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Abstract:

Artificial intelligence (Al) is increasingly being investigated as a component of smart
pharmaceutical manufacturing through machine learning (ML), artificial neural networks
(ANNSs), deep learning, computer vision, process analytical technology (PAT), predictive
maintenance, and digital twins. The underlying review report identified applications across API
synthesis, crystallization, blending, granulation, drying, tableting, coating, quality control,
inspection, packaging, continuous manufacturing, scheduling, and supply-chain planning. A
central limitation of the current literature is that model performance is often emphasized more
than manufacturing readiness. High predictive accuracy alone does not establish suitability for a
GMP environment because data quality, representativeness, robustness, interoperability,
validation, explainability, cybersecurity, human oversight, and lifecycle management also
determine practical readiness. This review therefore evaluates Al using an evidence-maturity
perspective distinguishing conceptual research, laboratory proof-of-concept, pilot/production-
relevant evidence, and routine industrial implementation. It synthesizes implementation barriers
and proposes an integrated adoption pathway linking manufacturing-problem definition, data
readiness, Al selection, model development, risk-based GMP assessment, pilot testing, industrial
integration, and continuous monitoring. The review concludes that the next phase of
pharmaceutical Al should focus less on isolated high-performing models and more on validated,
trustworthy, integrated, and lifecycle-managed systems that improve quality, productivity,
reliability, and patient safety.
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1. Introduction

Pharmaceutical manufacturing is a highly must be controlled consistently.
regulated and data-intensive activity in Conventional manufacturing remains
which raw materials, process parameters, dependent on  predefined  operating

equipment performance, environmental
conditions, and product quality attributes

conditions, periodic sampling, laboratory
testing, manual inspection, and established
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process-control strategies. Increasing
availability of sensor, laboratory,
manufacturing-execution, and  process-

control data creates opportunities to
complement these approaches with data-
driven prediction and decision support.

Al broadly refers to computational
approaches capable of learning, pattern
recognition, prediction, optimization,
reasoning, or decision support, while ML
enables models to learn relationships from
data rather than relying only on explicitly
programmed rules. Industry 4.0 and Pharma
4.0 have strengthened the relevance of Al by
connecting sensors, automation, PAT,
manufacturing systems, advanced analytics,
robotics, and digital twins.

The historical development relevant to
pharmaceutical science includes Turing's

work on machine intelligence, the
Dartmouth  proposal and  workshop,
computational chemistry and QSAR,

DENDRAL and expert systems, followed by
statistical learning and neural networks. In

manufacturing, = computerized  process
control, Quality by Design (QbD), PAT,
Industry 4.0, IoT, and digital twins created
the infrastructure in which modern Al can
operate. The resulting information pathway
can be represented as sensor — data —
model — prediction — decision — process
control.

The underlying report identified five gaps:
manufacturing is often treated as only one
part of the wider pharmaceutical Al
landscape; applications are commonly
discussed separately rather than as an
integrated ecosystem; evidence maturity is
insufficiently  differentiated;  technical
performance receives more attention than
GMP implementation; and data, skills,
legacy equipment, cybersecurity, cost, and
organizational barriers are often treated
independently. The key question is therefore
not simply where Al can be used, but how
technically successful Al can become
manufacturing-ready and GMP-compatible.

2. Al Technologies and Applications in Pharmaceutical Manufacturing
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2.1 Core Al technologies

ML models can learn relationships between
manufacturing inputs such as temperature,
pressure, mixing speed, moisture, feed rate,
and material properties and outputs such as
moisture content, particle size, tablet
hardness, API concentration, dissolution, or
deviation probability. ANNs are particularly
useful for nonlinear relationships and have
been  investigated  across  synthesis,
crystallization, blending, granulation,
drying, tableting, product characterization,
and PAT. Deep learning extends these
capabilities to complex image and time-
series data, although higher complexity can

increase computational, explainability, and
validation requirements.

Computer vision supports automated
inspection of tablets, capsules, containers,
labels, and packaging. Digital twins provide
dynamic digital representations of processes
or equipment and can combine sensor
information, process data, mechanistic
models, historical information, and Al
models for simulation, optimization,
monitoring, predictive maintenance, and
control. Hybrid Al, combining mechanistic
knowledge with data-driven learning, is
particularly relevant where datasets are
limited but scientific process knowledge is
strong.

Table 1:
Al technology Primary role Representative use
ML / ANN Prediction; nonlinear modelling CQA prediction; process
optimization
Deep learning / CNN Pattern and image recognition Defect and visual inspection

Time-series ML Dynamic prediction

Process monitoring

Anomaly detection

Deviation identification

Quality/process monitoring

Digital twins Simulation; system modelling Optimization; control;
maintenance
Hybrid / explainable Al | Mechanistic integration; interpretation | Process understanding;

decision support

2.2 Manufacturing applications

Al is being investigated across the
manufacturing chain. In API synthesis,
models can relate reaction conditions to
yield, selectivity, temperature, time, and
reagent concentration, potentially reducing
the need to test every experimental condition
physically. In crystallization, Al can support
prediction of crystal growth, crystal-size
distribution, polymorphism-related
behaviour, and process endpoints. For
blending and granulation, models can relate
mixing conditions and material properties to
uniformity, moisture, density, flow, and
compressibility.

