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Agenda

− Background – risk of bias (RoB) assessment and AI

− Testing the LLM Claude for assessing RCTs with RoB 2

− Comparing our results to those of other studies

− Discussion & Conclusion
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Background

Assess studies (included in a systematic review) for risk of bias 

- Randomized controlled trials (RCTs)
- Cochrane risk of bias tool (revised version; RoB 2)
- Cochrane risk of bias tool (previous version; „RoB 1“)

- Non-randomized studies of interventions
- ROBINS-I

https://www.riskofbias.info

Figure from Lusa et al. 2024, https://www.cochranelibrary.com/cdsr/doi/10.1002/14651858.CD001552.pub3/full4

https://www.riskofbias.info/
https://www.cochranelibrary.com/cdsr/doi/10.1002/14651858.CD001552.pub3/full


Background

ML <-> LLM

LLMs: 

− trained on huge amounts of data
− predict the most likely next token (e.g. text)
− no task specific training necessary
− can be used without programming knowledge

Figure from Shahab et al., 2023 https://doi.org/10.1177/175628482412270315

https://doi.org/10.1177/17562848241227031


Background

Cierco Jimenez et al., 2022 https://doi.org/10.1186/s12874-022-01805-4, (search conducted in April 2021) 

Using ML for RoB assessment
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https://doi.org/10.1186/s12874-022-01805-4


Background

Lieberum et al., 2025, https://doi.org/10.1016/j.jclinepi.2025.111746 (search conducted in Februray 2024)
green: „validation studies“, grey: other designs, blue circle: preprint articles

Using LLMs for RoB assessment
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Testing Claude for assessing RCTs with RoB 2
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Testing Claude for assessing RCTs with RoB 2

100 RCTs from
78 Cochrane Reviews*

in which RoB 2 
was used

RoB 2-assessments 
Cochrane Reviews 

(reference standard)

RoB 2-assessment 
created with Claude

Agreement

*Search in the Cochrane library in October 2023 
("ROB2" OR "ROB-2" OR "ROB 2.0" OR "revised cochrane
risk-of-bias" (all text), limit for publication date: January 2019 
onwards, filter for review type “intervention”)



Testing Claude for assessing RCTs with RoB 2

Prompt

− Pilot phase: Prompt engineering using a sample of 30 RCTs from three Cochrane Reviews 
(excluded from the main testing)

Some of our prompt principles:
− Separate prompts for each domain (minimize reasoning complexity)
− Specify study outcome for which RoB should be assessed
− Include RoB 2 guidance & provide detailed instruction
− Do not mention the name of the tool (avoid simple recall of results / data contamination)
− Compress protocols & register entries
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Testing Claude for assessing RCTs with RoB 2

Program - to automate the process of assembling the single prompts

Extract relevant details from protocol (if any) I give you a clinical trials protocol (…) As this 
protocol is quite lengthy, your job is to sum it up 
to the bare essentials that are needed to answer 
questions from the following domains (…)

https://github.com/daboe01/LLMPatchbay

https://github.com/daboe01/LLMPatchbay


Testing Claude for assessing RCTs with RoB 2

Program - to automate the process of assembling the single prompts

Assess each RoB 2 domain separately

You are a critical reviewer of clinical trials 
reports (…) your only task is to assess the 
risk of bias arising from the randomization 
process in the manuscript (…)

https://github.com/daboe01/LLMPatchbay

https://github.com/daboe01/LLMPatchbay


Testing Claude for assessing RCTs with RoB 2

Program - to automate the process of assembling the single prompts

„Self-review“

I give you the risk-of-bias evaluation 
including justifications (…) Your task is to 
check the reviewer's assessments (…) If 
the assessment (…) does not look like it is 
justified (…), you are free to override the 
reviewer's assessment (…)

https://github.com/daboe01/LLMPatchbay

https://github.com/daboe01/LLMPatchbay


Testing Claude for assessing RCTs with RoB 2

Program - to automate the process of assembling the single prompts

You are a critical reviewer of clinical 
trials reports. Your task is to assess 
the overall risk-of-bias based on 
the risk of bias assessments (…)

Overall rating

https://github.com/daboe01/LLMPatchbay

https://github.com/daboe01/LLMPatchbay


Testing Claude for assessing RCTs with RoB 2

Results for domain: 
„Overall judgement“ 

39

57
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Cochrane Reviews

CR: 
low risk

CR: 
some concerns

CR: 
high risk Total

Claude: low risk 18 17 4 39

Claude: some concerns 18 22 17 57

Claude: high risk 0 3 1 4

Total 36 42 22 100
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Testing Claude for assessing RCTs with RoB 2

Results: Agreement Claude – Cochrane Review authors n= 100 RCTs

Domain
% agreement

(accuracy)

D1 (“randomization”) 65%                  

D2 (“deviations from interventions”) 63%

D3 (“missing data”) 70%

D4 (“outcome measurement”) 71%

D5 (“selective reporting”) 58%

Overall 41%
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Testing Claude for assessing RCTs with RoB 2

