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Abstract

Artificial Intelligence (Al) is proving to be a game-changer in the world of pharmaceutical sciences,
influencing multiple phases of drug discovery and development, and even clinical trials. The
traditional drug development process is typically characterized by costly, time-intensive and
unsuccessful clinical trials. The use of Al technologies, such as machine learning, deep learning,
natural language processing, and generative Al, has revolutionized pharmaceutical research by
facilitating quick and accurate analysis of complex and large biological data. The integration of
genomic, proteomic, and biomarker data and the ability to identify and validate targets with Al can
help discover novel therapeutic targets. Al plays a significant role in the field of drug design and
optimization, aiding in the optimization and identification of novel drug candidates through virtual
screening, quantitative structure—activity relationship (QSAR) modeling, molecular docking, and de
novo molecular design. Moreover, Al can improve the study of the pharmacology of drugs by
predicting the interactions between drugs and targets, assessing the pharmacokinetics of drugs,
predicting toxicity and drug repurposing. Al also plays a role in formulation development,
nanotechnology-based drug delivery systems, controlled release of drugs, and Quality by Design
(QbD) optimization in pharmaceutics. Al is also vital in the clinical development process, enhancing
patient recruitment, design, predictive analysis, and even the generation of real-world evidence. While
this has many great benefits, data quality, algorithmic bias, understanding why the algorithms work,
regulatory compliance and ethical issues are challenges. The future holds promise for more
groundbreaking applications of Al in healthcare, such as explainable Al, precision medicine, digital
twins, and autonomous drug discovery platforms. In conclusion, Al can revolutionize the field of
modern pharmaceutical sciences by fostering innovation, streamlining drug development, and
enabling personalized healthcare.
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1.INTRODUCTION

Drug discovery is a process through
which new medications against diseases are
discovered. It involves the use of a wide
variety of technologies and expertise. In
general, discovering and developing a drug
takes US$2.8 billion and 15 years on
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computer system to learn, reason, recognize
patterns, make decisions and solve
problems in a manner that normally needs
human intelligence. In medicine, Al is
showing great promise for its applications,
such as disease diagnosis, medical imaging,

average [1,2]. Artificial Intelligence (Al) is personalized  medicine, and  drug
the stimulation of human intelligence by development.
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Flowchart 1 — Al drug development process

Al's role in healthcare systems has been
transformative, streamlining clinical and
research workflows, boosting accuracy and
efficiency, and ultimately improving patient
care and lowering healthcare costs [3,4].
The pharmaceutical industry is plagued
with a number of obstacles to drug
discovery and development, such as the
high costs of research, lengthy development
processes, and high failure rates in the
clinical trials. The development of a new
drug can typically take over 10 years to
FDA approval and cost millions of dollars.
Other recent developments, such as the
availability of large data sets of biological

2103

information and the recent progress in
computational technologies, have made it
possible to use Al-based methods to
overcome these challenges [5,6]. With the
help of machine learning, deep learning,
and  natural  language  processing,
researchers can now process and
understand complex biological data and
generate more accurate predictions of drug—
target interactions, identification of
potential drug candidates, and optimization
of lead compounds [7,8]. Al's journey in
drug discovery has gone far beyond basic
computational approaches into advanced
algorithms that can create new drug
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candidates and forecast their
pharmacological characteristics. Genomic,
proteomic and clinical data is combined
into modern Al platforms to speed up the
process of drug development across
multiple  phases such as  target
identification, lead optimization, toxicity
assessment and clinical trial design [9,10].
In the field of pharmaceuticals, a few
companies and research institutions have
already used Al-driven approaches to speed
up the drug development process and
enhance decision-making across various
stages of the process [11]. APIs are the
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pharmaceutical chemistry, pharmacology
and pharmaceutics. It is useful for rational
drug  design, for predicting the
pharmacokinetic and pharmacodynamic
behaviour of drugs and for the development
of advanced drug delivery systems. The
ongoing advancement of Al technologies
will likely be increasingly relevant to
precision medicine, personalized
therapeutics and  next  generation
pharmaceutical innovations [12]. As such,
it is crucial to grasp the applications,
opportunities, and challenges enabled by Al
in the field of drug discovery to facilitate

easiest tools to use in modemn the progress of modern drug research and
pharmaceutical ~ sciences,  connecting development.
PARAMETER TRADITIONAL DRUG | AI- DRIVEN DRUG
DISCOVERY DISCOVERY
Time Required 10-15 years Reduced significantly
Cost Very high Lower due to Automation
Screening Process Manual and labour- | Automated virtual Screening
intensive
Success Rate Relatively low Improved candidate
selection
Data Analysis Limited by human | Handles large-scale selection
capability
Target Identification Time consuming Rapid and Accurate
Lead Optimization Multiple Experimental | Al-assisted prediction and
cycles optimization

Table 1- Comparative study between traditional drug discovery and Al- driven drug
discovery

2. FUNDAMENTAL OF ATRIFICIAL INTELLIGENCE IN DRUG DISCOVERY

2.1. Basics of Artificial Intelligence in Drug Discovery

Artificial Intelligence (Al) is an umbrella
term for a wide variety of computational
technologies that allow machines to
emulate human attributes of knowledge,
thinking, pattern matching, and decision
making [13,14]. As more and more
biological, = chemical, and clinical
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information becomes available, Al is
gaining traction in the field of
pharmaceutical research [15,16]. Al-driven
solutions can help analyse complex
datasets, pinpoint therapeutic targets,
optimize drug candidates, and forecast
pharmacologic effects. Thus, Al is now an
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essential part of the contemporary drug
discovery process, which can help cut costs,
fasten timelines, and increase the success
rate of new drug therapies [17].

