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Abstract

As AI capabilities advance, AI reviewers (agents that read a manuscript and produce a referee report) are 001

beginning to be deployed in scientific peer review. Yet, their credibility remains in question: many scientists 002

assume that they cannot judge scientific validity, while others are more optimistic about their readiness. In 003

this work, we conduct a study in which 45 scientists in Physical, Biological, and Health Sciences spend 004

469 hours rating 2,960 individual criticisms (each targeting one aspect of a paper) from human-written and 005

AI-generated reviews of 82 Nature-family papers, scoring each on correctness, significance, and evidence 006

sufficiency. On a composite rating of reviews across all three dimensions, an AI reviewer powered by 007

GPT-5.2 scores above each paper’s top-rated human reviewer (60.0% vs. 48.2% of criticisms, p = 0.009). 008

Also, AI reviewers’ correct criticisms are more often rated significant, and surface a distinct 26% of 009

legitimate issues that no human raises. However, AI reviewers are more often incorrect, overlap with each 010

other far more than humans do with each other, and exhibit 16 weaknesses rare in human reviews. Overall, 011

our results position current AI reviewers as complements to, not substitutes for, human reviewers. 012

1 Introduction 013

Peer review has long served as the cornerstone of the scholarly publication system, ensuring the credibility, rigor, 014

and cumulative advancement of scientific knowledge [Gannon, 2001, Kelly et al., 2014, Siler et al., 2015]. Effective 015

review requires criticisms that are factually correct, that identify problems consequential enough to matter, and that 016

are supported by evidence an author can act on. That standard is becoming harder to meet, as submissions have 017

grown sharply in recent years while the pool of reviewers with the necessary time and subfield expertise has not, and 018

researchers increasingly report declining review quality [Chen et al., 2025, Powell, 2016]. AI agents that generate 019

paper reviews, which we refer to as AI reviewers [Liu and Shah, 2023, Kuznetsov et al., 2024], are one response 020

now deployed at scale: the AI conference AAAI-26 ran them on all 22,977 main-track submissions [Biswas et al., 021

2026], and the medical journal NEJM AI has built them into its “Fast Track” process [Manrai et al., 2025]. 022

023
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a
The paper has the following shortcomingsq

My overall score for this paper is 6/10o
Decision: Accept

Criticism 2 (H1) 

Criticism 3 (H1)

Criticism 1 (H1)Huma=
review ®
(H1)

Huma=
Reviewer 1

Academi3
Paper

The paper has several limitationsq

My evaluation of this paper is 5 out of 10o
Decision: Accept

Criticism 2 (A1)

Criticism 3 (A1)

Criticism 1 (A1)AJ
review ®
(A1)

AJ
Reviewer 1

How can we determine if the AI review is better or worse than a human review?

b c Correctness Significance Evidence Free-form Comment
My overall score for this paper is 6/10.

Criticism 1 (H1) Correct Major Sufficient Control genuinely absent

My overall evaluation of this paper is 5 out of 10. Criticism 2 (H1) Correct Moderate Insufficient Real gap, no citation

Correct Minor - Confirmed, cosmetic only

Incorrect - - Reviewer misread MethodsCriticism 1 (A1)

Correct Major Sufficient Same as Criticism 1 (H1)Criticism 2 (A1)

Correct Major Insufficient Claim not substantiated

Expert Adjudication:

Since the AI review adds a major issue the human misses but also raises an^
incorrect one, it complements rather than replaces the human review.

Verdict-level assessment (prior work) Criticism-level assessment (ours)

Criticism 3 (H1)
...Score Correlation:

Since the scores 5 and 6 are similar, the AI review is good.

Decision: Accept

Decision: Accept

Criticism 3 (A1)
...

Acceptance Matching:
Since the acceptance verdict matches, the AI review is good.

Figure 1: Motivation of our evaluation protocol. a, Human and AI reviewers produce reviews of the same paper.

b, Prior work assesses AI reviews at the review level, using score correlation and acceptance matching. Similar

scores and matching recommendations do not establish that an AI review contains useful feedback, and neither

indicates whether the underlying criticisms agree. c, We assess reviews at the criticism level, taking the individual

criticism as the unit of analysis. A domain expert adjudicates every criticism from both sources on correctness,

significance, and evidence sufficiency, and records a free-form comment justifying the adjudication. This protocol

supports the three analyses that follow: per-criterion and composite performance against human reviewers (§ 2),

overlap between AI and human reviews (§ 3), and a categorization of AI reviewer strengths and weaknesses drawn

from the expert comments (§ 4). Criticisms are labelled by source, H for human reviewers and A for AI reviewers.

