-Learning, Deep Q-Network (DQN), Proximal Policy Optimization (PPO),
SARSA, Actor-Critic Methods, Recurrent Neural Network (RNN)-based policy
networks. [18]
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Task Types Sequential decision-making, process optimization, adaptive experimental
design, iterative molecular generation. [15]
Pharma Application De novo drug design RL agents generate novel molecules by sequentially adding
1 atoms/fragments, rewarded for drug-likeness (Lipinski's rules), potency, and
selectivity

2.1.2 Deep learning and neural networks

Deep learning is an advanced form of neural
network modeling that uses multiple hidden layers
to learn more complex patterns from large
datasets. It is useful for solubility prediction,
stability assessment, spectroscopy analysis, and
tablet defect detection. These models can reduce
trial-and-error work and improve formulation
screening, but they still need good data, proper
validation, and interpretability before they can be
used confidently
[191,[20],[21]

Neural networks are used to model complex

in regulated development.

relationships between formulation variables and
product performance. Artificial neural networks
(ANNSs) have been applied to predict dissolution
behavior, optimize drug-excipient ratios, and
support  quality-by-design-based  formulation
development by defining process parameter limits.
They are useful when the effect of ingredients and
processing conditions is non-linear and difficult to
describe with simple equations.[22],[23]

2.1.3 Natural language processing (NLP)

Natural language processing (NLP) is used to
extract useful information from unstructured
such as research articles, patents,
regulatory labels, and technical reports. It helps
identify process  parameters,

sources

excipients,
formulation  strategies, and  drug-related
relationships from large volumes of text, which
makes literature mining and knowledge gathering
much faster and more efficient. [24],[25]

NLP is also useful for supporting formulation
decisions and development planning. This is
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valuable for tasks such as drug-excipient
information extraction, stability data review, and
identifying formulation trends across published

studies. [26]

2.1.4 Genetic algorithms and evolutionary
computing

Genetic algorithms and evolutionary computing
are used to optimize difficult problems such as
formulation composition, lead selection, and
process parameters. They are based on repeated
cycles of selection, crossover, and mutation, which
help them search a large solution space and move
toward better designs over time.[27]

They are especially useful in drug and formulation
development because they can handle multiple
objectives at once, such as improving potency
while reducing toxicity, or improving tablet
hardness while maintaining fast disintegration.
This makes them valuable for de novo drug design,
optimization of formulation variables, and other
non-linear problems where traditional methods are
less effective. [28]

2.2 Data Types Used in Formulation Science

2.2.1 Physicochemical properties (solubility,
particle size, polymorphism)

Physicochemical properties are the measurable
characteristics of a drug substance that strongly
influence how it behaves during formulation and
after administration. In preformulation studies, the
most important physicochemical properties
include  solubility,  particle and
polymorphism, because these factors directly

size,
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affect dissolution, stability, bioavailability,
manufacturability, and the overall performance of
the dosage form. [29]

Solubility refers to the amount of drug that can
dissolve in a given solvent and is one of the most
critical factors controlling absorption and
bioavailability. Particle size influences surface
wetting, dissolution rate,

so reducing particle

area, and content
uniformity,
improves the performance of poorly soluble drugs.

Polymorphism means that the same drug substance

size often

can exist in more than one crystalline form, and
each form may show different melting point,
solubility, stability, and dissolution behavior. [30]

2.2.2. Excipient databases

Excipient databases are organized collections of
about ingredients. In
formulation development, they help scientists
choose suitable excipients by providing data on

information Inactive

prior use, acceptable routes of administration,
dosage forms, and safety-related information. [31]
The most important example is the FDA Inactive
Ingredient Database (IID), which lists inactive
ingredients present in FDA-approved drug
products and can be used to support excipient
selection during development. Other useful
resources include Pharma Excipients. [32]

2.2.3 Process and

controls

parameters in-process

Process parameters are the controllable conditions
used during pharmaceutical manufacturing, such
as temperature, pressure, speed,
compression force, granulation time, and coating
conditions. In solid dosage formulation, these
parameters strongly influence critical quality
attributes like hardness, disintegration,
dissolution, content uniformity, and stability.[33]
In-process controls (IPCs) are the tests and checks

mixing

carried out during manufacturing to ensure that the
process remains within the desired limits.[34

2.2.4 Clinical and in vivo data

Clinical and in vivo data are one of the data types
used in formulation science. It means data
collected from animal studies and human clinical
studies that show how a formulation behaves in the

body, especially for safety, bioavailability,
pharmacokinetics, and product performance.
[35],[36]

Clinical and in vivo data are importantbecause
they provide direct evidence of how a drug product
performs in biological systems. Such information
is valuable for comparing formulations, supporting
dose selection, and understanding.

Data Types Used in Formulation Science

Physicochemical
Properties
+ Solubility
« Particle size
* Polymophism

Process
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Figure 2 From Physicochemical Properties to Therapeutic Response: A Machine Learning Framework for
Formulation Development
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3. APPLICATIONS OF AI/ML IN SOLID
DOSAGE FORMULATION

AI/ML can help in solid dosage formulation by
predicting the right combination and quantity of
ingredients such as drug, binder, and disintegrant.
They can optimize tablet properties like hardness,
dissolution, flowability, and stability.
Al can also predict manufacturing problems such
as poor compression or tablet defects before
production.

This reduces trial-and-error, saves time and cost,
and improves the quality of tablets and capsules.

3.1 Pre-formulation Studies

Pre-formulation studies are done before
developing the final dosage form to understand the
physical, chemical, and biopharmaceutical
properties of the drug.
They include tests such as solubility, pH, melting
point, particle size, hygroscopicity, dissolution,
powder flow, and polymorphism.

