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Pharmacovigilance, the science and activities related to the detection, assessment, 

understanding, and prevention of adverse effects or any other drug-related problems, is 

increasingly integrating Artificial Intelligence (AI) to enhance its efficiency and 

accuracy. The application of AI in pharmacovigilance enables the processing of vast 

amounts of healthcare data, automating signal detection, and improving adverse drug 

reaction (ADR) reporting. AI algorithms, particularly machine learning and natural 

language processing, facilitate the real-time analysis of clinical trial data, electronic 

health records, and spontaneous reporting systems, leading to earlier identification of 

potential safety concerns. In natural language processing is can be used for text mining 

& sentiment analysis. Additionally, AI can help reduce human bias, improve data 

standardization, and support regulatory decision-making. However, challenges such as 

data privacy, algorithm transparency, and regulatory validation remain. This paper 

explores the transformative potential of AI in pharmacovigilance, its current 

applications, and the ethical and operational hurdles that need to be addressed for its 

widespread adoption. 
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INTRODUCTION 

The word “Pharmacovigilance” was derived from 

the Greek literature “pharmakon” (means drug) 

and the word “vigilare” (means keep watch) in 

Latin.¹ Pharmacovigilance is the critically 

important science and practice of detecting, 

evaluating, and preventing adverse effects of 

harmful medications or any other drug-related 

issues. It represents a vital component of public 

health that helps confirm the safety of medications 

consumed by patients. Pharmacovigilance gathers, 

observes, and assesses information pertaining to 

drug safety and strives to enhance patient safety by 

pinpointing and reducing potential risks. 

Pharmacovigilance entails the organized 

collection, examination, and reporting of details 

https://www.ijpsjournal.com/


N. R. Gandhi, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 3, 1877-1892 | Review 

                 

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                               1878 | P a g e  

concerning the safety of medicines, which 

includes prescription medications, over-the-

counter drugs, and herbal supplements. Issues 

surrounding drug safety emerge as Adverse Events 

(AE) are documented, which refer to the 

occurrence of unfortunate effects resulting from 

the use of a particular drug. This data is collected 

from an array of sources, including healthcare 

professionals, patients, clinical trials, and 

academic publications. Pharmacovigilance plays a 

vital role in protecting public health by ensuring 

that medicines are safe and effective for use. It 

helps to identify new and previously unknown 

adverse drug reactions, and the information 

generated from pharmacovigilance activities can 

inform regulatory authorities to make appropriate 

decisions regarding drug approval, labeling, and 

use. The interactions of the pharmacovigilance 

system at the local, regional, national and 

supernational levels are as below: ² 

Figure 1: National Center 

Importance of safety monitoring: 

The World Health Organization has developed 

pharmacovigilance over the last 30 years, with 

over 65 countries having their own centers. The 

discipline is based on sound scientific principles 

and is integral to effective clinical practice. The 

WHO has a mandate from its Member States to 

develop international standards for food, 

biological, pharmaceutical, and similar products. 

The first systematic international efforts were 

initiated to address drug safety issues after the 

disaster caused by thalidomide in 1961. The 

Sixteenth World Health Assembly (1963) adopted 

a resolution reaffirming the need for early action 

in regard to rapid dissemination of information on 

adverse drug reactions. The purpose of this was to 

develop a system for detecting previously 

unknown or poorly understood adverse effects of 

medicines. The collection of international ADR 

reports in a central database would contribute to 

the work of national drug regulatory authorities, 

improve the safety profile of medicines, and help 

avoid further disasters. Globally, PV is collecting 

a huge amount of data daily and it is a challenging 

task to process these vast collected data. 

There are different databases used in the PV: 

AI solutions can streamline and automate nearly 

all PV case processing tasks, including risk 

tracking, resulting in shorter processing times. The 

following are a few tools that are helpful for PV 

activities: 

Vigi Base: A PV database that organises and 

structures data to facilitate simple examination of 

the collected data. VigiBase gathered information 
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on over 20 million reports of negative medication 

reactions. 

Vigi Access: It is a publicly accessible web 

application to browse and access the data of 

adverse drug effects easily through VigiBase. 

Vigi Lyze: This is an online tool that offers a 

concise and lucid summary of VigiBase, which 

can be browsed for additional research 

Vigi Flow: It is a web-based ICSR management 

system for international drug monitoring by 

collection, processing, and sharing of data to 

facilitate effective data analysis, which is 

supported by WHO Drug and MedDRA. 

Vigi Grade: To assess the degree to which 

clinically pertinent data is presented in an ordered 

manner on each individual case report. This is 

mostly utilized in correspondence regarding data 

quality with other nations. 

