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ABSTRACT

Pharmacovigilance, the science of detecting,
assessing, understanding, and preventing adverse
drug reactions (ADRs) and medication-related
errors, plays a crucial role in ensuring patient safety
and public health. The increasing volume of
healthcare data and the growing complexity of
therapeutic interventions have challenged traditional
pharmacovigilance approaches, creating a need for
more advanced and efficient monitoring systems.
Artificial Intelligence (AI) is emerging as a
powerful tool to address these challenges through
capabilities such as automated signal detection, case
processing, real-time safety monitoring, and the
analysis of data from electronic health records,
wearable devices, and social media platforms.
Technologies including Machine Learning (ML),
Natural Language Processing (NLP), Deep Learning
(DL), Automated Case Processing, and Regulatory
Decision Support are transforming
pharmacovigilance by improving the efficiency,
accuracy, and scope of drug safety activities. These
technologies facilitate the rapid analysis of large
volumes of structured and unstructured data,
enabling earlier detection of safety signals and more
effective risk assessment.

In addition to pharmacovigilance, Al contributes to
drug discovery, drug repurposing, pharmacokinetic
modeling, dosage optimization, therapeutic drug
monitoring, medication adherence support, and
pharmacy automation. By enabling continuous
monitoring and personalized risk assessment, Al
enhances patient-centered care and supports more
effective healthcare decision-making. Despite its
significant potential, the integration of Al into
pharmacovigilance faces challenges related to data
privacy, ethical considerations, algorithm
transparency, and regulatory compliance, which
must be addressed to ensure its safe and effective
implementation.
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I. INTRODUCTION

The term pharmacovigilance (PV) is
derived from the Greek word pharmakon (drug) and
the Latin word vigilare (to keep watch or remain
vigilant). According to the World Health
Organization (WHO) pharmacovigilance is defined
as “the science and activities relating to the
detection, assessment, understanding, and
prevention of adverse effects or any other drug-
related problems.”[1] Ensuring the safety and
efficacy of medicines after their approval is
essential, particularly for identifying adverse drug
reactions (ADRs) that may not be fully detected
during clinical trials.[2]

Pharmacovigilance plays a critical role in
safeguarding patient health and maintaining public
confidence in healthcare system. The widespread
use of medicines in diverse patient populations over
extended periods can reveal safety concerns that
were not apparent during pre-marketing studies.[3]
Effective pharmacovigilance enables the timely
identification, evaluation, and management of drug-
related risks, thereby improving patient outcomes
and supporting evidence-based regulatory decision-
making. However, the field continues to face several
challenges, including underreporting of ADRs,
increasing volumes of safety data, and delays in
signal detection and assessment.[4]

Recent advances in artificial intelligence
(Al) have transformed the pharmacovigilance
landscape by enabling the efficient analysis of large
volumes of structured and unstructured data.
Sources such as spontaneous reporting system,
electronic health records, scientific literature, and
social media platforms contain valuable safety
information, but their complexity often makes
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manual processing difficult.[3-5] Al technologies,
including Machine Learning (ML), Deep Learning
(DL), and Natural Language Processing
(NLP),facilitate the extraction, and analysis of
safety-related information from diverse data
sources.[6] As a result, Al can accelerate safety
signal detection, improve ADR identification, and
enhance risk assessment processes.

The application of Al in pharmacovigilance
extends from automating routine tasks to addressing
complex analytical challenges. Al-based systems are
used for case processing, literature screening, signal
detection, data mining, and patient
identification.[6,7] By rapidly analyzing large
datasets with high accuracy, these technologies can
reduce human error, support proactive decision-
making, and enable earlier detection of potential
safety concerns. Furthermore, Al-driven platforms
can improve communication between patients,
healthcare professionals, and regulatory authorities
through real-time alerts and personalized risk
assessments.[8]

In addition to pharmacovigilance, Al has
significant potential in pharmaceutical regulation.
Regulatory agencies worldwide, including those in
the United States, the European Union, and China,
are exploring Al application to improve operational
efficiency, accelerate drug review processes, and
facilitate faster access to innovative therapies.[7,8]
Al can assist in managing the growing complexity
of regulatory submissions by automating document
review, data analysis, and decision-support
activities.[9]Although the use of Al in regulatory
science is still at an early stage compared with its
application in drug research and development
(R&D), its potential to create a more efficient,
transparent, and  science-driven  regulatory
framework is increasingly recognized.[10]

Overall, the integration of Al into
pharmacovigilance  and  regulatory  science
represents a significant advancement in drug safety
monitoring.[11] Through continuous learning from
new data and the ability to process vast amounts of
information, Al has the potential to enhance the
accuracy, efficiency, and responsiveness of
pharmacovigilance system, ultimately contributing
to improved patient safety and public health
outcomes.[12]

