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Why automate risk of bias assessments?

Risk-of-bias (RoB) appraisals are essential for trustworthy evidence 

synthesis, yet remain slow, variable, and costly.

Risk of Bias 2 (RoB 2) assesses how study design and reporting affect the 

trustworthiness of trial results.

Reasons for automation:

● Resource burden: SRs are costly and time-consuming to complete.

● Human variance: Inter-rater reliability reflects high variance (IRR = 

0.16 even among expert reviewers).

● Increasing adoption: Automation tools (e.g., Elicit, RobotReviewer) 

increasingly adopted but limited capability or lack benchmarks.

Need: Robust, transparent benchmarks to evaluate and deploy 

LLM-assisted RoB 2 assessments efficiently and interpretably.

Motivation & Objective

$50,000 to 
$140,000 USD

Average SR cost

6-18 months
Average time to SR 

completion

6-12 weeks
Average time for risk 

of bias analysis

358 minutes
Average staff 

resources allocated 
to RoB 2 per study 

evaluated



Medevi-RoB dataset for evaluation of LLM performance on RoB 2
Methods

Source Field Population Intervention ≥2 Independent 
Reviewers and 
Consensus

Total number of 
RCTs

Cochrane 
Database of 
Systematic 
Reviews

Dermatology Eczema Topical 
anti-inflammatory 
treatments

Yes 291

Cochrane 
Database of 
Systematic 
Reviews

Dermatology Chronic plaque 
psoriasis

Systemic 
pharmacological 
treatments

Yes 204

Cochrane 
Database of 
Systematic 
Reviews

Neurology Parkinson’s 
disease

Physical exercise Yes 154

Cochrane 
Database of 
Systematic 
Reviews

Anesthesia Patients 
undergoing 
neuraxial 
anesthesia

Ultrasound 
guidance vs. 
anatomical 
landmarks

Yes 65



Baseline Characteristics of Evaluated Outcome-Specific RoB 2 Judgements
Methods



Medevi platform enables reproducible LLM evaluations
Methods

Overview of Medevi’s AI-Enabled Data Extraction Pipeline for Risk of Bias 2 (RoB 2) Assessment



Modern open-source reasoning models and structured (algorithmic) prompting approaches 
substantially outperform earlier GPT-4 baselines across all RoB domains.

Preliminary Results

Domain Algorithmic
gpt-oss-120b

Single-shot 
CoT
gpt-oss-120b

Minimal 
prompt
gpt-4

Extensive 
prompt
gpt-4

Domain 1: Risk of 
bias due to 
randomization

0.396 
(0.300-0.502)

0.573 (0.454-0.678) 0.074 
(-0.044-0.201)

0.050 
(-0.063-0.164)

Domain 2: Risk of 
bias due to 
deviations from the 
intended 
intervention

0.137 (0.028-0.245) 0.190 (0.040-0.342) 0.127 (0.001-0.240) 0.093 (0.002-0.186)

Domain 3: Risk of 
bias due to missing 
outcome data

0.252
(0.112-0.397)

0.341 (0.205-0.469) 0.142
(0.025-0.259)

0.120 (0.020-0.218)

Domain 4: Risk of 
bias due to 
measurement of the 
outcome

0.525 
(0.388-0.656)

0.345 (0.218-0.474) 0.041 
(-0.073-0.149)

0.095 
(-0.040-0.218)

Domain 5: Risk of 
bias due to 
selective reporting

0.373 
(0.267-0.475)

0.055 
(-0.020-0.138)

0.274 (0.155-0.379) 0.180 (0.105-0.267)

Inter-rater reliability (95% CI) compared to 
human expert consensus agreement

Note: F1 score and inter-rater reliability per-outcome on a dataset of 
273 outcome-RoB 2 pairs (154 studies) from 34 systematic reviews 
with no fine-tuning.

LLM Performance on Individual RoB 2 Domains
Structured vs. unstructured approaches



LLM-derived predictions achieve human-level agreement on all RoB domains

Preliminary Results

Domain LLM Approach
Best performing

LLM 
Cohen’s κ

LLM Agreement Human (Minozi et al., 
2020)
Fleiss κ

Human Agreement

Domain 1: 
Randomization process

Single-shot CoT 
(gpt-oss-120b)

0.573 (0.454-0.678) Moderate IRR 0.45, (95% CI: 
0.37-0.53)

Moderate

Domain 2: Deviations 
from attended 
intervention

Single-shot CoT 
(gpt-oss-120b)

0.190 (0.040-0.342) Slight IRR 0.04, (95% CI: 
−0.06-0.14)

Slight

Domain 3: Missing 
outcome data

Single-shot CoT 
(gpt-oss-120b)

0.341 (0.205-0.469) Fair IRR 0.22 (95% CI: 
0.14-0.30)

Fair

Domain 4: Measurement 
of the outcome

Algorithmic 
(gpt-oss-120b)

0.525 
(0.388-0.656)

Moderate IRR 0.27 (95% CI: 
0.19-0.35)

Fair

Domain 5: Selection of 
reported results

Algorithmic 
(gpt-oss-120b)

0.373 
(0.267-0.475)

Fair IRR 0.30 (95% CI: 
0.22-0.38)

Fair

Overall Risk of Bias Per-domain assessment 
(algorithmic)

0.213 (0.125-0.297) Fair IRR 0.16 (95% CI: 
0.08-0.24)

Fair



Strengths and limitations of algorithmic vs. single-shot chain-of-thought prompting 
approaches

Preliminary Results

Prompting Strategy Algorithmic (per-domain)
gpt-oss-120b (effort: high)

Single-shot CoT
gpt-oss-120b (effort: high)

Role of LLM Generate judgements at a 
subdomain level for input into a 
deterministic algorithm.

Generate judgements at a 
domain level.

Average input 
tokens

75000 15000

Average output 
tokens (including 
reasoning)

12500 7500

Average cost 
(gpt-oss-120b)

Input: $0.01125/paper
Output: $0.0075/paper
Total: $0.01875/paper

Input: $0.00225/paper
Output: $0.001125/paper
Total: $0.003375/paper

Strengths Highly sensitive for high risk of 
bias papers.

Stronger interpretive 
performance with missing data.

Limitations May overestimate risk due to 
missing information.

Tends to underestimate risk 
compared to algorithmic 
approaches.

Comparison of single-shot versus algorithmic domain-level risk of bias 
classifications. The algorithmic method shows a higher tendency toward 
overestimation of bias (due to missing subdomain scores), whereas 
single-shot approach tends towards underestimation of bias. Both approaches 
demonstrate similar overall accuracy.



Implications and Next Steps

Key takeaways:

● Medevi-RoB establishes a reusable benchmark for evaluating LLM performance in structured critical appraisal.

● Medevi provides a transparent platform for LLM-assisted risk-of-bias assessment; enabling safe, auditable integration of 

LLMs into evidence synthesis pipelines.

● Structured LLM prompting can improve performance over baseline measures.

● Bias detection and interpretability: Analyses can help identify when LLMs systematically over- or under-estimate risk, 

supporting trustworthy automation.

Future directions:

● Fine-tuning & hybrid NLP: Compare performance of open, fine-tuned LLMs to save costs.

● Dataset expansion: Complete evaluation on ~1,000 randomized trials in dataset, spanning multiple specialties.

● Extension to other critical appraisal tasks: Apply framework and prompting strategies to other critical appraisal tools 

(ROBINS-I, QUADAS-C, AMSTAR).

Discussion

With robust benchmarks, we can move from experimenting with AI to robust use 
and evaluation in evidence synthesis.
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