However, these deployments are running ahead of the evidence. To date, prior work has assessed the quality024

of AI reviews by measuring whether AI reviewers reach the same verdict as humans, comparing overall scores,025

recommendations, and holistic ratings (Figure 1b) [Saad et al., 2024, Zhu et al., 2025, Idahl and Ahmadi, 2025,026

Zhang et al., 2026, Lu et al., 2026]. This target is weaker than it appears: the consistency experiments that027

were conducted by the NeurIPS conference (an AI conference) found that roughly half of the papers accepted028

by one committee were rejected by an independent second committee [Cortes and Lawrence, 2021, Beygelz-029

imer et al., 2023], which makes the reference itself substantially arbitrary. More fundamentally, two reviews030

can reach an identical recommendation while sharing no common criticisms. Hence, verdict-level assessment031

does not speak to how the criticisms in an AI review compare in quality with those of the human referees on the032

same paper, whether the two groups identify the same problems, and what AI reviewers concretely do well and badly.033

034

To address this, we introduce a criticism-level assessment framework that compares reviews by the criticisms035

they contain rather than the verdicts they reach (Figure 1c). The framework decomposes each review into individual036

criticisms, atomic statements that each target one aspect of a paper, which makes it possible to ask whether two037

reviews raise the same issues and not merely how good each is. Since feedback quality depends on conventions038

specific to the paper’s subfield, a domain scientist expert in the paper’s subfield then adjudicates every criticism on039

three dimensions (correctness, significance, evidence sufficiency), together with a free-form comment justifying the040

judgment. Each annotator judges six reviews per paper, three human referee reports from the published transparent041

peer review and three AI reviews generated by our pipeline. Also, they rank the human reviews against one another,042

giving two reference points per paper so that AI reviews are compared against both the strongest and the weakest043

human review the paper received. Applying this framework, we pair 82 Nature-family papers with their referee044

reports and with reviews from GPT-5.2, Claude Opus 4.5, and Gemini 3.0 Pro, and forty-five domain scientists045

spanning Physical, Biological, and Health Sciences collectively spend 469 hours adjudicating 2,960 criticisms.046
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Correctness (%) Significance (0–2) Evidence (%)

Reviewer mean [95% CI] mean [95% CI] mean [95% CI] nitems npapers

Top-Rated Human 92.3 [89.2, 95.0] 1.39 [1.30, 1.49] 92.2 [88.5, 95.3] 1,139 82

Lowest-Rated Human 79.1 [73.0, 84.6] 1.30 [1.18, 1.42] 89.7 [84.7, 94.0] 833 82

GPT-5.2 86.2 [80.7, 91.2] 1.61 [1.50, 1.70] 97.1 [93.7, 99.5] 442 81

vs Top-Rated Human d=−0.225, p=.046∗ r=+0.491, p<.001∗ d=+0.233, p=.041∗

vs Lowest-Rated Human d=+0.220, p=.051 r=+0.562, p<.001∗ d=+0.234, p=.048∗

Claude Opus 4.5 83.7 [78.2, 88.6] 1.53 [1.43, 1.63] 96.5 [93.1, 99.1] 475 81

vs Top-Rated Human d=−0.337, p=.003∗ r=+0.301, p=.028∗ d=+0.243, p=.035∗

vs Lowest-Rated Human d=+0.134, p=.230 r=+0.434, p=.003∗ d=+0.274, p=.022∗

Gemini 3.0 Pro 81.9 [76.5, 87.1] 1.56 [1.46, 1.65] 89.5 [84.0, 94.2] 460 82

vs Top-Rated Human d=−0.424, p<.001∗ r=+0.423, p=.003∗ d=−0.099, p=.380

vs Lowest-Rated Human d=+0.088, p=.428 r=+0.460, p=.001∗ d=−0.012, p=.918

Table 1: AI reviewers identify more significant issues but with lower factual correctness than the top-rated

human reviewers. Paper-level means with 95% bootstrap CIs. Shaded rows: pairwise effect sizes and p-values

versus each human reference (positive = AI higher; d = Cohen’s d for binary metrics, r = rank-biserial for ordinal

significance). ∗p < 0.05. See Appendix B for item-level rates and a GLMM robustness analysis.