3.1.1 Drug-excipient compatibility prediction

Drug—excipient compatibility prediction is a key
part of pre-formulation because it helps identify
possible interactions before a formulation is
finalized. If a drug and excipient are incompatible,
the product may show reduced stability, poor
manufacturability, or changes in performance.
Traditionally, formulators rely on analytical
methods such as DSC, FTIR, NMR,
chromatography, and accelerated stability studies
to evaluate these risks.[37],[38]

In recent years, artificial intelligence and machine
learning have offered a faster and more data-
driven way to study compatibility. For example,
DE-INTERACT used PubChem fingerprints and a
curated collection of more than 3,500 drug-—
excipient instances to build a predictive model,
showing that molecular data can be used to
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estimate interaction risk. In another study,
PharmDE was developed as a rule-based expert
system using 532 data items collected from 228
articles and 60 interaction rules, which shows that
knowledge-based methods can also support

compatibility assessment.[39],[40]

3.1.2 Polymorphism and salt form screening

Polymorphism and salt form screening are
essential steps in preformulation because they help
identify the most suitable solid form of an API
before development begins. A single drug
substance may exist in multiple crystalline forms,
and each form can differ in stability, solubility,
hygroscopicity, and manufacturability, which
makes early screening important for product
performance and process selection. [41],[42]

Salt screening is used to improve properties such
as dissolution behavior, chemical stability, and
crystallinity, while polymorph screening helps
detect alternate solid-state forms that may appear
during development or storage. Even after a
promising salt is selected, polymorphism can still
occur, so both evaluations are usually needed to
reduce development risk and support robust

formulation design. [42],[43].

3.1.3 Solubility and permeability prediction
(ADMET modeling)

Solubility and permeability prediction are core
parts of ADMET modeling because they help
estimate how well a compound dissolves and
crosses biological membranes before extensive
laboratory testing. [44] Modern ADMET
platforms provide models for aqueous solubility,
biorelevant solubility, pKa, logP, logD, and
several permeability endpoints such as Caco-2
permeability, human effective permeability,
MDCK permeability, skin permeability, and
blood-brain barrier penetration. For example,
ADMET Predictor reports models for water
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solubility, simulated GI fluid solubility, and
permeability-related endpoints. [45],[46] One
study found that ADMET Predictor gave good
predictions for LogD and was useful for
categorizing permeability and metabolic stability,
tool, ADMET-Print,
combined prediction with explainability so users
could see which molecular features affected
solubility and membrane permeability.[47]

while another online

3.1.4 API physicochemical characterization

API physicochemical characterization is the
systematic evaluation of an active pharmaceutical
ingredient to define the properties that influence
formulation, processing, stability, and
performance. It usually includes identification of
solid-state form, particle size, solubility, stability,
flow behavior, and related molecular or biological
attributes.[48],[49]

This characterization is important because APIs
can exist in different crystalline or amorphous
states, and each form may show different melting
point, solubility, dissolution rate, hygroscopicity,
and stability. [50]

3.2 Formulation Design and Optimization

Formulation design and optimization means
selecting the right ingredients, their quantities, and
processing conditions for a drug product.
AI/ML can predict properties like hardness,
dissolution, stability, and drug release, reducing
trial-and-error and helping find the best
formulation faster.

3.2.1 Excipient selection using ML classifiers

Excipient selection using ML classifiers is a data-
driven approach that predicts which excipients are
most likely to work well with a given drug product
before extensive laboratory screening.[51]

For small-molecule such as DE-INTERACT use

molecular fingerprints and artificial neural
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networks to classify drug excipient compatibility
as likely acceptable or risky. A newer stacking
model combined Mol2vec and 2D molecular
descriptors and reported strong performance, with
accuracy 0.98, precision 0.87, recall 0.88, AUC
0.93, and MCC 0.86, and it detected 10 of 12
incompatible validation cases. [51]

3.2.2 Design of Experiments (DoE) augmented
with Al

DoE provides the structured framework for
studying factor effects, while Al helps analyze
patterns in the data, predict outcomes, and suggest
the most informative next experiments.[52],[53]

This approach is useful for optimizing excipient
concentration, granulation conditions,
compression force, coating parameters, and
dissolution behavior. Al-assisted DoE can reduce
the number of experiments needed, save time and
materials, and make the optimization process more

efficient. [53],[54]
3.2.3 Quality by Design (QbD) integration

QbD helps researchers link formulation variables
and process parameters with critical quality
attributes such as assay, dissolution, hardness, and
stability. This reduces trial-and-error
improves consistency between batches, and makes
scale-up and regulatory submission more robust.
[55],[56]

It is especially useful in solid dosage development
because it supports better understanding of
excipient behavior, process limits, and acceptable
operating ranges.[57]

work,

3.2.4 Formulation of BCS Class Il & IV drugs
(solubility enhancement)

BCS Class II and IV drugs are often difficult to
develop because they show poor aqueous
solubility, and Class IV compounds also have low
permeability. To improve their oral absorption and
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bioavailability, formulators use approaches such
as particle size reduction, salt formation, pH
adjustment, solid dispersions, cyclodextrin
complexes, self-emulsifying systems, and lipid-
based formulations.[58],[59]

These solubility-enhancement
commonly  supported by  characterization
techniques such as PXRD, DSC, and SEM to
confirm successful formulation changes. Overall,
these approaches help make poorly soluble drugs

methods are

more suitable for effective dosage form
development.[60]

3.2.5 Fixed-dose combination product
development

Fixed-dose = combination  (FDC)  product

development involves combining two or more
active drugs into a single dosage form to improve
convenience and treatment adherence.[61 |

The main challenges in FDC formulation are dose
balance, compatibility between the drugs and
excipients, stability, and achieving proper
dissolution from the final product. Because each
active ingredient may behave differently, the
formulation often needs careful optimization to

make sure both drugs work effectively
together.[62]

3.3 Manufacturing Process Optimization

Manufacturing process optimization means
improving the process conditions and parameters
used to  produce a  drug  product.
AI/ML can help optimize factors like mixing time,
compression force, drying temperature, and speed
product and reduce
manufacturing errors.

to improve quality

3.3.1 Wet granulation and dry granulation
process control

In wet granulation, control often centers on liquid

addition rate, mixing time, impeller speed,
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kneading, moisture level, and granule consistency,
while in dry granulation the main variables are roll
pressure, roll gap, roll speed, feed rate, ribbon
density, and milling conditions.[63]