Results: Agreement Claude – Cochrane Review authors n= 100 RCTs

Domain
% agreement

(accuracy)
Weighted Cohen‘s

Kappa (95%-CI)

D1 (“randomization”) 65%                  0.11 (-0.08; 0.29)

D2 (“deviations from interventions”) 63% 0.12 (-0.08; 0.32)

D3 (“missing data”) 70% 0.31 (0.10; 0.52)

D4 (“outcome measurement”) 71% 0.15 (-0.11; 0.41)

D5 (“selective reporting”) 58% 0.10 (-0.10; 0.31)

Overall 41% 0.22 (0.06; 0.38)

Rough interpretation
- kappa

“slight” (0.00-0.20) 
“fair” (0.21-0.40)
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Testing Claude for assessing RCTs with RoB 2

Review of discrepancies:

Domain Issues with…

D1 (“randomization”) … detecting absence of concealment of allocation 

D2 (“deviations from interventions”) … interpreting the potential impact of lack of blinding (of participants or carers) 

D3 (“missing data”)
… interpreting the potential impact of missing data
… detecting available data

D4 (“outcome measurement”)
… detecting absence of assessor blinding
… interpreting the impact of non-blinded assessors 

D5 (“selective reporting”) … detecting absence (or presence) of pre-specified protocols/analysis plans
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Testing Claude for assessing RCTs with RoB 2

RCT013 - Cochrane Review RCT013 - Claude
D4 high risk low risk

The ADL Staircase is considered appropriate, and there were no 
differences in the measurement or ascertainment between groups. The 
assessors were not blinded, and it was therefore considered likely that 
knowledge of the intervention could influence the outcome, given the 
likely strong belief in the benefits of the intervention ward.

The outcome measurement method was 
appropriate, did not differ between groups, and 
assessor knowledge of interventions was unlikely
to impact the standardized ADL Staircase ratings.
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Testing Claude for assessing RCTs with RoB 2

Review of discrepancies:

Domain Issues with…

D1 (“randomization”) … detecting absence of concealment of allocation 

D2 (“deviations from interventions”) … interpreting the potential impact of lack of blinding (of participants or carers) 

D3 (“missing data”)
… interpreting the potential impact of missing data
… detecting available data

D4 (“outcome measurement”)
… detecting absence of assessor blinding
… interpreting the impact of non-blinded assessors 

D5 (“selective reporting”) … detecting absence (or presence) of pre-specified protocols/analysis plans

Overall judgement: largely followed the guidance (only 2/100 Claude judgements deviated from the given algorithm)
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Comparing our results to those of other studies

→ „Traditional“ ML-approaches (RobotReviewer)

→Other studies using LLM-approaches

→Humans
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Comparing our results to those of other studies

„Traditional“ ML-approaches: 

RobotReviewer versus humans (RoB 1, D1 – D4)

Tian et al. 
2024

Hirt et al. 
2021

Armijo-Olivo et 
al. 2020

RCTs assessed (n) 1955 190 372
Reference standard Cochrane Cochrane Own judgements
% agreement (range) 63 – 83% 50 – 87% 56 – 81%
Cohen‘s Kappa (range) 0.25 – 0.59 0.04 – 0.60 0.06 – 0.62

Figure from Higgins et al. 2011, https://doi.org/10.1136/bmj.d5928
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Comparing our results to those of other studies

„Traditional“ ML-approaches: 

RobotReviewer versus humans (RoB 1, D1 – D4)

Tian et al. 
2024

Hirt et al. 
2021

Armijo-Olivo et 
al. 2020

RCTs assessed (n) 1955 190 372
Reference standard Cochrane Cochrane Own judgements
% agreement (range) 63 – 83% 50 – 87% 56 – 81%
Cohen‘s Kappa (range) 0.25 – 0.59 0.04 – 0.60 0.06 – 0.62

Figure from Higgins et al. 2011, https://doi.org/10.1136/bmj.d5928

D1 – D4: 
% agreement: 63 – 71%

Cohen‘s Kappa: 0.11 – 0.31
28
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Comparing our results to those of other studies

Other studies using LLM-approaches

*weighted Kappa
Pitre et al. 
2023

Hasan et 
al. 2024

Šuster et al. 2024 Lai et al. 
2024

Lai et al. 2025

RoB tool used RoB 2 ROBINS-I RoB 2 Modified
RoB 1 tool

Modified RoB 1 tool

LLM(s) used GPT-4 GPT-4 FlanT5XL; GPT-3.5-
turbo; Meditron-
70B, Med42

GPT; Claude 
(versions?)

Claude 3.5-sonnet;
Moonshot-v1-128k 
(Kimi-Chat)

Studies assessed (n) 157 307 218 30 107
Reference standard Cochrane Cochrane Cochrane Own

judgements
Own judgements

% agreement (range) 11 – 29% 31 – 71% F1 (range) 
0.00 – 0.20

57 – 98% 88 – 100%
Cohen‘s Kappa (range) 0.11 – 0.29* 0.02 – 0.28* 0.54 – 0.96 0.42 – 1.00

“We recommend 
systematic reviewers 
avoid using ChatGPT

to perform risk of 
bias assessments.” 

