
PROTOCOL

Cochrane evaluation of (semi-)automated review methods: protocol for 
an adaptive platform study within reviews

Gerald Gartlehner a,b, * , Susan Banda a , Max Callaghan c , Jo-Ana Chase d , Andreea Dobrescu a, 
Angelika Eisele-Metzger e,f , Ella Flemyng d , Sean Gardner d , Ursula Griebler a , Bartosz Helfer a,

Pawel Jemiolo g,h,i , Biljana Macura j , Jan C. Minx c , Anna Noel-Storr d ,
Noosheen Rajabzadeh Tahmasebi e , Amin Sharifan a , Joerg J. Meerpohl e,f,1 , James Thomas k,1

a Department for Evidence-Based Medicine and Evaluation, Cochrane Austria, University for Continuing Education, Krems, Austria 
b RTI International, Center for Health Economics, Methods & Evidence Synthesis, Research Triangle Park, NC, USA 

c Member of the Leibniz Association, Potsdam Institute for Climate Impact Research, Department for Climate Economics and Policy, Potsdam, Germany 
d Cochrane Central Executive, Cochrane Collaboration, London, United Kingdom 

e Institute for Evidence in Medicine, Medical Center — University of Freiburg/Medical Faculty — University of Freiburg, Germany 
f Cochrane Germany, Cochrane Germany Foundation, Freiburg, Germany 

g AGH University of Krakow, Krakow, Poland 
h Faculty of Medicine, Department of Hygiene and Dietetics, Jagiellonian University Medical College, Krakow, Poland 

i Cochrane Poland, Krakow, Poland 
j Stockholm Environment Institute, Stockholm, Sweden 

k EPPI Centre, UCL Social Research Institute, University College London, London, UK 

Accepted 16 June 2026; Published online 19 June 2026

Abstract

Background and Objectives: Artificial intelligence (AI) has the potential to improve the efficiency of evidence synthesis and reduce 
human error. However, robust methods for evaluating rapidly evolving AI tools within the practical workflows of evidence synthesis remain 
underdeveloped. This protocol describes a study design for assessing the effectiveness, efficiency, and usability of AI tools in comparison to 
traditional human-only workflows in the context of Cochrane systematic reviews.

Methods: Members of the Cochrane Evaluation of (Semi-)Automated Review Methods (CESAR) project developed an adaptive plat-

form study-within-a-review design, modeled after clinical platform trials. This design employs a master protocol to concurrently evaluate 
multiple AI tools (interventions) against a standard human-only process (control) across 3 key review tasks: title and abstract screening, 
full-text screening, and data extraction. The adaptive framework allows for the addition or removal of AI tools based on interim perfor-

mance analyses without necessitating a restart of the study. Performance will be assessed using metrics such as accuracy (sensitivity, spec-

ificity, precision), efficiency (time on task), response stability, impact of errors, and usability, in alignment with Responsible use of AI in 
evidence SynthEsis principles.

Results: The study will generate comparative data about the performance and usability of specific AI tools used in a semiautomated or 
fully automated manner relative to standard human effort. The protocol provides a flexible framework for the assessment of AI tools in 
evidence synthesis, addressing the limitations of static, one-time evaluations.

Conclusion: This study protocol presents a novel methodological approach to addressing the challenges of evaluating AI tools for ev-

idence syntheses. By validating entire workflows rather than individual technologies, the findings will establish an evidence base for deter-

mining the viability of integrating AI into evidence synthesis workflows. The adaptive design of this study is flexible and can be adopted by 
other investigators, ensuring that the evaluation framework remains relevant as new tools emerge. � 2026 The Author(s). Published by 
Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Systematic reviews and other forms of evidence synthesis 
are highly resource intensive [1]. Because tasks such as title 
and abstract screening, risk-of-bias assessment, data extrac-

tion, and rating the certainty of evidence are susceptible to 
human error, they are typically performed manually by at 
least 2 independent reviewers. Although this practice en-

hances the correctness and rigor of review findings, it also 
substantially increases the time and cost required to produce 
and update evidence syntheses [2].

Artificial intelligence (AI) offers the potential to improve 
the efficiency of individual evidence synthesis tasks and 
reduce the risk of human errors [3]. In this protocol, we 
define AI as ‘‘advanced technologies that enable machines 
to do highly complex tasks effectively―which would require 
intelligence if a person were to perform them,’’ following the 
definition provided in Responsible use of AI in evidence 
SynthEsis (RAISE) recommendations [4].

