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|NTRODUCT|ON Experiments to evaluate the tool

* To evaluate the performance of the tool in pre-selecting the right articles for the reviewers,

e Systematic literature reviews (SLR) are essential for synthesizing scientific evidence, particularly
we identified several published systematic reviews and tried to reproduce them.

in clinical research. These processes remain highly time-consuming and labour-intensive due to
the need to screen large volumes of publications. * Using the public PubMed queries, the original sets of publications were retrieved. Then the
sets of publications manually screened by experts were compared to the shortlist

* Traditional methods, such as BM25-based search engines or manual filtering, often fail to
automatically screened by our Al-screening tool.

achieve satisfactory coverage without extensive manual review'.

* This limitation underscores the need for hybrid approaches combining artificial intelligence (Al) * Mistral-Large 2024 was the model used for all interences.

and human validation to improve efficiency and accuracy.

e Advances in Natural Language Processing (NLP) and the emergence of Large Language Models
(LLMs) have demonstrated remarkable capabilities in automating text processing tasks?. Several Experimented with 5 public
works report time savings up to 68.5% and improved precision and consistency compared with literature reviews

traditional approaches®*. PubMed
* Full automation remains limited by challenges in achieving comprehensive coverage and
generalizability comparable to expert review. Consequently, hybrid approaches integrating N
Total

human oversight are essential, leveraging the speed of LLMs, while preserving the
interpretative rigor of experts>.

Publications found by key-word PubMed search
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OBJECTIVE Al screening it NMiSSing Expert Manual screening
. . . . ortihs : : :
This study aimed to develop and validate a semi-automated Al-powered tool to accelerate = J L — . Publications included by _| . . = J L=
: : . . : — — Nyj expert but excluded by :” —
and enhance the SLR process by semi-automating title/abstract screening, enhancing =|] =] Al Nexper: 1= =
efficacy and curtailing time consumption, while preserving methodological rigor and l
adherence to established systematic review methodologies.

Compare sets
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METHODS Al screening performance metrics:

% Time saved & Recall

The Al assistance in the developed tool intervenes at the second step of the literature review Recall:
process - the title/abstract screening based on reviewer-defined YES/NO criteria - following the % of time saved: 2 slhirdies eveiles v memsl] selesfions
initial keyword-based search. The reviewer then manually reviews the Al shortlisted publications. % of articles excluded by Al shortlist (%)
(o)
N
TS =1 — N Al R — NExpert - NMissing
Total NExpert

RESULTS & DISCUSSION

* As shown in Figure 4, across the five replicated literature reviews used to test the semi-

automated framework, the Al shortlists reduced the number of abstracts requiring manual
Al-shortlisting Found 203 Publications screening by 46% to 91%.

* Nearly all articles identified by human experts were included in the Al shortlists, with only
two missed articles (reviews 2 and 5), corresponding to a recall above 96%.

KK

35 180 70 * By designing a conservative prompting strategy, encouraging the model to answer

| | “UNCERTAIN” when appropriate, a high recall was maintained while further decreasing the
number of articles requiring manual assessment.

. L 203 . . . . .
shortlist of 24 Publications s mitially Figure 4: Results of evaluation on 5 different literature reviews
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The Al-shortlisting of Title/Abstract reduced manual review of publications from 203 to 24. Review 2 = 706 (TS) N yissing
The LLM prompting framework is based on two steps: Review 3 250 495 Tewew 90% 9 0 100%
1. Uncertainty-aware prompting Review
. L . o . L Review 4 412 91% 25 1 96%
ackles hallucinations by forcing explicit triage: YES (meets criteria), NO (does not meet criteria), 253 2
or UNCERTAIN (requires reviewer input). This ensures no false positives/negatives slip through , i

Review 5 457 1189 | | Review | g4, 20 0 100%
unchecked. 3
2. Few-shot learning 0 200 400 600 800 1000 1200 EeVieW 46% 13 0 100%
Provide examples of YES/NO/UNCERTAIN answers to the LLM, to help it internalize criterion and Number of articles

T Review
SIEYE mlsallgned responses. Total abstracts (N_Total) = Al shortlist of abtracts (N_AI) 5 62% 32 1 97%
Example Generation: Crafting Yes/No/Uncertain Few-Shot Evaluation: Using Generated Examples

c Responses for Criterion 9 to Classify Title/Abstract CONCLUSION

The Al-assisted shortlisting method reduced abstract screening effort by 46—91% (2—10x

Generate 1 example for each category, given the Classify YES/NO/UNCERTAIN whether the faster), while missing less than 5% of relevant studies, demonstrating both efficiency and
following criteria: following publication (Title + Abstract) respects

the following criterion: methodological rigor.
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