Vigi Match: Using probabilistic pattern matching, 

this algorithm finds similar individual case 

reports.3 

Vigi Rank: IT is a novel method to detect the 

statistical signals.⁴ 

Artificial intelligence (AI) : AI has been defined 

as ‘the part of computer science concerned with 

designing systems that exhibit the characteristics 

we associate with intelligence in human 

behavior’.⁵  Artificial Intelligence (AI) refers to 

the theoretical framework and advancement of 

computer systems that can execute functions 

traditionally associated with human intelligence, 

including speech recognition, decision-making, 

and pattern recognition. AI serves as a broad 

category that includes numerous technologies, 

such as machine learning (ML), deep learning, and 

natural language processing (NLP). Among these, 

ML and NLP are the most frequently utilized. 

Machine learning is characterized as a method for 

developing and training software algorithms that 

can learn from data and make informed actions 

based on that information. 

Types of Machine learning: 

Based on the methods and techniques to teach 

machines, Machine Learning is categorized into 

mainly four types, which are as follows: 

A) Supervised Learning: Labelled samples that 

have been trained on supervised learning 

techniques include inputs for which the intended 

outcome is known. For example, a piece of 

equipment might, for instance, have data points 

with the labels "F" for failed or "R" for runs. The 

learning algorithm finds faults by comparing its 

real output with the correct outputs after receiving 

a series of inputs and the associated correct 

outputs. The model is then adjusted appropriately. 

Supervised learning makes use of patterns to 

forecast label values on more unlabeled data by 

applying techniques including gradient boosting, 

regression, classification, and prediction. 

Applications where past data forecasts anticipated 

future events frequently employ supervised 

learning. For example, it can predict when credit 

card transactions are most likely to be fraudulent, 

for instance, or which insurance customer is likely 

to file a claim. 

B) Unsupervised Learning: It is used against data 

that has no historical labels. There is no "right 

answer" provided to the system. What is displayed 

must be determined by the algorithm. Finding 

some organization within the data is the aim of the 

exploration process. Transactional data is a good 

fit for unsupervised learning. It can, for instance, 

be used to find client segments with like 

characteristics, who can therefore receive 

comparable treatment in marketing initiatives. 

Alternately, it is able to identify the primary 

characteristics that set apart certain client 

segments. Popular methods include singular value 

decomposition, k-means clustering, and nearest-

neighbor mapping, and self-organizing maps. 

C) Semi-supervised Learning: It serves the same 

purposes as supervised learning. However, 
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because unlabeled data is less expensive and 

requires less work to obtain, it often combines a 

large volume of unlabeled data in conjunction with 

a limited amount of labeled data for training. 

When completely labeled training is not feasible 

due to high labelling costs, semi-supervised 

learning can be helpful. Finding someone's face on 

a webcam is one of the earliest instances of this.  

D) Reinforcement Learning : It is a kind of 

machine learning technique that makes it possible 

for software agents and machines to automatically 

assess the best behavior in a given context or 

environment in order to increase its efficiency. 

With reward and penalty as its guiding principles, 

this kind of learning seeks to maximize reward and 

reduce risk by using the knowledge gained from 

environmental activists. While it is a useful tool 

for developing AI models, it is not ideal to use it 

to solve simple or elementary problems. Instead, it 

can help to improve automation or the operational 

efficiency of complex systems like robotics, 

autonomous driving tasks, manufacturing, and 

supply chain logistics.³ NLP is defined as “the 

application of computational techniques to the 

analysis and synthesis of natural language and 

speech”.⁶ 

Deep Learning: Deep Learning is a sophisticated 

branch of machine learning that employs neural 

networks with numerous layers, known as deep 

networks, to evaluate diverse data elements. This 

approach excels in handling unstructured data 

types, including images, audio, and text. Deep 

learning entails the arrangement of several layers 

of machine learning algorithms, necessitating 

significant computational resources. In this 

framework, multiple data sets are simultaneously 

processed. Artificial intelligence (AI) techniques 

are becoming useful as alternate approaches to 

conventional techniques or as components of 

integrated systems. They have been used to solve 

complicated practical problems in various areas 

and are becoming more and more popular 

nowadays.⁷ AI algorithms assist in the analysis of 

vast quantities of unstructured data sourced from 

various channels, including electronic health 

records (EHRs), medical literature, and the 

identification of real-time adverse drug reaction 

(ADR) data. 

Role of AI In PV IN 21ST Century 

In Real-world evidence, not only for cancers but 

many more serious and life-threatening diseases 

PV must create sure plans, for that AI is at least 

part of the solution. In the big data outcomes 

world, patient-level information from individual 

consumers is not always the same as validated data 

for that AI is a source that produces electronically 

valuable healthcare information. In the 21st 

century, PV activities are a must for updating the 

post-marketing surveillance of biosimilar 

products. The first approach of AI in PV is to 

develop a new epidemiological concept based on 

an understanding of the difference between the 

concept of “generic” and “biosimilar”. AI will help 

to ease what was lacking today in the PV 

ecosystem by developing actionable evidence on 

safety and effectiveness. In the artificial sciences, 

Herbert Simon defined “design thinking” as the 

“Transformation of existing conditions into 

preferred ones”. Critical thinking is the analysis of 

action-orientated ideas which is developed by AI. 

