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Abstract

Background: Risk-of-bias assessment is central to reviews of medical research, but time-

intensive. Large language models (LLMs) could help reduce this burden, but optimal

prompting strategies remain unclear.

Methods: We tested a weaker and a stronger model on 14 observational COVID-19 studies

under four prompts, each adding one layer of guidance: baseline, criteria definitions, training

material, and a worked example. We hypothesized that model performance on risk-of-bias

criterion-level agreement would improve with increasing guidance.

Results: Overall risk-of-bias agreement improved with added guidance for both models

(weaker: 28.6% to 78.6%; stronger: 57.1% to 92.9%). At the primary criterion-level endpoint,

however, the models showed divergent patterns. The weaker model performed best with

criteria definitions only (78.6%, 95% CI 71.4 to 85.7), whereas the stronger model performed

best with full guidance (69.6%, 59.2 to 80.1). For the weaker model, agreement declined with

added guidance (full decline 15.2 percentage points, 95% CI 5.3 to 25.1). Neither model

exceeded the majority-class baseline (91.1%, 85.8 to 96.3).

Conclusion: In this sample of 14 studies, performance was modest and protocol-dependent.

The apparent ranking of models changed with prompt guidance, and overall agreement alone

overstated performance relative to criterion-level evaluation. Taken together, these findings

do not support replacing human reviewers with LLMs for risk-of-bias assessment.

Registration: Open Science Framework, https://osf.io/8grbe (registered April 7, 2026).

INTRODUCTION

In medical research, we assess risk of bias (RoB) to judge how much confidence to place in

a study's findings. We do this because flaws in study design, conduct, analysis, and

reporting can systematically overestimate or underestimate effects (Higgins et al., 2024).

To make these judgments, reviewers use structured tools that cover domains such as

participant selection, outcome measurement, missing data, and confounding.

This work is important, but it is also time-intensive. Large language models (LLMs) could

help reduce this burden. Recent reviews suggest that LLMs are being tested across many

parts of evidence synthesis, especially search, screening, and data extraction, but validated
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applications remain limited and fully autonomous use is not yet supported (Lieberum et

al., 2025). Risk-of-bias assessment is a particularly open question. Early studies have

reported mixed results, with performance varying by tool, domain, and study type. Related

appraisal work suggests that more explicit instructions may improve agreement (Hasan et

al., 2024).

In this study, we ask how well two LLMs (a weaker model and a stronger model) reproduce

expert risk-of-bias labels from our prior systematic review (Juneau et al., 2023), and

whether agreement improves as prompts cumulatively add criteria definitions, training

material, and a worked example. We also examine how much performance depends on the

evaluation protocol itself. We hypothesized that the strong model would outperform the

weak model, and that both models would show improved agreement with increasing

prompting guidance.

METHODS

This study uses expert risk-of-bias assessments from our systematic review of COVID-19

contact tracing as a benchmark (Juneau et al., 2023). Two LLMs of different capability

levels assessed each of the 14 observational studies under four cumulative prompt

conditions, using the 8-criterion risk-of-bias rubric reported in that review. Agreement

with expert labels was compared across conditions and models. Reporting follows

TRIPOD-LLM guidelines (Collins et al., 2025). The study was pre-registered on the Open

Science Framework prior to data collection (OSF registration: https://osf.io/8grbe;

registered April 7, 2026).

Sample

The test set comprised 14 observational studies (single-arm intervention design) assessed

in Juneau et al. (2023). In that review, two independent investigators assessed each study,

with discrepancies resolved by consensus. Both investigators held PhDs, one in public

health and the other in economics. These consensus labels served as the reference

standard. The studies and their labels are shown in Table 1.

Table 1. Risk of bias assessment of observational studies (n=14).

First author Year Overall
RoB

Bernard
Stoecklin

2020 Yes Yes No No Yes Yes Yes Yes Serious

Bi 2020 Yes No No Yes Yes Yes Yes Yes Serious

Burke 2020 Yes Yes No No Yes Yes Yes Yes Serious
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First author Year Overall
RoB

Chen 2020 Yes Yes No Yes Yes Yes Yes Yes Serious

Choi H 2020 Yes Yes No No Yes Unclear Yes Unclear Serious

Choi JY 2020 Yes Yes No Yes Yes Yes Yes Yes Serious

Cowling 2020 Yes Yes No Yes Yes Yes Yes Yes Serious

Davalgi 2020 Yes Yes No No Yes Unclear Yes Yes Serious

Dinh 2020 Yes Yes No No Yes Yes Yes Yes Serious

Lam 2020 Yes Yes No Yes Yes Yes Yes Yes Serious

Nachega 2020 Yes Yes No No Yes Yes Yes Yes Serious

Ng 2020 Yes Yes No Yes Yes Yes Yes Yes Serious

Wilasang 2020 Yes Yes No No Yes Yes Yes Yes Serious

Wong 2020 Yes Yes No No Yes Yes Yes Yes Serious

Rubric

The 8-criterion rubric was adapted from Mulder et al. (2019), a Cochrane review in which

the criteria were originally developed for childhood cancer. In Juneau et al. (2023), some

criteria were generalized to apply to observational studies more broadly. The criteria are

listed in Table 2. A full mapping of each criterion to its Mulder antecedent is provided in

Appendix A.