2.2 Machine Learning (ML)

Machine Learning (ML) is a subset of Al
that enables computational systems to learn
patterns from data and make predictions
without explicit programming [18]. ML
algorithms can be broadly classified into
supervised, unsupervised, semi-supervised,
and reinforcement learning approaches. In
drug discovery, ML is widely employed for
virtual screening, quantitative structure—
activity relationship (QSAR) modelling,
prediction of drug-target interactions, lead
optimization, and pharmacokinetic
property prediction [19,20]. By analysing
large chemical and biological datasets, ML
models can identify promising compounds
and prioritize them for experimental
validation. The application of ML
significantly enhances decision-making
processes and reduces the time and
resources required for traditional screening
methodologies [21,22].

2.3 Deep Learning (DL)

Deep Learning (DL) is a high-level
machine learning technique which uses
multi-layered ANNs and automatically
learns hierarchical representations of data
[23]. Unlike traditional ML algorithms, DL
can handle high dimensional, large-scale
data without extensive feature engineering
[24,25]. The deep learning architectures,
including Convolutional Neural Networks
(CNNs), Recurrent Neural Networks
(RNNs), Autoencoders, and Graph Neural
Networks (GNNs) have been found to be
highly successful in molecular property

21(2): S.1(2), 2102-2129, 2026

2105

www.thebioscan.com

prediction, protein structure analysis, drug-
target interaction modelling, and de novo
molecular design [26]. Advancements in
complex DL models such as AlphaFold for
protein  structure  prediction,  have
revolutionized biomedical research and
propelled the discovery of novel therapeutic
candidates [27,28].

2.4 Natural Language Processing (NLP)

Natural Language Processing (NLP) is one
of the major areas of Al that deals with the
ability to understand, interpret, and produce
human language by computers [29,30]. A
great deal of unstructured textual
information is produced through scientific
literature articles, patents, clinical trial
reports, regulatory documents, and
electronic health records in the field of
pharmaceutical research [31].

NLP techniques can be wused to
automatically  extract, structure and
interpret this information to aid in

knowledge discovery and evidence-based
decision making. Biomedical literature
mining, Adverse Drug Reaction detection,
Pharmacovigilance, Drug repurposing, and
Disease-associated biomarker
identification are some of the applications
of NLP in drug discovery [32,33]. NLP
systems can analyse large amounts of texts
in a short amount of time, giving
researchers valuable insights that would
otherwise take a lot of time to manually
analyse [34].

2.5 Generative Al and Large Language
Models

Generative Al is a type of artificial
intelligence that produces original content,
such as text, images, molecular structures
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and predictive models [35]. In the field of
pharmaceuticals, Generative Al is emerging
as a powerful asset for drug development,
helping to generate new pharmaceuticals
with the desired physical and chemical
properties and biological activity [36].
Generating vast chemical spaces and
structurally diverse molecules are made

possible through techniques such as
advanced models like  Variational
Autoencoders (VAEs), Generative

Adversarial Networks (GANSs), diffusion
models, and transformer-based models. In
addition, Large Language Models (LLMs)
have been shown to aid in various aspects
of pharmaceutical research, such as
literature review, hypothesis generation,
target identification, molecular
optimization, and scientific communication
[37,38]. The use of generative Al in the
drug discovery process could significantly
speed up pharmaceutical innovation and
precision therapeutics [39].

The most critical technologies in the era of
modern Al in drug discovery are Machine
Learning, Deep Learning, Natural
Language Processing and Generative Al
They are able to analyse huge amounts of
data, reveal patterns where none had been
found, suggest new hypotheses, and
automate relevant research activities in the
field of pharmaceutical chemistry,
pharmacology and pharmaceutics [40,41].
These technologies are likely to be even

more important in the future of
personalized  medicine and drug
development [42].

3. IDENTIFICATION AND

VERIFICATION OF TARGET USING
Al

Target identification and validation are
important steps in the drug discovery
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process; the selection of the biological
target is a very key factor in therapeutic
development. Historically, it would take a
long time and be expensive to identify
disease-associated targets through
extensive laboratory experiments, genomic
studies and clinical investigations [43].
This process has been revolutionized by the
advent of artificial intelligence (Al), which
can analyze vast amounts of biological data
quickly, reveal novel molecular
connections, and identify attractive
therapeutic targets with greater accuracy
[44,45].