Drying models can predict residual moisture
from temperature, airflow, time, and inlet
conditions, potentially reducing over- or

under-drying. In tableting, Al can model
interactions among compression force, dwell
time, turret speed, powder properties,
density, and porosity to predict hardness,
friability, weight variation, tensile strength,
capping, and dissolution-related
characteristics.

PAT is a major point of convergence
between Al and pharmaceutical
manufacturing. NIR, Raman, FTIR,
imaging, particle-size, temperature, pressure,
moisture, and flow measurements generate
multivariate data that AI models can
translate into predicted quality attributes.
However, the report emphasizes that many
PAT-AI studies remain at feasibility level,
while  sustained real-time  industrial
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implementation is comparatively less
common.
Al can support quality control and

computer-based inspection by detecting
abnormal process trends, product defects,
packaging  errors, unusual analytical
patterns, and parameter deviations. For
visual inspection, sensitivity, specificity,
false-positive and false-negative rates,
robustness, and challenge testing are
important. Predictive maintenance can use
vibration, temperature, motor current,
pressure, equipment history, and
maintenance  records  to

anticipate

B2y

ME

deterioration; rare failures, however, create a
major  data  limitation. = Continuous
manufacturing is attractive because data are
generated  continuously, enabling the
concept of PAT + AI + continuous
manufacturing: continuous sensing —
continuous prediction — continuous control.
Digital twins extend this concept by
connecting physical processes with virtual
models. Al also supports packaging
inspection, line optimization, demand
forecasting, inventory management,
scheduling, supplier-risk prediction, raw-
material planning, and distribution
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3. Evidence Maturity: Why Model
Accuracy Is Not Enough

A central contribution of the review is the
distinction between Al research performance
and manufacturing readiness. A high-
performing model developed on a small or
controlled dataset may not remain reliable

when exposed to raw-material variability,
equipment changes, sensor drift, process
changes, or new operating conditions.
Manufacturing readiness therefore requires
multidimensional assessment rather than a
single accuracy metric.
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Table 2:

Evidence level Description

Manufacturing
significance

Level 1 — Conceptual

Frameworks, proposed architectures, | Theoretical potential
conceptual digital twins

Level 2 — Laboratory / proof- | Controlled
of-concept

experiments, small | Technical feasibility
datasets, simulations

Level 3 — Pilot / production- | Pilot scale, commercial equipment, | Practical feasibility

relevant

realistic datasets, real-time testing

Level 4 — Routine industrial | Routine operation, validated systems, | Manufacturing

implementation

lifecycle control, documented benefits, | readiness
GMP-compatible use

The review proposes assessing technical
performance together with data quality,
manufacturing realism, system integration,
GMP readiness, explainability,
cybersecurity,  lifecycle = management,
economic value, and workforce readiness.

The question therefore changes from 'Is the
model accurate?' to 'Is the complete Al
system reliable, controllable, validated,
useful, and maintainable in the intended
manufacturing environment?'

Proposed evidence-maturity framework for evaluating Al applications in
pharmaceutical manufacturing beyond model accuracy.

e Laboratory / :
proof-of-concept B =

o Conceptual research

‘. INCREASING DIMENSIONS BEYOND MODEL ACCURACY \

PERFORMANCE

TECHNICAL

Liiii() GMP READINESS

i

A multidimensional framework for the real-world deployment of Al in regulated pharmaceutical manufacturing.

4. Manufacturing Impact

Al has potential to shift pharmaceutical
manufacturing from predominantly reactive
responses toward predictive and preventive
decision-making. For quality, models may
identify process conditions associated with
poor quality before final-product release,

supporting the conceptual transition from
detect — reject toward predict — prevent.
Productivity may improve through process
optimization, faster troubleshooting,
improved  scheduling, and predictive
maintenance. Waste may be reduced through
fewer rejected batches, unnecessary tests,
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process variability, over-processing, and
unplanned downtime. Equipment reliability
may improve through the transition from
reactive to preventive and predictive

maintenance. These  benefits  should,
however, be demonstrated against a defined
manufacturing baseline rather than inferred
from model performance alone.

Table 3:

Performance area

Potential Al contribution

Quality Predictive quality control; earlier deviation
detection

Productivity Process optimization; scheduling

Cost Waste and downtime reduction

Reliability Predictive maintenance

Inspection Automated visual inspection

Decision-making

Real-time analytics; decision support

Continuous manufacturing

Real-time monitoring and control

S. Implementation and GMP
Considerations

The major barriers identified are data quality
and  availability, legacy  equipment,
workforce capability, cost, explainability,
cybersecurity, model drift, and regulatory
uncertainty. Al requires accurate, complete,
representative, correctly labelled, and
consistent data. Rare events such as major
deviations and equipment failures may have
the least training data. Legacy equipment
may also lack modern digital interfaces,
making interoperability and infrastructure
modernization necessary.