Table 2. Risk of bias criteria for single-arm observational studies of interventions.

Domain Validity Bias type Criterion (yes condition)

Study group Internal Selection bias
(representative)

Yes if the described study group consisted
of >90% of eligible individuals

Study group External Reporting bias (well
defined)

Yes if the intervention and number of
participants was defined

Follow-up Internal Attrition bias (adequate) Yes if the outcome was assessed for at least
60% of the study group of interest

Follow-up External Reporting bias (well
defined)

Yes if the length of follow-up was
mentioned

Outcome Internal Detection bias (blind) Yes if the outcome assessors were blinded
to the investigated determinant

Outcome External Reporting bias (well
defined)

Yes if the outcome definition was objective
and precise

Risk
estimation

Internal Confounding (adjustment
for other factors)

Yes if important prognostic factors (i.e. age,
gender) or follow-up were taken adequately
into account
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Domain Validity Bias type Criterion (yes condition)

Risk
estimation

External Analyses (well defined) Yes if the method of analysis was described
and the effect of the intervention was
quantified

Each criterion is scored yes, no, or unclear. The overall risk-of-bias label is derived from

criterion-level outputs as follows: low when all "yes", moderate if any "unclear", serious if

any "no". This rule was provided to the model in Conditions B, C, and D; Python also

applied it independently to criterion-level outputs in those conditions to produce a derived

overall label for comparison.

Prompt conditions

Common elements across conditions

All prompt conditions use the same full-text of the original study (PDF), the same model

settings, and the same scoring procedure. All conditions ask the model to report an overall

risk-of-bias label (low, moderate, or serious). Conditions B, C, and D additionally return

per-criterion judgments with supporting quotes; in those conditions, Python

independently derives an overall label from the criterion-level outputs for comparison with

the model-reported overall.

Condition A: baseline agreement

The model receives the study text and a minimal task instruction: "Assess risk of bias in the

following study as low, moderate, or serious. Base your judgment only on the provided

study text and not on other studies, knowledge, or assumptions. Return only valid JSON."

This tests whether the model can reproduce expert judgments natively, without additional

guidance.

Condition B: criteria definitions

In addition to the instructions provided in Condition A, the model receives the 8 criterion

definitions, the allowed outputs per criterion (yes, no, unclear), the overall RoB derivation

rule, and the JSON output schema. It does not receive training material or worked

examples.

Condition C: training material

In addition to the instructions provided in Condition B, the model receives as training

material the full text of Mulder et al. (2019), where the RoB tool was initially developed.

Condition D: worked example

In addition to the instructions provided in Condition C, the model receives one external

worked example showing how the rubric was applied and how the structured output

should be produced. The worked example includes both the input study text and the
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expected structured output. The example was drawn from Green et al. (2019), an open-

access study assessed in Mulder et al. (2019).

Although criterion-level labels for Green et al. (2019) already appear in Mulder et al.

(2019) (given in C), Condition D provides additional guidance by pairing the full study text

with the expected JSON output. This gives the model an explicit worked example of how

the rubric is operationalized.

Models

The weak model is Google Gemini 3 Flash ( gemini-3-flash-preview ). The strong model

is Google Gemini 3.1 Pro ( gemini-3.1-pro-preview , thinking_level: high ). Both

models have a training data cutoff of January 2025. All runs were conducted on April 7–8,

2026. Temperature was fixed at 0 and max tokens at 32768 (increased from 1024 in the

pre-registered protocol, where that limit caused truncated JSON responses for conditions

B, C, and D).

Run policy

One API call was made per study, model, and prompt condition. If the output was invalid

JSON or missing any criterion field, the prompt was retried once identically. If the second

call also failed, a parse failure was recorded; outputs were not imputed or manually

corrected. Transient API errors (e.g. 429 rate-limit, 503 overload) were retried. All

prompts were frozen before any real-study run.

Statistical analysis

The primary endpoint was mean per-study criterion-level agreement in Conditions B–D.

For each study, we calculated the proportion of the 8 criterion judgments matching the

expert label. We then averaged this proportion across the 14 studies. This treats the study,

rather than the individual criterion judgment, as the unit of analysis.