047

On the composite of all three dimensions, GPT-5.2 exceeds each paper’s top-rated human referee (60.0% vs. 048

48.2%, p = 0.009), and all three AI reviewers outperform the lowest-rated human reviewer (all p < 0.01). Thus, 049

according to our criteria, current AI reviewers are already superior to the lowest quality review a paper is likely to 050

receive. Furthermore, the composite conceals a tradeoff that the per-dimension results make visible: AI reviewers 051

are less often correct than the top-rated human (81.9 to 86.2% against 92.3%), but their correct criticisms are more 052

often judged to be significant (§ 2). 053

054

Individual review quality, however, is not the same as the overall contribution a review makes as part of the 055

review process as a whole. To quantify this, we measure whether each criticism raised by one reviewer is also 056

raised by another. A single AI reviewer picks up 27.1% of the criticisms a human referee raises, barely above the 057

25.8% a second human picks up, so an AI review resembles a human review about as much as two human reviews 058

resemble each other. What falls outside that overlap is largely sound: 26.0% of AI criticisms have no counterpart in 059

any human review, and 81.8% of those are correct, meaning that AI reviewers contribute observations that human 060

reviewers do not make, rather than simply producing noise. Replacing an entire panel is a different matter: two 061

human referees share only 3.4% of their criticisms, whereas two AI reviewers share 20.9%. Therefore, substituting 062

one AI reviewer for one human therefore leaves a panel’s diversity nearly intact, but a panel composed entirely of 063

AI reviewers lacks diversity (§ 3). 064

065

The free-form comments explain what drives these differences. Domain experts flagged 260 weaknesses and 132 066

strengths in AI reviews, and the weaknesses are typically contextual rather than factual: AI reviewers misjudge 067

severity of flaws against field-specific norms, and assert that something is missing when the paper in fact supplies it 068

in another section or the supplementary material. Their strengths are the converse, namely forms of scrutiny that 069

reward diligence over judgment, such as checking statistical assumptions and reading the submitted source code 070

(§ 4). Together these results position current AI reviewers as complements to, not substitutes for, human reviewers, 071

and locate the gap in subfield knowledge rather than in reasoning or thoroughness. We release the annotation 072

corpus of 2,960 expert adjudications with written justifications, and deploy the review pipeline as a public service at 073

cmu-paper-reviewer.com. 074

2 In which aspects are AI reviewers better or worse than human reviewers? 075

Expert annotation setup We study 82 Nature-family papers whose referee reports are published under transparent 076

peer review, spanning the physical, biological, and health sciences (paper selection criteria are in § 6). Each paper 077

is assigned to at least one domain scientist working in its subfield, with 45 scientists producing 109 assignments; 078

27 papers are annotated independently by two scientists, which lets us measure inter-annotator agreement. Each 079

annotator provides three kinds of annotation over the paper’s six reviews, three written by human referees and three 080

generated by AI reviewers. First, they rate every review item, an atomic criticism targeting one aspect of a paper, 081

from all six reviews. The three dimensions are applied in sequence: whether the item is factually correct about the 082

paper (binary); if correct, how significant the issue it raises is (not significant, marginally significant, significant); 083

and if at least marginally significant, whether the evidence supporting it is sufficient for an author to act on (binary). 084

Each rating carries a free-form comment justifying the judgment. In total, this yields 2,960 annotated review items 085

3
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Per-group “fully positive” rate

Reviewer Paper-level mean [95% CI] Item-level rate [95% CI] Fully Positive Total Items Papers

Top-Rated Human 48.2 [42.2, 54.3] 47.8 [44.9, 50.7] 544 1,139 82

Lowest-Rated Human 36.2 [30.0, 42.4] 29.3 [26.3, 32.5] 244 833 82

GPT-5.2 60.0 [52.3, 67.4] 58.6 [54.0, 63.1] 259 442 81

Claude Opus 4.5 53.1 [45.6, 60.7] 54.7 [50.2, 59.2] 260 475 81

Gemini 3.0 Pro 50.2 [42.7, 57.7] 51.3 [46.7, 55.8] 236 460 82

Pairwise paired differences (paper-level, row − column; paired t-test)

Comparison Diff 95% CI (diff) Cohen’s d p-value npaired

Top-Rated H. vs Lowest-Rated H. +12.1% [+5.3,+18.9] +0.39 0.0007∗∗∗ 82

Top-Rated H. vs GPT-5.2 −11.6% [−20.3,−3.0] −0.30 0.0091∗∗ 81

Top-Rated H. vs Claude Opus 4.5 −4.9% [−13.0,+3.2] −0.13 0.2300 81

Top-Rated H. vs Gemini 3.0 Pro −2.0% [−10.6,+6.7] −0.05 0.6521 82

Lowest-Rated H. vs GPT-5.2 −23.6% [−32.3,−14.8] −0.60 < 0.0001∗∗∗ 81

Lowest-Rated H. vs Claude Opus 4.5 −16.5% [−25.3,−7.6] −0.41 0.0004∗∗∗ 81

Lowest-Rated H. vs Gemini 3.0 Pro −14.1% [−23.4,−4.7] −0.33 0.0038∗∗ 82

GPT-5.2 vs Claude Opus 4.5 +8.0% [+0.8,+15.3] +0.25 0.0294∗ 80

GPT-5.2 vs Gemini 3.0 Pro +10.4% [+4.1,+16.8] +0.36 0.0016∗∗ 81

Claude Opus 4.5 vs Gemini 3.0 Pro +2.2% [−2.8,+7.3] +0.10 0.3784 81

Table 2: GPT-5.2 exceeds the top-rated human on aggregate review-item quality, and all three AI reviewers