For wet granulation, process monitoring may use
power consumption, moisture probes, temperature
probes, or near-infrared sensors to track the end
point and scale-up behavior. For dry granulation,
strategies often rely on
measurement of ribbon density, mass flow, and
granule size distribution, especially in roller
compaction systems.[64]

control in-line

3.3.2 Tablet compression prediction of
hardness, friability, disintegration

Tablet compression influences hardness, friability,
and disintegration because compression force
changes how tightly particles bond and how much
porosity remains in the tablet.higher compression
force increases hardness and lowers friability, but
it can also slow down disintegration if the tablet
becomes too dense.[65],[66]

Predictive studies have shown that tablet hardness
can be estimated from NIR-based chemometric
models, with one report giving an R? of 0.925 for
predicted versus actual hardness. Friability has
also been modeled from mechanical properties,
and one study showed that it can be predicted
accurately enough to support formulation

optimization. [67],[68]

3.3.3 Coating process
coating, enteric coating)

optimization (film

In film coating, the most important variables
usually include spray rate, atomization pressure,
inlet air temperature, bed temperature, pan speed,
and droplet size, because these directly affect
coating efficiency and film quality.[69],[70]

For enteric coating, the process must also ensure
that the polymer layer is strong enough to resist
gastric fluid but still dissolves in intestinal pH.
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This means controlling coating thickness, spray
rate, drying conditions, and plasticizer level so the
tablets remain intact in acid but release properly

later.[71]

3.3.4 Continuous manufacturing real-time

process monitoring

Continuous manufacturing uses real-time process
monitoring to keep production running within the
desired quality range instead of checking only at
the end. It relies on sensors, data analytics, and
process analytical technology (PAT) to track
critical process parameters and critical quality
attributes as the process runs.[72],[73]

3.3.5 Powder blending and mixing uniformity
prediction

Powder blending and mixing uniformity
prediction is used to estimate whether an API and
excipients will distribute evenly throughout a
blend before compression or encapsulation. This is
important because poor mixing can cause content
non-uniformity, segregation, and variability in
tablet strength or dose.[74]

Prediction methods often combine material
attributes such as particle size, density, flow
behavior, and moisture sensitivity with process
variables like mixing speed, time, and blender
design. Recent machine-learning work showed
that blend uniformity can be predicted from a large
industrial dataset, and one neural-network model
achieved an R? of 0.9919, showing strong ability

to capture nonlinear blending behaviour.[75],[76]

Process parameters and
in-process controls
Wet Granulation Tablet Compression
Dry 7 Tablet kCoaﬁng;roc;si }
liquid addition rate Granulation Compression | Optimization |
mixing time 3 e
impeller speed I tablet hardness } spray rate
moisture level l ‘ roll pressure AlML-based monitoring ————— inlet air temperature

=1 roll gap i and prediction | ey — ‘
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e ‘ ribbon density | Y ‘ Disintegration ==t

Powder Blending/Mixing Con(il;uous batch ::i?;;o\::z

Uniformity Prediction " Manufacturing |~ consistency ¢ improved product quality
blending time QbD support

Figure 3 Machine learning Enhanced Process Optimization and Control Strategy for Pharmaceutical for
Solid Dosage Manufacturing

3.4 Dissolution and Drug Release Modeling

Dissolution and drug release modeling studies how
quickly and how much a drug is released from a
dosage form.
AI/ML can predict drug release rates and
dissolution profiles, helping researchers design
formulations with the desired release pattern.
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3.4.1 In vitro dissolution profile prediction

In vitro dissolution profile prediction is used to
estimate how a tablet or capsule will release drug
over time before running repeated laboratory tests.
It is important because dissolution strongly affects
bioavailability, product performance, and the

ability to compare formulations during
development.[77],[78]
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Prediction methods include empirical models,
artificial neural networks, spectroscopy-based
approaches, and multivariate modeling from
coating or formulation data. Recent studies show
that coating quality attributes and spectroscopic
signals such as Raman, NIR, OCT, and terahertz
data can be used to predict dissolution behavior
with useful accuracy.[79],[80]

3.4.2 In vitro—in vivo correlation (IVIVC)
modelling

An in vitro—in vivo correlation (IVIVC) model is
a predictive mathematical relationship between a
dosage form. It is wused to predict human
performance from dissolution data and can reduce
the need for repeated bioequivalence studies.[81]
The most common form is Level A IVIVC, which
gives a point-to-point link between dissolution and
absorption, while Level B and Level C give
weaker statistical relationships.[82]

I

3.4.3 Modified/controlled release formulation
optimization

Modified and controlled-release formulation
optimization focuses on designing a dosage form
that releases the drug at the desired rate and for the
desired duration. The aim is to keep plasma levels
within the therapeutic window, improve patient

compliance, and reduce

frequency.[83],[84]

Optimization usually involves changing polymer
type, polymer concentration, compression force,
coating level, and matrix structure to control
diffusion, membrane
permeability. QbD and DoE are commonly used to
identify the most important variables and build a

dosing

swelling, erosion, or

robust design space for sustained or extended
release.[85
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3.5 Analytical Method Development

Analytical method development involves creating
methods to identify, measure, and test the quality
of a drug.
AI/ML can help optimize analytical conditions and
improve the accuracy, speed, and reliability of
drug testing.