To compare prompt conditions within each model, we computed the per-study difference

in criterion-level agreement for each prespecified contrast (C vs B and D vs C) and reported

the mean paired difference with a 95% confidence interval. Between-model comparisons

within each condition were secondary and exploratory, using the same framework.

Unweighted Cohen's kappa was reported as a secondary descriptive measure at the

criterion level. Per-criterion confusion matrices and a majority-class baseline (which

always predicts the most frequent expert label for each criterion across the 14 studies) were

also reported.

Overall-label analyses were secondary and descriptive. For each condition, we reported

percent agreement between the model-reported overall label and the expert label. For

Conditions B–D, we also compared the Python-derived overall label with the expert label.

Because all 14 expert overall labels were serious, weighted kappa was not informative and

is not reported for overall labels. Condition A returns only an overall label and is treated as

a descriptive baseline, not included in the primary criterion-level comparison.
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As a post hoc sensitivity analysis, we applied Holm's step-down procedure to control the

family-wise error rate across all nine contrasts reported in the study: the four prespecified

within-model contrasts (C vs B and D vs C for each model), two within-model B vs D

contrasts, and three between-model same-condition comparisons (Flash vs Pro at B, C, and

D). For each contrast, the two-sided p-value was obtained from a one-sample t-test of the

per-study paired differences (H₀: mean difference = 0). Holm-adjusted p-values were

computed across the full family of nine; comparisons with adjusted p < 0.05 are

considered to survive correction.

As a second post hoc sensitivity analysis, we reran Condition B after removing a

missingness rule originally included in the protocol. Agreement statistics were recomputed

and compared to assess the rule's influence on measured performance. Because agreement

improved markedly for both models, we adopted the rule-removed version as the operative

Condition B and built Conditions C and D on top of it. Results from both versions of

Condition B are reported to allow comparison.

RESULTS

Total API cost was under $10. Outputs were usable in all 14 studies for both models.

Model-reported and Python-derived overall risk of bias were identical, indicating that the

models' direct overall judgments were internally consistent with their criterion-level

outputs.

Table 3 reports overall risk of bias agreement across all conditions. Because all 14 gold

overall labels are serious , weighted kappa is 0.000 for all cells and is not reported;

overall percent agreement and counts are reported instead. These overall-label analyses

are descriptive and should be interpreted cautiously.

Table 3. Overall risk of bias agreement by model and condition (model-reported
versus gold; n=14 studies).

Condition Flash Pro

A — baseline (no guidance) 4/14 (28.6%) 8/14 (57.1%)

B — criteria definitions 8/14 (57.1%) 12/14 (85.7%)

C — + training material 9/14 (64.3%) 12/14 (85.7%)

D — + worked example 11/14 (78.6%) 13/14 (92.9%)

Both models improved overall risk of bias from A to D. Pro showed higher overall

agreement at every condition.

Primary analysis: criterion-level agreement (conditions B–D)

As shown in Table 4, the two models displayed divergent patterns: Flash agreement

declined from B to D, while Pro agreement increased.
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Table 4. Mean per-study criterion-level agreement (%) by model and condition
(n=14 studies).

Flash Pro

B — criteria definitions 78.6% (95% CI 71.4–85.7) 57.1% (95% CI 40.2–74.1)

C — + training material 70.5% (95% CI 61.3–79.8) 66.1% (95% CI 51.8–80.3)

D — + worked example 63.4% (95% CI 50.6–76.2) 69.6% (95% CI 59.2–80.1)

The best-performing condition for Flash was B (criteria definitions only). The best-

performing condition for Pro was D (full guidance). Table 5 shows each model's best-

performing condition versus the majority-class baseline. This baseline predicts labels

without using the study text by always predicting the most frequent expert label for each

criterion across the 14 studies. It achieved 91.1% agreement (95% CI 85.8 to 96.3).

Table 5. Best-performing condition versus majority-class baseline (n=14 studies).

Flash Pro Majority-class
baseline

Best-performing
condition

78.6% (95% CI 71.4–
85.7) (B)

69.6% (95% CI 59.2–
80.1) (D)

91.1% (95% CI 85.8–
96.3)

Both models fell well below the majority-class baseline.

Prespecified prompt contrasts

Table 6 reports the prespecified within-model condition contrasts (C vs B and D vs C) per

the protocol.

Table 6. Prespecified paired differences in criterion-level agreement (percentage

points; positive = first condition better; n=14 studies).

