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Artificial Intelligence (AI) and Machine Learning (ML) are emerging technologies that
are transforming pharmaceutical sciences and healthcare by improving the efficiency,
accuracy, and speed of research and development. Conventional pharmaceutical devel-
opment often involves time-consuming experiments, repeated trials, and substantial
financial resources. Al and ML offer promising approaches to overcome these limita-
tions through data analysis, predictive modelling, and process optimization. This review
discusses the major Al approaches, including ML, Deep Learning (DL), Generative Al,
and Explainable AI, along with their applications in pharmaceutical research and
healthcare. Key applications include drug target identification, molecular design, syn-
thesis route prediction, virtual screening, lead optimization, formulation development,
advanced drug delivery systems, continuous manufacturing, digital twin technology,
predictive maintenance, and supply chain management. Al also supports medical
imaging, disease diagnosis, personalized medicine, and healthcare data management.
Despite these advances, challenges related to data quality, model validation, regulatory
compliance, implementation costs, data privacy, and the availability of skilled profes-
sionals remain. Future developments may strengthen the integration of Al into pharma-
ceutical research, manufacturing, and clinical practice. Overall, AI and ML have
considerable potential to support more efficient pharmaceutical development, improve
product quality, and contribute to better patient outcomes.

INTRODUCTION

The pharmaceutical industry is continuously advancing
to develop medicines that are safer, more effective, and

convenient for patients. Conventional pharmaceutical
formulation development relies heavily on laboratory
experiments, repeated trials, and considerable financial
resources. These approaches are often time-consuming
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and resource-intensive, potentially delaying the devel-
opment of new pharmaceutical products. In this con-
text, Artificial Intelligence (Al) has gained significant
attention as an emerging technology with the potential
to transform pharmaceutical research and development.

Artificial Intelligence (Al) is transforming pharma-
ceutical sciences by enabling the analysis of complex
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datasets, predicting formulation properties, identifying
suitable drug—excipient combinations, and optimizing
formulation development. It also supports the design of
advanced drug delivery systems, including
nanoparticles, liposomes, hydrogels, and transdermal
patches, to improve drug delivery efficiency,
therapeutic outcomes, and patient adherence while
minimizing adverse effects.'?
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Figure 1: Role of Artificial Intelligence Across the Pharmaceutical Lifecycle

Artificial Intelligence and Machine Learning

Artificial Intelligence (AIl) refers to computational
technologies designed to perform tasks associated with
human intelligence, including learning, reasoning,
pattern recognition, prediction, and decision-making.
In pharmaceutical sciences, Al supports drug discov-
ery, formulation development, manufacturing process
optimization, and quality assurance by analysing large
datasets, identifying complex relationships, and gener-
ating predictive insights. Various approaches, includ-
ing Machine Learning (ML), Deep Learning (DL),
Artificial Neural Networks (ANNs), and data analytics,
are increasingly being applied to improve pharmaceu-
tical research and development.™

Al facilitates the prediction of formulation character-
istics, identification of suitable drug—excipient combi-
nations, and optimization of formulation variables. In
drug delivery research, it supports the design and de-
velopment of advanced delivery systems, including
nanoparticles, liposomes, hydrogels, transdermal
patches, and targeted drug delivery platforms. These
applications aim to improve drug delivery efficiency,
enhance therapeutic outcomes, reduce adverse effects,
and promote patient adherence. Furthermore, Al can
support personalized medicine by facilitating the
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development of treatments based on individual patient
characteristics, including genetic variations, metabolic
profiles, and disease-specific requirements. Its inte-
gration with Quality by Design (QbD) approaches also
helps optimize pharmaceutical processes and improve
product quality and manufacturing efficiency.’

Al-enabled smart manufacturing systems integrate
sensor data, Manufacturing Execution Systems (MES),
and quality management platforms to predict critical
quality attributes, such as tablet hardness, dissolution
behaviour, and content uniformity. Computer vision
techniques can automate the inspection of tablets, cap-
sules, and vials to identify visible defects. In continu-
ous manufacturing, Al algorithms analyse real-time
process data, account for material residence time, and
predict the quality of downstream products. These
capabilities support timely process adjustments, real-
time quality monitoring, and improved manufacturing
control.®
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Types of AI Approaches:
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Figure 2: Types of Artificial Intelligence Approaches
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Figure 3: Application of Artificial Intelligence and Its Subfields: Machine Learning and Deep Learning in
Healthcare

Machine Learning (ML) allows computational mod-
els to identify patterns and relationships in experimen-
tal data and predict important pharmaceutical
properties, including solubility, dissolution behavior,
stability, particle characteristics, and drug—excipient
compatibility. Supervised, unsupervised, and rein-
forcement learning techniques are used for predictive
modelling, data categorization, pattern recognition, and
optimization of pharmaceutical processes.