Al solutions can use machine learning, deep
learning, and network-based computational
models to analyze complex biological
systems [46]. These approaches help
combine genomic, proteomic,
transcriptomic, metabolomic and clinical
information, and enable researchers to
determine genes, proteins, and pathways
associated with disease. Al's ability to
analyze huge amounts of biomedical data
can uncover new therapeutic insights and
boost the efficiency of target discovery
processes [47,48].

3.1 Genomic and Proteomic Data
Analysis
As a result of the next generation

sequencing technologies, there has been an
unprecedented amount of genomic data
generated, which opens the door for Al
analysis [49]. Proteomics studies protein
expression, structure and function in
biological systems and genomics is focused
on the study of genes and genetic variations
that relate to the development of disease
[50]. These datasets can be used with Al
algorithms to detect molecular
abnormalities that drive disease progression
and therapeutic response [51]. The machine
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learning approaches have shown great
promise for the identification of disease-
associated genes from gene expression
profiles and genetic mutations. Supervised
learning algorithms can classify disease
states using genomic signatures, while
unsupervised learning algorithms can
discover new disease subtypes that are
emerging from large sets of data [52]. These
strategies have been widely used in
oncology, with Al models helping to
identify genetic drivers of tumor growth
and their sensitivity to targeted treatments
[53]

Proteomic analysis has further complexities
because of the complexity and dynamic
nature of protein interaction. High
dimensional proteomics data can be
analyzed using deep learning algorithms,
which can detect differential expression of
proteins and determine the protein-protein
interaction networks [54, 55]. Moreover,
protein structure prediction using Al has
been transforming the landscape of
biomedical research, allowing scientists to
accurately predict protein structure and
understand their function to a greater
degree, which helps identify potential
targets for drug development. Advances in
the development of advanced
computational platforms have greatly
helped in the understanding of disease
mechanisms at the molecular level [56].
The integration of genomic and proteomic
data through multi-omics approaches
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further enhances target identification efforts
[57]. Al models can combine data across
various biological layers to create detailed
disease states and uncover essential
pathways driving disease progression.
These integrative analyses are useful for
understanding complex diseases such as
cancer,  neurodegenerative diseases,
cardiovascular diseases and autoimmune
diseases [58].

3.2 Biomarker Discovery

Biomarkers are measurable biological
markers that are related to the physiological
or pathological processes and are crucial for
the diagnosis, prognosis and therapeutic
monitoring of disease [59]. Defining
reliable biomarkers is an essential part of
precision medicine that will allow the
creation of personalized therapeutic
strategies. However, the discovery of
biomarkers is hindered by the complexity
and heterogeneity of biological data using
traditional approaches [60]. In this regard,
Al has proven to be a formidable ally for
addressing these challenges, allowing for
the processing of substantial clinical and
molecular data. In this context, Al has
become a powerful tool for tackling these
challenges by efficiently handling large-
scale clinical and molecular data [61].
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Fig.1 — Biomarker discovery using Al
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Machine learning algorithms can even
uncover subtle connections between
molecular characteristics and clinical
outcomes that might not be discernible
using traditional statistical analyses [62].
Al systems can use  genomic,
transcriptomic, proteomic, metabolomic,
and imaging data to discover potential
disease markers linked to onset,
progression, and treatment outcomes. In
oncology, Al's ability to uncover
biomarkers has played a crucial role in the
creation of targeted therapies and
personalized treatment plans, highlighting
its potential in this field [63]. Additionally,
the utilization of deep learning techniques
has opened up new possibilities for the
discovery of biomarkers in complex
biomedical imaging data. CNNs can also
help to identify meaningful features from
radiological and histopathological images,
which aids in the identification of imaging
biomarkers for specific disease states [64].
Furthermore, the analysis of electronic
health records and real-world clinical data
using Al can provide valuable insights for
identifying digital biomarkers that can aid
in disease surveillance and patient
stratification  [65,66]. Al's role in
biomarker discovery has boosted the
accuracy, replicability and scalability of the
biomarker identification process. This in
turn enables rapid progress to be made in
translational research and precision
medicine strategies to enhance patient
outcomes [67].

3.3 Target Prioritization

Once the targets have been identified, it will
be necessary to establish which of these
targets have the greatest therapeutic
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potential. Target prioritization includes
assessing biological relevance,
druggability, safety profile and clinical
feasibility of candidate targets. During the
research and development [68,69] phase,
this stage is key to avoiding failed drug
development in late stage and to optimizing
the allocation of funds. Target prioritization
using Al involves using machine learning
algorithms to leverage the combination of
multiple data sources such as genomic data,
protein interaction networks, disease
associations, pathway analysis, and clinical
evidence [70]. The computational models
produce predictive scores to determine the
probability of therapeutic success for the
specific target. Al can be used to analyze
intricate  biological relationships and
pinpoint targets with a high likelihood of
being linked to disease mechanisms and
therapeutic effects [71].

