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Panel 2: Article filtering
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Panel 3: Article shortlisting
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Summarization example
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In general, summaries were accurate

 Although the model could accurately filter
relevant articles, further work is needed to
improve the model’s ability to judge the level Al was able to identify articles of potential interest, but further work is needed to
of relevance. align Al decisions with manual decisions. Al was able to extract information and
generate clear summaries, and could therefore be used to assist rather than replace

At this stage, Al could be used to help to lower |
manual screening.

the workload burden by reducing the number of
articles that require manual screening.
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