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Introduction

Overview of the Problem

Literature reviews are a cornerstone in pharmacovigilance and drug safety, crucial for identifying drug safety signals and assessing 

causal relationships between drug exposure and adverse events (AEs).

Key Challenges

● Resource-Intensive: Manual search, screening, and extraction require significant time and effort, often involving multiple 

teams or CROs.

● Subjective Variations: Review outcomes can vary based on individual expertise, leading to inconsistencies in data 

interpretation.

● Information Overload: Difficulties in visualizing large datasets hinder effective decision-making and communication with 

stakeholders.

Objective

This study introduces a GPT-assisted tool to automate critical aspects of the literature review process, improving efficiency, 

consistency, and accuracy. This presentation focuses on drug-event associations, something routinely assessed in drug safety.
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Current Literature Review Process

Step 1: Request and Initial Search

● A safety scientist requests a literature review for a specific drug-event association.

● The literature review team conducts an initial broad search using specialized databases like Clarivate Dialog.

● This search yields a large dataset of publications, often numbering in the hundreds or thousands.

Step 2: Outsourcing to CROs

● Due to the large volume of search results, the dataset is often outsourced to Contract Research Organizations (CROs).

● CRO reviewers assess the full text of each publication, refining the dataset to identify relevant studies.

Step 3: Manual Selection and Summary

● Selected publications are returned to the drug safety team as a compiled sheet.

● A drug safety scientist further reviews the list, performing manual screening for relevance and extracting key 

information.
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Current Literature Review Process (Continued)

Step 4: Data Extraction and Analysis

● The scientist extracts critical data points like measures of association (e.g., RR, ROR, HR) for analysis.

● The data is then compiled and summarized into reports for decision-making, often without the benefit of visualizations.

Challenges in the Current Process

● Time-Consuming: Multiple manual steps lead to delays in analysis and slower for quick turnarounds.

● Inconsistent Interpretations: Variations in judgments across different reviewers and teams.

● Information Overload: Lack of effective visualization makes it difficult to synthesize the large volume of data.
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Solution Overview
Introducing MetaBooster: A GPT-Assisted Literature Search Tool

● Automates Key Steps in the literature review process, reducing manual effort and increasing efficiency.

● Developed using GPT-4o, integrated with Python and Streamlit for an intuitive user interface.

● The example demonstrated is focused on drug-event associations.

Core Capabilities

● Automated Search & Retrieval: Queries Europe PMC and other databases using customized search strings, tailored to 

specific research questions.

● Categorization of Studies: Uses GPT to classify publications into “included” and “excluded” groups based on relevance 

to predefined criteria.

● Data Extraction: Automatically extracts key measures like RR, ROR, and HR from relevant studies providing a foundation 

for literature reviews and supporting meta-analysis. 

● Visual Summaries & Reporting

● Generates forest plots to visualize measures of association, providing a clear, integrated view of findings.

● Reduces Information Overload by presenting data in a structured, visual format, aiding decision-making.

● Results can be saved and revisited, allowing for iterative analysis and updates.
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Technology Description

GPT-4o Model GPT-4o (“Omni”): OpenAI's most advanced model, designed for complex, multi-step tasks.

High Context Window: Up to 128,000 tokens, allowing the analysis of long and detailed texts.

Cost-Efficiency: $2.5 per million input tokens, $10 per million output tokens as of October 2024.

Python and 
Streamlit

Python 3.9: Chosen for its extensive scientific libraries and NLP support, ideal for integrating GPT.

Streamlit: Provides a user-friendly interface for interacting with the AI model, enabling rapid prototyping and 

visualization. Python and Streamlit work together to allow for interactive querying, data display, and real -time 

adjustments.

Data Sources & 
APIs

Europe PMC Web Service: Access to over 33 million publications including PubMed and other major databases.

● Automated Queries for drug-event associations, tailored to focus on specific outcomes.

● Retrieves metadata, abstracts, and full texts for further analysis.

Azure OpenAI Service: Provides API access to the GPT-4o model for text processing and data extraction.

Technology Stack
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Workflow Overview

Broad literature search:
User enters drug exposure and 

adverse events

Paper Presentation & Curation:
Publications are shown with metadata and 

full-text. Records can be edited & saved

Querying Europe PMC

Scientific query:
"Does this paper study the association 

between Drug A and Event B?"

Paper Presentation & Curation:
User can move included and excluded 

papers and save selection

AI categorizes each

paper based on query

Presentation of extracted values
User can look at extracted values und 

save the dataset

AI extracts key measures (RR,HR..)

Finished Forest Plot
User can save plot and export code for 

further editing.