Target prioritization is a field that has
captured a lot of interest in network-based
Al Biological systems do not function as a
collection of independent pathways, but as
networks of molecules [72]. These
networks can be analyzed using Al
algorithms to uncover central proteins,
proteins that regulate key processes and
central pathways in disease. Therapeutic
effects might be greater if one targets such
core elements, rather than just individual
molecules [73,74]. Furthermore, Al aids in
target  druggability  assessment by
forecasting the druggability of a biological
target, which is the probability that it can be
successfully targeted by small molecules,
biologics, or other therapeutic interventions
[75]. Predictive models can be used to
assess structural features, binding site
properties, and molecular interactions to
assess the potential of a molecule for drug
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development. These features minimize
experimentation efforts and aid in drug
development decisions during the entire
drug discovery process [76,77]. In
conclusion, Al has revolutionized target
identification and validation by providing a

comprehensive analysis of complex
biological data, expediting biomarker
discovery and enhancing target

prioritization strategies [78].

Al can offer a comprehensive platform for
discovering  high-priority  therapeutic
targets and developing novel drugs, when
combined with genomic, proteomic, and
clinical information and systems biology.
Moving  forward,  Al-driven target
identification is poised to become a key
component of precision medicine and drug
innovation [79,80].

Al- ASSISTED DRUG DESIGN AND
LEAD OPTIMIZATION

In the realm of drug design, Artificial
Intelligence (AI) has revolutionized the
identification of potential drug candidates,
enhancing the efficiency, accuracy, and
speed of the process. In the field of drug
design, Artificial Intelligence (AI) has
played a pivotal role in identifying potential
drug  candidates more efficiently,
accurately, and quickly [81].  While
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traditional drug discovery processes are
time-consuming and costly, Al can quickly
scan the vast amount of chemical data and
make predictions about the biological
properties of compounds [82,83].

4.1 Virtual Screening

Virtual screening is a computational
method that is applied to narrow down large
chemical libraries for the detection of
potential compounds. Virtual screening
using Al is a technique that uses machine
learning algorithms to estimate the binding
potential of a compound to biological target
[84]. This makes it possible to reduce the
number of compounds that have to be
tested, and to identify lead molecules more
quickly [85,86]. There are some problems
that can be solved using Quantum Chemical
Data. In many cases, a problem can be
solved by using Quantum Chemical Data
[87]. The QSAR models are mathematical
relationships that describe the relationship
between a compound's chemical structure
and its biological activity [88]. The use of
Al and machine Ilearning techniques
improves the capabilities of QSAR analysis
by dealing with large data sets and
uncovering subtle patterns that would not
be apparent through traditional statistical
approaches. The efficacy, toxicity, and
pharmacokinetic  properties of drug
candidates can be predicted using Al-
assisted QSAR models [89,90].
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4.2 Molecular Docking and Molecular
Dynamics

Using molecular docking, the interaction of
a drug molecule and its target protein is
predicted and the molecular dynamics
simulations are used to assess the stability
of that interaction over time [91]. Al
enhances docking precision by predicting
binding affinities and optimizing the
interactions between ligands and targets.
The following methods help rational design
of drugs exhibiting better therapeutic
potential [92].

4.3 de NOVO DRUG DESIGN

De novo drug design is the development of
completely new molecular structures that
exhibit desired biological properties. The
generative Al models, such as deep learning
algorithms and generative adversarial
networks, can tap into huge chemical
spaces to create novel compounds [ 93,94].
This method allows the fast identification

2110

of innovative promising drug candidates
with optimized pharmacological
parameters [95].

4.4 Lead Optimization Strategies

The goal of lead optimization is to make the
drug candidates more effective, selective,
and safer. Al helps to predict structure—
activity relationships, metabolic stability,
toxicity, and the pharmacokinetics of
compounds [96]. Al can be used to
combine data from various sources, which
helps to make informed decisions and
increases the likelihood of successful drug
development [97].

5. Al IN PHARMACOLOGICAL
EVALUATION

Pharmacological Evaluation is an essential
step in drug development where potential
therapeutics are evaluated for efficacy,
safety and the properties of the drug's
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pharmacokinetics [ 98]. The introduction
of Al technologies has contributed to this
process, with the ability to model outcomes
in a predictive way and make decisions
based on data during preclinical and clinical
research [ 99,100].

5.1 Drug—Target Interaction Prediction

Elucidating the drug-biological target
interaction 1s crucial to establishing
therapeutic efficacy. Chemical, genomic
and proteomic data can be wused to
accurately predict drug-target interactions
using Al models. Such forecasts can aid in
target validation and help to identify
candidates for drug development [
101,102].

5.2 Pharmacokinetic Prediction [ADME]

The Absorption, Distribution, Metabolism,
and Excretion (ADME) properties have a
significant effect on a drug's performance
[103]. Using Al models to predict the
pharmacokinetics in the early stages of
development helps to identify compounds
that show potential for favorable ADME
profiles. Early prediction helps minimize
the incidence of failure at the end of the
development process, and increases
development efficiency [ 104].

5.3 Toxicity and Safety Assessment

Drug toxicity is one of the main reasons of
attrition in pharmaceutical development.
Chemical structures, biological pathways,
and historical safety data can be used to
predict toxicological outcomes with the
help of AI algorithms [105]. These
predictive models are extremely useful in
identifying adverse effects prior to the
extensive testing in the experimental
model, which ultimately leads to better
patient safety and lower development costs
[106,107].