exceed the lowest-rated human. Top: per-group fully-positive rates aggregated paper-level (each paper weighted

equally; bootstrap 95% CI) and item-level (papers weighted by item count; Wilson 95% CI). Bottom: all 10 paired

comparisons on per-paper rates, with paired difference (row − column), 95% CI, Cohen’s d, and p-value; positive =

first-named reviewer higher. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

across 492 reviews. Second, they identify which of the three human referees wrote the best review and which wrote086

the worst, giving a top-rated and a lowest-rated human baseline for each paper. Third, for each AI review they087

indicate which of the three human reviews it matches or exceeds in overall quality, selecting all that apply.088

Metrics Correctness and evidence are reported as the percentage of items rated positively within their respective089

denominators, and significance as the mean score on the 0 to 2 scale. Because the dimensions are applied in090

sequence, each is computed over a progressively narrower subset: significance over correct items and evidence091

over correct, at least marginally significant items. An item is fully positive when it is correct, at least marginally092

significant, and sufficiently evidenced. The fully-positive rate is therefore the fraction of a reviewer’s items an093

author can act on directly. The unit of analysis throughout is the paper (n = 82): this makes comparisons invariant094

to the number of items per review (further results of item-level rates and Generalized Linear Mixed Model analysis095

are in Appendix B). Note that GPT-5.2 and Claude Opus 4.5 each declined to review one biology paper, citing096

safety concerns; those reviews are excluded from the affected comparisons, which is why paired sample sizes vary097

between 80 and 82. Statistical tests, effect sizes, and confidence intervals follow paired procedures detailed in § 6.098

Per-dimension comparison Table 1 reports paper-level means on each dimension together with pairwise effect099

sizes and p-values against each human baseline. On correctness, all three AI reviewers fall below the Top-Rated100

Human (92.3%) by 6 to 10 percentage points: GPT-5.2 reaches 86.2% (d = −0.23, p = .046), Claude Opus 4.5101

reaches 83.7% (d = −0.34, p = .003), and Gemini 3.0 Pro reaches 81.9% (d = −0.42, p < .001). On significance,102

however, the direction reverses: among correct items, all three AI reviewers raise more significant criticisms than the103

Top-Rated Human (mean significance score 1.39 on the 0 to 2 scale), with rank-biserial correlations of r = +0.49104

for GPT-5.2, r = +0.30 for Claude Opus 4.5, and r = +0.42 for Gemini 3.0 Pro (all p ≤ .028). On sufficiency105

of evidence, GPT-5.2 and Claude Opus 4.5 score slightly higher than the Top-Rated Human (d = +0.23 and106

+0.24 respectively, both p < .05), while Gemini 3.0 Pro is statistically indistinguishable (d = −0.10, p = .380).107

Compared to the Lowest-Rated Human, no AI reviewer falls significantly below on any dimension, and all three108

are significantly higher on significance (r = +0.43 to +0.56). Together, the results reveal a tradeoff between109

correctness and significance: AI reviewers raise more significant issues, but with lower correctness.110

Aggregate review-item quality The dimension-level results above do not directly tell us what fraction of each111

reviewer’s items would be fully useful to an author: a criticism that is correct but not significant, or significant but112

insufficiently evidenced, provides little actionable feedback. We therefore examine the fully positive rate, defined113

above. As shown in Table 2, the paper-level mean fully-positive rate is 48.2% for the Top-Rated Human, 36.2% for114

the Lowest-Rated Human, 60.0% for GPT-5.2, 53.1% for Claude Opus 4.5, and 50.2% for Gemini 3.0 Pro. GPT-5.2115

exceeds the Top-Rated Human by 11.6 percentage points (d = −0.30, p = .009; paired difference Top-Rated116

− GPT-5.2), while Claude Opus 4.5 and Gemini 3.0 Pro are statistically indistinguishable from the Top-Rated117
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same target, same criticism,�
same evidence

same target, same criticism,�
different evidence

same target3
different criticism
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b
At leas'
same target

At leas'
same criticism
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Figure 2: AI reviewers overlap with each other much more than humans do, while AI panels match most

human targets but only about half of the specific criticisms. a, Distribution of cross-reviewer item pairs across

the four similarity categories, for human–human, human–AI, and AI–AI pair types. b, Fraction of one reviewer’s

items covered by another at three progressively stricter similarity thresholds: at least same target, at least same

criticism, exact same evidence. The three configurations compare another human (reference), one AI reviewer, and

the union of 3 AI reviewers. Percentages are Rogan–Gladen-corrected; error bars show 95% cluster-bootstrap CIs.
Human (p = .23 and p = .65 respectively). All three AI reviewers substantially exceed the Lowest-Rated Human 118