Contrast Mean diff 95% CI

Flash: B vs C +8.0 [+0.2, +15.8]

Flash: C vs D +7.1 [−1.7, +16.0]

Pro: B vs C −8.9 [−19.3, +1.4]

Pro: C vs D −3.6 [−15.4, +8.2]

One prespecified contrast had a 95% CI excluding zero: Flash B vs C (+8.0pp, 95% CI

[+0.2, +15.8]). Adding the Mulder et al. (2019) training material reduced Flash's criterion-

level agreement, contrary to the hypothesis that more guidance would improve

performance. The corresponding contrast for Pro was in the opposite direction (−8.9pp)

but its CI included zero. No D vs C contrast had a CI excluding zero for either model.

Criterion-level kappa

Table 7. Criterion-level Cohen's kappa by model and condition (n=14 studies).

Condition Flash Pro

B 0.464 0.232
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Condition Flash Pro

C 0.310 0.320

D 0.140 0.336

Flash kappa declined from B to D; Pro kappa increased. The pattern mirrors the criterion-

level agreement results.

Exploratory between-model comparison

In exploratory between-model comparisons, Flash exceeded Pro at Condition B by 21.4

percentage points (95% CI [+6.1, +36.8]), whereas the between-model differences at

Conditions C and D had confidence intervals including zero. However, this Condition B

difference did not survive Holm adjustment (p = 0.08).

Criterion-specific error patterns

Table 8 shows the per-criterion error patterns at Condition B.

outcome_assessors_blinded  was the most systematically miscoded criterion: expert

labels were no  in all 14 studies, yet Flash predicted unclear  in 12/14 at B; Pro predicted

no  in 10/14. intervention_and_participants_defined  and

outcome_definition_objective_precise  were correctly coded by Flash in 14/14 studies

at B, but frequently miscoded by Pro with gold= yes , model= no  errors. Full 3×3

confusion matrices for all conditions are provided in the Supplement.

Table 8. Per-criterion error summary, Flash and Pro, Condition B (14 studies).

Criterion Gold
majority

Flash:
correct in
majority
class

Flash:
main
error

Pro:
correct
in
majority
class

Pro:
main
error

study_group_representative yes (14) 11/14 yes →
no (2)

5/14 yes →
no (7)

intervention_and_participants_defined yes (14) 14/14 — 8/14 yes →
no (6)

outcome_assessed_for_60pct yes (13) 12/13 yes →
unclear
(1)

7/13 yes →
no (6)

follow_up_length_reported yes (12) 12/12 unclear
→ yes
(2)

9/12 yes →
no (3)

outcome_assessors_blinded no (14) 2/14 no →
unclear
(12)

10/14 no →
unclear
(4)

outcome_definition_objective_precise yes (14) 14/14 — 9/14 yes →
no (5)

important_prognostic_factors_accounted_for mixed 13/14 — 10/14 yes →
no (3)

analysis_described_and_effect_quantified yes (13) 10/13 yes →
no (3)

6/13 yes →
no (7)
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Post hoc sensitivity analysis: removing the missingness rule

In the original protocol, Condition B required explicit text evidence for every judgment,

including "no", and defaulted to "unclear" when evidence was absent. The actual RoB tool

is less strict: a "no" does not require the paper to explicitly state an absence (e.g., "we did

not adjust for confounders"). After inspecting the initial results, we conducted a post hoc

sensitivity analysis removing this rule from Condition B. The results are shown in Table 9.

Table 9. Condition B results with and without the missingness rule.

Model Criterion
with rule

Criterion
without rule

Change Overall
RoB with
rule

Overall RoB
without rule

Change

Flash 68.8% 78.6% +9.8pp 3/14 (21.4%) 8/14 (57.1%) +35.7pp

Pro 49.1% 57.1% +8.0pp 10/14
(71.4%)

12/14 (85.7%) +14.3pp

Removing the rule improved criterion-level agreement for both models by approximately

8–10 percentage points, and substantially improved overall RoB agreement, particularly

for Flash. We retained results without the missingness rule and report them in this text.

Post hoc sensitivity analysis: Holm multiplicity correction

In a post hoc sensitivity analysis, we applied Holm's step-down procedure across all nine

reported contrasts (Table 10). Under this omnibus family definition, only one contrast

remained just below the conventional 0.05 threshold after adjustment: the within-model

Flash B versus D comparison, for which agreement was 15.2 percentage points higher in B

than D (Holm-adjusted p ≈ 0.050). The prespecified Flash B versus C contrast (Holm-

adjusted p = 0.312) and the exploratory Flash versus Pro contrast at Condition B (Holm-

adjusted p = 0.08) did not survive adjustment. This analysis therefore weakens confidence

in individual contrast-level claims and supports a cautious interpretation centered on the

broader pattern of protocol-dependent performance rather than on any single model-

comparison result.

Table 10. All contrasts with raw and Holm-adjusted p-values (k = 9).