21(2): S.1(2), 2102-2129, 2026

2111

www.thebioscan.com

5.4 Drug Repurposing

The discovery of new uses for existing
drugs is called drug repurposing. One area
where Al has proven to be a powerful asset
is its ability to analyze biomedical
literature, clinical data, and molecular
interactions for repurposing [108]. It not
only helps to decrease development time
and regulatory hurdles, but also offers novel
therapeutic ~ opportunities for many
diseases, including cancer, infectious
diseases and neurological diseases [109].
To conclude, Al is enhancing the ability to
predict drug efficacy, safety, and
pharmacokinetic characteristics,
contributing to the more efficient drug
development process and the progress of
precision medicine [110]

6. AT IN CLINICAL DEVELOPMENT

The clinical development phase is one of
the most crucial and costly phases in drug
development. Today, despite progress in
pharmaceutical research, the challenges
with clinical trials include high failure rate,
long timelines, and problems with patient
recruitment [111]. Artificial Intelligence
(AI) has become a helpful technology for
optimizing the clinical trial process by
making decisions based on data, predicting
outcomes, and designing clinical trials to
better serve patients [ 112, 113].

6.1 Clinical Trail Desing and Patient
Requirement

Recruiting patients can be a significant
challenge in clinical trials, with often long
periods spent in the process only to fail to
find the necessary number of recruits. Al
technologies can process EHRs, genomics
data and demographic data to identify
participants that would be eligible to
participate more efficiently than manual
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recruitment processes can. Machine
learning algorithms help researchers to
identify patients that are qualified for
clinical trials and increase the enrollee rates
as well as shorten the patients' enrollment
time (114-116). Moreover, Al can help
streamline the clinical trial process by
forecasting potential enrollment issues,
finding appropriate clinical trial sites, and
assessing eligibility criteria [117]. The use
of predictive models allows researchers to
optimize trial design, both in terms of
effectiveness and inclusiveness, and to
reduce participant drop-out. These Al-
driven solutions help increase the success
rate of trials and lower costs of operation
[118].

7.2 Predictive Analytics in Clinical

Outcomes

Predictive analytics is the use of machine
learning and statistical modeling to make
predictions about clinical outcomes from
past and real-world patient data. Al can help
in making informed decisions during the
clinical  development  process by
recognizing patterns that correspond to
treatment responses, disease progression,
and adverse drug effects [119,120]. Using
Al to create predictive models can
categorize patients by risk level, estimate
treatment effects, and guide individualized
treatment plans. These features enable the
adaptation of clinical trial designs and
improve the chance of successful trials
[121]. Moreover, predictive analytics can
detect early signs of a trial's failure and
prompt researchers to make timely
adjustments and optimize resources used
[122].

7.3 Real-World Evidence Generation
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Clinical information that is collected from
sources like electronic health records,

patient  registries, insurance claims
databases, and wearable health
technologies is known as real-world

evidence [123]. Al has made it much easier
to manage and analyze these enormous,
complex  datasets, yielding useful
information on the effectiveness, safety,
and impact of healthcare on various
treatments (124]. Al can be used to

facilitate  post-marketing  surveillance,
pharmacovigilance and regulatory
decision-making, leveraging real-world

evidence [126]. Al's ongoing analysis of
patient outcomes in real-world conditions
can help enhance the safety of medications
and more accurately gauge their therapeutic
effectiveness. As a result, Al-based RWE
generation is becoming a growing part of

the precision medicine and modern
pharmaceutical ~ development  process
[127,128].

8. RECENT CASE STUDIES

As Al becomes increasingly prevalent in
the  pharmaceutical industry, many
successful applications have emerged that
highlight its potential in drug discovery and
patient care. Al’s integration into
pharmaceutical research has yielded many
success stories, such as Al-driven drug
discovery platforms and disease prognosis
systems that have improved patient
outcomes. In several disease fields, Al
technologies have helped to identify new
drug candidates, optimize therapeutic
strategies and advance precision medicine |
129,130].

8.1 Al-Discovered Drug Candidates

A major success of Al in drug discovery is
being able to identify new therapeutic
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molecules in much shorter timeframes
[131]. Machine Learning and Deep
Learning can be used to sift through
millions of compounds and predict their
biological activity, as well as creating new
molecular  structures ~ with  desired
pharmacological properties. It has been
demonstrated that Al driven platforms can
successfully shorten hit identification and
lead optimization process, which in turn can
decrease the development time and cost
[132]. One such instance is the use of deep
learning methods to uncover new DDRI1
kinase inhibitors, which showcased the
power of Al systems to quickly generate
promising drug candidates [ 133]. In the
same way, Al-driven strategies have been
used to discover new antimicrobial drugs,
such as the discovery of new compounds
for fighting multidrug-resistant pathogens
[134,135].
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8.2 Applications in Oncology