Dr. Donald Therese said at a recent conference, 

“The fear is not about we will find new 

information, but it is that we would be 

overwhelmed with our current capacity of poor-

quality information”. That is the question that 

arises to appropriately handle 21st-century 

demands for PV data. In many healthcare areas, 

treatment plans design, electronic health records to 

manage medication AI is already working. AI has 

the biggest impact in genomics and genetics for 

identifying patterns, mutations, and linkage 



N. R. Gandhi, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 3, 1877-1892 | Review 

                 

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                               1881 | P a g e  

disease. But for actionable, our knowledge 

requires to prove the analytical method to produce 

a conclusion but it is restricted due to access to 

data that are confidential. ⁸ 

Need of AI For Drug Toxicity and safety in PV 

In the future, toxicity and safety includes 

polypharmacy, pre-clinical drug safety, post-

marketing surveillance hence ML and DL are 

applied to it. In the 2008 to 2017 period FDA 

approved 321 novel drugs. In that period FAERS 

(FDA adverse event reporting system) recorded 10 

million AE reports in which 5.8 million were 

serious reports, 1.1 million were death-related 

AEs. When a new drug is approved before it is 

under clinical trials, confirm that it is safe and then 

marketed, then assess AE reports up to date 

information on drug safety which is a PV task. But 

it’s impossible to test all effects of drugs and assess 

AEs on populations. Hence, agencies now use 

databases of AE reports spontaneously and take 

follow-up analyses. Drug toxicity is the 

identification of AES of drug components on 

humans, animals, and the environment which is a 

major step in drug design hence pre-clinical 

evaluation of drug done before going to clinical 

trials. Toxicity can be evaluated by target-based 

prediction and QSAR. NLP neural nets such as 

attention mechanisms and multi-task learning are 

used in PV. Recently they apply in chemo 

informatics, predicting ADEs by annotated 

datasets. For drug safety within silico molecule 

with own wanted Chemical properties emerge 

using the GANs (Generative Adversarial 

Network) type of ML model. 

i) Software: Targe Tox and Proctor are used as 

open-source toxicity prediction tools. Targe Tox 

data detect protein target and boosting gradient 

identify toxicity score, based on diffusion state 

distance subset to calculate the closest protein 

bound to the drug. Hence Targe Tox can generate 

protein network data and toxicity predicts Proctor 

is the target-based toxicity prediction software that 

also predicts chemical properties score. Compared 

with TargeTox it has many features with 48 

variables, also consists of 50 decision trees, and 

predicts the outcome. It can use multiple types of 

target and structure-based features to predict 

toxicity. 

ii) Post-Marketing Surveillance: The classical 

methods to evaluate and assess AEs include the 

Naranjo algorithm, Venulet algorithm, and WHO-

UMC system. For Post-marketing PV, AI methods 

are needed to extract information because FAERS 

cannot be mining methods to identify AE’s. 

iii) EHR mining: It includes the diagnostic 

procedure, medication codes, continuous lab tests, 

semi-structured and unstructured medical reports, 

and notes. 

iv) Structured HER data: Zhao et.al assign nine 

strategies about how to use drugs, diagnoses, and 

measure features for ADR prediction. The 

bayesian method represents the effect of drug-

using primary care data and prescription. Structure 

data has the big advantage that it is easily pre-

processed for ML and DL algorithms. 

v) Preclinical toxicity: For its ML algorithm use 

which interprets model at low order of complexity 

which predicts drug toxicity, informs mechanism 

of action. E.g. logistic regression 

vi) Postmarket safety: DL algorithm used in 

Postmarket safety which has a high order of 

complexity, used for clinical decision making, 

safety analyses. E.g. CNN, RNN. ⁸ 

Importance Of AI and Automation in 

Pharmacovigilance  

The use of AI and automation in 

pharmacovigilance procedures can help with the 

detection of signals, monitoring, risk management, 

intake of AEs, and the creation of reports. Signal 

detection and automated case processing: 



N. R. Gandhi, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 3, 1877-1892 | Review 

                 

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                               1882 | P a g e  

Automation can aid in case processing at several 

stages of the procedure. With NLP (natural 

language processing), an automated system may 

comprehend both structured and unstructured data 

from a variety of different sources. Finding 

duplicates, analyzing data to look for terms or 

patterns that point to major patient risks or 

unidentified AEs, and reporting data after review 

are all steps in the process. Another area where AI 

and automation can significantly enhance is post-

marketing surveillance (PMS), or monitoring 

medication safety after a product has hit the 

market. Mainly because of the enormous real-

world datasets that may be combined at this point, 

ranging from active monitoring to scholarly 

literature and case reports.⁴ 

 

Use of AI in PV: 

AI technologies encompass machine learning, 

deep learning, and natural language processing 

(NLP), demonstrating significant capabilities in 

automating pharmacovigilance tasks such as 

signal detection, risk assessment, and ensuring 

regulatory compliance. These AI algorithms are 

instrumental in processing vast amounts of 

unstructured data from various sources, including 

electronic health records (EHRs) and medical 

literature, as well as in the identification of real-

time adverse drug reaction (ADR) data. 