3.5.1 Near-infrared (NIR) spectroscopy + ML
for blend uniformity

Near-infrared (NIR) spectroscopy combined with
machine learning is used to monitor blend
uniformity in real time during powder blending.
This approach helps determine whether the API is
evenly distributed in the blend without stopping
the process for repeated sampling and laboratory
testing.[86]

NIR provides spectral data linked to blend
composition, while ML or multivariate models
such as PLS, PCA, random forest, or neural
networks convert that data into predictions of
uniformity or blend endpoint. In one study, a PLS
calibration model tracked API content during
blending across 67 production-scale batches and
supported the determination of the blend
uniformity endpoint. A newer ML study reported
very strong prediction performance for blend
uniformity, with an R? of 0.9919 using a feed-
forward neural network.[87]

3.5.2 Raman spectroscopy for tablet content
analysis

Raman spectroscopy is a rapid, nondestructive
technique for tablet content analysis and content
uniformity testing, especially when transmission
Raman is used to sample the bulk of the tablet. It
has been validated for quantifying APIs in whole
tablets and can also be applied to low-dose and
multi-API products, making it useful for quality
control in solid dosage manufacturing.[88]
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Raman methods are often paired with
chemometric models such as PLS to convert
spectral data into accurate content predictions.
Studies have shown good agreement with
reference methods like HPLC, and one
transmission Raman application reported an R? of

0.997 with low prediction error for tablet
assay.[89]

3.5.3 Computer vision for tablet defect
detection

Computer vision is increasingly used for tablet
defect detection because it can inspect tablets
quickly and automatically during manufacturing.
Deep learning systems can identify defects such as
chipping, breaking, color
speckling, sticking, picking, and surface abrasion
from tablet images.[90]

These methods usually rely on cameras or digital
microscopes, followed by image processing and
neural-network-based classification or object
detection. Recent studies showed that computer
vision can detect defects with high precision, and
one approach combined Faster R-CNN with
deterministic image analysis to quantify sticking,
picking, chipping, and abrasion without false
negatives. Another study used CNN-based tablet
inspection to identify defective tablets before
blister packing, helping reduce wastage and
improve quality control.[91]

non-uniformity,

3.5.4 Process Analytical Technology (PAT)
integration

Process Analytical Technology (PAT) integration
is a science-based approach to monitoring and
controlling pharmaceutical manufacturing in real
time. It uses in-line, on-line, or at-line analytical
tools to track critical process parameters and
connect them with critical quality attributes so that
product quality is built into the process rather than
checked only at the end.[92]
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The main benefit of PAT integration is improved
control, reduced waste, shorter cycle times, and
support for real-time release testing. It is especially
valuable in modern pharmaceutical development
because it strengthens QbD, and
regulatory confidence.[93]

scale-up,

3.6 Stability Prediction

Stability prediction helps determine how long a
drug product remains safe, effective, and stable
during storage.
AI/ML can predict the effects of temperature,
humidity, and time on drug stability, reducing the
need for lengthy stability studies.

3.6.1 Accelerated stability study data modelling

Accelerated stability study data modeling uses
data collected under elevated temperature and
humidity conditions to predict how a drug product
will behave during long-term storage. This
approach helps estimate shelf life, identify
degradation trends earlier, and reduce the time
needed for conventional stability studies.[94]

A common approach is to fit degradation data with
kinetic models such as zero-order or first-order
kinetics and then wuse  Arrhenius-based
relationships  to  extrapolate  stability at
recommended storage conditions. More advanced
methods, such as accelerated predictive stability
and ASAP-style modeling, use temperature and
relative humidity as predictors to calculate
degradation rate constants and forecast when a
product will reach specification limits.[95]

3.6.2. Prediction of degradation pathways

Prediction of degradation pathways is used to
anticipate how a drug or chemical may break down
under stress, storage, or environmental
conditions.This helps identify likely degradants
early and supports forced-degradation studies,
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impurity profiling, and stability-indicating method
development.[96]

Most pharmaceutical pathway prediction systems
use expert-rule knowledge bases combined with
structural  alerts to  suggest  probable
transformations such as oxidation, hydrolysis,
dealkylation, dimerization, and photodegradation.
Zeneth is a well-known system for predicting
forced degradation pathways, and benchmarking
studies showed that its predictive coverage
improved as the knowledge base expanded, with
observed degradant prediction rising from 31% to
54% over time.[97]

3.6.3 Shelf-life estimation wusing Al-driven
models

Shelf-life estimation using Al-driven models uses
data from storage studies to predict how long a
product will remain within specification. These
models can combine temperature, humidity, time,
and degradation measurements to forecast product
stability more quickly than traditional trial-based
methods.[98]

Common Al approaches include artificial neural
networks,  regression-based  models, and
accelerated predictive stability frameworks such
as ASAP. These methods can capture nonlinear
degradation behaviour and help estimate when a
product will reach its failure limit or shelf-life
endpoint.[99]

3.7 Generative Al in Formulation Discovery

Generative Al can help create and explore new
drug formulations by suggesting suitable drugs
and
It can generate formulation options and predict
their properties and performance, making
formulation discovery faster and reducing trial-
and-error experiments.

excipients.
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3.7.1 Generative adversarial networks (GANs)
for novel formulation design

Generative adversarial networks (GANs) can be
used for novel formulation design because they
learn patterns from existing data and then generate
new candidate structures or composition ideas.
This makes them useful for exploring new
molecules, formulations, or design spaces more
quickly than trial-and-error experimentation.[ 100]
A GAN works with two networks: a generator that
creates new outputs and a discriminator that
checks how realistic those outputs are. By
competing with each other, the model can produce
candidates that resemble valid pharmaceutical
designs while still introducing new combinations

that may not have been tested
experimentally.[101

3.7.2 Large language models (LLMs) for
literature mining and formulation suggestion

Development, large language models (LLMs) are
being explored as tools for literature mining,
formulation suggestion, and decision support
across the drug development pipeline. Recent
reviews note that LLMs can help extract patterns
from biomedical literature, assist with protocol
generation, and support formulation-related tasks
such as predicting excipient interactions,
solubility, stability, and process risk.[102]

LLMs are most useful when they are guided by
domain-specific data and expert oversight. A study
showed that fine-tuned LLMs could recommend
excipients for fused deposition modeling
formulations and predict filament properties from
a dataset of over 1,400 formulations, but it also
showed that model choice and parameter tuning
strongly affect performance. Another line of work
suggests that LLMs can act as ‘“virtual
instruments” for drug formulation by encoding
formulation metadata into structured prompts,
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which may help with early-stage composition

design. [103],[104

3.7.3 Autonomous formulation platforms (self-
driving labs)

Autonomous formulation platforms, or self-
driving labs, combine robotics, automation, and Al
to run a closed loop of experiment design,
execution, and optimization with
minimal

formulation, this can speed up screening, reduce

analysis,

human intervention. or materials

trial-and-error, and help identify better excipient

combinations conditions

quickly.[105]
These platforms are especially promising for
complex development tasks where many variables

or process more

interact, but they still require high-quality data,
careful validation, and human oversight to ensure
reliable and regulator-ready decisions.[106

4. A/ML TOOLS AND PLATFORMS USED
IN SOLID DOSAGE DEVELOPMENT

4.1 Commercial software (MODDE, JMP,
Simca)

These three are commercial statistical and data

analytics  software packages  widely used,
formulation optimization, and  process
development:

Integration: SIMCA 13 can directly communicate
with MODDE 9 by exporting scores, enabling a
"quality by design" solution.