I1. OVERVIEW OF ARTIFICIAL
INTELLIGENCE
Artificial intelligence (Al) refers to the
capability of machines or computer systems to
perform tasks that normally require human

intelligence, such as learning, reasoning, problem-
solving, and decision-making. Artificial intelligence
is a subject of computer science that's rapidly
gaining popularitysince it has bettered mortal
actuality in a variety of ways. Artificial intelligence
has mainly enhanced the performance of
manufacturing and service systems during the
former two decades.[13] Expert systems are a fast
arising technology that began from artificial
intelligence exploration. Intelligent machines will
replace or compound mortal capabilities in
numerous sectors in the future.[14]

The concept of Al was formally introduced
by John McCarthy in 1956, who defined it as the
science and engineering of making intelligent
machines.[15] Over the years, advancements in
machine learning, deep learning, and neural
networks have significantly enhanced Al
capabilities, enabling applications across various
domains.[16]

Al can be broadly categorized into three
types: Artificial Narrow Intelligence (ANI),
Artificial General Intelligence (AGI), and Artificial
Super Intelligence (ASI). Currently, most real-world
applications are based on ANI, which is designed to
perform specific tasks efficiently.[17]

Al has found widespread applications in
healthcare, education, finance, transportation,
agriculture, cyber security, and industrial
automation. Technologies such as natural language
processing, computer vision, robotics, and expert
systems have transformed the way organizations
operate and make decisions.[18]

The growing availability of large datasets,
powerful computing resources, and advanced
algorithms has accelerated Al adoption. As a result,
Al is considered one of the most influential
technologies of the 21st century, driving innovation
and improving efficiency across multiple
sectors.[19]

III. AI APPLICATION IN
PHARMACOVIGILANCE

3.1 Risk assessment

Risk-based methodology A risk-based
approach recognizes that various use cases present
different kinds and degrees of risk, as well as the
possible risks that Al systems may pose. This calls
for a risk assessment that takes into account current
process controls while identifying, prioritizing, and
managing risks that could adversely affect the
behavior and outcomes of a PV system. Both the
expected impact and the probability of unfavorable
outcomes define a risk. Additionally, this strategy
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provides methods for identifying and minimizing
biases and errors in a way that is commensurate with
their risk. It affects how Al systems are
implemented (including documentation, compliance,
and record-keeping), which should typically be
proportionate to the risk that has been
discovered.[20]

General considerations for risk assessment
It is expected of organizations that intend to use Al-
based solutions to support PV processes to conduct
a comprehensive risk analysis. Every Al system
should undergo this evaluation, which should serve
as the foundation for a risk-proportionate strategy
used at every stage of the system's lifecycle, from
development to regular use. The Al technology
itself, the context of use, the possibility of risks
materializing, and their potential impact are
important factors to take into account when
assessing the degree of risk associated with using an
Al tool inside a PV system.[21]

By facilitating the methodical examination
of sizable and intricate safety datasets, artificial
intelligence (AI) can assist risk assessment in
pharmacovigilance. Organizations can discover,
assess, prioritize, and manage possible hazards
related to the wuse of Al systems in
pharmacovigilance procedures by using a risk-based
approach. The intended application of the Al
system, the quality of the input data, model
performance, transparency, and the possible impact
of inaccurate predictions on patient safety are some
of the variables that may determine the degree of
risk.[22]

Organizations should conduct a thorough
risk assessment at every stage of the Al system
lifecycle, including development, validation,
deployment, and ongoing monitoring, prior to
putting Al-based solutions into practice. To
guarantee the dependable and secure application of
Al in pharmacovigilance, proper documentation,
regulatory compliance, data quality control, and
assessment of potential biases are crucial.[23]

3.2 Automated Case Processing

Another important area where Al is having
a big impact is the processing of Individual Case
Safety Reports (ICSRs). ICSRs are comprehensive
records of adverse drug responses that are frequently
reported by patients, caregivers, or healthcare
professionals. Pharmacovigilance specialists must
manually enter data, categorize ADRs, and
determine the severity and causality of each
occurrence in order to process these reports, which
takes time.[24] By automating repetitive tasks like

data entry, case triaging, and the classification of
medical terms using standardized coding systems
like the Medical Dictionary for Regulatory
Activities (MedDRA), Al-driven automation tools
can expedite this process.[25]By evaluating past
data and comparable cases, Al algorithms can also
help pharmacovigilance specialists identify whether
a reported adverse drug reaction (ADR) is likely to
be connected to the medication in question. Al can
greatly lessen the workload for pharmacovigilance
teams by automating these processes, freeing up
human experts to concentrate on more intricate
analysis and decision-making.[26] Additionally,
automation lowers the possibility of human error in
data entry and coding, enhancing the general caliber
and uniformity of pharmacovigilance procedures.