Furthermore, AI models enhance the early 

detection of ADRs and provide critical insights 

into the risk-benefit profiles of medications. Tools 

based on artificial intelligence present new 

avenues for advancing pharmacovigilance 

activities. 

Figure 2: Uses of AI in Pharmacovigilance 

1) Application Of AI in Pharmacovigilance:  

Artificial intelligence (AI) has swiftly transformed 

various industries, including pharmacovigilance, 

enabling more accurate and efficient monitoring 

and evaluation of adverse drug reactions. 

Predictive modelling exemplifies AI’s proactive 

approach to identifying potential safety concerns 

related to pharmaceuticals, enhancing patient 

safety by detecting adverse events early. AI 

facilitates the analysis of large datasets from 

diverse sources like social media and EHRs, fully 

identifying potential signals of adverse drug 

reactions and enabling prompt responses when 

necessary. Despite its revolutionary potential, AI 

integration in pharmacovigilance faces obstacles 

such as data privacy issues and regulatory 
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framework adaptation. However, the potential 

benefits of improving patient outcomes and 

medication safety underscore the importance of 

continued research and development. The 

convergence of AI with pharmacovigilance 

signifies a transformative moment in drug safety 

surveillance, providing early detection of safety 

concerns and expediting investigation of adverse 

drug reactions. Methods for incorporating AI into 

pharmacovigilance include NLP for extracting 

insights from unstructured data sources and 

predictive analytics for projecting adverse 

occurrences based on data trends. Real-world uses 

of AI in pharmacovigilance automate the 

identification and categorization of adverse drug 

responses from diverse data sources and scan 

social media for possible safety alerts, minimizing 

time and resources needed while improving 

accuracy and consistency. AI-enhanced 

pharmacovigilance presents both potential and 

challenges, such as resolving data privacy issues 

and modifying regulatory frameworks. Future 

developments in AI-powered medication safety 

monitoring systems promise proactive and patient-

centered methods through ongoing innovation and 

improvement. Case studies demonstrate the 

effectiveness of AI algorithms in identifying early 

safety signals and enhancing overall patient safety 

outcomes. AI integration into pharmacovigilance 

signals a new phase of proactive, data-driven 

methods for tracking medication safety, with 

enormous potential to enhance patient outcomes 

and healthcare administration.⁹ 

2) Applications Of AI In Detection of ADR and 

ADE:  

The application of artificial intelligence, 

particularly machine learning, in detecting adverse 

drug reactions (ADRs) and adverse drug events 

(ADEs) has shown significant promise. Machine 

learning techniques are being utilized for safety 

surveillance and signal detection, with notable 

success in automating the classification of first-

person reports of ADRs on social media platforms 

like Twitter. Research by Alvaro et al. 

demonstrated the effectiveness of supervised 

machine learning models in identifying patient 

experiences related to selective serotonin reuptake 

inhibitors (SSRIs) and cognitive enhancers, 

highlighting the potential of social media as a 

valuable resource for post-marketing 

pharmacovigilance. The advantages of employing 

machine learning in this context include the ability 

to detect ADRs that may be overlooked by 

healthcare professionals, the capacity to process 

large datasets rapidly, and the wealth of personal 

information available in social media posts. 

However, challenges such as data noise and the 

informal nature of social media text can 

complicate analysis. Studies have indicated a 

trade-off between the level of manual screening 

required and the risk of missing adverse events, 

emphasizing the need for advanced natural 

language processing techniques. Furthermore, 

machine learning can identify opportunities for 

detecting ADRs throughout various phases of drug 

development, from pre-marketing to post-

marketing assessments. Institutions like 

Connecticut Children’s Medical Center have 

successfully implemented machine learning to 

enhance the efficiency of adverse event reporting. 

Additionally, machine learning algorithms have 

been employed to assess the seriousness of patient 

cases based on precision, recall, and accuracy 

metrics. In specific disease contexts, such as 

diabetes, artificial intelligence tools like Hypo 

Detect have proven beneficial in early detection of 

hypoglycemic events, thereby improving patient 

safety and outcomes. The under-reporting of 

safety events remains a concern, but machine 

learning models trained on comprehensive 

datasets can predict adverse events, facilitating 

timely quality assurance measures. A recurring 
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theme in the literature is the capacity of machine 

learning to analyze extensive data to enhance 

pharmacovigilance systems. Innovative 

methodologies, including propensity scores and 

deep-learning neural networks, are being explored 

to refine signal detection strategies and model the 

relationship between medications and symptoms. 