Recent advances in generative large language models 
(LLMs) have renewed interest in applying AI to evidence 
synthesis [5]. These models offer the potential to support 
more integrated and flexible (semi-)automated review 
workflows. Unlike earlier natural language processing sys-

tems, LLMs can process long-form text without task-

specific training and are adaptable to a wide range of re-

view tasks. Notably, studies on literature screening [6—8] 
and data extraction [9—11] have reported promising results. 
However, the use of LLMs also introduces risks, including 
the generation of incorrect responses, fabrication of data or 
references, perpetuation of biases, and dissemination of 
misinformation [12]. Furthermore, achieving fully repro-

ducible outputs may be more challenging with LLMs [13].

Evidence synthesis software providers and start-ups 
have integrated AI to assist review teams with various 
tasks throughout the review process [14—16]. Compara-

tive assessments within evidence synthesis workflows

are essential to determine which tasks AI tools perform 
worse than, similarly to, or better than human reviewers. 
Such evaluations help clarify which types of errors are 
introduced or mitigated when using AI tools for evidence 
synthesis. Methodologically, RAISE guidance outlines 
foundational principles for the transparent and scientifi-

cally sound evaluation of the effectiveness of AI tools 
in evidence synthesis [4].

The rapid pace of AI tool development for evidence syn-

thesis necessitates new methodological approaches to assess 
effectiveness. In clinical research, platform trials gained sig-

nificant momentum during the coronavirus disease 2019 
pandemic, driven by the urgent need to rapidly evaluate mul-

tiple potential therapies. Platform trials are adaptive clinical 
trial designs that use a single master protocol to assess mul-

tiple interventions simultaneously against a common control 
group within a specific disease area [17]. Unlike traditional 
trials, platform trials allow researchers to add or remove 
treatment arms based on interim results while the trial is 
ongoing, making them highly efficient and flexible [17].

Drawing on the principles of platform trials, we 
ntroduce an innovative methodological approach in this 
study protocol: an adaptive platform study within a 
review (SWAR) or adaptive platform SWAR. SWARs are 
embedded methodological studies conducted 
within systematic reviews to evaluate alternative methods 
or processes in real-world review settings [18]. By adapting 
the platform trial framework to the context of evidence syn-

thesis, the adaptive platform SWAR enables prospective, 
flexible, and efficient evaluation of multiple AI tools or ap-

proaches within a single review process.

2. Objective

The Cochrane Evaluation of (Semi-)Automated Review 
Methods (CESAR) project aims to compare the performance

Plain Language Summary

Doctors and researchers rely on systematic reviews, which are thorough summaries of all available research on a 
health topic, to guide decisions about patient care. However, creating these reviews is a slow and demanding process, 
often taking more than a year to finish. AI tools could help speed up this work and reduce human errors, but there are 
currently no reliable ways to test how well these tools perform in real-world settings. This article describes the design 
of a study that will rigorously test how well AI tools perform when used in actual systematic review workflows, spe-

cifically within Cochrane Reviews. The study will compare AI-assisted methods with the traditional approach, where 2 
trained researchers independently complete each step. It will look at 3 main tasks: choosing which studies might be 
relevant based on their titles and abstracts, reading the full-text publication to confirm which studies should be included, 
and extracting important information from those studies. A key strength of this study is its flexible design. Instead of 
testing just 1 AI tool at a single point in time, the study allows researchers to add or remove AI tools as new ones 
become available, similar to how some modern drug trials are run. This approach helps the study keep up with the fast 
pace of AI development. Researchers will assess the AI tools based on their accuracy, the time they save, how consis-

tent their results are, and how easy they are to use. The ultimate goal of this study is to give the research community 
strong evidence about when and how AI can be safely and effectively used in systematic reviews to help summarize 
medical research.
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of conventional human-only approaches with semiauto-

mated and fully automated methods for completing individ-

ual review tasks within ongoing Cochrane review updates. 
CESAR will evaluate the concordance between these ap-

proaches, quantify the human effort required, assess user ex-

periences with AI tools, examine the stability of AI tool 
responses, and characterize both the types and impacts of er-

rors associated with each process.