3.3 Adverse Drug Reactions

Adverse Drug Reactions (ADR): The study is to
investigate how Al might be used to identify, track,
and evaluate adverse drug reactions. This entails
comprehending how these technologies can improve
the detection of unanticipated and potentially
dangerous drug reactions, hence enhancing patient
safety.[27]

3.4 Role of Artificial Intelligence in ADR
Reporting
ADRs Reporting

An Adverse Drug Reaction (ADR) is an
unwanted and harmful response occurring after the
use of a medication, ranging in severity from mild
symptoms to serious or life-threatening effects.
ADRs are generally classified into two main types:
Type A (Augmented) and Type B (Bizarre)
reactions. Type A reactions are related to the drug's
known pharmacological activity and are typically
dose-dependent and predictable. In contrast, Type B
reactions are unexpected and cannot be explained
based on the drug's known pharmacological
properties.[28]

In recent times, Artificial Intelligence (AI)
has played a pivotal role in making ADR reporting
and pharmacovigilance systems more effective,
rapid, and accurate. Al-based technologies have
enabled the analysis of large-scale health data, the
identification of potential ADRs, and the early
detection of safety signals. Furthermore, AI has
streamlined the processes of ADR data collection,
classification, and assessment.[29]

Al-based technologies such as Machine
Learning (ML), Deep Learning (DL), and Natural
Language Processing (NLP) are making significant
contributions to ADR monitoring. ML algorithms
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assist in predicting potential adverse drug reactions
by utilizing historical ADR data.[30] DL models are
useful for discovering new safety signals by
identifying patterns hidden within large and
complex datasets. Meanwhile, NLP techniques are
capable of extracting critical ADR-related
information from clinical notes, medical reports,
Electronic Health Records (EHRs), scientific
literature, and pharmacovigilance databases.

With the aid of Al the identification of
adverse events, the analysis of ADR reports, and the
detection of safety signals have become faster and
more precise. Thus, by enhancing
pharmacovigilance activities, Al-based systems are
contributing significantly to drug safety and patient
safety.[31]

3.5 Social Media Monitoring

Social media can be a trustworthy source of
data for gathering ADRs that cover a wide range of
recognized ADRs. These examples demonstrate the
ability to extract AI ADR signals from noisy text.
Underappreciated or patient-focused social chat
mining (e.g., discussing online that a patient's
negative effects might not be reported to a doctor).
Informal language, brief tweet contexts, and sample
distortions (users are not in a random patient group)
are among the difficulties, though. Models can
record spurious signals (such as jokes or news re-

posts labeled as ADRs) and frequently have trouble
generalizing new medications.[32]

Drug-Drug Interactions (DDI): provides a
thorough examination of the ways in which Al
methods might aid in the assessment, prediction, and
comprehension of drug-drug interactions. Because
drug interactions can have a substantial impact on
patient safety and treatment results, this is an
important area of pharmacovigilance. [33]

Monitoring Social Media in Pharmacovigilance

Another source of patient-generated health
data for pharmacovigilance initiatives is social
media. Social media data can be analyzed by Al-
based natural language processing (NLP) and
machine learning techniques to find new safety
signals, patient experiences, and possible adverse
drug reactions (ADRs) that might not be picked up
by conventional reporting systems.

Although AI models are capable of
extracting pertinent safety information from vast
amounts of unstructured text, their use is
constrained by a number of issues. Informal
language, short posts with little context, data bias
from non-representative user demographics, and the
potential for false-positive signals from irrelevant
content are some of these. For proper signal
interpretation, Al-based social media monitoring
should be used in conjunction with traditional
pharmacovigilance techniques.[34]

Al-Based Working Principle / Major Applications in Advantages Limitations
Application Description Pharmacovigilance and Challenges
Automated Al-based systems Automated data entry and Reduces manual Requires

Case automate the case triaging workload proper
Processing processing of ADR classification and Improves validation and
Individual Case Safety medical coding processing speed regulatory
Reports (ICSRs) by Identification of drug-event and accuracy compliance
extracting, relationships Minimizes human Difficulty in
categorizing, and Support in ICSR errors in safety handling
analyzing safety- management reporting complex clinical
related information cases
from multiple sources. Dependence on
data quality
Al-Based Al algorithms analyze Detection of new ADRs Enables faster False-positive
Signal large volumes of Identification of unknown signal detection and false-
Detection structured and drug-event associations Improves accuracy | negative signals
unstructured safety Continuous safety of safety Limited
data to identify surveillance monitoring explainability of
potential drug-related Early risk identification Supports proactive Al decisions
risks and emerging pharmacovigilance | Requires expert
safety signals. practices evaluation
Risk Al evaluates safety Risk identification and Enhances Algorithm bias
Assessment information by prioritization Benefit-risk evidence-based Lack of
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and analyzing complex assessment decisions transparency
Management | datasets and identifying | Continuous monitoring of Improves patient Data privacy
potential risks drug safety safety monitoring and regulatory
associated with Support for regulatory Supports risk- concerns

medicines and Al-

decision-making

based approaches

based
pharmacovigilance
systems.
Social Media | Al-based approaches
Monitoring analyze patient-

generated information
from social media
platforms to identify
possible safety
concerns.

