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Fig. 1. Mean number of LLM-generated statements by model

QUALITATIVE PERFORMANCE

COMPARATIVE MODEL INSIGHTS

•	� Across nine LLMs, the number of voting statements 
generated varied substantially despite identical inputs 
(Fig. 1), indicating variance between LLM models. No 
LLM model met the 56 items of the original ACCORD 
longlist, but were generally sufficient to support an 
initial consensus round and achieved within ≤5  
prompt iterations

•	� Most models (7/9) produced a high (>90%) proportion 
of relevant statements

•	� Within-list repetition (Fig. 2) and generation of 
statements that were novel but not relevant  
(Fig. 3) were generally low but model-dependent.  
The proportion of statements that were both relevant 
and novel varied widely (Fig. 3)

•	� Comparison of the three best-performing models with 
the original ACCORD longlist showed variable overlap 
between models and across repeated runs  
(Fig. 4), indicating differences in how consistently  
LLMs reproduced established consensus concepts  
vs introducing novel statements

•	� No single model optimised all performance dimensions

•	� Differences in output volume and overlap with the 
original ACCORD longlist appeared to reflect underlying 
model behaviour rather than prompt instability, with 
some models favouring concise synthesis and others 
producing broader concept coverage

•	� Among those tested, we considered Claude Sonnet 3.7, 
Gemini-2.0 and ChatGPT-4.5 to show the most  
balanced performance, while DeepSeek R1 favoured 
greater novelty

CONCLUSIONS

•	� LLMs can reliably generate viable draft voting statements 
for a consensus process 

•	� LLMs can reduce manual effort at the statement 
generation stage, suggesting they may be best used as 
pre-consensus accelerators to capture core evidence-
based concepts. Choice of model should depend on 
desired balance of conservative vs novel concept 
generation

•	� Human input remains essential for contextual judgement, 
strategic omissions, interpretation, and final wording, to 
ensure an overall methodologically robust hybrid  
AI-human approach

•	� The models assessed represent a rapidly evolving 
landscape. Newer AI models designed to support  
iterative, human-supervised research processes may  
offer more advanced support for complex consensus 
processes, including refinement and synthesis across 
consensus rounds
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Detailed methodology can be accessed via the QR code below

•	� Consensus methods are widely used in biomedical 
research, but key methodological steps remain variably 
reported1–7

•	� Generation of voting items is essential to consensus 
processes; however, standardised, evidence-based 
methods are lacking and this step can be prone to 
subjective judgement and inefficiencies2–4,8,9

•	� Generative AI, particularly LLMs, has shown promise in 
supporting evidence synthesis tasks10-12

•	� ACCORD-AI evaluates whether LLMs can generate 
viable draft consensus voting statements from SLR 
outputs, and how these compare with draft human-
generated ACCORD statements7

3 independent chats per model; prompts 
aligned with Anthropic best practice13

ACCORD SLR outputs6

≤5 iterations to achieve  
adequate output quality

AI-generated voting statements were 
evaluated (2 independent assessments) 
for 1) content relevance, 2) repetition 
within generated output, 3) novelty  
vs original ACCORD 56-item longlist
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Fig. 2. Mean proportion of LLM-generated statements  
that were repeated 
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Fig. 3. Mean proportion of novel LLM-generated  
statements by relevance 
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Fig. 4. Comparison of LLM-generated statements  
overlapping with the ACCORD 56-item longlist 
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