
Conclusions
• GPT-4 accurately answered RoB signalling questions 

to calculate RoB, closely agreeing with the human 
estimate and producing data extraction tables to 
facilitate validation and quality control.

• There were clear time-savings, and the output (data 
extraction tables) improved decision transparency 
and feasibility of quality assessment.

• Development of detailed prompts was required to 
obtain these results and the generalisability will need 
to be tested on further samples. Further prompt 
refinement, particularly for more complex decisions 
will improve accuracy.

• As we refine prompting and employ fine-tuning 
methods (training GPT-4 on a greater number of 
examples) the quality and generalisability of 
automated RoB assessments are expected to further 
improve. As LLMs evolve, the usability and accuracy 
of using LLMs in complex tasks will improve.
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Introduction
A critical component of high-quality systematic 
literature reviews (SLRs) is the risk of bias (RoB) 
estimate. It requires a sophisticated understanding of 
the design and conduct of RCTs and requires 
considerable human time, expertise and training to 
ensure accuracy and agreement between human 
reviewers.1
This complexity and level of subjectivity poses a 
challenge for automation and such projects have had 
limited success.2-5
The advancement of foundation models, including 
large language models (LLMs) like OpenAI’s Generative 
Pre-Trained Transformer-4 (GPT-4), offers new 
opportunities for overcoming these challenges. 
LLMs have greater versatility than other purpose-built 
pre-trained AI tools, they have been trained on massive 
datasets, adapt to new and unseen tasks with minimal 
fine-tuning, and have a level of interactivity which 
allows them to be modified and queried easily.
The revised Cochrane Risk-of-Bias Tool for Randomized 
Trials (RoB 2)6 uses a method of assigning bias by 
answering specific (signalling) questions which, 
potentially, makes the tool less subjective. The ability 
of LLMs to answer these questions has not been 
reported.
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Aim

To investigate the feasibility of leveraging LLMs, 
specifically GPT-4, for automating RoB assessment in a 
case study of 12 RCTs using Cochrane RoB 2.

Methods

What is already known on this topic
• High-quality SLRs require a RoB estimate for 

included studies, which requires considerable 
human time and expertise.

• LLMs have huge potential for automating tasks 
such as data extraction and text classification with 
great accuracy, but their potential for estimating 
RoB of RCTs has not been tested

What this study adds
• In this case study we show that GPT-4 can 

accurately estimate the RoB utilizing the Cochrane 
RoB 2 tool in a sample of RCTs.

How this study might affect research, practice or 
policy
• The results provide preliminary evidence 

supporting the utility of LLMs to assist, or (partially) 
replace, human reviewers in the assessment of RoB 
of RCTs enhancing the ability to complete SLRs 
more rapidly.

Case study: A published SLR and network meta-analysis 
(NMA) assessing the safety and efficacy of Nivolumab 
for advanced non-small cell lung cancer was used as a 
case study. 7 12 RCTs were assessed for RoB using RoB 2 
by answering 11 signalling questions and then using the 
published algorithm to estimate the risk of bias in each 
of the five domains and overall.
RoB was assessed by one independent human reviewer 
and by GPT-4 in the same set of studies.
GPT-4 was given prompts (instructions) sent via a 
Python Application Programming Interface (API). 
Text (RCT publication and protocol) was sent in 
“chunks” to comply with the token limit. GPT-4 was 
instructed to summarize text and answer each of the 
signalling questions with 'Yes,' 'No,' or 'NI' (No 
Information) and extract information that supported 
the answer, equivalent to the spreadsheet filled out by 
the human. RoB in each domain was classified as 'Low 
Risk,' 'Some Concerns,’ or 'High Risk’ by applying the 
algorithm to signalling question answers. Estimates of 
RoB from the human reviewer and GPT-4 were 
compared to using the metrics shown in Box 1.

• Sensitivity: proportion of domains that GPT-4 correctly identified as 
'Low Risk’.

• Specificity: proportion of domains that GPT-4 correctly identified as 
'High Risk' or 'Some Concerns’.

• Positive Predictive Value (PPV): proportion of 'Low Risk' 
identifications by GPT-4 that were correct.