Contrast Mean diff (pp) 95% CI p Holm-adjusted p

Flash: B vs C +8.0 [+0.2, +15.8] 0.045 0.312

Flash: C vs D +7.1 [−1.7, +16.0] 0.104 0.429

Flash: B vs D +15.2 [+5.3, +25.1] 0.006 0.050†

Pro: B vs C −8.9 [−19.3, +1.4] 0.086 0.429

Pro: C vs D −3.6 [−15.4, +8.2] 0.525 0.836

Pro: B vs D −12.5 [−25.5, +0.5] 0.058 0.346

Flash vs Pro at B +21.4 [+6.1, +36.8] 0.010 0.080

Flash vs Pro at C +4.5 [−7.1, +16.0] 0.418 0.836

Flash vs Pro at D −6.2 [−17.1, +4.6] 0.236 0.709
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Positive values indicate the first-named condition or model is higher. †Holm-adjusted p-

value based on unrounded value; displayed value is rounded to three decimal places.

DISCUSSION

In this study, overall risk-of-bias agreement improved with prompt guidance for both

models, rising from 28.6% to 78.6% for Flash and from 57.1% to 92.9% for Pro (Table 3).

These are encouraging headline numbers. However, because all 14 expert overall labels in

this dataset were serious, overall agreement largely reflects whether the model assigned a

serious label — a low bar given that label's prevalence. Overall-label agreement should

therefore be interpreted cautiously and not treated as the primary measure of

performance.

At the criterion level, which is the primary endpoint, the picture was more nuanced (Table

4). Flash performed best under Condition B (criteria definitions only), reaching 78.6%

agreement (kappa 0.46, moderate) (Landis & Koch, 1977). Flash degraded with additional

guidance. Pro showed the opposite pattern, improving from 57.1% under Condition B to

69.6% under full guidance (kappa 0.34, fair). These divergent trajectories suggest that the

weaker model may have been more sensitive to prompt complexity, while the stronger

model was better able to leverage additional context.

To put this in context, we compared each model against a majority-class baseline. It

achieved 91.1% agreement (95% CI 85.8 to 96.3), indicating substantial class imbalance in

the dataset and showing that exact agreement alone can overstate model performance.

Indeed, both models fell well below the majority-class baseline at every condition. This is

in line with the results of Šuster et al. (2024) who criticized LLMs for "seldom beating

trivial baselines" in RoB assessment.

These results only partially supported our hypotheses. The stronger model did show higher

overall agreement at baseline, but at the primary criterion-level endpoint the apparent

ranking of models depended on prompt condition: Flash performed best under the leaner

criteria-only prompt, whereas Pro performed best under full guidance. After a post hoc

Holm adjustment across all nine comparisons, the only contrast remaining below the 0.05

threshold was the Flash B versus D summary comparison, supporting the conclusion that

performance in this benchmark was strongly protocol-dependent.

How might we explain these findings? One possibility is that Flash, as a smaller and less

capable model, is more compliant with explicit rubric definitions and less likely to draw on

prior knowledge that conflicts with the expert labeling standard. Under Condition B, this

compliance may have worked in its favor. With the addition of the Mulder et al. training

material (Condition C) — which was developed for childhood cancer rather than COVID-19

contact tracing — Flash may have been pulled toward a different application domain,

reducing alignment with the gold labels. Pro, by contrast, may be better at integrating and

reconciling a longer, more complex prompt. This would explain why Pro improved

progressively while Flash degraded.
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The per-criterion error summary (Table 8) provides evidence that is consistent with these

explanations. The most systematic single error in the table is on

outcome_assessors_blinded : gold labels were no  in all 14 studies, yet Flash predicted

unclear  in 12 of 14 cases, while Pro was correct in 10 of 14. Flash's near-total collapse on

this criterion to unclear  is a consistent pattern that points to a rubric-prompt mismatch.

The blinding criterion is the only criterion in the rubric where the gold-majority label is

no , and Flash appears to have treated absence of evidence of blinding as insufficient to

assign no , defaulting instead to unclear . Pro's broader tendency at Condition B runs in

the opposite direction: across several yes-majority criteria, including

study_group_representative , intervention_and_participants_defined ,

outcome_assessed_for_60pct , and analysis_described_and_effect_quantified ,

Pro's main error was yes → no, suggesting it was systematically stricter or more pessimistic

than the expert labeling standard. This directional pattern explains a seeming paradox: Pro

assigned more serious  overall labels correctly (Table 3) partly because it was more

willing to assign no  at the criterion level, and under the derivation rule any no  yields

serious . Flash, by contrast, was near-perfect on several yes-majority criteria at B —

scoring 14/14 on both intervention_and_participants_defined  and

outcome_definition_objective_precise , but its systematic blinding error dragged

down its criterion-level agreement. In short, the two models were not simply better or

worse overall; they had diverging error profiles that are invisible in the headline agreement

numbers. It would be interesting to examine whether a debate or reconciliation protocol —

in which the two models are asked to review each other's judgments and resolve

disagreements — could combine their complementary strengths and yield higher

agreement than either model alone.