3. Research questions

The research questions are as follows:

1. What is the comparative performance between 
conventional human-only methods and semiauto-

mated or fully automated approaches for

completing individual review tasks in Cochrane 
review updates?

2. How does the human effort required to complete indi-

vidual review tasks compare conventional human-

only and semiautomated or fully automated 
approaches?

3. What is the potential impact of errors from semiauto-

mated or fully automated approaches on review find-

ings and conclusions?

4. How consistent are AI tool outputs when repeatedly 
used for the same review tasks?

5. How do users perceive the usability and overall user 
experience of different AI tools when applied to spe-

cific review tasks within Cochrane review updates?

The following sections outline the core protocol ele-

ments applied to the adaptive platform SWAR. Task-

specific methodological elements are detailed in 
Appendices A—C.

4. Master protocol

CESAR evaluates (semi-)automated approaches for 3 
core systematic review tasks: title and abstract screening, 
full-text screening, and data extraction. The study duration 
will be 6—8 months. For each participating review, we will 
use a prospective, parallel-group design in which AI tools 
are applied for semiautomated (AI-assisted) and, where 
technically feasible, fully automated completion of these 
tasks. Conventional human-only processes on the same re-

views, conducted in compliance with the Cochrane Hand-

book [19], will serve as the shared control group, 
providing a consistent baseline for comparison (Fig).

4.1. Selection of AI tools

In November 2025, Cochrane invited developers of AI 
tools to submit proposals via a structured public form 
[20]. Proposals that met the initial screening for 
completeness were numerically scored on four criteria: 
adherence to the RAISE initiative [4]; transparency and 
interpretability of AI decisions; alignment with Co-

chrane’s mission and values; and compliance with data 
protection, copyright, and interoperability standards 
[21]. Independent rankings from members of the joint 
AI Methods Group (https://methods.cochrane.org/ai/) 
determined which two AI tools would initially enter the 
platform study, with others considered for inclusion if 
interim analysis led to discontinuation. Tool providers 
will be contractually required to notify Cochrane about 
any major model updates.

4.2. Selection of reviews

We will select a convenience sample of 10—15 ongoing 
updates of Cochrane intervention reviews of diverse topics

What is new?

Key findings

• This protocol introduces an adaptive platform 
study-within-a-review design, a methodological 
innovation enabling concurrent, prospective evalu-

ation of multiple AI tools to support review teams 
for various tasks of the evidence synthesis process.

• The flexible, prospective design accommodates 
ongoing technological advances and maintains 
methodological rigor to evaluate the effectiveness 
and usability of AI tools for evidence synthesis.

What this adds to what is known?

• By adapting the platform trial model from clinical 
research, this design addresses the limitations of 
traditional static AI tool evaluations and allows 
for the addition or removal of AI tools as technol-

ogy evolves.

• The protocol incorporates Responsible use of AI in 
evidence SynthEsis principles in its evaluation 
framework, ensuring that usability, response stabil-

ity, time on task, and the impact of errors are sys-

tematically assessed alongside accuracy.

What is the implication and what should change 
now?

• Validating AI tools within evidence synthesis 
workflows is essential for determining real-world 
effectiveness and whether AI tools can be viably 
integrated into standard review processes. This 
adaptive platform approach offers the flexibility 
needed to rigorously assess AI tools in a rapidly 
advancing field.
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based on the following criteria: (1) the review authors’ will-

ingness to participate and the capacity to split into two 
teams with at least two members per team, (2) alignment 
of the review timeline with the study schedule, and (3) 
the expectation that the update will include at least one 
new study. Reviews requiring major methodological up-

dates (eg, rating the certainty of evidence) are not eligible. 
Each selected review will be integrated into CESAR after 
the corresponding review team has completed its literature 
searches. Because we expect a heterogenous sample of re-

views, we will collect major review characteristics to be 
able to conduct exploratory analyses by review complexity.

4.3. Assembling review teams and preparatory work

For each review, we will establish 2 independent teams 
(hereafter referred to as Team 1 and Team 2) composed 
of members from the Cochrane review team conducting 
the update. While different individuals will comprise these 
teams, all members must possess review experience and a 
thorough understanding of the topic and review objectives. 
Team 1 (Fig) will execute the conventional human-only 
approach, and Team 2 will implement a semiautomated 
approach We will use block randomization to assign AI 
tools. If AI tools allow for fully automated approaches, 
members of the joint AI Methods Group (https://methods. 
cochrane.org/ai/) will handle automated tasks.