Al contains a subfield called machine learning (ML),
which uses statistical methods with the ability to learn
with or without being explicitly programmed. ML is
categorized into supervised, unsupervised and rein-
forcement learning. Supervised learning comprises
classification and regression methods where the pre-
dictive model is developed based upon the data from
input and output sources. Output from supervised ML
entails disease diagnosis under the subgroup classifi-
cation; and drug efficacy and ADMET prediction under

the subgroup regression. Unsupervised learning
{? 3"5 INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES

comprises clustering and feature-finding methods by
grouping and interpreting data based solely on input
data. Through unsupervised ML, outputs such as dis-
ease subtype discovery from clustering and disease
target discovery from feature-finding methods can be
attained. Reinforcement learning is largely driven by
decision making in a given environment and its execu-
tion to maximize its performance.’

Deep Learning (DL) employs multilayered neural
networks to process complex datasets and capture
nonlinear relationships. Different architectures, such as
convolutional neural networks, recurrent neural net-
works, and transformers, are utilized in pharmaceutical
imaging, sequential process data analysis, molecular
modelling, and the extraction of scientific informa-
tion.®

Generative Artificial Intelligence (Generative Al)
facilitates the creation of new molecular structures,
potential formulation designs, and scientific content
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through approaches such as large language models,
diffusion models, and generative neural networks.*'°

Explainable Artificial Intelligence (XAI) enhances
the interpretability of Al models by identifying the
factors influencing their predictions. Techniques such
as SHAP, LIME, and feature importance analysis help
clarify model outputs, strengthen confidence in com-
putational predictions, and support potential regulatory
evaluation."

Benefits of Al in pharmaceutical development:

¢ Reduced Development Time: Al accelerates for-
mulation development by minimizing repetitive
experiments and optimizing the development
process.

e Cost Reduction: Al-based automation and pre-
dictive models help lower research, development,
and manufacturing expenses.

e Improved Accuracy: Al improves the prediction
of formulation properties, stability, and drug per-
formance.

Prediction of
Synthetic Route

—

Robotic Synthesis Continuous

Manufacturing

e Enhanced Drug Safety: Al facilitates the early
identification of potential safety risks and adverse
drug reactions.

e Improved Patient Outcomes: Al supports per-
sonalized treatment approaches, enhancing thera-
peutic effectiveness and patient satisfaction.'*"?

Application of Al in pharmaceutical industry

Artificial intelligence (Al) improves manufacturing
efficiency in the pharmaceutical industry while sup-
porting regulatory compliance and product quality. Its
integration with advanced technologies, including the
Internet of Things (IoT), cloud computing, and digital
twins, promotes the development of smart manufac-
turing facilities. These technologies help minimize
human errors, reduce material wastage, optimize en-
ergy usage, and enable real-time monitoring of manu-
facturing operations, thereby
productivity and process reliability.

enhancing overall

Supply Chain

Optimization

b 4 —

Digital Twin
Technology

Predictive
Maintenance

Figure 4: Example of Artificial Intelligence in the Pharmaceutical Industry

Target Identification

Identifying suitable drug targets is an essential initial
stage in pharmaceutical research, and Artificial Intelli-
gence (Al) can help accelerate this process. As-
traZeneca’s Centre for Genomics Research planned to
analyse up to two million genome sequences by 2026
to identify genetic variants, genes, and biological
pathways associated with diseases, enabling re-
searchers to better understand disease progression and
treatment responses. Al algorithms can support the
identification of promising drug targets and contribute
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to the advancement of CRISPR-based gene-editing
research. By investigating the biological functions of
genes, researchers can determine how specific gene
deletions influence sensitivity or resistance to anti-
cancer drugs. Furthermore, Machine Learning and
Deep Learning techniques can analyse image-based
data from CRISPR screening experiments, helping
researchers extract meaningful insights and improve
the efficiency of drug target identification.

403 |Page



Jalajakshi, Int. J. of Pharm. Sci., 2026, Vol 4, Issue 11, 400-410 | Review

Drug Design

Following the identification of a suitable drug target,
Artificial Intelligence (Al) can support drug design by
predicting the molecular structures and properties of
potential drug candidates. Machine Learning models
analyse large biological datasets to identify promising
targets and design molecules with the desired pharma-
cological characteristics. For example, Insilico
Medicine developed a potential drug candidate for
idiopathic pulmonary fibrosis within approximately 18
months using its proprietary Al platform to screen
billions of molecules and identify a candidate for pre-
clinical evaluation."