(differences of +14.1 to +23.6 percentage points, all p ≤ .004). Among the AI reviewers, GPT-5.2 produces the 119

highest-quality items on average, significantly above both Claude Opus 4.5 (d = +0.25, p = .029) and Gemini 3.0 120

Pro (d = +0.36, p = .002), which in turn are statistically indistinguishable from each other. 121

Reviewer vs Top-Rated vs Lowest-Rated

Win-rate [95% CI] Win-rate [95% CI]

GPT-5.2 48.6% [38.7, 58.5] 73.4% [64.2, 82.4]

Claude Opus 4.5 32.1% [22.5, 42.0] 68.8% [58.9, 78.4]

Gemini 3.0 Pro 30.3% [21.6, 39.4] 59.6% [50.4, 69.2]

Table 3: Expert scientists judge GPT-5.2 reviews to match

or exceed the top-rated human reviewer’s review on nearly

half of all papers. Fraction of papers where each AI reviewer

matches or exceeds the human reference (n = 109 observations

across 82 papers, 95% cluster-bootstrap CIs).

Expert-judged win rates Beyond the item- 122

by-item comparison, each domain scientist also 123

provided a paper-level judgment of which AI 124

reviewers matched or exceeded the overall qual- 125

ity of each human reference. As shown in Ta- 126

ble 3, these holistic assessments closely track 127

the aggregate quality results. GPT-5.2 is judged 128

to match or exceed the Top-Rated Human on 129

48.6% of papers and the Lowest-Rated Human 130

on 73.4%. Claude Opus 4.5 and Gemini 3.0 Pro 131

trail GPT-5.2 substantially on the top-rated com- 132

parison (32.1% and 30.3%), but both clear the 133

lowest-rated bar on a majority of papers (68.8% 134

and 59.6%). Also, the ordering in Table 3 is consistent with the fully-positive-rate ordering in Table 2, suggesting 135

that expert holistic judgments are well-aligned with the aggregate of per-item ratings. 136

3 To what extent do AI reviews overlap with human reviews? 137

Overview Whereas § 2 compared AI and human reviewers on the quality of each individual review item, this 138

section asks how the criticisms they raise relate to one another, without positioning either source as ground truth. 139

The motivation is that multi-reviewer peer review draws much of its value from the diversity of perspectives that 140

different reviewers bring to a manuscript [Page, 2008]: assigning a slate of reviewers with diverse expertise both 141

improves coverage of the manuscript and reduces redundancy across reviews [Goyal et al., 2024]. Whether AI 142

reviewers contribute to or erode this diversity depends not on their individual quality but on whether they raise 143

concerns humans already raise. We measure this by comparing every pair of review items written about the same 144

paper, asking whether the two items point at the same part of the paper (i.e., target), whether they say the same 145

thing about it (i.e., criticism), and whether they cite the same evidence in support. Applying this comparison within 146

and across reviewer types tells us how much two human reviewers duplicate each other, how much an AI reviewer 147

duplicates a human reviewer, and how much of a human panel’s feedback an AI panel would reproduce. 148

Overlap taxonomy Each review item can be decomposed into three components. The target is the specific 149

part of the paper being pointed at: a section, figure, equation, code function, supplementary file, or specific claim. 150

The criticism is what the reviewer says about the target: what is wrong with it, what is missing, or what needs 151
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Metric Value 95% CI

Human items covered by 1 AI reviewer 26.9% [21.3, 32.6]

Human items covered by 3 AI reviewers 46.3% [39.4, 53.9]

Fully-positive human items covered by 1 AI 36.3% [29.6, 43.6]

Fully-positive human items covered by 3 AI 59.2% [50.2, 69.1]

AI items covered by ≥1 human reviewer 74.0% [65.5, 84.1]

Uncovered AI items (no human match) 26.0% [15.9, 34.5]

Uncovered AI items that are fully positive 48.1% [39.6, 56.6]

Uncovered AI items that are correct 81.8% [75.3, 87.9]

Table 4: Coverage of human concerns by AI re-

viewers. “Covered” = at least one cross-reviewer

item pair is classified as similar (same target and

same criticism). Per-reviewer-pair averaging at pa-

per level; Rogan–Gladen-corrected.