Al has been applied in the field of oncology,
which is one of the most dynamic areas of
its use, given the complexity and
heterogeneity of cancer. Cancer diagnosis,
discovery of biomarkers, identification of
targets and optimization of treatment are
examples of cancer applications of Al
technology in a wide range [136]. A wide
range of cancer applications of Al
technology is wused, including cancer
diagnosis, discovery of cancer biomarkers,
identification of cancer targets and
optimization of cancer treatment [137].
Genomic, transcriptomic and clinical data
can be analyzed using machine learning
algorithms to identify molecular signatures
linked to the development and response to
therapy of tumors [138].
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Al has also helped in precision oncology by
patient stratification and patient treatment
selection [139]. Predictive models help
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clinicians to identify patients that can most
benefit from certain drugs, which can lead
to better outcomes and to minimize


http://www.thebioscan.com/

(S,
AR 5'
I ﬂb E&J i

unnecessary toxicity. The advances reflect
the increasing impact of Al for cancer
research and treatment [140].

8.3 Applications in

Disorders

Neurological

Neurological disorders like Alzheimer's,
Parkinson's and multiple sclerosis are
difficult to treat; they are complex diseases
with few treatment options [141]. The
analysis of neuroimaging, genetic and
clinical datasets has been made easier by
the use of Al-based approaches, which have
resulted in more effective diagnosis of
disease and identification of therapeutic
targets [142,143]. Deep learning models
have shown a great ability to identify the
early signs of neurodegenerative disease
and forecasting disease progression. Al
drug discovery platforms are also being
used to find new drug targets for
neurological diseases, helping to speed
studies to meet these unmet medical needs
[144].

8.4 Applications in Infectious Diseases

Al has been proven to be valuable during
COVID-19 in combating the world's health
crisis Disease surveillance, outbreak
prediction, drug repurposing, and vaccine
development were all extensively used with
the help of AI technologies [145,146].
Within a short time, frame machine learning
models were used to analyze the genomes
of the virus, predict viral protein structures
and identify potential therapeutic targets
[147].

Besides COVID-19, Al has been critical in
the discovery of new antimicrobial drugs
that are effective against resistant
organisms [148]. Predictive models have
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also been applied to the study of pathogen-
host interactions, leading to the creation of
novel treatment strategies for infectious
diseases and other applications. The strides
made in these areas highlight the
transformative power of Al in addressing
todays and future global health challenges
[149]

9. REGULATORY, ETHICAL, AND
DATA GOVERNANCE
CONSIDERATIONS

Artificial Intelligence (Al) is increasingly
being used in the field of pharmaceutical
sciences, revolutionizing drug discovery,
clinical development, and healthcare
provision. While Al offers many benefits, it
also presents many regulatory, ethical and
data governance issues [150,151]. Al
systems may be required to process vast
amounts of patient and biomedical data, and
can have a significant impact on key
healthcare decisions. Accordingly, the
security, transparency, reliability and
fairness of Al technologies is crucial for
their successful application in
pharmaceutical research and clinical
practice [152,153].

9.1 Regulatory Frameworks

There is an increasing focus on setting
standards for the creation and use of Al
healthcare technologies from regulatory
bodies around the globe. AI has been
recognized as a promising technology by
organizations like the U.S. Food and Drug
Administration (FDA), the European
Medicines Agency (EMA), and the World
Health Organization (WHO), and they are
actively working on frameworks to assess
its safety and efficacy [153,154]. The
primary difficulty is that Al products are not
like traditional pharmaceutical products in
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that many machine learning models are
constantly improving as more data are
added. Because of this ‘adaptive behavior’,
conventional regulatory approaches that are
meant for static products are not able to be
applied in a straightforward manner [155].

Thus, regulators are looking at lifecycle
approaches to oversight, which involve

ongoing monitoring, assessment  of
performance and post-deployment
monitoring of Al systems [156,157].

Validation and reproducibility are other
regulatory points to take into account. For
widespread adoption, Al models need to be
effective across various groups and health

care environments [158]. Establishing
standardized reporting guidelines,
transparency in  methodologies and

independent validation studies are key steps
to build and sustain regulatory confidence
and patient safety [159]. As Al powered
Software as a Medical Device (SaMD)
becomes more prevalent, the need for
regulation specific to Al has been further
highlighted. Before incorporating these
tools into the healthcare setting, clinical
decision support systems, diagnostic tools,
and predictive analytics platforms need to
meet quality standards and be thoroughly
assessed [160,161].

9.2 Data Privacy and Security

Data are the foundation of Al systems. The
need for pharmaceutical Al applications
lies in their ability to use electronic health
records, genomic data, clinical trial
databases, and real-world patient data to
make predictions and gain insights. But
there are serious privacy and confidentiality
issues with the use of such information
[162]. Personal information and medical
data of patients are key components of
patient healthcare records and need to be
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safeguarded from unauthorized access
[163]. Informed consent, transparency and
control over personal data are all noted in
regulations like the General Data Protection
Regulation (GDPR) as well as other
national data protection laws. Ensuring
these regulations are adhered to is crucial
for maintaining public trust and ensuring
ethical implementations of Al [164,165].