Table S Commercial statistical and data analytics software

Software Primary Purpose Developer Key Applications in Pharma
MODDE | Design of Experiments (DoE) Sartorius (formerly Experimental design &
Sartorius Stedim Data optimization for product/process
Analytics) development,qualitycontrol,
R&D. [107]
JMP Statistical discovery & JMP (subsidiary of SAS Data preparation, statistical
predictive analytics Institute) analysis, graphing, predictive
modeling, machine learning for
scientists/engineers. [108]
SIMCA Multivariate data analysis Sartorius (formerly Multivariate calibration,
(MVA) Umetrics) predictive modeling,
spectroscopic data analysis,
batch process monitoring,
chemometrics reddit. [109]
4.2 Open-source frameworks (scikit-learn, networks and state-of-the-art deep learning
TensorFlow, PyTorch) models.[110],[111

Scikit-learn is a classical machine learning library
ideal for small/medium datasets with traditional
algorithms like SVM and random forests,
requiring no GPU. TensorFlow (Google) handles
deep learning with scalable production
deployment for mobile/cloud, excellent for CNN-
based image analysis. PyTorch (Facebook's FAIR)
prioritizes research flexibility for novel neural
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In solid dosage development, these frameworks
predict tablet disintegration time (scikit-learn
NODE achieved R?=0.9805), detect tablet defects
using CNNs/YOLOV5 (99.2% accuracy), predict
dissolution profiles, and optimize 3D-printed
formulation parameters. Scikit-learn is best for
formulation optimization with small datasets;
PyTorch/TensorFlow for image-based quality
control; PyTorch for research prototyping.[112]
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4.3 Pharmaceutical-specific
(Dataiku, Signals Notebook, TIBCO)

platforms

Dataiku is an enterprise Al and data science
platform useddevelopment for tasks such as
pharmacovigilance, drug repurposing, clinical
data analysis, and manufacturing support. It is
suitable for the full development pipeline because
it helps teams prepare data, build predictive
models, and manage workflows in a regulated
environment.[113]

Signals Notebook is a cloud-based electronic lab
notebook (ELN) used mainly for early research
and formulation work. It helps scientists record
experiments, organize chemical and biological
data, and maintain a structured digital record of
laboratory work, which is useful in preformulation
and solid dosage development.[114]

TIBCO Spotfire is a visualization and analytics
platform used in pharma for dashboards, clinical
data analysis, and process monitoring. It is
especially helpful in manufacturing and quality
control because it turns complex datasets into
interactive charts and decision-support

visuals.[115]

4.4 Integrated laboratory automation and
robotics

The major value of laboratory automation lies in
its ability to increase throughput, reduce operator-
dependent variability, and support more reliable
generation of high-quality datasets for Al and
machine learning models. This is especially
relevant development, where robust and well-
structured experimental data are essential for
linking material attributes, process parameters,
and final product performance.[116],[117]

Integrated robotics can support high-throughput
screening, automated Design of Experiments
execution, formulation preparation, and real-time
monitoring of critical quality attributes. These
platforms are increasingly connected with
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orchestration software and laboratory
infrastructure, enabling more seamless movement
toward autonomous or self-driving laboratories in
which experiment planning, execution, and data

feedback occur in a closed loop. [118

4.5 Digital twins in manufacturing

Digital twins in manufacturing are virtual models
of physical equipment, processes, or entire
production systems that are continuously updated
using real-time data from the shop floor. They
allow manufacturers to simulate process changes,
predict performance, and identify possible issues
before they affect actual production. This makes
them useful for improving efficiency, reducing
downtime, and supporting better decision-making
in modern industrial operations.[119]

Digital twins can be especially valuable for
process monitoring, quality control,
optimization of production workflows. They help
reduce variability,
support predictive maintenance
manufacturing environments. [120]

and
improve consistency, and
in complex

5. CHALLENGES AND LIMITATIONS
5.1 Data-Related Challenges

5.1.1 Limited and proprietary datasets

Many of the predictive capabilities listed in
previous sections depend on data that companies
don't have a strong incentive to release. Whereas,
pharmaceutical formulation know-how is usually
protected as a trade secret; the information and
data on the amount of excipients, processing
conditions, compatibility information and so on
that took years, and a significant investment of
resources, to develop is carefully guarded, and if
published, would give a working formula to
competitors.[121]

A 2025 industry survey shows the scale of the
resulting problem: roughly half of life-sciences
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respondents named “Al-ready data” as a leading
hurdle to Al adoption, and the large majority said
their organization’s data was not structured or
ready for Al use at all. [121]

A few late 2025, several big pharmaceuticals
(AbbVie, Johnson & Johnson,  Astex
Pharmaceuticals, Bristol Myers Squibb and
Takeda) entered into a federated learning program,
specifically designed to allow each company to
finetune an open-source, shared structural biology
model using their own proprietary data without
compromising it, which remains on their own
servers.[122

5.1.2 Data heterogeneity and inconsistency

Pharmaceutical data is routinely fragmented
across clinical trials, laboratory results, and
manufacturing systems, often using inconsistent
naming conventions and incompatible platform
formats that complicate even basic integration
before any modeling can begin. [15]

Tablet hardness testing illustrates the scale of this
problem well. Depending on which instrument and
convention a laboratory uses, the same physical
measurement can be reported in Newtons,
kiloponds, pounds-force, or Strong-Cobb units,
measured on meaningfully different equipment
that has historically included Monsanto, Stokes,
Pfizer, Strong-Cobb, and Schleuniger hardness

testers. [123],[124

5.1.3 Lack of standardized data formats in
pharma

Standardization efforts such as CDISC and
MedDRA have made genuine progress in
harmonizing terminology for clinical trial data, but
no comparably adopted framework exists
specifically for solid dosage formulation and
manufacturing data, leaving most of the work of
reconciling formats to manual, labor-intensive

curation before a dataset becomes usable for
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modeling. This absence of a shared data standard
is arguably a quieter but equally limiting barrier
than data scarcity itself even abundant data offers
little benefit to a machine learning pipeline if every
source structures it differently.