Metric Uncovered Matched χ2 p-value

Correctness 81.8% (79) 84.4% (81) 1.45 0.229

Significance ≥ 1† 87.4% (75) 91.8% (80) 2.81 0.094

Significance = 2† 57.6% (75) 63.5% (80) 14.98 < 0.001∗∗∗

Evidence sufficient‡ 93.5% (71) 93.2% (80) 0.00 0.971

Fully positive (composite) 48.1% (79) 54.8% (81) 13.71 < 0.001∗∗∗

Table 5: Uncovered AI items are equally correct and

well-evidenced but less often rated as highly significant.

“Uncovered”/“Matched” = AI items with/without a similar

human counterpart. N (number of papers) in parentheses.
†Among correct items (cascading filter). ‡Among correct and

at least marginally significant items. ∗∗∗p < 0.001 (χ2 tests).

improvement. The evidence is what supports the criticism: quoted text from the manuscript, code blocks, or external152

references. Comparing two review items along these three components yields four mutually exclusive categories:153

(1) different target; (2) same target, different criticism; (3) same target, same criticism, different evidence; and (4)154

same target, same criticism, same evidence (near-paraphrases). For example, two reviewers who both flag Figure 2155

but object to missing error bars and an inaccessible color scheme respectively fall in category (2); if both object to156

the missing error bars but cite different sentences as evidence, they fall in category (3). We classify a pair as similar157

if it shares the same target and the same criticism (categories 3 and 4), and not similar otherwise. The taxonomy158

was derived from how domain scientists treated overlap in the free-form paper-level survey responses (see § 6.6).159

Analysis setup We compare three strata of within-paper reviewer pairs: human–human (H–H), human–AI (H–A),160

and AI–AI (A–A), under two complementary views of the same 65,704 pairs. The pair-level view (Figure 2a)161

gives the distribution of pairs over the four categories; the coverage view (Figure 2b; Table 4) instead takes162

each review item as the denominator and asks whether the comparison reviewer supplies any counterpart meeting163

a given threshold (at least same target, at least same criticism, exact same evidence). The two views differ in164

denominator and are not directly comparable. Similarity is scored by an LLM judge (GPT-5.4; 92.7% binary165

accuracy, sensitivity 87.1%, specificity 96.8%) and rates are Rogan–Gladen-corrected [Rogan and Gladen, 1978]166

within stratum, computed per paper, and reported with 95% cluster-bootstrap CIs (10,000 paper-level resamples).167

Comparisons between strata are read from these intervals; component-level comparisons of uncovered versus168

matched AI items (Table 5) use χ2 tests. Full details are in § 6.6.169

Human reviewers barely overlap The H–H baseline in Figure 2a establishes what normal overlap looks like, and170

it is strikingly low. Only 3.4% of pairs drawn from two different human reviewers of the same paper share both a171

target and a criticism; the remaining 96.6% either raise different criticisms about the same target (8.4%) or address172

entirely different targets (88.3%). The coverage view gives the same picture at the item level: 25.8% of one human173

reviewer’s items have a same-criticism counterpart in another human’s review, and 43.8% have any same-target174

counterpart at all. Human peer review in our dataset is therefore not a redundant exercise. Each reviewer brings a175

largely distinct set of concerns, which provides empirical support for the diversity of perspectives argument for peer176

review [Page, 2008] and supplies the reference point against which the AI comparisons below should be read.177

AI reviewers raise valid concerns humans miss A natural next question is whether AI reviewers add anything178

human reviewers do not, and whether those additions are valuable contributions or spurious artifacts. Table 4 shows179

that 74.0% of AI-raised items have a similar counterpart in at least one human’s review (matched), leaving 26.0%180

with no similar human counterpart (uncovered). A component-level comparison of uncovered versus matched AI181

items (Table 5) shows that uncovered items are not hallucinations and are not under-evidenced: their correctness182

rate (81.8%) and evidence-sufficiency rate (93.5%) are both statistically indistinguishable from those of matched183

AI items (84.4% correct, p = 0.23; 93.2% evidence-sufficient, p = 0.97). What separates the two groups is the184

fraction rated as highly significant: 57.6% for uncovered versus 63.5% for matched (p < 0.001), with the same185

gap appearing across all three AI reviewer models. This does not contradict the § 2 finding that AI reviewers as a186

whole raise more significant items than human reviewers: AI items that overlap with human concerns tend to be the187

items humans also flagged, while uncovered AI items, by definition, correspond to observations humans did not188

raise. We interpret this as AI reviewers reliably surfacing the major concerns human reviewers would also raise, and189

additionally surfacing a non-trivial volume of valid, well-supported observations that humans miss.190

Replacing one human with AI doesn’t hurt diversity Substituting a single AI reviewer for a single human leaves191

the pairwise diversity of a panel nearly intact. The rate at which an AI reviewer overlaps with a human reviewer192
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Figure 3: Strengths and weaknesses of AI reviewers identified by domain experts. Distribution of 442 free-form

comments on AI reviews across 16 weakness categories (left, n = 260) and 6 strength categories (right, n = 132).

