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Abstract

Pharmacovigilance involves collecting, analyzing, and reporting data on ad-

verse events, allowing for informed regulatory decisions. Manual systems

face challenges in handling data volume, potentially leading to oversight and

delays. Automation with advanced technologies can be a practical solution

to mitigate these challenges and ensure efficient data management.

The potential application of Large LanguageModels (LLMs) in pharmacovigi-

lance is explained, startingwith an overviewof the process covering all stages

of the lifecycle. The pivotal process of scrutinizing documents for relevant

adverse effects is emphasized, along with measures to enhance effective-

ness. The strategy for generating informative summaries, specifically focus-

ing on adverse effects and their antecedent occurrences, is delineated. The

imperative requirement for factual accuracy validation through the imple-

mentation of a fact-checking mechanism is highlighted. The framework’s

efficacy is demonstrated with a focus on output fidelity and summary infor-

mativeness. Quantifiable evidence of the benefits of the method is provided,

advocating for the adoption of this framework in pharmacovigilance. The

conclusion addresses potential refinements.

Pharmacovigilance

Pharmacovigilance (PV) is the science and activities related to the detection,

assessment, understanding, and prevention of adverse effects or any other

drug-related problems [1].

Ensures patient safety by monitoring and evaluating drug safety

throughout its life cycle.

Detects and minimizes the risks associated with pharmaceutical products.

Contributes to the overall improvement of public health.

Key Outcomes

Ensures patient safety by 
monitoring and evaluating drug 
safety throughout its life cycle

Detects and minimizes the risks 
associated 

with pharmaceutical products

Process

Early detection of Adverse Drug
 Reactions (ADRs)

Assessment of the risk-benefit 
profile of drugs

Continuous monitoring and 
evaluation of drug safety

Contributes to the overall 
improvement 

of public health

Pharmacovigilance

Underreporting of 
Adverse Events

Manual Data Handling

Slow Signal Detection

Resource Intensiveness 
and Limited Scalability

Limited Resources 

● Issue: Adverse Events not being reported 
promptly

● Impact: Unrecognised hazards are identified 
promptly and appropriate regulatory action is 
taken 

● Issue: Reliance on manual data entry and 
reconciliation

● Impact: Time-consuming, error-prone, and 
resource-intensive

● Issue: Heavy reliance on limited resources for
 comprehensive monitoring

● Impact: Reduction in efficiency of reporting and 
monitoring 

● Issue: Manual identification of signals from large 
datasets

● Impact: Delays in recognizing emerging safety 
concerns, hindering timely risk mitigation

● Issue: Heavy reliance on human resources for 
manual tasks

● Impact: Increased operational costs, slower response 
times, and challenges in managing growing 
workloads

Motivation

The adoption of AI is transforming traditional manual processes, resulting

in reduced time and resource consumption. One significant trend is the in-

creasing use of Natural Language Processing (NLP) and machine learning for

automated data extraction and analysis [2]. In terms of signal detection and

real-time monitoring, AI’s proficiency in analyzing large datasets motivates

its application for quicker identification of safety concerns, with a growing

trend of integrating AI-driven monitoring systems for real-time surveillance.

Ensure safe medication administration, prioritize public health & 
patient well-being, enhance patient outcomes, generate 
high-quality Adverse Drug Reaction (ADR) reports 

Enhances efficient data processing by excelling in the analysis 
of large volumes of free-form text data in pharmaceuticals 
and healthcare

Higher automation in routine tasks, enabling professionals to 
concentrate on more valuable objectives, thereby refining 
risk-benefit  assessments for new and existing drugs

Value Proposition

Enhanced Efficiency and Cost 
Reduction

Improved Signal Detection and 
Real-time Monitoring

Regulatory Compliance and 
Evolving Technologies

Capabilities of Our Solution

● Summarizing content based on Doc-IDs 
(User Input : Doc ID )

● The system retrieves the document 
associated with the doc ID

● Generates a summary based on the 
content found in the specified document

Document ID-based Summarization

● Summarizing content based on specific 
subjects or topics 

● Extract key information and generate 
summaries related to a particular 
subject, irrespective of the doc source

Subject-based Summarization

● Question Answering System that 
operates atop the provided documents

● Semantic Retrieval of documents 
through query-based mechanisms

● Context referencing in the generated 
responses to enhance confidence levels

Question Answering

● Preprocessing the documents and 
generating chunks

● Filter out documents without adverse 
effects

● Store those with adverse effects in 
ElasticSearch 
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Figure 1. Comprehensive Architecture of the Solution
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Figure 2. Documents undergo filtration via a Neural Network Classifier to remove

non-adverse event documents, while those with adverse effects are stored

Question Answering and Summarization
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Figure 3. Architectural design of a Question Answering framework integrated with adverse

event documents, leveraging Large Language Models
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Figure 4. The architecture comprises Subject-based Summarization and Document-based

Summarization modules, enabling users to generate summaries either for individual

documents or for specific subjects (drugs), tailored to their requirements

Validation and Results

Question
What are the potential risks and side effects 
associated with the use of azithromycin?

Rationale
a. PID-1 states that azithromycin tablets can cause serious side effects, including serious allergic reactions, 
liver damage, and serious heart rhythm changes.

b. PID-2 states that adverse reactions reported with azithromycin may include allergic reactions, 
cardiovascular issues like arrhythmias, gastrointestinal issues like constipation and vomiting, and skin 
reactions.

c. PID-3 states that the most common treatment-related side effects of azithromycin in adult patients include 
gastrointestinal issues like diarrhea and nausea, as well as other side effects like chest pain, dizziness, and 
rash.

d. PID-5 states that potential risks and side effects of azithromycin include liver problems, changes in 
heartbeat, muscle weakness, and breathing problems.

e. No other facts provide information about the potential risks and side effects of azithromycin.

f. Based on the information from the given facts, it can be inferred that azithromycin tablets may have a range 
of potential risks and side effects, including serious allergic reactions, liver damage, heart rhythm changes, 
gastrointestinal issues, skin reactions, changes in heartbeat, and muscle weakness.

Response
The potential risks and side effects associated with 
the use of azithromycin may include serious allergic 
reactions(^a), liver damage(^a, ^d), serious heart 
rhythm changes(^a), cardiovascular issues like 
arrhythmias(^b), gastrointestinal issues like 
constipation(^b), vomiting(^b), diarrhea(^c), and 
nausea(^c). Other possible side effects could include 
skin reactions(^b), chest pain(^c), dizziness(^c), 
rash(^c), changes in heartbeat(^d), and muscle 
weakness(^d). Based on the given facts, it can be 
inferred that azithromycin tablets may have a range 
of potential risks and side effects. Faithfulness Score: 0.97652

@ 1 @ 3 @ 5

MRR 0.843 0.812 0.776

NDCG 0.934 0.917 0.874

Retriever Evaluation

Reader Evaluation
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