5.1.4 Imbalanced datasets (rare failure events)

Manufacturing quality-control research more
broadly has found that even in datasets specifically
curated to study defects, defective items typically
represent only around 10 to 15 percent of total
output, and the proportion is generally far lower
still in tightly controlled, validated commercial
pharmaceutical lines. [125]

Benchmark studies of imbalanced quality-control
data show the same pattern at a smaller scale
defect datasets such as the NEU Surface Defect
Dataset contain only a few hundred images per
defect category against a much larger pool of
normal samples, which is why accuracy alone is
considered a misleading metric in this setting, with
recall on the minority class used instead to
evaluate whether a model can actually catch rare

events. [126]

5.2 Model-Related Challenges

5.2.1 Black-box nature of deep learning
(interpretability gap)

A second modelling problem is whether or not
someone can explain why a model concluded a
specific point. Many high-performance deep
learning architectures operate as a black box,
delivering predictions without explaining why
they make those predictions; this opacity is
particularly important for a prediction about a
tablet batch's quality one of the most important and
safety-critical features of a pharmaceutical
product.[127]

The European Medicines Agency has expressed a
clear preference for interpretable models in drug
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development, and where black-box models are
used because of genuinely superior performance,

its framework requires accompanying
explainability metrics and thorough
documentation of model architecture and

behavior. [128]

The deeper concern is not simply technical
inconvenience: decisions made using black-box
outputs can directly affect patient safety, and a
decision that cannot be traced back to a clear
rationale is difficult to defend during a regulatory
audit, regardless of how statistically accurate it has
proven in practice. [128]

5.2.2 Domain shift between preclinical and
clinical data

A model’s reliability also depends on whether the
conditions it is deployed in actually resemble the
conditions it was trained on. Process parameters
developed and validated at laboratory scale
frequently cannot be directly applied once a
product large-scale commercial
manufacturing, because the equipment, operating
methods, and production environment at lab scale
differ meaningfully from those of a full production
facility. [129]

This shift in statistical patterns the model has
learned is not a matter of calibration for an AI/ML
model; it's a fundamental change. A model which
was trained on a small-scale, tightly controlled lab-
bench data set is being asked to make predictions
for a commercial line operating at different batch

moves to

and heat-transfer
properties. That's a reason why pharmaceutical
scale up has traditionally required structured pilot
scale studies and protocols for technology transfer,
prior to the process being considered validated at
commercial scale.

sizes, mixing dynamics

5.3 Regulatory and Validation Challenges
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5.3.1 Lack of clear FDA/EMA guidelines for
Al-driven formulation

The FDA requires for an Al model used in
formulation development was that no single,
finalized rulebook existed. That gap has been
narrowing quickly. The FDA issued its first draft
guidance specifically addressing Al in drug and
biological product development in January 2025,
introducing a structured, risk-based credibility
assessment framework for evaluating Al models
used to support regulatory submissions. [130]

This guidance still remains draft until 2025 and
FDA and EMA jointly published “Guiding

Principles of Good Al Practice in Drug
Development” in January 2026, which extends the
entire product lifecycle, including
manufacturing.[131]

5.3.2 Model validation and qualification
requirements

Traditional analytical methods are validated once
and used and trusted to do so for as long as the
method and instrument do not change. AI/ML
models complicate this picture because they are
not all “locked” in this same way: a model can be
“locked”, giving the same results for the same
input each time; or ‘“adaptive”,
updating to new data as it becomes available, and

continually

these two types of models pose fundamentally
different questions for validation. [132]

There is no single answer as to what regulators will
do about the adaptive case. There is an emerging
trend in the FDA approach toward allowing some
model evolution, via a Predetermined Change
Control Plan, where the range of acceptable model
changes are prespecified before deployment takes
place, and the EMA has focused more on fixed
algorithm configurations with fewer post-
deployment changes. [133]
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5.3.3 Documentation and audit trail for Al
decisions

Al model modifies a process during the batch,
GMP would expect to see these changes
documented in the same manner as all other
manufacturing documentation “what” changed,
“when” it changed, and “why” it was changed. It
is not new a secure, time-stamped audit trail of
who and/or what changed and why is required by
longstanding data integrity requirements including
the FDA's 21 CFR Part 11 and EU's GMP Annex
11.[134]

The recently proposed Annex 22 from the EU
focuses on the specific needs for the use of Al and
machine learning in the pharmaceutical
manufacturing process, while FDA issued its risk-
based Computer Software Assurance guidance in
September 2025, to modernize software validation
in production and quality system activities. [135]

5.4 Ethical Considerations

5.4.1 Bias in training data affecting formulation
decisions

Bias in AI/ML formulation models is seldom
about a model being purposefully discriminatory
typically, it just reflects the earlier identified
constraints of data within this section here.
Pharmacogenomics has a clear, measurable basis:
models trained predominantly on data from one
population or region can  consistently
underperform when applied to others.[136]

And CYP2D6 alone metabolizes roughly 25
percent of all pharmaceuticals, while the
prevalence rates for "poor metabolizer" and "ultra-
rapid metabolizer" phenotypes vary widely by
ancestry--the former class represents less than one
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percent in East Asian populations but five to 10
percent in European populations, whereas ultra-
rapid metabolizers are up to 29 percent prevalent
in certain Ethiopian and Saudi Arabian groups but

just one to two percent among Northern
Europeans.[136]