Our criterion-level kappa values (0.46 and 0.34) are broadly consistent with prior work. In

a rapid review, Adam et al. (2024) found weighted kappa values ranging from 0.11 to 0.48

across multiple automation tools for risk-of-bias assessment. Pre-LLM systems such as

RobotReviewer showed similar variation: Gates et al. (2018) found moderate reliability for

some domains but only fair agreement for overall risk of bias, and Tian et al. (2024)

confirmed substantial domain-to-domain variation with kappa values ranging from 0.25 to

0.59 across 1,955 trials. Our results fall within that range, though they were obtained with

a general-purpose LLM rather than a purpose-built system.

Results in the LLM era have been similarly mixed. Šuster et al. (2024) found that four

LLMs seldom beat trivial baselines without additional guidance, which matches our

Condition A results. In contrast, Lai et al. (2024) reported mean correct assessment rates

of 84.5% and 89.5% for two LLMs using a structured prompt and a three-expert criterion

standard (higher than our best-condition results), though their criterion standard and

study type differed. Hasan et al. (2024) found 61% raw agreement for overall risk of bias

using GPT-4 with ROBINS-I, and Huang et al. (2025) reported 65–70% overall accuracy

with structured prompting. More recently, Kuitunen et al. (2025) found overall kappa of

0.43 and concluded ChatGPT-4o was not ready for routine use; Rose et al. (2025) reported

50.7% human-ChatGPT overall agreement; and Taneri (2025) found weighted kappa of

0.51 but only 53% sensitivity for high-risk studies. Across these studies and our own, the
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consistent pattern is that performance remains below what would be needed for

autonomous use, and that it depends heavily on the assessment protocol.

Another interesting finding of this study is that a single instruction materially changed

model behavior. In the original Condition B prompt, the missingness rule imposed a strict

text-evidence standard for distinguishing no  from unclear . Under that rule, the models

tended to assign unclear  when the study text did not explicitly state that a criterion was

not met, reducing agreement with expert labels. In the rerun without the rule, models

supplied more of their own judgment about no  versus unclear , increasing agreement.

This suggests that measured agreement depends on the fit between the prompt's standard

and the standard implicit in the RoB tool. In this study, prompt components were part of

the intervention under evaluation, not neutral scaffolding. Researchers designing LLM-

based assessment protocols should therefore report instructions explicitly and assess their

compatibility with the reference standard.

These findings may also reflect ambiguity in the rubric itself. The tool we used specifies

three possible outputs per criterion (yes, no, unclear), but some criteria are more explicit

about when they are met than about how to distinguish "not met" from "insufficiently

reported." Human reviewers can often bridge that gap through tacit methodological

judgment. LLMs cannot do so reliably unless the prompt or tool makes that judgment rule

explicit. Our results therefore suggest that under-specified appraisal tools may be a

bottleneck not only for LLM-based assessment, but for reproducible assessment more

generally. Methodologists developing future appraisal tools should consider defining all

possible outputs with equal specificity.

Taken together, these findings suggest that more prompting may not be inherently better

to assess RoB. Its effect depended on the model. In that sense, this study was less a simple

comparison of two models than an illustration of protocol dependence in LLM-based risk-

of-bias assessment. Small prompt decisions and under-specified rubric boundaries could

materially change measured performance, including the apparent ranking of models.

Finally, it suggests researchers evaluating LLMs for this task should assess performance at

the criterion level rather than relying on overall-label agreement alone, which can

overestimate true performance.

Limitations

This study has several limitations. First, each study × model × prompt-condition

combination was sampled only once, at temperature 0. This reflects a plausible real-world

deployment setting where users seek stable, low-randomness outputs, but it does not

estimate expected performance under repeated sampling. As Miller (2024) notes, a fuller

evaluation would resample outputs or use token-probability-based scoring where feasible.

Our confidence intervals therefore reflect variation across studies in this benchmark, but

not residual sampling variability within the same prompt and model configuration.
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Second, all 14 expert overall labels in this study are serious, which limits the

interpretability of overall-label agreement measures and makes between-condition

comparisons at the overall level uninformative. This is why we focused on criterion-level

agreement as the primary endpoint. This limitation may be inherent to this specific tool or

even RoB assessment itself, as Mulder et al. (2019) also found substantial class imbalances

across criteria in their 33 included studies.