Another major issue 1is information
technology security. The information held
on the healthcare databases and
pharmaceutical information systems make
them wvaluable targets for cyberattacks
[166]. Healthcare data breaches can lead to
patient privacy issues, interfere with
healthcare delivery, and have adverse
implications for  research. Thus,
organizations need to put in place strong
security ~ measures  including  data
encryption, secure storage systems, multi-
factor authentication and ongoing security
monitoring [167]. Federated learning is a
new technology that could provide
solutions to privacy considerations in Al
development. Federated learning is another
approach that allows Al models to learn
from decentralized data without requiring
patients' sensitive information to be sent to
a central server, which decreases privacy
risks and still provides analytical
performance [168,169].

9.3 Ethical Challenges

There are several ethical considerations that
need to be taken into account regarding the
use of Al in the field of pharmaceutical
sciences. The design and use of Al systems
should be based on principles of benefit
(beneficence), non-harm (non-
maleficence), fairness, transparency, and
accountability [170,171]. One of the most
important ethical issues is with respect to
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algorithmic bias. The algorithms powering
Al systems are trained using past data and
if that data is biased, then the predictions
made by the Al will be biased [172]. If the
data used to train the Al models is biased,
the predictions of such models will be
biased as well. For instance, if specific
ethnic groups are under-represented in the
clinical data, predictions for those groups
may be less accurate and may be a
contributor to disparities in health care
[173,174]. One of the issues is
accountability. In situations where Al
systems play a role in healthcare choices,
who takes responsibility for any errors or
negative effects can be challenging to
establish [175].

All developers, healthcare professionals,
regulators and pharmaceutical companies
could have roles in ensuring the safe and
ethical use of Al technologies [176]. With
the adoption of Al in healthcare, informed
consent becomes more crucial than ever.
Patients need to be aware of the way the
data are gathered, processed, stored and
utilized by AI systems. Clear and open
discussions on how data is used and how
algorithms are made decisions will help
maintain patient autonomy and build trust
in health technologies [177,178]. In
addition, there is a risk that human
participation in clinical decision-making
will also be diminished by relying too much
on AI [179]. The majority of the experts
recommend a human-in-the-loop approach
where Al is used as an assistant and
patients' health cases are ultimately handled
by healthcare professionals [ 180].

9.4 Explainable Al (XAI)

Many sophisticated Al models, especially
deep learning models, are essentially a
‘black box' as it is hard to understand how
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they make their decisions. These models
frequently have good predictive power, but
often are not very transparent, which can
make them less accepted for applications in
the pharmaceutical and healthcare sector
[181,182]. The goal of Explicable Artificial
Intelligence (XAI) is to make predictions
more understandable, by  giving
explanations [183]. By using XAI
techniques, researchers and practitioners
can gain insights into the factors affecting
Al-generated results and determine if these
predictions are scientifically and clinically
relevant [184].

In the pharmaceutical industry, EAI can
enhance the trust in target discovery, drug
screening, drug toxicity prediction, and
clinical outcomes. Researchers can
anticipate what limitations an Al model
may have, and validate results prior to real-
world use, as they can understand how it
reached its  conclusion [185,186].
Explainability also aids in compliance.
Transparency and auditability are key
focuses in assessing Al systems in
healthcare. There is a growing focus on
transparency and auditability in the
evaluation of Al systems in healthcare.
Interpretable models typically are easier to
validate, monitor and trust, leading to
regulatory clearance and clinical use
[187,188].

10. CHALLENGES AND LIMITATION
AND FUTURE SCOPE

Artificial Intelligence (AD has
transformed  pharmaceutical  research,
making it faster, easier, and more effective
in a number of ways, including drug
discovery, target identification, formulation
optimization, and clinical decision making.
Although these advances have been made,
there are still some scientific, technical,
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regulatory and ethical hurdles to its broad
implementation. To capitalize on the
opportunities afforded by Al-powered
pharmaceutical innovation, it is crucial to
overcome these limitations [189].

10.1 CHALLENGES
10.1.1 Data Quality & Data Availability

The accuracy of Al systems relies
significantly on the data they use for
training, which must be of high quality, in
large volumes, and diverse [190].
Predictions from pharmaceutical and
healthcare data may be hampered by data
incompleteness,  inconsistencies, data
fragmentation, and data bias [191]. Further,
high quality biomedical data sources might
be limited by privacy laws, proprietary
issues, and the absence of data
standardization. The impact of these
challenges may restrict the utility and
broader applicability of Al systems in
various population and disease contexts
[192].

10.1.2 Algorithmic Bias

Historical data can include demographic,
clinical, or socioeconomic biases that can
be learned by Al models. This can lead to
biased predictions by Al systems, which
could disproportionately impact certain
patient populations [193]. All of these
biases can affect the identification of
targets, patient selection, treatment
recommendations, and outcomes. To reduce
algorithmic bias and help health services
achieve an equitable healthcare experience,
it

is important to ensure data diversity and
representation, as well as ongoing model
validation [194,195].