• Negative Predictive Value (NPV): proportion of 'High Risk' or 'Some 
Concerns' identifications by GPT-4 that were correct.

• Observed Agreement: proportion of agreement between GPT-4 and 
the human reviewer. (1) dichotomised answers “low risk” vs “some 
concerns – high risk”; (2) direct agreement with low, high risk or 
some concerns

• Cohen’s Kappa: a statistical measure of agreement between GPT-4 
and the human reviewer assessments (correct and incorrect) , 
accounting for the possibility of random agreement 
• Correct: True Positive : Both Human and GPT4 = "Low" ; True 

Negative : Both Human and GPT4 = "Some concerns" or "High”
• Incorrect: False Positive : Human ="Some concerns" or "High” ; 

GPT-4 = "Low"; False Negative : Human ="Low" ; GPT-4 = "Some 
concerns" or "High” 

Domain TP
n (%)

TN
n (%)

FP
n (%)

FN
n (%)

Sensitivity
% (95% CI)

Specificity
% (95% CI)

PPV
(%)

NPV
(%)

Agreement
of low and 
not low (%) 

Agreement 
of low, high 
and some 

concerns (%)

Cohen's Kappa
(95% CI)

DOMAIN 1: Bias Arising from 
the Randomization Process 3 (25.0%) 5 (41.7%) 4 (33.3%) 0 100% 55.6% 

(23.09 to 88.0) 43.0% 100% 67.0% 66.7% 0.38 
(-0.11 to 0.88)

DOMAIN 2: Bias Due to 
Deviations from Intended 
Interventions

5 (41.7%) 7 (58.3%) 0 0 100% 100% 100% 100% 100% 83.3% 0.73 
(0.40 to 1.07)

DOMAIN 3 : Bias Due to 
Missing Outcome Data 12 (100%) 0 0 0 100% na 100% 0% 100% 100% na

DOMAIN 4 : Bias in 
Measurement of the Outcome 12 (100%) 0 0 0 100% na 100% 0% 100% 100% na

DOMAIN 5: Risk of bias in 
selection of the reported result 11 (91.7%) 0 0 1 (8.3%)

91.7% 
(76.03 to 100) na 100% 0% 92.0% 91.7% 0.00 

(-1.88 to 1.88)

Overall bias assessment 3 (25.0%) 8 (66.7%) 1 (8.3%) 0 100% 88.9% 
(68.36 to 100) 75.0% 100% 92.0% 75.0% 0.58 

(0.17 to 0.99)

Table 1. Sensitivity and specificity metrics: Human vs GPT-4

Figure 1. Risk of bias estimates: Human and GPT-4 8

CI: confidence interval; na: not applicable/calculable ; FN: False Negative; FP: False Positive; TN: True Negative; TP: True Positive
Calculations: specificity = TN / (TN + FP) if (TN + FP) ; sensitivity = TP / (TP + FN) if (TP + FN); Negative Predictive Value (NPV) = TN / (TN + FN) if (TN + FN); 
Positive Predictive Value (PPV) = TP / (TP + FP) if (TP + FP); observed agreement = (TP + TN)

Results

Box 1: Metrics for performance assessment

GPT-4 RoB 2 
Visualization for 
the 12 studies 

Human reviewer 
RoB 2 
Visualization for 
the 12 studies 

GPT-4 successfully summarised provided text, 
extracted relevant text and answered the signalling 
questions in less than an hour in total for all 12 
studies. RoB was then estimated via the Cochrane 
algorithm (Figure 1). 
There was high agreement between the human 
reviewer and GPT-4 estimates of RoB both overall and 
across domains (Table 1).
• Complete agreement for 3 domains (Missing 

Outcome Information, Measurement of Outcome 
and Selection of Reported Result). 

• Good agreement for Domain 2 (Bias Due to 
Deviations from Intended Interventions) Kappa 
value 0.73 (95% CI 0.40 to 1.07). 

• Fair agreement for Domain  1: (Bias Arising from 
the Randomization Process) 0.38 (95% CI -0.11 to 
0.88) and for the overall assessment: 0.58 (0.17 to 
0.99). 
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