5.4.2 Patient safety implications of Al-driven
decisions

When a formulation or quality decision is
influenced by an AI/ML model, the implications
of making a mistake are concrete. Between 2022
and 2024, the of healthcare Al
malpractice-related claims increased by 14%. A
common theme in this litigation is the danger of
using an Al tool outside of the population or
conditions it was truly validated on, such as using

number

a model that was primarily trained on one
demographic group to make decisions that affect
another.[137

5.4.3 Transparency and accountability

As AI/ML becomes more deeply entrenched in
decisions regarding formulation and production,
the accountability question emerges as who should
be held responsible for a product failure or patient
harm that results from an Al-influenced decision?
A 2026 analysis of Al's impact on pharmaceutical
decision-making reveals that liability risks from an
Al decision that can be traced back to a flawed Al
system are no longer theoretical and that Al
models are now involved in consequential
decisions across the spectrum of target selection to
process optimization a pace and scale that current
corporate governance frameworks have not been
designed to manage.[138]
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FDA finalizes

(Al credibility Computer Software
assessment framework) Assurance (CSA) guidance
Jan 2025 Sep 2025
*—0 @ @
Jan 2025 Jan 2026
IMDREF finalizes FDA-EMA joint
10 GMLP guiding “Guiding Principles of

principles

Oct 2024 Jan 2025 Apr 2025

Jul 2025

Good Al Practice” (10 principles)

Oct 2025 Jan 2026 Apr 2026

Figure 4 Timeline of Major FDA and EMA Al-in-Drug-Development Regulatory Milestones, January
2025 — January 2026

6. CASE STUDIES AND REAL-WORLD
EXAMPLES

6.1 Al-driven tablet formulation optimization
(e.g., Pfizer, AstraZeneca initiatives)

Pfizer’s development of Paxlovid, its oral antiviral
for COVID-19, is one of the most visible examples
of  Al-assisted

optimization at a major pharmaceutical company.

formulation and delivery
Pfizer combined supercomputing resources with
advanced computational modeling to identify a
formulation that could be delivered orally rather
than intravenously, a change that allowed patients
to take the treatment at home rather than in a
hospital setting. [139]

The reason I wanted to feature this example is less
because it is tablet compression optimization in the
strictest sense that we defined in Section 3.3, but
rather how an Al-augmented computational
method fed directly into a formulation decision
that had a tangible result: turning a treatment that
was once administered in a hospital into something
a patient can pick up at their local pharmacy to take
at home.[139]

6.2 ML for dissolution prediction in immediate-
release tablets

A 2025 study published in The AAPS Journal
offers

a directly relevant, well-documented
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example. Researchers produced 377 direct-
compression tablet formulations in-house and
measured their drug release profiles at 11 time
points across 480 minutes under dynamic
dissolution conditions, then trained six different
machine learning techniques to predict the
resulting release curves
composition alone. [140]

Random forest and extreme gradient boosting
performed best, achieving five-fold cross-
validation R? of 0.635 and 0.601
respectively, with root-mean-square errors around

13 to 14 percent. [140]

from formulation

values

6.3 Deep learning in coating defect detection

In 2025, researchers at Merck & Co. applied a
convolutional neural network to detect coating
defects on film-coated tablets, addressing a
specific practical limitation of earlier approaches.
A previous detection method had achieved high
accuracy, but required tablets to be manually
placed in a 3D-printed tray for consistent imaging,
a setup not feasible on an actual production line.
The Merck team’s CNN-based approach could
instead inspect tablets directly on the line without
this fixturing requirement, simplifying integration
into real manufacturing. [141]

Such an application has already been successfully
implemented by a pharmaceutical firm that needed
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to inspect hundreds of thousands of tablets a day
for a printed logo and found this deep learning
vision system was able to distinguish true defects
from false alarms with greater accuracy than the
previous rule-based approach, resulting in lower
batch waste due to rejections. [142]

6.4 NLP for excipient knowledge extraction
from literature

A 2025 study built specifically to extract
pharmaceutical manufacturing information from
patents offers a concrete, measurable example of
NLP applied to excipient knowledge extraction.
Researchers collected 208,596 pharmaceutically
relevant patents and built a two-stage system: an
unsupervised model to identify which sections of
a patent actually contained manufacturing
information, followed by entity
recognition model trained to extract specific
entities, including excipients, from those sections.
143

The section-identification model achieved a
Cohen’s kappa of 91.1 percent agreement with
manual review, and the named entity recognition
model reached an overall F1-score of 84.2 percent,

a named

with excipient-specific extraction performing
somewhat lower at 81.1 percent. [143

6.5 Self-driving laboratories for automated
formulation screening

Intrepid Labs is a spin-off from the self-driving-
lab academic research, with a machine-learning
powered robotic platform that can explore
formulation design space of up to one billion
possible candidate formulations. The company's
CEO said the key feature of the platform is that it
doesn't need a big curated initial set of data, it can
start exploring a formulation space without any
data whatsoever and learn from the results of their
experiments as they go.[144]

To illustrate NLP's application to excipient
knowledge extraction, a study was developed
specifically  for extracting pharmaceutical
manufacturing information from patents was
considered in 2025. They collected 208,596
pharmaceutically relevant patents and created a
two-stage process: first an unsupervised system to
check if a patent has any manufacturing
information in it and second a named entity
recognition trained to  identify
manufacturing-related entities like excipients in
the manufacturing part of the patents. [145]

system

Table 7 Representative Case Studies of AI/ML Application in Solid Dosage Formulation, 2024-2026

coating-defect detection

Source/Organization Application AI/ML Method Key Reported Result
Pfizer Oral antiviral Computational Enabled oral vs. intravenous
formulation/delivery modeling + delivery

optimization (Paxlovid) supercomputing

AAPS Journal (2025) Dissolution profile Random forest, R?=0.635 (RF, 5-fold CV)
prediction, 377 IR/CR XGBoost

tablet formulations
Merck & Co. (2025) Film-coated tablet Convolutional Inspection without manual

neural network tray-fixturing

Industrial Printed-logo defect Deep learning Reduced batch waste from
deployment (Cognex) detection on tablets vision (edge Al) false rejections
Alvarado-Maldonado NLP extraction of BiLSTM-CRF F1 = 84.2% overall; 81.1% for

et al. (2025) manufacturing data from named entity excipients
208,596 patents recognition
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Intrepid Labs Self-driving formulation | ML-guided robotics | Explored design spaces up to
screening platform ~1 billion candidates
RSC Digital Self-driving injectable Semi-autonomous | 7 lead formulations, solubility
Discovery (2025) formulation (curcumin) | closed-loop robotic >10 mg/mL
formulator