10.1.3 Model Interpretability
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One problem with advanced Al systems is
that they can be "black boxes," especially
deep learning models, making it hard to
comprehend how predictions are being
made. Poor transparency may diminish
trust within the research, clinical and
regulatory community [196]. In the
pharmaceutical industry, where patient
safety is paramount, it is essential to
comprehend the rationale behind Al's
decision-making process for validation and
acceptance. Enhancing the interpretability
of Al models is still a pressing issue in the
application of AI [197,198].

10.1.4 — Application of integrated
analytics in pharmaceutical workflow

To be effective, Al must be integrated with
the current workflows in pharmaceutical
research, development and production
[199]. The key challenges are insufficient
digital infrastructure, lack of technical
expertise, skills needs of staff and the
willingness of staff to embrace technology.
Additionally, there can be interoperability
challenges between various software and
data systems that can make it difficult to
implement Al technologies smoothly
[200,201].

10.1.5- Regulatory and Ethical Concerns

Al is a rapidly developing technology,
which poses challenges for regulators
trying to develop proper regulatory
frameworks [202]. In addition, ethical
issues  with  privacy, responsibility,
transparency, and consent for data use add
to the complexity of Al adoption. This lack
of regulatory harmonization can impact the
timing of Al-powered drug technologies
coming to market [203].

10.2 Future Scope

Although there are obstacles to overcome,
the potential for Al in the field of
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pharmaceuticals is promising, and it is
likely that the technology will continue to
evolve. Future developments in
computational power, machine learning
algorithms, and in the generation of
biomedical data are likely to continue to
revolutionize the field of drug discovery
and health care delivery [204,205]. The use
of Generative Al in novel drug design is
examined. The examination of novel drug
design using Generative Al [206].
Generative Al models are poised to become
an increasingly vital part of the drug design
process to create novel drug candidates
with optimized efficacy, safety, and
pharmacokinetic properties [207]. These
systems have the ability to quickly survey
the breadth of possible chemical space and
create novel molecular structures that
would not be found by traditional methods
[208]. The potential for precision medicine
is massive, and Al will play a huge role in
advancing the field by synthesizing
information from genomic, proteomic,
metabolomic and clinical data to create
individual ~ treatment  plans  [209].
Treatment could be tailored to a patient's
specific characteristics, which may help
optimize treatment efficacy and minimize
side effects [210].

10.2.1 Digital Twins and Predictive
Healthcare

One such potential application is digital
twin technology, where virtual models of
patients or biological systems are
generated, allowing for simulation and
analysis of their behavior [211]. These
virtual models can be used to simulate
disease  progress, predict treatment
responses and optimize therapeutic
interventions prior to them being put into
practice in the “real world”. These
innovations could transform personalized
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clinical care and treatment decision making
[212,213].

10.2.2. A different variety of autonomous
drug discovery platforms

In the future, Al systems can help to make
the whole process of drug discovery fully
autonomous, with minimal human
intervention, from target identification to
virtual screening, lead optimization, and
toxicity prediction [214]. The
incorporation of robotics, automation and
Al could slash development time and costs
and boost research productivity [215].

10.2.3. Explainable and Trustworthy Al

Explainable Artificial Intelligence (XAI) is
anticipated to enhance the transparency and
trust in  Al-driven  decision-making
processes [216]. With the emergence of
future Al models, these predictions will
likely be interpreted, making regulatory
approval, clinical adoption, and stakeholder
confidence easier. In pharmaceutical
sciences, trustworthy Al frameworks will
be crucial to the ethical and responsible
implementation [217].

10.2.4.  Al-Driven
Manufacturing

Pharmaceutical

It is expected that the Al-powered
manufacturing  systems  will  bring
improvements in quality control, process
optimization, predictive maintenance, and
real-time monitoring [218]. This integration
with Industry 4.0 technologies can result in
more efficient, flexible and sustainable

pharmaceutical ~ production  processes
[219,220].
11. CONCLUSION

In the pharmaceutical industry, Artificial
Intelligence (Al) is reshaping the landscape
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of drug research and drug discovery by
driving more rapid, efficient and data-
informed strategies throughout the entire

drug development lifecycle. Al
technologies have revolutionized target
identification, lead optimization, drug
repurposing, clinical trial design, and

personalized medicine. Al can process vast
and complex amounts of data to provide
researchers with precise predictions,
streamline development timelines, and
minimize expenses in drug development.
However, there are also some challenges to
overcome, such as the difficulties
associated with data quality, algorithm
transparency, ethical concerns, privacy
protection, and regulatory acceptance.
Standardized guidelines, explainable Al
models, and strong data governance
frameworks are crucial for responsible
implementation of Al in pharmaceutical
science, overcoming these limitations and
ensuring the technology's benefits are
realized responsibly. Future advancements

in machine learning, deep learning,
generative  Al, and digital health
technologies are expected to further

enhance the capabilities of Al-driven drug
discovery. Al will prove to be an essential
enabler for the pharmaceutical sector to
advance therapeutic innovations and
enhance patient outcomes as it moves
towards digital transformation. The ability
of Al to enhance accuracy, efficiency, and
personalization in healthcare makes it a
promising application in the field of
pharmaceutical sciences.
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