Detection of patient-
reported ADRs
Identification of real-world
drug experiences
Monitoring emerging
safety signals

Provides real- Privacy issues

world patient
information
Helps detect
signals not
reported through
traditional
systems

Table: Role and Applications of Artificial Intelligence in Pharmacovigilance

IV. Al TECHNIQUES IN
PHARMACOVIGILANCE

4.1 Deep Learning

In recent times, deep learning, machine
learning, artificial intelligence, and data science
have evolved into a significant and rapidly growing
field. This has driven rapid advancements in Al
technology. Major companies like Google,
Microsoft, and Nokia are actively engaged in
research and development in this area, as deep
learning is capable of delivering superior results
when dealing with large and complex datasets. It is
considered a crucial component of artificial
intelligence (Al), possessing the ability to process
data much like the human brain and outperforming
traditional machine learning techniques when large
amounts of data are available.

Deep learning involves multiple layers that
analyze various levels and patterns within data to
construct an effective model. For instance, deep
learning is employed in self-driving cars to identify
objects such as pedestrians and other vehicles.[35]
This makes deep learning a highly powerful and
useful technology for real-world applications.
Although training these models requires significant
time and resources, they deliver fast and accurate
results during the testing phase.

Deep learning has emerged as a key
technology in the era of Industry 4.0. A neural
network consists of interconnected neurons that
generate an output based on inputs, weights, biases,
and activation functions.[36]

Today, deep learning is utilized across
diverse sectors such as healthcare, image
recognition, natural language processing (NLP),
cybersecurity, education, research, and business.
However, developing these systems is a challenging
task; deep learning models are often referred to as
"black boxes" because their decision-making
processes are difficult to fully comprehend. Deep
learning is poised to play a pivotal role in the future
development of automation and intelligent
systems.[37]

Deep learning is primarily categorized into
three types: supervised learning, unsupervised
learning, and hybrid learning.[38]

4.2 Machine Learning in Pharmacovigilance

Various machine learning models are
employed in pharmacovigilance depending on the
nature of the task. Supervised learning algorithms
such as Logistic Regression, Support Vector
Machines (SVM), Decision Trees, and Random
Forests are commonly used for adverse event
classification, case prioritization, and risk
prediction. These models learn from labeled datasets
and can accurately classify reports as serious or non-
serious, expected or unexpected, and potentially
drug-related or unrelated.[39]

Unsupervised learning approaches,
including K-Means Clustering and Hierarchical
Clustering, are utilized to identify hidden patterns
and relationships within large pharmacovigilance
databases. These techniques are particularly useful
for signal detection, where previously unknown
associations between drugs and adverse events may
be discovered without predefined labels.[40]
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Recent advances in deep learning have
further expanded the capabilities of
pharmacovigilance  systems. Artificial Neural
Networks (ANNs), Long Short-Term Memory

(LSTM)  networks, and  Transformer-based
architectures have demonstrated superior
performance in  processing complex and

unstructured healthcare data.[41] Natural Language
Processing (NLP) models such as BERT and
BioBERT are increasingly applied to extract
relevant information from clinical narratives,
scientific literature, electronic health records, and
social media sources. These models facilitate
automated identification of drug names, adverse
events, patient characteristics, and medical
conditions.[42]

Machine  learning  applications  in
pharmacovigilance include adverse event detection,
duplicate case identification, literature screening,
medical coding assistance, signal management, and
benefit-risk  assessment.[43] Despite  their
advantages, challenges remain regarding data
quality,  model interpretability,  regulatory
compliance, and the need for high-quality annotated
datasets. Nevertheless, machine learning continues
to play a crucial role in modern pharmacovigilance
by improving efficiency, accuracy, and the timely
detection of potential drug safety concerns.[44]

4.3 Natural Language Processing (NLP):
NLP is a crucial Al technology for PV
(Pharmacovigilance) because a vast amount of

safety data exists as unstructured text—such as
patient descriptions of symptoms, doctors' notes,
scientific articles, social media posts, and so on.
NLP techniques help to "read" and comprehend
such text on a large scale.[45] Key applications of
NLP in PV include entity recognition (identifying
drug names, terms related to side effects, and patient
information within text) and relation extraction
(linking drugs and side effects mentioned in the
same context). For instance, an NLP model can
process a physician's narrative in an ICSR to extract
information such as the suspect drug, dosage, side
effects, and impact on the patient, and automatically
populate the appropriate database fields.[46] NLP
also powers literature screening tools that scan
journal articles for safety case reports or emerging
risks, as well as social media mining tools that
detect discussions about side effects in colloquial
language (including the slang, misspellings, or
emojis  patients use to  describe their
experiences.[47] In PV, modern NLP often employs
deep learning-based language models (such as
Transformer models)—which may have been fine-
tuned on biomedical text—significantly improving
the accuracy of clinical narrative comprehension.
Researchers at the Uppsala Monitoring Centre
(UMC) emphasize that NLP methods, combined
with other Al techniques, now enable the processing
of regulatory documents, scientific literature, and
case narratives far more efficiently than manual
review [48].