Synthesis Route Prediction

Predicting synthetic routes for pharmaceutical com-
pounds is often a time-consuming process that requires
extensive optimization. IBM’s Al-based tool, RXN for
Chemistry, uses deep learning and molecular trans-
former models trained on millions of chemical reac-
tions to predict reaction outcomes and retrosynthetic
pathways. However, retrosynthesis prediction faces
challenges in identifying suitable reaction sites, gener-
ating chemically valid reactants and reagents, and
ensuring reaction feasibility. Developing complete
multistep synthetic routes is particularly complex due
to the large number of possible pathways, variations in
cost and stability requirements, and limited availability
of public datasets. Despite these challenges, Al-driven
retrosynthesis offers potential to accelerate synthetic
design and improve the efficiency of
pharmaceutical research.'

route

Robotic Synthesis

Following the prediction and optimization of synthetic
routes, Al-integrated robotic systems can automate
chemical synthesis, enabling high-throughput experi-
mentation and accelerating drug discovery. These sys-
tems perform chemical reactions, monitor processes in
real time, and adjust reaction parameters to improve
efficiency. For example, the University of Glasgow
developed the Chemputer platform, which automates
chemical synthesis using programmable robotic sys-
tems, supporting the faster and more reproducible
preparation of small-molecule compounds.'®!”
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Continuous Manufacturing

Unlike batch manufacturing, continuous manufactur-
ing involves the uninterrupted flow of raw materials
through processing equipment, with finished products
continuously collected, minimizing downtime between
production stages. Artificial Intelligence (AI) can op-
timize various manufacturing activities, from raw ma-
terial procurement to final product packaging,
improving operational efficiency, cost-effectiveness,
and product quality. In continuous pharmaceutical
manufacturing, Al systems can analyse real-time data
from in-line analytical instruments, such as Raman and
near-infrared (NIR) spectroscopy, to monitor critical
process parameters and adjust operating conditions,
ensuring consistent product quality and enhancing
manufacturing efficiency.'"

Digital Twin Technology

Artificial Intelligence (Al)-enabled Digital Twin tech-
nology facilitates the replication of pharmaceutical
manufacturing processes across different production
sites. It involves creating a virtual representation of a
physical manufacturing system that mirrors its real-
time performance, allowing manufacturers to simulate,
monitor, and optimize operations without interrupting
actual production. For example, Johnson & Johnson
has explored digital twin technology to accelerate
product development and compare manufacturing pro-
cesses across facilities, supporting process integration
and improved operational efficiency.”

Predictive Maintenance

Al-driven predictive maintenance uses data collected
from equipment sensors to identify potential failures
and predict maintenance requirements before break-
downs occur. This approach enables timely mainte-
nance scheduling, reducing unexpected equipment
failures, production downtime, and maintenance costs.
Pharmaceutical companies, including Pfizer, have ex-
plored Al-based technologies to improve equipment
reliability and manufacturing efficiency.”

Supply chain Optimization

Artificial Intelligence (Al) improves pharmaceutical
supply chain management by forecasting demand,
optimizing inventory, and enhancing logistics.
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Machine learning algorithms analyse market trends and
operational data to support efficient supply chain deci-
sions. For example, Novartis developed the Buying
Engine, an algorithm-based platform designed to cen-
tralize procurement and improve purchasing efficiency.
Initially focused on indirect materials such as labora-
tory supplies, personal protective equipment (PPE),
and spare parts, the platform aims to increase purchas-
ing transparency and recommend suitable procurement
options in near real time using knowledge representa-
tion, recommender systems, optimization techniques,
and machine learning. These applications can help
reduce operational costs and improve the reliability of
material and product supply.

Medical Imaging

Bayer has been using artificial intelligence (Al), par-
ticularly natural language processing (NLP), for sev-
eral years to improve medical coding and data analysis.

Medical coding involves converting information
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recorded by physicians in case reports into standard-
ized medical terms and categories for systematic anal-
ysis and review. Traditionally, this process requires
considerable time and manual effort. Bayer has devel-
oped a large language model capable of processing
extensive medical information with a reported accuracy
of 96%. Since 2017, this technology has processed
millions of medical terms.

