SWAR 68: Al-assisted quality appraisal with large language models

Objective of this SWAR

(1) To develop and propose a structured prompt specifically designed for applying AMSTAR in
the quality appraisal of systematic reviews and meta-analyses.

(2) To conduct a dynamic evaluation of three LLMs, assessing their accuracy, efficiency and
consistency in AMSTAR-based quality appraisal across multiple model versions and iterations.

Study area: Statistical Analysis, Quality appraisal
Sample type: Publications
Estimated funding level needed: Low

Background

Systematic reviews and meta-analyses are increasingly recognized as essential evidence
sources for policy-making, clinical guidelines, and health technology assessments.[1,2] As their
number has grown more than twenty-fold over the past two decades, the workload involved in
identifying, appraising, and synthesizing eligible studies has increased substantially.[3,4] Among
these tasks, methodological quality appraisal remains particularly critical and labor-intensive.[5]

To assess the methodological quality of systematic reviews and meta-analyses, standardized
critical appraisal tools such as A MeaSurement Tool to Assess Systematic Reviews (AMSTAR)
are widely used and have demonstrated good validity.[6,7,8] However, quality appraisal largely
relies on subjective human judgment, making the process labor-intensive and potentially prone to
bias.[9,10] Recent advances in large language models (LLMs) suggest strong potential for
automating appraisal tasks, with emerging studies demonstrating feasibility in risk of bias and
methodological assessments using established tools (e.g., Cochrane ROB tool, AMSTAR
2).[11,12,13]

LLMs show considerable potential for automating labour-intensive stages of evidence synthesis,
thereby enhancing the efficiency, timeliness and accuracy of evidence for decision-making.
However, robust comparative evidence across leading LLMs is limited, particularly regarding their
performance with established appraisal tools such as AMSTAR. Systematic comparisons of
widely used models (e.g., ChatGPT, Claude, DeepSeek) are therefore warranted, given their
rapid evolution and increasing adoption in evidence workflows. Moreover, the lack of structured,
adjudicated benchmarking frameworks and the fast pace of model development highlight the
need for dynamic evaluation approaches to assess accuracy, efficiency and consistency over
time.

This Study Within a Review (SWAR) [14] will use a dataset from six ongoing systematic reviews
conducted by McMaster University and Lanzhou University, for which independent ratings from
two human raters and a consensus rating are available, using the AMSTAR tool for quality
appraisal. Prompts have been drafted using a pilot workflow with the following steps: (1) Parallel
quality appraisal of the same studies by multiple LLMs using an initial draft prompt; (2)
Comparison of LLMs outputs with the human consensus reference to identify discrepancies; and
(3) iterative refinement and optimization of prompts based on identified differences until
consistent Al outputs were obtained. The methodological quality appraisal will be conducted
independently by three large language models. The appraisal results generated by the models
will be extracted and standardized for subsequent analysis with a dynamic evaluation comparing
outcomes across different models and across multiple iterations of each model over time. This
will be followed by preparation of the final files containing the completed quality appraisal results.

Interventions and Comparators

Intervention 1: Data extraction using ChatGPT5.2.

Intervention 2: Data extraction using Claude 4 (Sonnet variants).
Intervention 3: Data extraction using DeepSeek V3.2.

Index Type: Quality appraisal



Method for Allocating to Intervention or Comparator:
Non-Random

Outcome Measures
Primary: Consistency (Kappa coefficient); and accuracy (Precision & Recall & F1 score).
Secondary: Efficiency (Time saved).

Analysis Plans

We will compare the results of Al-assisted quality appraisal with the adjudicated human reference
standard and calculate accuracy, recall, precision, F1 score and time saved. All proportion
estimates will be accompanied by 95% confidence intervals using the Kappa coefficient exact
binomial method to obtain more robust estimates of binomial outcomes.

Possible Problems in Implementing This SWAR
None anticipated.
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