Table: Comparative Overview of AI-Based Technologies in Pharmacovigilance

Applications in Processin
Technology ppications 1 Accuracy/Performance cssing Best Use
Pharmacovigilance Time
Complex ADR Requires Large-scale
detection, safety . .
. . Provides higher longer datasets, advanced
Deep signal detection, Lo -
L . . ; accuracy when training time prediction, and
earning predictive analysis, . : . .
. sufficient high-quality but provides future Al-based
(DL) and processing of . . .
data is available faster results | pharmacovigilance
large healthcare during testin systems
datasets & & Y
ADR classification, . .
. - Requires less Routine
. risk prediction, case . S .
Machine N . Provides good accuracy | training time | pharmacovigilance
. prioritization, signal ...
Learning management. and for structured and compared activities and
(ML) g N labeled datasets with Deep structured data
benefit-risk . )
Learning analysis
assessment
Natural Literature screening, Highly effective for Enables rapid Extraction of
Language social media analyzing and extracting | processing of | safety information
Processing monitoring, clinical information from text- | large volumes from clinical
(NLP) note analysis, based data of narratives,
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extraction of ADR unstructured literature, and
information, and text patient-generated
ICSR text processing data

V. AI BASED SIGNAL DETECTION
Signal detection is an essential component of
engineering and data science, focusing on the
identification of meaningful signals within noisy
environments.[49] Conventional approaches rely on
fixed parameters and predefined thresholds, which
often prove inadequate in complex and dynamic
situations.[50]

The application of Artificial Intelligence (Al) in
signal detection has significantly advanced this
field.[51] Its adoption has increased rapidly,
particularly in pharmacovigilance, where it plays a
crucial role in identifying Adverse Drug Reactions
(ADRs) and detecting new side effects associated
with medications.[52,53]

Al-driven systems are capable of determining
whether an observed side effect is genuinely caused
by a drug or influenced by other external factors.
Furthermore, these systems assist in identifying new
and previously unknown reactions, thereby
enhancing drug safety monitoring.[54]

Al-based signal detection utilizes advanced
technologies such as Machine Learning (ML), Deep
Learning (DL), and Natural Language Processing
(NLP), which improve the accuracy, efficiency, and
reliability of the detection process.[53,54]

VI. ADVANTAGES AND
DISADVANTAGES OF ARTIFICIAL

INTELLIGENCE (AI) TECHNOLOGY

6.1 Advantages of Al Technology
Artificial Intelligence (Al) is an emerging,
novel, and revolutionary technology that offers
numerous benefits and achievements across various
sectors.[55] A key advantage of Al is that it
enhances task accuracy by minimizing human error
and ensures higher productivity within a shorter
timeframe.Al-based systems execute tasks such as
complex calculations, record management, data
storage, and research and development with high
precision, thereby reducing the likelihood of errors
in critical operations. Al is also extremely useful for
tasks that are difficult or dangerous for humans.[56]
For instance, it is employed in fields like space
exploration, marine research, and mining, where
operations are challenging and risky; AI can
perform these tasks more effectively and efficiently.
Al is also widely used in daily life—through
features like GPS navigation, predictive text, and
auto-correct—making our tasks simpler and faster.

Furthermore, continuous updates to Al technology
further enhance its utility. Additionally, Al fosters
automation. It can perform repetitive tasks
continuously without fatigue, allowing humans to
focus on more creative and strategic work. Digital
assistants and virtual agents play a significant role in
reducing human workload.[57]

6.2 Disadvantages of AI Technology

Despite its many advantages, Al
technology also faces several challenges and
limitations.[57] A major concern is the potential loss
of jobs; as automation replaces human labor in
various sectors—such as healthcare, education, and
large-scale industries—there is a risk of rising
unemployment. Moreover, Al lacks emotional
intelligence and human understanding. It cannot
fully comprehend human emotions and sensitivities,
which are crucial in fields such as healthcare,
counseling, and education.[58] The costs associated
with the development, implementation, and
maintenance of Al systems are also quite high,
making adoption difficult for smaller organizations.
Al relies entirely on data; therefore, poor-quality or
biased data can lead to incorrect or inappropriate
results. Additionally, concerns regarding data
privacy and security are significant, as there is a
persistent risk of sensitive information being leaked.
Conclusion In conclusion, artificial intelligence
technology offers numerous benefits in terms of
accuracy, efficiency, and innovation, yet it also
presents significant challenges. Therefore, it is
essential to use Al with caution and responsibility to
maximize its benefits while minimizing potential
downsides.[59]

VII. CHALLENGES AND LIMITATIONS

OF ARTIFICIAL INTELLIGENCE

Artificial Intelligence (AI) has contributed
significantly to advancements in healthcare,
education, and various technical fields, enabling
progress across almost every sector.However, its use
has also brought to light several challenges and
limitations that must be understood and
addressed.[60]

First, Al systems lack genuine cognitive
understanding and operate primarily based on
patterns present in data. Consequently, they lack
common sense and contextual awareness, often
rendering them unable to provide complete and
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accurate information. Furthermore, Al systems
sometimes produce so-called "hallucinations,"
where they present incorrect facts with great
confidence, potentially misleading wusers.[61]
Additionally, the "black box" nature of deep
learning models makes it difficult to comprehend
the decision-making process.[62]