Dark bars are item-level comments; light bars are paper-level comments. Categories are sorted by total count.

(H–A: 5.1% [0.3, 9.0]) is only slightly above the 3.4% human–human baseline, and the confidence intervals of the 193

two estimates overlap substantially (Figure 2a). The coverage view gives the same ranking at the item level: the 194

fraction of one human reviewer’s items with a same-criticism counterpart rises only marginally when the second 195

reviewer is an AI rather than another human (26.9% versus 25.8%). An AI reviewer added to a panel therefore 196

behaves, in terms of what it duplicates, much as an additional human reviewer would. 197

AI panels diverge from human panels The same does not hold when the entire panel is replaced. AI reviewers 198

overlap with one another at 20.9% [16.2, 25.4] on target and criticism (Figure 2a), roughly six times the human– 199

human baseline, so a panel of three AI reviewers is substantially redundant with itself. Figure 2b shows the 200

consequence for coverage: the union of items raised by three AI reviewers covers 83.0% of the human-raised 201

items at the same-target level but only 46.3% at the same-criticism level, and a single AI reviewer already reaches 202

64.2% same-target coverage against 43.8% for a second human. For authors, this means that replacing three human 203

reviewers with three AI reviewers would return feedback about most of the same parts of their paper but only about 204

half of the specific criticisms with the same substance. AI reviewers and human reviewers converge on which parts 205

of a paper warrant review while diverging in how they characterize what they find, which makes an AI panel a poor 206

drop-in replacement for a human panel even though a single AI reviewer is a reasonable addition to one. 207

4 What are the concrete strengths and weaknesses of AI reviewers? 208

Overview § 2 and § 3 characterize how AI reviewers compare to human reviewers, but they do not describe the 209

specific behaviors that drive those differences. For researchers studying AI review systems, editors considering 210

AI-assisted review, and authors receiving AI-assisted feedback alike, a more pointed question is which behaviors 211

of current AI reviewers most undermine their usefulness, and which genuinely outperform human reviewers. We 212

answer this from the free-form comments annotators wrote alongside their ratings, reading every comment that 213

names a concrete strength or weakness of an AI review relative to a human one and grouping them into recurring 214

categories. The resulting picture is consistent across all three AI reviewers: their weaknesses are failures of context, 215

and their strengths are forms of scrutiny that reward diligence. 216

Analysis setup Annotators produced 767 item-level and 250 paper-level comments across the 82 papers (see 217

Figure 9). Of these, 392 name a concrete strength or weakness of AI reviewers relative to human reviewers. We 218

manually categorized them into 16 weakness (n = 260) and 6 strength (n = 132) categories, iterating on the 219

category definitions until two authors could apply them independently; Figure 3 gives the full distribution. 220

Strengths of AI reviewers The four most frequently cited strengths account for 87% of strength comments 221

(115/132), and they describe a consistent pattern: AI reviewers are more diligent than human reviewers at checking 222

that requires effort rather than judgment. Statistical and methodological rigor (S1, n = 45) is the largest category and 223

appears across all three models: annotators credited AI reviewers with catching independence violations between 224
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training and test splits, absent uncertainty estimates on headline numbers, and sample sizes too small to support225

the claimed effect. Source code inspection (S2, n = 28) reflects the AI reviewers’ filesystem access to everything226

the authors submitted: they opened the repository alongside the manuscript and supplementary files, and found227

implementation bugs and data leakage that the text alone does not reveal. Subfield technical depth (S3, n = 27)228

appears where a method or term carries commitments the paper does not discharge, such as invoking a technique229

whose stated assumptions the reported setup violates. Internal consistency (S4, n = 15) covers mismatches between230

what the abstract claims, what the methods describe, and what the results report.231

Limitations of AI reviewers The five most frequently cited weaknesses account for roughly three quarters of232

weakness comments (189/260), and they describe AI reviews as poorly calibrated to context rather than factu-233

ally empty. The largest theme is severity miscalibration (W1 missing community or field norms, n = 54; W2234

over-harsh or out-of-scope demands, n = 46): the AI demands a validation the field does not require, or treats235

a standard practice as a flaw, because it applies a discipline-neutral standard for reproducibility, sample size, or236

out-of-distribution testing without knowing what the subfield treats as routine. The content is usually defensible in237

the abstract; the weight placed on it is not. The second theme is reading failure (W3 paper explicitly states X , AI238

says missing, n = 37): the AI asserts that a detail is absent when the paper supplies it in a different section, in the239

supplementary material, or a few sentences later in the same passage. The third theme concerns the review as an240

artifact (W4 redundancy across the three AI reviewers, n = 28; W5 vague or verbose reviews without actionable241

recommendations, n = 24): the three AI reviewers raise overlapping criticisms, consistent with the AI–AI overlap242

in § 3, and individual reviews run long without arriving at a concrete revision request.243