Furthermore, Bayer has adopted Al-driven technology
in radiology through its collaboration with Blackford
Analysis, an Al-powered medical imaging platform.
This collaboration led to the launch of Calantic Digital
Solutions, designed to assist radiologists by automating
time-consuming tasks, improving workflow efficiency,
and supporting the detection of abnormalities in medi-
cal images. By reducing manual workload and accel-
erating image analysis, Al-based solutions can support
faster clinical decision-making and improve the effi-
ciency of patient care.”
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Figure 5: Application of Artificial Intelligence in Enhancing the Drug Development and Distribution Life
Cycle

Application of Machine learning in drug discovery

Machine learning (ML) has become an important tool
in drug discovery, providing advanced approaches for
virtual screening, identification of therapeutic targets,
and optimization of lead compounds. By analyzing
large datasets containing chemical structures, biologi-
cal targets, and molecular interaction information, ML
algorithms can identify complex patterns and relation-
ships. These capabilities enable the prediction and
selection of potential drug candidates with improved
speed, accuracy, and efficiency, thereby supporting the
advancement of drug discovery and development.*
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Virtual Screening

Virtual screening is a computational technique used to
evaluate large libraries of chemical compounds to
identify potential drug candidates, making it an essen-
tial step in the early stages of drug discovery. Conven-
tional virtual screening approaches primarily relied on
molecular docking and pharmacophore modelling,
often using simplified molecular representations and
relatively rigid structures. These limitations could re-
duce their ability to accurately predict ligand—target
interactions. In contrast, machine learning (ML) tech-
niques provide more flexible and data-driven
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approaches by evaluating diverse chemical features and
predicting ligand—target binding interactions with im-
proved precision.

A major advantage of ML-based virtual screening is its
ability to identify complex patterns and relationships
within extensive datasets of chemical compounds and
biological targets. Models are trained using annotated
datasets containing previously characterized ligand—
target interactions, enabling them to recognize struc-
tural features and physicochemical properties associ-
ated with binding affinity. This knowledge can then be
applied to predict the interactions of previously
untested compounds. Furthermore, integrating multiple
data sources, including protein structural information,
gene expression profiles, drug physicochemical prop-
erties, and drug-induced phenotypic responses, can
enhance the predictive performance of virtual screen-
ing models. Commonly employed ML techniques in
virtual screening include support vector machines
(SVMs), random forests, and deep learning models.***

Target Identification

Target identification is a crucial stage in drug discov-
ery that involves identifying biological molecules or
pathways that can be targeted to produce therapeutic
effects. Machine learning (ML) algorithms support this
process by analyzing genomic, proteomic, and clinical
datasets to identify disease-associated targets and pri-
oritize them for further investigation. Techniques such
as principal component analysis (PCA) and t-distrib-
uted stochastic neighbor embedding (t-SNE) help un-
cover hidden patterns in complex biological data,
including gene expression profiles, protein—protein
interactions, and disease phenotypes.

Furthermore, ML models can integrate multiple data
sources to evaluate potential drug targets based on their
druggability, safety, and therapeutic relevance. The
Drug—Gene Interaction Database (DGIdb) facilitates
the identification of potential targets by compiling
known drug—gene interactions from diverse sources.
Similarly, the Connectivity Map (CMap) analyzes gene
expression changes induced by drugs and genetic per-
turbations to reveal functional relationships between
compounds, genes, and biological pathways. These
insights can support target identification and help

P b

{ﬁ“{fﬁ INTERNATIONAL JOURNAL OF PHARMACGEUTICAL SCIENCES

L

"

predict potential off-target effects during drug devel-
opment.***’

Lead Optimization

Lead optimization is the process of refining identified
drug candidates to enhance their potency, selectivity,
and pharmacokinetic properties through repeated
structural modifications. Conventional approaches
often require extensive experimental testing, making
the process time-consuming and expensive. Machine
learning (ML) provides a data-driven alternative by
predicting the biological activity and drug-like proper-
ties of modified compounds. By analyzing chemical
structures and biological activity datasets, ML models
can establish structure—activity relationships (SARs)
and identify molecular features associated with desired
therapeutic effects, thereby guiding compound design
and reducing experimental requirements.®
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Applications of Artificial Intelligence in Healthcare

and the Pharmaceutical Industry

Diagnosis of diseases

|

Body parts scanning & imaging

Drug discovery & manufacture

Personalized medicine l

Disease prediction

Healthcare data records ’

Figure 6: Machine Learning Application in Medicine and Pharmaceutical Science

Diagnosis of Diseases: Al analyzes medical data,
laboratory results, and clinical symptoms to assist
healthcare professionals in identifying diseases
accurately and efficiently.