Implementation requires multidisciplinary
competence  spanning  pharmaceutical
manufacturing, Al, data science, automation,
GMP, and validation. Costs may arise from
sensors, data infrastructure, software,
computing, cybersecurity, validation, and
training; consequently, projects should have
a clear business case. Explainability
becomes particularly important when model
outputs influence quality decisions, while
connected systems require cybersecurity
controls against unauthorized access, data
manipulation, malicious inputs, and system
disruption.

Model drift is a lifecycle concern because
changes in raw materials, equipment,
maintenance, formulation, environment, or
sensors can alter model performance. A
suitable lifecycle is development —
validation — deployment — monitoring —
change control — retraining — revalidation
— retirement. In GMP environments, Al
should be controlled, validated, documented,
traceable, and monitored, with controls
proportionate to intended use and risk.

Risk-based  validation is  especially
important. An Al system used only to
visualize trends is lower risk than one
predicting equipment failure, while an Al
system influencing a critical process
parameter or quality decision is higher risk.
Validation should consider accuracy,
precision, robustness, independent testing,
uncertainty, failure modes, operating range,
and input quality. Data integrity must extend
across collection, storage, processing, model
training, prediction, reporting, and archival.
For high-risk uses, human oversight remains
essential: Al prediction + human expertise +
GMP controls should form the controlled
decision process rather than treating an Al
output as an automatic decision.
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PROPOSED LIFECYCLE FOR GMP-READY IMPLEMENTATION
AND CONTINUOUS MANAGEMENT OF Al SYSTEMS

IN PHARMACEUTICAL MANUFACTURING
& DEFINE INTENDED USE

Define objectives, scope, & user requirements,

© DRIFT DETECTION /
RETRAINING /
REVALIDATION

Detect data/model drift.
Periodic re-training &
re-validation.

© CONTINUOUS
MONITORING

Track real-time
performance &
metrics.

@ PRODUCTION
DEPLOYMENT
Full integration into
GMP production.

) PILOT
IMPLEMENTATION

Deploy in a controlled,
smaller-scale environment.

6. Integrated Al-Adoption Framework
and Future Directions

The review proposes an eight-stage adoption
pathway: (1) define the manufacturing
problem; (2) assess data readiness; (3) select
Al technology according to the problem; (4)
develop the model using training, validation,
and independent test data; (5) perform risk
and GMP assessment; (6) conduct a pilot
under realistic manufacturing conditions; (7)
integrate the validated system with PAT,
sensors, manufacturing-execution systems,
equipment, and quality systems; and (8)
continuously monitor performance, detect
drift, investigate changes, update under
change control, and revalidate when
required.

Future research should move beyond
isolated unit operations toward integrated Al
across granulation — drying — compression
— coating — quality. Real-time PAT-AI
deployment, online validation, model-drift
management, digital twins spanning multiple

&> DATA
ASSESSMENT
Assess quality,
completeness, &
traceability.

| ¢’ MODEL

\ DEVELOPMENT
. Train, tune, &

. optimize AlI/ML
models.

&) MODEL
VALIDATION
Validate against
requirements.
Ensure robustness.

&) RISK/GMP
ASSESSMENT
Identify & mitigate risks.
Compliance verification.

unit operations, hybrid mechanistic/data-
driven models, explainable Al, regulatory
science, and  transparent  economic
evaluation are particularly important. The
future pharmaceutical factory can be
conceptualized as a closed information loop:
raw materials — sensors/IoT — PAT —
real-time data — AI/ML — prediction and
anomaly detection — digital twin —
decision support —  human/automated
control — manufacturing —  quality
attributes — continuous feedback. The
central operating principle is Sense —
Analyse — Predict — Decide — Act —
Learn.

7. Conclusion

Al is becoming an important component of
the transition toward intelligent
pharmaceutical manufacturing. The
reviewed evidence supports applications in
process optimization, PAT, API synthesis,
crystallization,  blending,  granulation,
drying, tableting, quality control, computer
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vision, predictive maintenance, continuous
manufacturing, digital twins, packaging,
scheduling, and supply-chain planning.
Nevertheless, the evidence is heterogeneous,
and a substantial proportion remains
conceptual, laboratory-based, or proof-of-
concept. Real-time deployment, multi-unit-
operation integration, long-term
performance, and routine GMP
implementation remain less mature.

The principal challenge is not simply
developing more accurate algorithms, but
developing trustworthy Al systems that can
operate within pharmaceutical —quality
systems. The proposed evidence-maturity
framework and integrated adoption pathway
emphasize that data quality, manufacturing
realism, interoperability, validation,
explainability,  cybersecurity, lifecycle
management, economics, and workforce
readiness must accompany technical
performance. The most credible future
direction is an integrated architecture
combining Al, PAT, IoT, digital twins,
advanced process control, human expertise,
and GMP to improve pharmaceutical
quality, efficiency, reliability, flexibility,
and patient safety.
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