4.4. Common pilot phase

Participating teams will conduct a common pilot phase 
of the tasks for each review. This phase aims to align the 
teams, ensure consistent interpretation of instructions, and 
enhance familiarity with the tasks. During this phase, the 
teams conducting the semiautomated approaches will 
receive AI tool—specific training. Insights gained from 
the pilot will be used to refine instructions and improve 
workflow comparability.

4.5. Review task completion

Teams assigned to different approaches will complete 
identical tasks under the same instructions but will be 
blinded to each other’s work to prevent performance bias. 
All completed tasks will be submitted to a data manager, 
who will compile a standardized, deidentified output matrix 
containing results from all study arms (conventional, semi-

automated, and fully automated). Group identifiers will be 
removed prior to submission to the Adjudication and Data 
Monitoring Committee (ADMC).

4.6. Reference standards

Reference standards differ for each review task and are 
detailed in the respective appendices.

Figure. Study flow diagram comparing conventional, semiautomated, and fully automated approaches to systematic review tasks.
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4.7. Data adjudication and interim monitoring

The ADMC serves as an independent body that remains 
blinded for data adjudication. The committee composition 
will include a senior topical expert from each review team 
not involved in the specific tasks under evaluation alongside 
methodological experts. Within the adaptive framework, 
the ADMC has two primary mandates: (1) data adjudica-

tion and (2) interim monitoring.

4.7.1. Data adjudication

The ADMC will systematically assess and resolve dis-

crepancies between conventional, semiautomated, and fully 
automated approaches using prespecified adjudication 
criteria. For data extraction, the ADMC will establish the 
reference standard using a structured adjudication process. 
The ADMC will:(1) resolve discrepancies using a 
consensus-based method and original source documents; 
(2) determine which approach made an error and assess 
its severity based on the potential impact on the review’s re-

sults and conclusions (Table 1); and (3) review a random 
sample (20%) of concordant items to assess the frequency 
of jointly incorrect extractions, that is, cases in which both 
approaches made the same error.

All adjudication decisions, including dissenting opinions 
and their rationale, will be documented in a standardized 
adjudication log to ensure transparency and reproducibility.

4.7.2. Interim monitoring

The ADMC will conduct at least one preplanned interim 
analysis to evaluate whether any AI tool should be

discontinued for futility (failing to meet minimum perfor-

mance thresholds) or harm (introducing systematic errors 
that could compromise review validity). A formal interim 
analysis will be conducted for each AI tool after the 
completion of 5 reviews (33% information fraction). The 
ADMC will be unblinded for interim analysis.

Each AI-supported approach will be evaluated against 
performance thresholds considering both point estimates 
and CIs (Table 2). Specifically, an AI tool will be consid-

ered for discontinuation if:the observed point estimate 
falls below the futility boundary, indicating unambiguous 
underperformance; or (2) the upper limit of the 95% CI 
falls below a noninferiority margin, indicating failure to 
meet acceptable performance even under optimistic 
assumptions.

4.7.3. Decisions regarding changes in the study design 
Decisions regarding modifications to the study design 

overseen by a Cochrane Oversight Committee, the 
ADMC, and the principal investigator (G.G.). Specifically, 
the ADMC will review preliminary analyses to determine 
whether a tool’s performance warrants its removal from 
the platform study. Should an AI tool be discontinued, 
the next AI tool on the ranked shortlist will be enrolled 
in the study for subsequent reviews, ensuring a continuous 
and efficient evaluation process. All modifications will be 
documented with a clear rationale and timestamps to 
maintain a transparent and auditable trail throughout the 
study.

4.8. Sample size considerations

As this study is exploratory rather than confirmatory in 
nature, no hypotheses will be tested, and no formal sample 
size calculations will be performed. This approach allows 
for flexible, descriptive, and comparative analyses and pro-

vides the opportunity to explore multiple aspects of semiau-

tomated and fully automated review processes.