AI selects relevant 
measures used to

create Forest Plot
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Initial Literature Search & Retrieval

Out of 154 publications in the search result, 120 had the full text automatically extracted from the XML full texts, 33 had to use the 
publication full text pdf and one extraction was unsuccessful and had to resort to the abstract text only. Manual adjustments were made 
in the user interface and a final selection of 137 publications were used for further analysis
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AI-Driven Categorization
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Data Extraction for Meta-Analysis

- Six prompts were used to extract 8 values:

Source Data, Disease Population, Time Span, Sample Size, Measure of Association, 

Explanation of Measure of Association,Interpretation of Measure of Association, Measure of Association with 95% CI

- Each prompt is applied to each selected publication

- Simple extractions can be done in bulk (1 prompt, several extractions)

- More complex tasks like extraction of values in formatted form need single prompt using examples
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Description Prompt

Sample Size

(Simple value 

extraction)

In the article above, what is the sample size? Put the number in the tags 

<Answer></Answer>

Measure of 

association

(Extraction of 

several values at 

once)

In the article above, First describe the measure of association that was used in this 

study.

Then do the following:

1) In tags <MA></MA> put just the term for the measure of association, e.g. RR, OR etc.

2) In tags <EX></EX> put a short explanation of the measure of association used

3) In tags <IN></IN> put an interpretation of the used measure of association

Actual formatted 

values

(Complex 

extraction of 

values using 

example format)

In the article above, can you find the ratios (RR, ROR, HR, OR) and their 95% confidence 

interval for a drug and adverse event?  

Here is an example:    

1) ROR for Aspirin vs Advil and Fever is 3.5 with 95% CI (2.6, 9.8).     

2) ROR for Aspirin vs Tylenol and Headache is 4.1 with 95% CI (4.0, 4.2)

3) HR for Paracetamol vs Aspirin and Anaemia is 5.5 with 95% CI (4.1, 5.2)

In this case write the answer as "<Answer>[ROR] Aspirin vs Advil, Fever: 3.5 (2.6, 9.8) 

| [ROR] Aspirin vs Tylenol, Headache: 4.1 (4.0, 4.2) | [HR] Paracetamol vs Aspirin, 

Anaemia: 5.5 (4.1, 5.2)</Answer>"     

Now put the answer for the paper above in this format: <Answer></Answer>

Example Prompts used



13

Forest Plot Generation

- Relevant measures are selected from the compiled 

results (previous slide) by applying a further prompt 

specifying scientific background

- To get consistent results chunks of data are 

processed (one prompt per publication’s extracted 

measures)

- Results are more consistent by asking the engine to 

explain reasoning for inclusion

- Combined answers of included measures are then 

fed to another prompt summarizing and formatting 

the results into python readable code:

[   

("Regimen 1,  Adverse Event 1, [RR]", "Zanuso V, et al.", 

2023, 0.66, 0.52, 0.85),

("Regimen 2,  Adverse Event 1, [HR]", "Pirozzi A, et al.", 

2023, 0.65, 0.53, 0.81)

...

]

- Plot is generated and code used can be saved and 

downloaded for further editing
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Results Summary

Improved Efficiency

● Time Savings: MetaBooster significantly reduced the time spent on manual literature screening, with AI-driven 

categorization taking just 7 minutes for over 130 publications.

● Automated Data Extraction: Streamlined the process of extracting key measures (e.g., RR, ROR, HR) from selected 

studies, saving substantial amount of time compared to traditional methods.

Enhanced Accuracy & Consistency

● Minimized Subjectivity: By applying consistent criteria across all publications, MetaBooster reduced variations in 

judgment that typically arise in manual reviews.

Effective Data Visualization

● Forest Plot Generation: Automatically generated forest plots provided a clear visual representation of measures of 

association, aiding in meta-analysis and decision-making.

Lower Costs

● Reduced dependency on CROs and manual labor results in cost savings for drug safety assessments.
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Limitations

Prompt Design Challenges

● Time-Intensive Optimization: Achieving high accuracy required multiple iterations to refine prompts, particularly for 

complex queries.

● Variability in Responses: Prompts that worked well in one context sometimes required adjustments in others, adding to 

development time.

Dependence on Expert Oversight

● Human Judgment Still Essential: While automation reduced manual effort, expert review remains critical for interpreting 

nuanced data and ensuring relevance.

Model Limitations

● AI Generalization: GPT-4o’s understanding is broad but may miss domain-specific subtleties, especially in highly 

specialized research topics.

● Cost Considerations: Running complex queries on a large number of publications can become costly, though still lower 

than outsourcing to CROs.
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Conclusion

Key Takeaways

● Streamlined Literature Reviews: MetaBooster has demonstrated significant improvements in efficiency and accuracy, 

automating time-consuming tasks like screening, data extraction, and visualization.

● Balancing Automation with Expertise: While AI can handle much of the manual workload, expert oversight remains 

critical for interpreting results and making final decisions.

The Future: Improved with New AI Models

● Adaptability to New Models: MetaBooster’s architecture is designed to seamlessly integrate new AI advancements, 

ensuring better performance and accuracy as OpenAI releases more advanced models.

Learnings on Prompting

● Layered Approach to Complexity: Complex tasks, like verifying extracted data, benefit from multi-step prompting, 

breaking down tasks into manageable steps for better accuracy. Asking for too much in one step deteriorates quality of 

answers.
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Doing now what patients need next
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