The E-Synthesis framework exemplifies a 

Bayesian approach to safety assessments, 

providing critical insights into the likelihood of 

drugs causing ADRs, which is essential for 

effective pharmacovigilance efforts.¹⁰ 

3) Applications Of AI in Signal Detection and 

Monitoring: 

AI can help in signal detection by identifying 

patterns or trends in adverse event reports. 

Machine learning algorithms can analyze data to 

identify potential safety signals that might not be 

apparent through manual review.¹¹ The growing 

intricacy of data reporting, coupled with 

regulators' demands for a more proactive       stance 

in identifying adverse events, is reshaping the 

methodologies for signal collection and 

management.  Proactive signal detection is now 

recognized as an integral component of Good 

Pharmacovigilance Practices (GVP). By 

incorporating signal detection into their 

pharmacovigilance monitoring, pharmaceutical 

companies can mitigate risks and enhance the 

probability of favorable outcomes, even in cases 

where adverse events are reported. Artificial 

Intelligence (AI) and Machine Learning (ML) 

offer several avenues to enhance signal detection 

in pharmacovigilance: 

1. Natural Language Processing (NLP): NLP 

techniques can extract valuable insights from 

unstructured text data, such as patient reports of 

adverse events, facilitating the identification of 

patterns and trends that may signal potential safety 

concerns. 

2. Predictive Modeling: Machine learning can 

forecast the likelihood of specific adverse events 

based on patient characteristics and their 

medication or vaccine usage, enabling the 

identification of high-risk groups and prioritizing 

safety oversight. 

3. Data Visualization: AI and ML can generate 

visual representations of data, including graphs 

and maps, to assist in recognizing trends and 

patterns that may suggest safety issues. 

4. Automated Analysis: Machine learning 

algorithms can efficiently process large volumes 

of data, minimizing the need for manual 

evaluations and streamlining the signal detection 

process. 

4) Applications of AI in Process Safety Reports: 

Another application of machine learning in 

pharmacovigilance is in assessing the skill of NLP 

to classify unstructured free text within patient 

safety incident reports. Evans et al. tested the 

ability of autonomously classifying free text 

within patient safety incident reports to determine 

severity of harm outcomes and found that NLP can 

act as a safety net by identifying cases that lead to 

severe harm or death. However, it is not a perfect 

method and cannot yet replace manual review 

altogether. Additionally, the technical nature of 

medical text makes this process difficult to 

complete. Many studies evaluated the use of 

machine learning in screening patient safety 

reports, such as within electronic health records. 

Marella et al. found that machine learning 

algorithms and text mining are useful methods for 

screening and analyzing large, semi-structured, or 

unstructured data sets of adverse event and near-

miss reports collected through passive surveillance 

reporting systems. Yang et al. took a more specific 

approach by developing a deep learning model that 

was evaluated on different data sets to identify 

allergic reactions in the free-text narrative of 
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hospital safety reports and evaluated their 

generalizability. The study found that the model 

could be used to improve allergy care, potentially 

enabling real-time event surveillance for medical 

errors and system improvement. Ultimately, 

machine learning has the potential to be used in 

many ways for addressing pharmacovigilance 

needs in various settings such as identifying 

keywords in patient safety reports that may require 

attention to prevent harm at clinical sites and post-

marketing surveillance of ADRs in the 

pharmaceutical industry.¹⁰ 

5)  Applications Of AI in Extract Drug– Drug 

Interactions: 

Artificial intelligence (AI) is advancing swiftly, 

resulting in transformative impacts across various 

sectors, particularly in healthcare. A vital aspect of 

healthcare is drug interaction prediction, which 

assesses potential interactions among different 

medications to ensure patient safety and enhance 

therapeutic results. This study explores the 

application of AI techniques in predicting drug 

interactions, focusing on the integration of natural 

language processing, knowledge graphs, and 

machine learning algorithms. Traditional methods 

of drug interaction prediction often rely on manual 

curation and experimental research, which can 

hinder their scalability and real-time use. In 

contrast, AI approaches leverage molecular data, 

electronic health records, and extensive healthcare 

datasets to enhance the accuracy and efficiency of 

drug interaction predictions. Machine learning 

models, such as deep neural networks and 

ensemble methods, play a crucial role in analyzing 

diverse datasets and identifying intricate patterns 

associated with drug interactions. By examining 

patient data, machine learning algorithms can 

forecast potential drug-drug interactions and 

highlight combinations of medications that may 

present risks. 

6)  Applications of Ai in Prediction Of Drugs 

Side Effects: 

Artificial intelligence has the capability to forecast 

possible adverse effects of medications. While 

some side effects can be anticipated based on the 

drug's mechanism of action and pharmacological 

properties, others may not be readily identifiable. 

Machine learning can enhance the information 

derived from previous studies. Wang et al. 

employed machine learning techniques to uncover 

potential adverse drug reactions (ADRs) 

associated with anticancer therapies. This 

illustrates the role of machine learning in 

augmenting conventional approaches and 

enhancing patient safety. 