4.9. Unit of evaluation and performance metrics

We will use individual review tasks as the unit of evalu-

ation (rather than entire reviews encompassing multiple re-

view tasks) because this approach provides more detailed 
insight into the performance of AI tools. Assessing tasks 
individually allows the use of a consistent baseline for 
the approaches for each new review task, thereby prevent-

ing errors that propagate from one task to the next within 
a review.

The choice of performance metrics will depend on the 
specific review task under evaluation and will be presented 
in more detail in the appendices on the individual tasks. In 
general, we will follow the RAISE 2 recommendations for 
performance metrics [24].

Table 1. Classification of the potential impact of errors (adapted from 

Gartlehner et al [22])

Potential impact of errors

Major error This error substantially compromises 
data correctness and, if uncorrected, 

could lead to erroneous conclusions; 

eg, false exclusion of a large study, 
grossly incorrect calculations when 

extracting data, or fabricated data that 

result in a new or different 

interpretation of the data.

Moderate error This error is less severe than a major 
error, may or may not impact 

interpretation of existing data, and 

does not lead to erroneous 

conclusions; eg, false exclusion of a 
small study, rounding errors that do not 

critically affect the data’s overall 

utility, or data extraction errors that do 

not alter the findings in a meaningful 
way.

Inconsequential

difference

This difference most likely would not 

impact the interpretation of data or 

conclusions; eg, differences in the 

detail level of extracted information on 
inclusion criteria.
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4.9.1. Accuracy metrics

The assessment of accuracy metrics will vary by review 
task and is described in more detail for each review task in 
the appendices.

4.9.2. Stability metrics

We will assess the stability of an AI tool’s output if an 
application programming interface is available. We will 
conduct 10 independent iterations of fully automated tasks 
within a single day. For all tasks, our primary focus will be 
on sensitivity (recall). This approach will provide an initial 
estimate of variability in sensitivity arising from stochastic 
model behavior. During these iterations, no human verifica-

tion will be performed, allowing assessment of the intrinsic 
stability of the fully automated approach. This process dif-

fers from our primary semiautomated approach, in which 
human reviewers will verify all AI screening decisions.

4.9.3. Efficiency metrics

We will assess time on task, defined as the total time 
required to complete a review task from initiation to veri-

fied output. For conventional approaches, this includes all 
steps typically performed by trained reviewers. For semiau-

tomated approaches, the same steps are covered, plus time 
for (1) tool configuration, (2) human verification of tool 
output and error correction, and (3) any necessary iteration 
or refinement. We will exclude initial training time for re-

viewers learning to use AI tools from the primary analysis 
but report it separately as implementation overhead. Time 
measurements will be recorded by reviewers using a 
time-tracking app.

For data extraction, a member of the Cochrane study 
team will measure the time required to convert the (semi-

) automated output into a data format compatible with Rev-

Man [25].

4.9.4. Usability metrics

Usability will be assessed using an electronic survey for 
each AI tool after completion of each review task. We will 
apply the System Usability Scale (SUS), a validated 10-

item questionnaire that provides scores from 0 to 100 
[26]. Scores below 70 indicate products needing scrutiny 
and improvement, whereas scores above 90 are considered 
superior [27]. The SUS has been successfully used to eval-

uate digital tools and systems [23]. Alongside usability, we 
will assess constructs relevant to the adoption of AI tools, 
including user satisfaction, trust in automation, and 
perceived risk. For trust in automation, we will use a sub-

scale from the ‘‘Trust in Automation’’ questionnaire [28]. 
In addition, qualitative feedback will be collected through 
open-ended questions and analyzed thematically to identify 
common usability barriers and facilitators. We will also 
collect information on reviewers’ expertise in conducting 
systematic reviews and using AI tools, as well as their 
self-assessed topical expertise. The survey will be conduct-

ed anonymously, and responses will not be traceable to in-

dividual review team members. We expect 20—25 
respondents per AI tool for each task. An ethics waiver 
for the questionnaire was granted by the Ethics Committee 
of the University for Continuing Education Krems.

4.9.5. Risk assessment and error analysis

In accordance with Paper 2 of the RAISE guidance, we 
will assess the impact of errors, focusing on 3 outcomes:

(1) error severity scoring (which will be performed by the 
ADMC, see Table 1), (2) proportions of missed critical in-

formation, and (3) changes in evidence synthesis results 
[24].