7. FUTURE PERSPECTIVES

7.1 multi-omics and patient-specific data for
personalized solid dosage forms

The approach of personalizing formulation
decisions is expanding to incorporate information
from the multi-omics, that is, all the information
from patient's
transcriptome, proteome, and metabolome,
together and not just the genetic data. Models, for
instance, DeepDRA, which demonstrated a
precision-recall area under the curve of 0.99 in

an  individual genome,

predicting drug response with transcriptomic and
genomic data and deep learning, were cited. [146]
For solid dosage formulation, this would suggest a
future scenario that would become an opportunity
rather than a risk: When a patient's true metabolic
and genomic profile is available and not an
average of the population, in principle, a model
could be used to fine-tune the formulation or the
release rate recommendation for that individual's
actual CYP enzyme profile, as opposed to the
more general classification of population
categories.

7.2 Federated learning for cross-industry data
sharing without IP compromise

A relatively early, but true example of cross-
industry collaboration at scale is the federated
learning project described earlier in this review
(Sections 5.1.1 and 5.4.4) that involved the
creation of shared infrastructure by AbbVie,
Johnson & Johnson, Astex Pharmaceuticals,
Bristol Myers Squibb and Takeda to optimise a
structural  biology model without sharing
proprietary data.
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7.3 Explainable Al (XAI) for regulatory-ready
models

This is a clear preference in regulatory thinking as
discussed in Sections 5.2.2 and 5.3.4, and in cases
where black-box models are applied, EMA has
stated the expectation of a document that explains
the model.

However, the current limitations in achieving
interpretability (introduced earlier in this review)
do not make the full gap close with interpretability
tools like SHAP and attention-based visualization.
It's not going to be one breakthrough technique
that will dominate the futurethere's going to be a
combination of regulatory expectation and
capability, and that disparity right now is likely to
be narrowed but not eliminated as explainability
techniques evolve, become more effective, and as
other frameworks like the FDA's Predetermined
Change Control Plan (Section 5.3.2) become more
entrenched.

7.4 Digital twins for end-to-end pharmaceutical
manufacturing

Although digital twins have been used mainly as a
manufacturing tool in this review (Section 4.5),
they are now being proposed as a tool that could
be applied to the entire drug development
lifecycle, from early discovery to commercial
manufacturing. A digital twin in continuous
manufacturing that incorporates process analytical
technology (PAT) has been shown to increase
active ingredient consistency to 99.95 percent, and
patient-specific digital twins in early personalised-
medicine applications have been shown to predict
optimal doses within 7 percent of real clinical
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results, according to a review in September
2025.[147]

A specific example of this phenomenon in solid
dosage manufacturing is a study published in
March 2025 which developed a digital real-time-
release-testing (RT-RTT) strategy based on the
ConsiGma-25 continuous tablet manufacturing
line that combined and validated a set of residence-
time-distribution (RTD) models and material-
tracking algorithms through a study to track single
tablets from the manufacturing line to the process
data that produces them, thereby tracing individual
tablets throughout the manufacturing process.

148

7.5 Convergence of Al with 3D printing for
personalized dosage forms

Unlike the tablet manufacturing industry, three-
dimensional printing has
proposition: it could provide a single dosage form
developed to the specific dose, release or drug
combination of a single patient. A 2025 study from

a unique value

the University of Mississippi's Pharmaceutical
Engineering and 3D Printing Lab specifically
targeted the practical issue of scaling beyond
single-unit  production,  optimizing  print
parameters for both batch and continuous
manufacture of 3D-printed dosage forms using
AI/ML. [149]

The most obvious short-term use is the polypill: a
single 3D-printed dosage form with multiple
compartments,
profile, which helps to minimize the pill burden for
patients with multiple chronic diseases.[150]

each with a different release

Table 8 Future Directions for AI/ML in Solid Dosage Formulation: Current Maturity and Primary

Barriers
Direction Current State (2025-2026) Primary Barrier
Multi-omics Research-stage; e.g., DeepDRA Population diversity in training data
personalization AUC=10.99
Federated Early industry pilots (5 major Requires new technical/legal infrastructure
learning companies)
Explainable AI Tools (SHAP, attention maps) Inherent black-box/performance trade-off
(XAI) narrow but do not close the gap
Digital twins CM digital twins reaching 99.95% Not yet widely deployed at tablet level
API consistency
Al + 3D printing Print-parameter optimization Scale-up beyond single-unit production
demonstrated
Autonomous Operating, but human-supervised Validation/documentation framework
formulation labs
Regulatory FDA-EMA joint guiding principles High-level principles, not yet operational
frameworks (Jan 2026) rules
CONCLUSION data, these technologies can help reduce repeated

Al and machine learning are becoming useful parts
of modern pharmaceutical formulation. They can
support  researchers in areas such as
preformulation, selection,
manufacturing, dissolution studies, and stability
testing. By learning from existing experimental

excipient
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laboratory work, identify useful formulation
conditions, and speed up the development process.
At the same time, AI/ML should not be seen as a
complete replacement for laboratory experiments
or scientific judgment. Their performance depends
strongly on the quality and quantity of available
data. In pharmaceutical research, much of the
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useful data is limited, confidential, or stored in
different formats, which makes model
development difficult. Some models can also
produce results that are hard to explain or validate,
creating additional concerns for quality control
and regulatory approval.

Future progress will require closer cooperation
between formulation scientists, data scientists,
pharmaceutical companies, and regulatory
authorities. Better datasets, proper model
validation, transparent methods, and practical
regulatory guidelines will be important. Overall,
AI/ML has strong potential to make formulation
development faster and more efficient, but its
success will depend on how responsibly and
effectively these tools integrated with
established pharmaceutical practices.

arc
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