7)  Applications of AI in Drugs Triage: 

Drug triage is the systematic approach to 

prioritizing and classifying adverse drug reactions 

(ADRs) according to their severity and potential 

impact on public health. This process involves 

evaluating reported incidents to decide if they 

require immediate investigation, further 

assessment, or no further action. The field of 

pharmacovigilance has been significantly 

transformed by artificial intelligence (AI), 

particularly in the realm of data triage. AI can 

swiftly process vast amounts of data, detect 

potential safety signals, and prioritize cases for 

further investigation through advanced algorithms 

and machine learning techniques. Key applications 

include: 

1. Triage and Signal Detection: 

● Automated identification: AI possesses the 

capability to analyze large datasets rapidly, 

uncovering patterns and correlations that may 

indicate ADRs. 

● Prioritization: AI can rank cases for prompt 

investigation based on the severity and 
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frequency of reported incidents, ensuring that 

the most critical issues are addressed first. 

● Real-time monitoring: AI-driven systems 

continuously monitor incoming data, enabling 

the early detection of emerging safety signals. 

2. Natural Language Processing (NLP) and 

Text Mining: 

● Information extraction: AI can extract relevant 

information from unstructured data, such as 

patient narratives and medical records, to 

identify ADRs and assess their severity. 

● Sentiment analysis: By analyzing the 

emotional content of patient reports, AI can 

provide insights into the impact of ADRs on 

patients' overall well-being. 

3. Risk Assessment and Prediction: 

● Predictive modelling: AI can create models 

that forecast the probability of adverse drug 

reactions (ADRs) based on a range of 

variables, including medication combinations, 

patient demographics, and medical histories. 

● Risk stratification: AI can assist healthcare 

providers in taking proactive steps to prevent 

unfavorable events by identifying high-risk 

patients. 

4. Evaluation of Data Quality:   

● Anomaly detection: Artificial intelligence can 

identify errors and inconsistencies within data, 

ensuring that the information used for 

pharmacovigilance is accurate and reliable.   

● Data cleaning: AI can streamline the data 

cleaning process, improving the overall 

consistency and quality of the data.   

5. Regulatory Compliance:   

● Automated reporting: AI can facilitate the 

generation of standardized reports that meet 

regulatory requirements, thereby reducing the 

burden on pharmacovigilance teams.   

● Risk assessment: AI can aid pharmaceutical 

companies in complying with regulatory 

standards and mitigating risks by detecting 

potential safety concerns.   By leveraging 

artificial intelligence, pharmacovigilance 

teams can enhance patient safety and 

accelerate regulatory decision-making through 

improved data triage processes. 

8) Applications Of AI in Continuous 

Monitoring: 

AI-driven systems have the capability to 

consistently oversee incoming data, facilitating the 

prompt identification of emerging or developing 

safety hazards. These AI models can be 

perpetually enhanced and adjusted in response to 

new information and feedback, guaranteeing their 

ongoing accuracy and effectiveness. Furthermore, 

AI can adjust to shifting circumstances and learn 

from errors, thereby enhancing its performance 

over time. 

Present Status of AI in Pharmacovigilance: 

Pharmacovigilance systems are increasingly 

integrating AI technologies to improve data 

analysis and enhance patient safety. Artificial 

Intelligence can efficiently identify potential 

safety signals by processing vast amounts of data 

from diverse sources, such as clinical trials, 

electronic health records (EHRs), and social media 

platforms. It excels at uncovering complex 

relationships between medications and their side 

effects, as well as evaluating unstructured data. 

AI-driven predictive analytics facilitate proactive 

monitoring of drug safety profiles throughout a 

product's lifecycle. However, challenges remain, 

including concerns about data privacy, adherence 

to regulatory standards, and transparency in AI 

decision-making processes. Healthcare 
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professionals are actively engaged in discussions 

about the clarity of insights produced by AI. 

Despite these challenges, the application of 

artificial intelligence in pharmacovigilance holds 

significant promise for enhancing patient 

outcomes and improving the monitoring of 

medication safety. 

Benefits Of Applying AI Techniques In PV: 

Machine learning (ML): supervised learning used 

in PV for ICSR processing can teach ML 

algorithm where ground truth i.e., Human 

annotated answer file while unsupervised learning 

has no ground truth and is used for signal 

management.  

1. Semantic searching: enhance the accuracy of 

searchers' understanding.  

2. Optical character recognition (OCR): 

identify text in scanned documents, also for 

verification of handwriting text.  

3. Chabot’s: use NLP for conducting 

conservation of humans via audio or text 

method. 

4. Text mining: examine collected data of 

resources into evidence form by transforming 

unstructured text to structure data. 

5. Sentiment analysis: meaning text extraction 

from context. 

 

 

Figure 3: Benefits of Applying Artificial Intelligence Techniques in Pharmacovigilance 

Limitations of AI in pharmacovigilance: 

AI presents considerable benefits in the field of 

pharmacovigilance; however, several              

limitations warrant attention: 

1. Data Quality and Quantity: The success of AI 

is contingent upon the quality and volume of 

the data utilized. Inaccurate or incomplete data 

can result in biased or unreliable outcomes. 