The definitions of missed critical information differ by 
task and are detailed for each task in the appendices. 
Changes in evidence synthesis results will be evaluated

Table 2. Stopping Boundaries and Decision Rules for Interim Analyses

Performance metrics

Futility boundaries 
(point estimate) a

Noninferiority margins 
(upper limit of 95% CI) a Decision rules

Screening

Sensitivity !80% b !95% b Stop if either boundary is crossed

Specificity (for full-text screening only) !50% c !60% c Stop if either boundary is crossed

Data extraction 

Sensitivity !92% b !97% b Stop if either boundary is crossed

Major error proportion O3% d O2% d Stop if either boundary is crossed

Usability

System Usability Scale (score) !57 e !75 e Stop if threshold is not met

a Futility boundaries are based on the 25th percentile, representing a ‘‘minimum bar’’; noninferiority margins are based on the 75th percentile, 
representing a ‘‘high bar’’.

b Based on a presentation by Flemyng et al., understanding expectations for evidence synthesis when using AI Survey results (presented at 

International Collaboration for Automation in Systematic Reviews 2025 meeting, July 2025).
c Based on consensus of the Scientific Advisory Board of this study.
d Pertains to the lower bound of the CI based on Gartlehner et al [9].
e Based on Sauro et al [23].
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by recalculating effect estimates for the main outcomes in 
each review, either by excluding missed studies or using 
erroneous data. This evaluation will address both the cumu-

lative impact of all errors introduced by automating a task 
and the marginal impact of individual errors using leave-

one-out sensitivity analysis [29].

For each pair of meta-analyses, we will assess the agree-

ment between the recalculated and original effect estimates 
using Lin’s concordance correlation coefficient (CCC). We 
will first convert all dichotomous main outcomes to stan-

dardized mean difference to have a common metric for 
all studies [30]. Lin’s CCC measures both covariance and 
accuracy, with values close to +1 indicating stronger over-

all agreement and values near 0 or negative indicating poor 
agreement. We will also investigate the statistical signifi-

cance of differences between recalculated and actual effect 
estimates using z-scores, which quantify the difference 
relative to the combined uncertainty of the 2 estimates.

Finally, we will use methods similar to Nussbaumer-

Streit et al [31] to assess whether differences in effect esti-

mates imply a change in review conclusions. Specifically, a 
changed conclusion will be defined as cases where review 
authors report (1) the same conclusion with less certainty, 
(2) a different conclusion (eg, opposite direction), or (3) 
the inability to draw a conclusion.

4.10. Statistical analysis

The statistical approach for this study will be primarily 
descriptive, reflecting its exploratory objectives. We will 
not conduct formal inferential statistics for direct compari-

sons between individual approaches.

Continuous outcomes, such as time on task, will be sum-

marized using means, SDs, and 95% CIs to characterize the 
distribution and uncertainty of measurements. For dichoto-

mous outcomes and diagnostic performance metrics (eg, 
sensitivity, specificity, and precision), we will report pro-

portions alongside 95% Clopper—Pearson CIs. This explor-

atory design is intended to generate robust descriptive 
insights that will inform future hypothesis-driven research 
and provide a foundation for methodological guidance on 
the responsible integration of AI tools within systematic re-

view workflows.

In case of a major model update, we will flag the date 
and conduct a sensitivity analysis comparing outputs before 
and after the change on a subset of overlapping records (eg, 
records of the same review screened before and after the 
update). If the difference is substantial, we will consider 
stratifying analyses by model version.

4.11. Data management

A data manager will oversee the data collection process. 
We will store data electronically in Microsoft Excel data-

sheets in secure SharePoint folders managed by Cochrane. 
All investigators will have access to the data. The final

prompts, model configuration settings, and human- and 
model-generated data outputs will be saved and shared 
upon request as part of dissemination. Likewise, we will 
make the final study data available upon request. Anyone 
wishing to withdraw their involvement in the project and 
delete their data will be able to do so. Anonymized and un-

identifiable quotes or responses will only be used in project 
outputs, which may be public, with written permission.