Second, the performance of Al depends
entirely on the quality and quantity of data.[63] If
the training data is incomplete, flawed, or biased,
the resulting outputs can also be incorrect or
discriminatory. In this context, data privacy and
security are also major concerns, particularly in
sensitive sectors like healthcare.[64]

Third, AI lacks emotional intelligence and
human empathy, preventing it from fully grasping
human emotions and sensibilities.[65] Therefore, it
proves limited in areas requiring human sensitivity,
such as healthcare, counseling, and education.[66]

Fourth, the widespread use of Al can have
an adverse impact on employment.[67] Automation
is reducing the need for human labor in many
traditional roles, thereby increasing the need for
workforce reskilling.[68]

Fifth, the development, implementation,
and maintenance of Al systems require substantial
financial investment and advanced computational
resources, which poses a challenge, especially for
small and medium-sized institutions.[69]

Sixth, ethical and legal questions are
deeply intertwined with AL, Determining
accountability for decisions is difficult, particularly
in healthcare, where an error can lead to serious
consequences.[70]

Seventh, Al lacks genuine creativity and
independent reasoning. It generates responses based
on pre-trained data, which limits originality.[71]

Eighth, Al systems are vulnerable to cyber-
attacks (such as adversarial attacks) that can
compromise their functioning. Furthermore, these
systems are not fully capable of autonomously
adapting to changing circumstances and require
periodic retraining.[72]

Particularly in the context of healthcare,
there remains a risk of errors (such as false
positives) in Al-based tools.In robotic surgery,
technical failures, improper programming, or human
error can lead to severe outcomes, adversely
affecting patient safety. Additionally, a shortage of
trained experts and high costs act as barriers to
widespread adoption.[73]

Similarly, the use of Al in education
requires large and diverse datasets, yet privacy
concerns hinder data sharing. Moreover, the fear

among teachers of potential displacement by Al
affects its level of acceptance.

Finally, while Al-based chatbots (such as
ChatGPT, Google Gemini, etc.) are helpful in
providing information, they cannot fully replace
human experience, clinical reasoning, and empathy.
Their responses rely on training data, which can

sometimes  result in  errors or limited
perspectives.[74]
In  conclusion, although artificial

intelligence is a highly impactful technology with
immense potential, it is essential to adopt it in an
ethical, responsible, and balanced manner, while
remaining mindful of its challenges and
limitations.[75]

7.1 Implantation barriers and researchgap in ai
based pharmacovigilance

Adequate and high-quality data is
necessary for Al-based adverse drug reaction (ADR)
identification, as well as for the development of
novel drugs and research.[76]Pharmacovigilance-
related data, however, is often found to be scattered,
incomplete, and inconsistent among various
hospitals, research sites, and health systems.[60,64]
The accuracy and performance of Al models are
negatively impacted by this data situation, which
reduces the output's reliability. Therefore, promoting
global collaboration and data standardization is
essential for the effective use of AL[77]

These actions can significantly improve Al
systems' dependability and effectiveness while
reducing pharmacovigilance data disparities.

Artificial Intelligence (Al) has a significant
impact on modern life, particularly in the healthcare
sector.[78] However, several challenges hinder its
effective implementation, including the lack of well-
defined  validation  protocols and  limited
transparency in decision-making processes.[79]
Many Al systems operate as "black boxes," making
it difficult to understand and interpret their
decisions.[80]

These limitations raise concerns regarding
accountability, reliability, and potential bias.
Therefore, it is essential to ensure clarity in Al-
related information, enhance understanding of its
functioning, and address the challenges associated
with its application.[81]

Furthermore, the development of a robust
and standardized governance framework is crucial
to ensure the safe and effective use of Al, thereby
promoting its ethical, transparent, and responsible
deployment.[82]
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7.2 Research Gaps in Al-based
Pharmacovigilance

In recent years, the use of Artificial
Intelligence (AI) in pharmacovigilance has grown
rapidly. Al is making significant strides in this field,
particularly in the identification of adverse drug
reactions (ADRs), as well as the detection, analysis,
and characterization of unknown reactions.[83]
Despite this, several critical research gaps still exist
in this area that need to be addressed.

First, current Al models rely primarily on
structured data, whereas the majority of real-world
pharmacovigilance data exists in an unstructured
format—such as clinical notes, social media data,
and spontaneous reporting systems.[84]Effective
analysis of this type of data requires the
development of advanced Natural Language
Processing (NLP) techniques.