2. Algorithmic Bias: AI algorithms may exhibit 

bias if the training data does not adequately 

represent the target population, potentially 

leading to unequal safety signal detection 

across different demographic groups. 

3. Interpretability: Certain AI models, especially 

those based on deep learning, can be 

challenging to interpret. This complexity can 

obscure the rationale behind the model's 
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conclusions, thereby affecting transparency 

and accountability. 

4. Regulatory Acceptance: Securing regulatory 

approval for AI-driven pharmacovigilance 

tools often necessitates extensive validation 

and testing, which can be both time-intensive 

and expensive. 

5. Human Expertise: AI cannot entirely substitute 

for human expertise in pharmacovigilance. 

Skilled professionals are essential for 

interpreting AI-generated findings, making 

informed decisions, and managing intricate 

cases. 

6. Privacy and Security: Ensuring the protection 

of patient privacy and the security of sensitive 

health information is a critical concern when 

implementing AI in pharmacovigilance. 

7. Ethical Considerations: The integration of AI 

in pharmacovigilance raises ethical dilemmas, 

including the risk of job displacement and its 

influence on decision-making processes. 

8. False Positives/Negatives: AI systems may 

produce false positives or negatives in adverse 

drug reaction detection, potentially resulting in 

unnecessary alerts or overlooking significant 

adverse effects. 

Opportunities of AI in pharmacovigilance: 

AI presents a multitude of opportunities to 

transform pharmacovigilance and enhance drug    

safety: 

1.  Enhanced Signal Detection: AI can efficiently 

analyze extensive datasets from diverse 

sources, such as electronic health records 

(EHRs), clinical trials, and social media, to 

swiftly identify emerging safety signals. 

2.  Improved Risk Assessment: AI aids in 

evaluating the risk-benefit profile of 

medications by examining variables like 

patient demographics, comorbidities, and drug 

interactions. 

3. Automated Adverse Event Classification: AI 

can classify adverse events automatically 

based on their severity and causality, thereby 

streamlining the review process and boosting 

efficiency. 

4.  Natural Language Processing (NLP): NLP 

techniques can extract pertinent information    

from unstructured data sources, including 

social media posts and case reports, to uncover 

potential safety issues. 

5. Predictive Modeling: AI can forecast the 

likelihood of adverse events by analyzing 

patient characteristics and drug exposure, 

facilitating proactive risk management. 

6. Personalized Medicine: AI can identify patient 

subgroups that are at a higher risk for adverse 

events, allowing for tailored drug therapies and 

improved health outcomes. 

7.  Faster Drug Development: AI can expedite 

the drug development process by optimizing 

clinical trial designs and identifying potential 

safety concerns earlier. 

8. Cost Reduction: AI can lower the costs 

associated with pharmacovigilance by 

automating routine tasks and enhancing 

overall efficiency. 

9. Improved Patient Safety: By identifying safety 

signals sooner and recognizing at-risk patients, 

AI can help prevent adverse events and 

safeguard patient safety. In summary, AI has 

the potential to revolutionize 

pharmacovigilance by offering more efficient, 

precise, and data-driven methodologies for 

monitoring drug safety and assessing risks. 

Opportunities Challenges 

Reduce the burden of repetitive and routine 

manual data entry task 

 

Complete automation of PV system to recognize 

complex patterns, heterogeneous data may be 

misleading and inaccurate for decision-making 
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Automate the MedDRA coding Availability of robust and valid training datasets 

having all diseases and therapeutic areas in 

sufficient sample size from different sources for 

accuracy and quality assessment in real-world 

settings 

Convert the unstructured, free-text, hand-written 

documents into machine-readable format and 

extract the required information 

Lack of high sensitivity algorithm would miss 

potentially important AEs and lack of a specific 

algorithm would identify false-positive reports 

creating background noise 

Extract ICSR information from various published 

documents and electronic health records 

Variation in name of the drugs and diseases, 

description of adverse drug effects, diversity and 

difficulties in local languages, ambiguities and 

lack of essential information may cause technical 

challenges for data processing and labeling 

Build clinically robust auto-narratives refuting 

the need for routine reviews of single cases 

Privacy and ethical concerns as data used without 

consent from individuals and breach the trust 

among doctor-patient relationship 

Identify ADRs and subtle data pattern within 

narratives from structured and unstructured 

narratives 

Data infrastructure to establish a comprehensive 

database for our patient population 

Check duplicate reports, categorize reports into 

physician or consumer reports, identify serious 

reports, and exclude nonserious reports 

Robust research and development infrastructure, 

educational infrastructure, and financial support 

from the government to invest in infrastructure, 

research, and training 

Reduce time, efforts, and cost of case processing Regulations to ensure validation and accuracy of 

AI tool, and balance commercial interest and 

transparency of technology firms against patient 

safety and well-being 

Figure 4: Opportunities and challenges of adoption of artificial intelligence – based       

pharmacovigilance.¹² 

Case Studies and Applications:  

A. AI in Post-Market Drug Surveillance 

AI has been increasingly applied in post-market 

surveillance to monitor drug safety after approval. 