Third, the sample of 14 studies constrains the precision of the estimates and the

generalizability of the findings to study designs other than single-arm observational

studies. Confidence intervals are wide throughout, and several exploratory contrasts that

could not be confirmed here may warrant investigation in larger benchmarks.

Fourth, we used a rubric originally developed for childhood cancer (Mulder et al., 2019)

and adapted for COVID-19 contact tracing (Juneau et al., 2023). The Condition C training

material (Mulder et al., 2019) comes from the childhood-cancer domain, which may have

introduced topical contamination for Flash in particular. Moreover, the criterion-level

label distributions in Mulder et al. (2019) differ substantially from those in our dataset. For

example, blinding is low-risk in 29 of 33 studies in Mulder et al. (2019) but high-risk in 14

of 14 in our sample. This may have compounded the topical mismatch by exposing the

model to conflicting priors. The degree to which these findings generalize to other rubrics

or study types is unknown.

Finally, the two models were both from the same provider (Google Gemini) and represent a

snapshot of model capabilities at the time of running (April 2026). Results may differ for

models from other providers or for future model versions.

CONCLUSION

In this study, overall risk-of-bias agreement was higher than criterion-level agreement,

which reflects more accurately whether the models reproduced the underlying criterion

judgments. At the criterion level, the two models reached at best 78.6% (kappa 0.46) and

69.6% (kappa 0.34) agreement, while both remained below a majority-class baseline of

91.1% at every condition. Performance depended on prompting: under the leaner criteria-

only prompt, Flash matched the gold standard more closely; under fuller guidance, Pro

improved and the models converged. These findings suggest that prompt design is central

to performance, and should be specified explicitly. Overall, they do not support replacing

human reviewers with LLMs for risk-of-bias assessment. Future work should examine

whether carefully specified prompts can support human reviewers in high-volume

screening contexts, rather than replace them.
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APPENDIX A — CRITERION MAPPING: JUNEAU ET AL. (2023)
VERSUS MULDER ET AL. (2019)

Table A1. Criterion mapping: Juneau et al. (2023) versus Mulder et al. (2019).

Do
mai
n

Criterion used in
Juneau et al.
(2023)

Earlier wording in
Mulder et al. (2019)

Adaptation made in
Juneau et al. (2023)

Code key

1 Stud
y
grou
p

Yes if the described
study group
consisted of >90%
of eligible
individuals

Yes if the described study
group consisted of >90% of
the original cohort of
childhood cancer survivors, or
was a random sample with
respect to cancer treatment

Generalised from a childhood-
cancer cohort frame to a
broader eligible-population
frame; the explicit random-
sample clause was not carried
over

study_grou

p_represent

ative

2 Stud
y
grou
p

Yes if the
intervention and
number of
participants was
defined

Yes if the type of
chemotherapy and/or location
of radiotherapy was
mentioned and the number of
participants with chronic viral
hepatitis was mentioned

Generalised from cancer-
treatment exposure and
hepatitis-status reporting to a
broader intervention-and-
sample-description criterion

interventi

on_and_part

icipants_de

fined

3 Foll
ow-
up

Yes if the outcome
was assessed for at
least 60% of the
study group of
interest

Yes if the outcome was
assessed for >90% of the
study group of interest (++) or
for 60% to 90% of the study
group of interest (+)

Collapsed Mulder's two
favourable follow-up
thresholds into one broader
yes condition at ≥60%

outcome_as

sessed_for_

60pct

4 Foll
ow-
up

Yes if the length of
follow-up was
mentioned

Yes if the length of follow-up
was mentioned

No substantive wording
change

follow_up_

length_repo

rted

5 Outc
ome

Yes if the outcome
assessors were
blinded to the
investigated
determinant

Yes if the outcome assessors
were blinded to the
investigated determinant;
Mulder added that if
outcomes were biochemical
measurements produced by a
machine, blinding of the
investigator was not relevant

Kept the general blinding
criterion but removed the
liver-biochemistry-specific
caveat from the criterion
wording

outcome_as

sessors_bli

nded

6 Outc
ome

Yes if the outcome
definition was
objective and
precise

Yes if the outcome definition
was objective and precise, i.e.,
if the upper limits of normal
for liver function tests were
described in the definition of
hepatic late adverse effects

Generalised from a liver-test-
specific definition to a broader
outcome-definition criterion

outcome_de

finition_ob

jective_pre

cise

7 Risk
esti
mati
on

Yes if important
prognostic factors
(i.e. age, gender) or
follow-up were
taken adequately
into account

Yes if important prognostic
factors (i.e. age, gender, co-
treatment) or follow-up were
taken adequately into account