Personalized Medicine: Al helps develop indi-
vidualized treatment plans by analyzing patients'
genetic information, medical history, and treatment
responses, supporting more effective and targeted
therapies.

Healthcare Data Records: Al facilitates the
management and analysis of electronic health
records, enabling efficient data retrieval, patient
monitoring, and clinical decision-making.

Body Parts Scanning and Imaging: Al analyzes
medical images obtained through X-rays, CT
scans, and MRI to detect abnormalities and support
the diagnosis of diseases.

Disease Prediction: Al algorithms analyze patient
data, genetic factors, and health trends to identify
disease risks and predict the likelihood of devel-
oping certain medical conditions.

Drug Discovery and Manufacturing: Al accel-
erates drug discovery by identifying potential
drug candidates, predicting molecular interac-
tions, and optimizing formulations. In pharmaceu-

tical manufacturing, it supports process

optimization, quality control, predictive mainte-
nance, and improved production efficiency.”

Challenges of Al in pharmaceutical field

Despite its numerous benefits, the application of artifi-
cial intelligence (Al) in the pharmaceutical industry
faces several challenges and limitations.

Data Quality and Availability: Al models depend
on large, accurate, and reliable datasets to generate
consistent and meaningful predictions.

Regulatory and Validation Challenges: Al-based
systems require appropriate validation, trans-
parency, and compliance with regulatory standards
to ensure their reliability and safety.

High Initial Investment: Implementing Al tech-
nologies involves substantial expenditure on infra-
structure, software, computational resources, and
technical expertise.

Ethical and Data Privacy Concerns: Protecting
sensitive patient information, maintaining data
confidentiality, and ensuring algorithmic trans-
parency remain major concerns.

Shortage of Skilled Professionals: The successful
implementation of Al requires collaboration be-
tween pharmaceutical scientists, data scientists,
and technology specialists with interdisciplinary
expertise.**!
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Future Prospects of Artificial Intelligence

Artificial intelligence (Al) is expected to play an in-
creasingly important role in the pharmaceutical
industry, particularly in genomics, proteomics, vaccine
development,
COVID-19 pandemic, research efforts have focused on
understanding viral mutations and improving vaccine

and gene therapy. Following the

efficacy. Al can accelerate these developments by
analyzing scientific literature, patent
databases, conference proceedings, and clinical data to
identify new research opportunities and potential
therapeutic approaches. It facilitates the
discovery of novel peptide-based drugs for cancer and
the development of gene therapies for genetic
disorders.

extensive

also

Furthermore, companies specializing in Al-based
technologies are collaborating with pharmaceutical
organizations to improve drug discovery, development,
and product lifecycle management. Pharmaceutical
companies are also exploring mergers and acquisitions
to expand their research capabilities, strengthen intel-
lectual property portfolios, and enhance their market
position. The integration of generative Al, data science,
and business analytics is expected to improve research
productivity, operational efficiency, and commercial
performance. Consequently, continuous education and
professional training in emerging technologies, in-
cluding machine learning, Al, cloud computing, soft-
engineering, cybersecurity, and business
analytics, will be essential for researchers and phar-

maceutical professionals to adapt to the evolving de-
32,33

ware

mands of the industry.
CONCLUSION

Artificial Intelligence and Machine Learning are in-
creasingly influencing pharmaceutical sciences and
healthcare by providing innovative approaches to drug
discovery, formulation development, manufacturing,
and patient care. These technologies facilitate the
identification of potential drug targets, prediction of
molecular properties, optimization of formulations,
automation of manufacturing processes, and improve-
ment of quality control. Their applications in virtual
screening, lead optimization, personalized medicine,
medical imaging, and supply chain management
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demonstrate their broad potential to enhance research
efficiency and healthcare delivery.

However, successful implementation requires reliable
datasets, rigorous model validation, regulatory com-
pliance, appropriate data protection, and collaboration
among pharmaceutical scientists, healthcare profes-
sionals, and technology specialists. The limitations of
current Al systems must also be addressed to ensure the
reliability, transparency, and practical applicability of
their predictions. Future advancements in Generative
Al, Explainable Al, digital twins, and intelligent man-
ufacturing systems may further expand the role of these
technologies in pharmaceutical research and develop-
ment. In conclusion, Al and ML should be considered
complementary tools that support, rather than replace,
scientific expertise and experimental validation. Their
responsible integration may accelerate pharmaceutical
innovation, improve product quality, and contribute to
safer and more effective patient care.
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