Secondly, the  standardization  and
integration of data across various health systems
remain a major challenge. Most studies are based on
limited or regional data, making it difficult to
generalize their findings globally. Therefore, there is
a need for multi-center and global-level studies.[85]
Third, the interpretability and transparency of Al
models remain limited. "Black box" models make it
difficult for health experts to understand and trust
the decisions made. Therefore, further research in
the field of Explainable Al (XAI) is necessary.[86]

7.3 Human and Ethical Barriers to the
Implementation of AI Among Hospital
Pharmacists

The findings of the present study highlight
several critical barriers to the implementation of Al
among hospital pharmacists.One of the most
prominent challenges identified was the lack of
adequate training, along with the inability of Al
systems to understand patients' perspectives and
emotions.[87] This limitation reflects the absence of
human-like empathy in Al, which is essential in
healthcare settings where patient interaction plays a
vital role. A significant proportion of participants
(75.3%) recognized these issues, emphasizing the
need for improved training programs and the
development of more patient-centered Al
systems.[88]

In addition to these concerns, the study
revealed that Al systems require continuous human
supervision to function effectively. Participants
reported that errors generated by Al can sometimes
be difficult to identify and correct, which raises
concerns regarding patient safety.[89] Moreover, Al

was found to be unsuitable for making critical
decisions, particularly those related to end-of-life
care. Such decisions involve complex ethical
considerations and should remain under human
control rather than being delegated entirely to Al
systems.[90]

Another important finding was the issue of
reliability. Participants noted that Al may
occasionally produce inaccurate or inconsistent
results, which could lead to further complications in
clinical practice.[91] Furthermore, regulatory and
societal constraints were identified as additional
barriers that limit the widespread adoption of Al in
hospital pharmacy settings.[92] These findings are
consistent with previous studies that emphasize the
importance of ethical guidelines, regulatory
frameworks, and public trust in the successful
integration of Al in healthcare. Interestingly, factors
such as difficulty in implementation and lack of
time were reported by fewer participants (45-47%),
suggesting that while operational challenges exist,
they are less significant compared to human and
ethical concerns[93].

Overall, the study underscores that the
successful implementation of Al in hospital
pharmacy practice depends not only on
technological advancements but also on addressing
human, ethical, and regulatory issues. Therefore,
future efforts should focus on enhancing training,
improving Al reliability, and establishing clear
guidelines to ensure safe and effective use of Al in
healthcare settings.[94,95]

VIII. FUTURE CHALLENGES IN
USING AI'IN

PHARMACOVIGILANCE
Below is a structured, plagiarism-free
discussion of the major future challenges for
applying artificial intelligence (AD in
pharmacovigilance (PV). Each section explains the
issue, why it matters, and practical implications for
PV teams. Key, load-bearing factual claims are
followed by citations to recent, authoritative

sources.[96]

8.1 Data quality, heterogeneity, and availability

Why it’s a challenge: Al models require large
volumes of high-quality, well-labelled data.
Pharmacovigilance data come from diverse
sources—spontaneous adverse event reports,
electronic health records (EHRs), social media,
literature, and registries—each with different
formats, coding systems, completeness, and biases.
Incomplete or inconsistent data degrade model
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performance and can produce misleading safety
signals. Implications: Organizations must invest in
data curation, harmonization (mapping
terminologies such as MedDRA, SNOMED, ICD),
and provenance tracking. Synthetic data and
federated learning may help where data sharing is
restricted, but these approaches introduce their own
validation needs.

8.2 Explainability and interpretability of Al
outputs

Why it’s a challenge: Many high-performing Al
methods (e.g., deep learning) are “black boxes.”
Regulators, clinicians, and safety reviewers need
clear, auditable explanations for why a model
flagged a signal or prioritized a case. Lack of
interpretability undermines trust and complicates
regulatory submissions. Implications: PV teams
must adopt explainable Al (XAI) techniques,
produce human-readable rationales, and integrate
model explanations into case review workflows.
Validation plans should include tests that show how
explanations align with clinical reasoning.[97]

8.3 Regulatory and compliance uncertainty

Why it’s a challenge: Regulatory frameworks for
Al in healthcare and PV are evolving but not yet
harmonized globally. Authorities expect validated
systems, traceability, and risk-based approaches, yet
guidance varies by jurisdiction. This creates
uncertainty for multinational pharmacovigilance
programs. Implications: Companies must design Al
systems with regulatory expectations in mind—
documenting development, validation, change
control, and post-deployment monitoring—and
engage early with regulators. Harmonization efforts
(e.g., ICH, regional regulators) will shape
acceptable practices.

8.4 Bias, fairness, and representativeness

Why it’s a challenge: Training data may
underrepresent certain populations (e.g., by age,
ethnicity, geography), causing models to perform
unevenly and potentially miss safety signals in
underrepresented groups. Historical biases in
reporting and care can be amplified by AL
Implications: Teams must evaluate model
performance  across  subgroups, implement
bias-mitigation strategies, and ensure datasets reflect
the populations exposed to the product. Ethical
oversight and stakeholder engagement are
essential.[98]

8.5 Signal detection specificity and false
positives/negatives

Why it’s a challenge: Al can increase sensitivity
for detecting potential adverse events but may also
raise false positive rates, overwhelming safety teams
with low-value alerts. Conversely, models tuned for
precision may miss rare but important signals.
Implications: Systems should combine Al outputs
with epidemiological methods and human review,
and use tiered alerting with risk-based thresholds.
Continuous performance monitoring and
recalibration are necessary as data distributions
change.[99]

8.6 Integration into existing PV workflows and
human factors

Why it’s a challenge: Al tools must fit into
established case-processing, triage, and regulatory
reporting workflows. Poorly integrated tools can
disrupt operations, create duplication, or be ignored
by staff. Human factors—usability, trust, and
training—determine whether Al augments or
hinders PV work. Implications:Co-design with end
users, clear user interfaces, explainable outputs, and
training programs are required. Change management
and metrics for human-Al collaboration should be
part of deployment plans.