4.12. Ethical considerations

For the usability survey, an ethics waiver was granted by 
the Ethics Committee of the University for Continuing Ed-

ucation Krems. For the Cochrane systematic review teams, 
corresponding authors will provide written consent on 
behalf of all authors to be part of the study and for Co-

chrane to use published and unpublished review data. 
Any data inputs or outputs of the AI tools remain the re-

sponsibility and property of the Cochrane review teams, 
as is standard practice with AI tool use by researchers. 
We will use AI tools that do not train on uploaded PDFs 
or user interactions, ensuring that the intellectual property 
rights of copyrighted study reports and review team data 
are fully respected.

5. Discussion

Validating AI tools within evidence synthesis workflows 
is necessary to determine whether these technologies 
deliver practical value under real-world review conditions 
rather than only in controlled experimental settings. CE-

SAR addresses this need by introducing an adaptive plat-

form SWAR design that enables the concurrent, 
prospective evaluation of multiple AI tools across different 
evidence synthesis tasks. By adapting the logic of platform 
trials from clinical research, this design offers an important 
methodological advance over static SWAR evaluations. It 
allows tools to be added, modified, or removed as technol-

ogies evolve while preserving a structured comparative 
framework. This flexibility is important in a field where 
AI systems change rapidly and results of conventional eval-

uation designs risk becoming outdated before they can be 
implemented.

A major strength of this study design is its orientation as 
a workflow validation study. Unlike model validation 
studies, which typically assess performance on preexisting 
benchmark datasets under tightly controlled conditions, 
workflow validation embeds the AI tool directly into 
ongoing review processes [22]. This provides a more mean-

ingful assessment of effectiveness, efficiency, usability, and 
error consequences in practice. The prospective nature of 
the design further strengthens the study by reducing the risk 
of data contamination, which may occur when evaluation 
datasets overlap with the data used to train LLMs [32]. As 
developers rarely disclose the contents of training datasets,
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the use of ongoing unpublished reviews offers an important 
safeguard against inflated estimates of performance.

Another strength is the explicit incorporation of RAISE 
principles into the evaluation framework [4]. Accuracy 
alone is insufficient for judging whether an AI tool can 
be responsibly integrated into evidence synthesis. By also 
evaluating usability, response stability, time on task, and 
the impact of errors, the study recognizes that implementa-

tion decisions depend on a broader set of considerations 
than accuracy metrics alone.

The study adopted a rigorous approach to defining the 
reference standard. Due to variability in human inclusive-

ness when screening titles and abstracts, human decisions 
alone do not provide an optimal reference standard. Using 
the final set of included study reports as the reference stan-

dard, the study minimized the risk of variability across 
different reviews. Furthermore, instead of presuming that 
human-only data extraction is inherently reliable, any dis-

crepancies between human-only and AI-assisted data 
extraction were adjudicated against the original study re-

ports by blinded assessors. This process reduces benchmark 
bias resulting from imperfections in the human comparator 
and enables a more equitable assessment of all approaches.

Several limitations should be acknowledged. First, when 
using the final set of included study reports as the reference 
standard for title and abstract screening, it is not possible to 
reliably distinguish false positives from true negatives in 
the semiautomated and fully automated approaches. Conse-

quently, metrics such as specificity, precision, and overall 
accuracy cannot be calculated. Due to time constraints, 
we limited the number of extracted data items to a 
maximum of 35, which does not represent the full range 
of data typically extracted in systematic reviews. Addition-

ally, adjudicating discordant extractions and classifying er-

ror type and severity inevitably involve subjective 
judgment. Although employing 2 independent adjudicators 
and a third reviewer to resolve disagreements helps reduce 
arbitrariness, some inconsistency is unavoidable. Further-

more, by adjudicating mostly discordant extractions, 
concordant but jointly incorrect extractions may go unde-

tected. We will sample 20% of concordant extractions to 
determine the frequency of jointly incorrect extractions. 
However, we believe that such cases may be rare because 
human reviewers and AI tools tend to make errors through 
different mechanisms: humans are susceptible to fatigue 
and inattention, while AI errors more commonly arise from 
ambiguous phrasing, complex sentence structures, or 
domain-specific terminology.

Overall, CESAR provides a rigorous and forward-

looking framework for evaluating AI in evidence synthesis. 
Its chief contribution is methodological: it moves assess-

ment beyond static benchmarks and toward prospective, 
adaptive, workflow-based validation that is better aligned 
with real-world implementation. This study design is 
readily adoptable by other teams seeking to validate AI 
tools within evidence synthesis workflows.
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