(Pitre et al. 2023)
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Comparing our results to those of other studies

Other studies using LLM-approaches

*weighted Kappa
Pitre et al. 
2023

Hasan et 
al. 2024

Šuster et al. 2024 Lai et al. 
2024

Lai et al. 2025

RoB tool used RoB 2 ROBINS-I RoB 2 Modified
RoB 1 tool

Modified RoB 1 tool

LLM(s) used GPT-4 GPT-4 FlanT5XL; GPT-3.5-
turbo; Meditron-
70B, Med42

GPT; Claude 
(versions?)

Claude 3.5-sonnet;
Moonshot-v1-128k 
(Kimi-Chat)

Studies assessed (n) 157 307 218 30 107
Reference standard Cochrane Cochrane Cochrane Own

judgements
Own judgements

% agreement (range) 11 – 29% 31 – 71% F1 (range) 
0.00 – 0.20

57 – 98% 88 – 100%
Cohen‘s Kappa (range) 0.11 – 0.29* 0.02 – 0.28* 0.54 – 0.96 0.42 – 1.00

“Considering the agreement level with 
a human reviewer in the case study, 

pairing AI with an independent human 
reviewer remains required at present.” 

(Hasan et al. 2024)
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Comparing our results to those of other studies

Other studies using LLM-approaches

*weighted Kappa
Pitre et al. 
2023

Hasan et 
al. 2024

Šuster et al. 2024 Lai et al. 
2024

Lai et al. 2025

RoB tool used RoB 2 ROBINS-I RoB 2 Modified
RoB 1 tool

Modified RoB 1 tool

LLM(s) used GPT-4 GPT-4 FlanT5XL; GPT-3.5-
turbo; Meditron-
70B, Med42

GPT; Claude 
(versions?)

Claude 3.5-sonnet;
Moonshot-v1-128k 
(Kimi-Chat)

Studies assessed (n) 157 307 218 30 107
Reference standard Cochrane Cochrane Cochrane Own

judgements
Own judgements

% agreement (range) 11 – 29% 31 – 71% F1 (range) 
0.00 – 0.20

57 – 98% 88 – 100%
Cohen‘s Kappa (range) 0.11 – 0.29* 0.02 – 0.28* 0.54 – 0.96 0.42 – 1.00

“Using LLMs as an assisting
technology for assessing 

RoB 2 thus currently seems 
beyond their reach.” 

(Šuster et al. 2024)
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Comparing our results to those of other studies

Other studies using LLM-approaches

*weighted Kappa
Pitre et al. 
2023

Hasan et 
al. 2024

Šuster et al. 2024 Lai et al. 2024 Lai et al. 2025

RoB tool used RoB 2 ROBINS-I RoB 2 Modified RoB 1 
tool

Modified RoB 1 
tool

LLM(s) used GPT-4 GPT-4 FlanT5XL; GPT-3.5-
turbo; Meditron-
70B, Med42

GPT; Claude 
(versions?)

Claude 3.5-sonnet;
Moonshot-v1-
128k (Kimi-Chat)

Studies assessed (n) 157 307 218 30 107
Reference standard Cochrane Cochrane Cochrane Own

judgements
Own judgements

% agreement (range) 11 – 29% 31 – 71% F1 (range) 
0.00 – 0.20

57 – 98% 88 – 100%
Cohen‘s Kappa (range) 0.11 – 0.29* 0.02 – 0.28* 0.54 – 0.96 0.42 – 1.00

“…demonstrated substantial 
accuracy and consistency in 

evaluating RCTs, suggesting their 
potential as supportive tools in 
systematic review processes.” 

(Lai et al. 2024)
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Comparing our results to those of other studies

Humans – RoB 2 Minozzi et 
al. 2020

Minozzi et al. 2022 
(before calibration)

Minozzi et al. 2022 
(after calibration)

RCTs assessed (n) 70 5 11
% agreement (range) - - -
Fleiss‘ Kappa (range) 0.04 – 0.45 -0.24 – 0.30 -0.01 – 0.93
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Comparing our results to those of other studies

Humans – RoB 2 Minozzi et 
al. 2020

Minozzi et al. 2022 
(before calibration)

Minozzi et al. 2022 
(after calibration)

RCTs assessed (n) 70 5 11
% agreement (range) - - -
Fleiss‘ Kappa (range) 0.04 – 0.45 -0.24 – 0.30 -0.01 – 0.93

Minozzi et al. 2022
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Comparing our results to those of other studies

Humans – RoB 1

https://doi.org/10.1371/journal.pone.0096920

https://doi.org/10.1016/
j.jclinepi.2016.08.012

https://doi.org/10.1016/j.jclinepi.2019.12.016
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Discussion & Conclusion

Next steps / Open questions

− Use expert reference standards for testing? (could also introduce bias?)

− Other forms of support than creating full RoB judgements?

− Use only RoB domains that are most promising?

− Strive for high methodological quality

− Release of the new RoB tool ROBUST RCT (Wang et al. 2025)

-> Currently, using LLMs for RoB assessment is not recommended

Graphic created using DALL-E36
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