8.7 Model lifecycle management and concept
drift

Why it’s a challenge: Safety data distributions
change over time (new drugs, changing reporting
patterns, pandemics). Models degrade if not
monitored and updated. Ensuring traceability of
model versions, retraining schedules, and controlled
updates is essential for reliable PV operations.
Implications: Implement model governance:
version control, performance dashboards, scheduled
revalidation, and procedures for emergency
retraining when new patterns emerge. Maintain
audit trails for decisions influenced by models.[100]

8.8 Privacy, data protection, and cross-border
data flows

Why it’s a challenge: PV often requires linking
patient data across sources. Privacy laws (e.g.,
GDPR, HIPAA) and local restrictions limit data
sharing.  Cross-border  transfers  complicate
multinational safety analyses. Implications: Use
privacy-preserving techniques (de-identification,
differential privacy, federated learning) and robust
legal frameworks (data processing agreements,
standard contractual clauses). Ensure privacy
measures do not unduly reduce model utility.[101]
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8.9 Validation standards and performance
metrics

Why it’s a challenge: Traditional PV validation
focuses on reproducibility and documented
procedures. Al requires additional metrics
(calibration, fairness, robustness to adversarial
inputs) and scenario-based testing. There is no
single consensus on best practices for Al validation
in PV. Implications: Develop comprehensive
validation frameworks that include clinical
relevance, statistical  performance, subgroup
analyses, and stress tests. Collaborate with
regulators and industry consortia to converge on
standards.

8.10 Ethical, legal, and accountability issues

Why it’s a challenge: When Al contributes to
safety decisions, responsibility for missed signals or
incorrect prioritization becomes legally and ethically
complex. Transparency about Al’s role in
decision-making is necessary for accountability.
Implications: Define clear governance for decision
ownership, maintain human-in-the-loop oversight
for critical decisions, and document how Al
influenced outcomes for auditability. Establish
ethics review processes for Al deployments.[12]

IX. PRACTICAL RECOMMENDATIONS

(HIGH-LEVEL)

e Adopt a risk-based approach to Al
deployment, prioritizing human oversight for
high-impact tasks.

e Invest in data engineering and
harmonization to improve model inputs and
traceability.

e Use explainable AI methods and integrate
explanations into reviewer workflows.

e Establish model governance: versioning,
monitoring, retraining, and change control.

o Engage regulators early and participate in
standards development to reduce compliance
uncertainty.

X. CONCLUSION

In conclusion, Artificial Intelligence (AI)
has emerged as a transformative force in the field of
pharmacovigilance, significantly enhancing the
detection, reporting, assessment, and prevention of
Adverse Drug Reactions (ADRs). By leveraging
advanced computational techniques such as
Machine Learning, Deep Learning, and Natural
Language Processing, Al enables the -efficient
analysis of large-scale, heterogeneous healthcare

data derived from clinical settings, academic
research, pharmaceutical industries, and
biotechnology firms. This capability facilitates the
timely identification of safety signals and
strengthens the overall robustness of drug safety
surveillance systems.

Moreover,  Al-driven = methodologies
streamline critical pharmacovigilance processes,
including automated case processing, signal
detection, risk evaluation, and the analysis of real-
world data sources such as electronic health records
and social media platforms. These advancements
contribute to improved accuracy, operational
efficiency, and consistency in pharmacovigilance
activities, ultimately enhancing patient safety and
healthcare quality. In addition, AI provides
substantial support for regulatory decision-making
by enabling data-driven insights, predictive
analytics, and more effective compliance
monitoring.

Al offers substantial promise to improve
pharmacovigilance—faster case triage, richer signal
detection, and better use of real-world data—but
realizing that promise requires confronting
technical, regulatory, ethical, and organizational
challenges. Success depends on rigorous data
practices,  explainability, robust  validation,
privacy-aware architectures, and clear governance
that keeps humans accountable for safety decisions.

Despite these significant advantages, the
integration of Al into pharmacovigilance is
accompanied by several challenges, including
concerns related to data quality and standardization,
algorithmic transparency and interpretability, ethical
and legal considerations, and the high cost of
implementation and maintenance. Addressing these
challenges requires robust validation frameworks,
clear regulatory guidelines, and interdisciplinary
collaboration between domain experts, data
scientists, and policymakers.

Overall, when implemented responsibly
and strategically, Al holds immense potential to
revolutionize pharmacovigilance systems by making
them more adaptive, reliable, and patient-centric. Its
ability to enhance data integration and analytical
capabilities across healthcare, research institutions,
and the pharmaceutical industry will play a pivotal
role in advancing drug safety and ensuring better
health outcomes on a global scale.
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