Several real-world examples demonstrate how AI 

has successfully identified and flagged potential 

safety issues: 

AI Monitoring on Social Media: Platforms like 

Twitter and patient forums provide valuable real-

time insights into potential adverse drug reactions 

(ADRs). AI algorithms can scan these sources, 

extracting relevant information on ADRs that 

might otherwise go unreported in traditional 

systems. For example, AI tools have been used to 

detect spikes in mentions of specific side effects, 

leading to earlier identification of safety concerns. 

Case Example: In one instance, AI technology was 

able to identify an unexpected ADR for a widely 

used drug shortly after its release, based on user 

discussions in online health forums. This 

prompted a more in- depth investigation by 

regulatory bodies.  

B. AI-Driven Pharmacovigilance Platforms  

Several AI platforms have been developed 

specifically for pharmacovigilance, allowing 

pharmaceutical companies and regulatory 

agencies to leverage AI for more efficient drug 

safety monitoring: 

Overview of AI Tools: AI-driven platforms like 

IBM Watson for pharmacovigilance use machine 

learning and natural language processing to 
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analyze large volumes of data from clinical trials, 

electronic health records, and spontaneous reports. 

Case Study: IBM Watson: Pharmaceutical 

companies have adopted IBM Watson for 

pharmacovigilance to automate the review of 

safety reports and accelerate signal detection. IBM 

Watson’s AI capabilities help pharmaceutical 

firms and regulatory bodies identify potential 

ADRs faster than traditional methods, ensuring 

timely responses to emerging safety concerns. 

C. AI for Real-Time Monitoring 

AI technologies are also enabling real-time 

monitoring of drug safety data, providing 

healthcare institutions and regulators with up-to-

the-minute insights: 

Continuous Monitoring Systems: AI models are 

being integrated into hospital systems and clinical 

settings to continuously monitor patient data. 

These systems can detect ADRs in real-time, using 

predictive analytics to alert healthcare providers to 

potential risks before serious harm occurs. Case 

Example: Several hospitals have implemented AI 

models that integrate with electronic health record 

(EHR) systems, flagging potential drug-drug 

interactions and dangerous side effects in real-

time. This has led to a reduction in medication-

related complications, enhancing patient safety.¹³ 

Future Of AI in Pharmacovigilance: 

The outlook for artificial intelligence in 

pharmacovigilance is highly encouraging, with 

several significant trends on the horizon:  

1. Enhanced Machine Learning Techniques: The 

development of more advanced machine 

learning techniques, including deep learning 

and reinforcement learning, will enhance 

capabilities in signal detection, risk evaluation, 

and predictive analytics. 

2. Utilization of Real-World Data: AI will 

increasingly incorporate real-world data 

sources, such as electronic health records, 

claims databases, and mobile health 

applications, to provide a more thorough 

understanding of drug safety in practical 

environments. 

3. Transparent AI Models: There will be a focus 

on creating explainable AI models that offer 

clear and understandable justifications for their 

predictions, thereby fostering trust and 

accountability. 

4. Collaborative Pharmacovigilance Networks: 

AI-driven networks will be formed to promote 

collaboration and data sharing among 

pharmacovigilance organizations, leading to 

more effective global monitoring of drug 

safety. 

5. Proactive Safety Management: AI will be 

instrumental in proactive safety management, 

enabling the early detection and mitigation of 

potential safety concerns. 

6. Customized Pharmacovigilance Strategies: AI 

will facilitate personalized pharmacovigilance 

strategies that are adapted to the unique 

characteristics and risk profiles of individual 

patients. 

7. Increased Regulatory Acceptance: As AI 

technologies evolve and prove their efficacy, 

regulatory bodies are expected to become more 

open to their application in pharmacovigilance. 

CONCLUSION: 

In conclusion, there have been very transformative 

developments in the integration of AI within the 

concept of pharmacovigilance, thus bringing new 

changes into our method of ensuring drug safety 

and efficacy. Through advanced data analysis, 

machine learning, and predictive modeling, AI is 

not only enhancing the pace and accuracy in 

detecting adverse events but also creates a 

proactive approach towards patient safety. As we 

welcome these technologies, it is necessary that 
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the stakeholders within the pharmaceutical 

industry work together for bettering applications 

of AI, compliance with regulatory standards, and 

ethical considerations. Pharmacovigilance in the 

future has immense potential, and this use of AI 

can offer a safer healthcare environment for 

everyone. It is time for industry leadership, 

research institutions, and healthcare providers to 

invest in these innovations and support the 

evolution of pharmacovigilance practices, thereby 

advancing scientific discovery while enhancing 

public health. 
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