Retained the same structure
but removed the cancer-
specific example of co-
treatment

important_

prognostic_

factors_acc

ounted_for

8 Risk
esti
mati
on

Yes if the method of
analysis was
described and the
effect of the
intervention was
quantified

Yes if a relative risk, odds
ratio, attributable risk, linear
or logistic regression model,
mean difference, or Chi² was
calculated

Generalised from a list of
named statistical measures to
a broader requirement that
the analysis be described and
the effect quantified

analysis_d

escribed_an

d_effect_qu

antified
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SUPPLEMENT

Per-criterion confusion matrices (gold rows × model columns; n=14 studies)

Rows = gold label; columns = model label. Conditions B, C, and D only (Condition A

returns no criterion-level output). Each cell counts the number of studies with that gold–

model label combination.

Flash ( gemini-3-flash-preview )

Condition B — criteria definitions

Representative study group

Gold \ Model yes no unclear

yes 11 2 1

no 0 0 0

unclear 0 0 0

Intervention and participants defined

Gold \ Model yes no unclear

yes 14 0 0

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 12 0 1

no 1 0 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 12 0 0

no 0 0 0

unclear 2 0 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

no 0 2 12

unclear 0 0 0

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 14 0 0

no 0 0 0

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 6 0 0

no 1 7 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 10 3 0

no 0 0 0

unclear 0 1 0

Condition C — + training material

Representative study group

Gold \ Model yes no unclear

yes 9 4 1

Intervention and participants defined

Gold \ Model yes no unclear

yes 13 1 0
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Gold \ Model yes no unclear

no 0 0 0

unclear 0 0 0

Gold \ Model yes no unclear

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 12 1 0

no 1 0 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 11 1 0

no 0 0 0

unclear 2 0 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

no 3 2 9

unclear 0 0 0

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 13 1 0

no 0 0 0

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 3 1 2

no 1 7 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 9 4 0

no 0 0 0

unclear 0 1 0

Condition D — + worked example

Representative study group

Gold \ Model yes no unclear

yes 7 4 3

no 0 0 0

unclear 0 0 0

Intervention and participants defined

Gold \ Model yes no unclear

yes 12 2 0

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 9 2 2

no 1 0 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 11 1 0

no 0 0 0

unclear 2 0 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

no 7 1 6

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 13 1 0

no 0 0 0
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Gold \ Model yes no unclear

unclear 0 0 0

Gold \ Model yes no unclear

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 3 3 0

no 2 6 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 9 4 0

no 0 0 0

unclear 1 0 0

Pro ( gemini-3.1-pro-preview )

Condition B — criteria definitions

Representative study group

Gold \ Model yes no unclear

yes 5 7 2

no 0 0 0

unclear 0 0 0

Intervention and participants defined

Gold \ Model yes no unclear

yes 8 6 0

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 7 6 0

no 1 0 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 9 3 0

no 0 0 0

unclear 0 2 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

no 0 10 4

unclear 0 0 0

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 9 5 0

no 0 0 0

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 3 3 0

no 1 7 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 6 7 0

no 0 0 0

unclear 0 1 0

Condition C — + training material

Representative study group Intervention and participants defined
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Gold \ Model yes no unclear

yes 8 5 1

no 0 0 0

unclear 0 0 0

Gold \ Model yes no unclear

yes 10 4 0

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 10 2 1

no 1 0 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 10 2 0

no 0 0 0

unclear 1 1 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

no 0 6 8

unclear 0 0 0

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 12 2 0

no 0 0 0

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 4 2 0

no 0 8 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 6 7 0

no 0 0 0

unclear 0 1 0

Condition D — + worked example

Representative study group

Gold \ Model yes no unclear

yes 8 4 2

no 0 0 0

unclear 0 0 0

Intervention and participants defined

Gold \ Model yes no unclear

yes 13 1 0

no 0 0 0

unclear 0 0 0

Outcome assessed for ≥60%

Gold \ Model yes no unclear

yes 11 2 0

no 0 1 0

unclear 0 0 0

Follow-up length reported

Gold \ Model yes no unclear

yes 10 2 0

no 0 0 0

unclear 2 0 0

Outcome assessors blinded

Gold \ Model yes no unclear

yes 0 0 0

Outcome definition objective and precise

Gold \ Model yes no unclear

yes 13 1 0
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Gold \ Model yes no unclear

no 2 5 7

unclear 0 0 0

Gold \ Model yes no unclear

no 0 0 0

unclear 0 0 0

Important prognostic factors accounted

for

Gold \ Model yes no unclear

yes 4 2 0

no 1 7 0

unclear 0 0 0

Analysis described and effect quantified

Gold \ Model yes no unclear

yes 6 7 0

no 0 0 0

unclear 0 1 0
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