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Case study: A published SLR and network meta-analysis
(NMA) assessing the safety and efficacy of Nivolumab
for advanced non-small cell lung cancer® was used as a
case study. In the case study, screening was conducted
by two independent human reviewers with a third
reviewer for arbitration.

Titles and abstracts were screened after the removal of
duplicates and incorrect publication types. Full-text
screening was performed on the subset of publications
that were identified by both human reviewers and GPT-
4 (Figure 1).

GPT-4: A Python application programming interface
(API) was used to send "prompts” and text (titles and
abstracts, and text extracted from PDFs of full
publications) to GPT-4 with instructions to summarise
text and to answer questions regarding eligibility.

Conclusions

e We found that GPT-4 can accurately summarise relevant study characteristics and determine eligibility both
from titles and abstracts (sensitivity 95.9%, specificity 86.7%), and full-text screening (sensitivity 97.1%,
specificity 66.1%). GPT-4 successfully identified the same set of studies that humans identified and that were
included in the NMA of the case study.

 GPT-4 data extraction tables that were part of the output generated facilitate PRISMA-compliant tracking and
guality assessment.

 There are clear time-savings as screening was accomplished in a fraction of the time it takes humans without
compromising the quality of the NMA.

 Detailed prompts were required to ensure GPT-4 was able to undertake this task. Further prompt refinement
and fine-tuning with GPT-4 would increase the accuracy, particularly for the more complex decisions. Further
testing on new samples to improve prompting and to demonstrate generalisability are required.
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