244

In § D.1, we present 24 detailed case-study examples spanning the nine most informative categories, each shown245

with the original review item, the expert annotator’s commentary, and our discussion.246

5 Conclusion247

In this paper, we characterize the strengths and weaknesses of AI reviewers through an expert annotation study in248

which 45 domain scientists, over 469 hours, evaluate all 2,960 review items from both AI and human reviewers249

across 82 Nature-family papers. Current AI reviewers are competitive even against the strongest reviewer a paper250

actually received: on the composite of correctness, significance, and evidence sufficiency, GPT-5.2 produces a251

higher fraction of fully positive items than the top-rated human referee, and all three models exceed the lowest-rated252

one. This comes at a cost in correctness, offset by higher significance among the items they get right. Their failures253

concentrate in misjudged severity against subfield conventions, lost track of content across long papers, and inflated254

minor issues, while their strengths lie in scrutiny that rewards diligence. AI reviewers also duplicate one another far255

more than human referees do, so the panel and the individual behave differently.256

257

Looking ahead, three implications follow. For developers, correctness is the bottleneck: AI reviewers already258

find substantive issues, and the failures we observe are failures of accumulated field knowledge, so the tractable259

interventions are giving reviewers access to community norms and better long-context management. For editors and260

venues, the overlap results argue that AI reviewers belong in a panel rather than as a panel: adding one preserves the261

diversity a multi-reviewer process depends on, while replacing three human referees with three AI reviewers returns262

most of the same targets but half the substance. For the field, AI reviews should not be evaluated against human263

reviews as an implicit gold standard, but on the same per-dimension terms domain experts apply to human reviews,264

since two reviews reaching identical verdicts can share almost no substance. Open questions remain, including265

whether the correctness–significance tradeoff persists as models improve, whether these patterns hold outside266

Nature-family papers, and what governance norms should accompany operational deployment. The framework267

and annotations we release provide the empirical infrastructure to answer them, and the urgency only grows as AI268

reviewers move further into deployment.269
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An example of review item # 1 from a human review

“In Fig. 2, the appropriate comparison could include Carr-Parrinello MD since that is common to use for minor distortion
of the geometry. At a minimum, mentioning CPMD in the main text would be less misleading to the reader.”

An example of review item # 2 from a human review

“Would the author advise using CASSCF, RASSCF, or better CASPT2 to properly include both static and dynamic
correlations? That could represent an important application for the method, especially in the framework of dynamics.
CAS-based dynamics is highly employed and reliable, being able to accelerate it by reducing the number of electronic
structure calls using the approach proposed would be an important achievement.”

Figure 4: Two example review items written by the same human reviewer of a paper in the Physical Sciences. Each

review item corresponds to a single atomic criticism directed at one aspect of the paper, making up the entire review.

6 Methods 270

6.1 The criticism-level evaluation framework 271

Unit of analysis Our framework compares reviews at the level of the individual criticism rather than the verdict. 272

We define a review item as a single atomic criticism directed at one specific aspect of the paper, and use this term 273

throughout for the unit the framework operates on. This contrasts with prior evaluations of AI reviewers, which 274

compare reviews at the aggregate level (e.g., overall score, accept/reject verdict). A single peer review typically 275

contains multiple distinct criticisms, and although separating free text into atomic criticisms is non-trivial in general, 276

human reviewers conventionally use bullet points, enumeration markers (e.g., “First,” “Second,”), or paragraph 277

transitions to demarcate the points they want authors to address in revision. We rely on these markers to manually 278

decompose each human peer review into review items; AI reviewers produce items in structured form (§ 6.3). 279

Figure 4 shows two example review items extracted from the same human peer review of a physical-sciences paper. 280

Adjudication dimensions Domain scientists with subfield-matched expertise rate every review item in their 281

assigned paper along three dimensions: 282

• Correctness (binary): whether the main point of the criticism is correct (i.e., the issue it raises actually exists in 283

the paper rather than being a misreading of the manuscript) and is clearly stated. 284

• Significance (ordinal, three-level): conditional on the criticism being correct, whether it addresses a significant 285

aspect of the paper. The three levels are Significant (an insightful concern that, if addressed, would meaningfully 286

improve the paper), Marginally Significant (e.g., typos or stylistic issues), and Not Significant (a minor item that 287

would be better removed from the review). 288

• Sufficiency of evidence (binary): conditional on the criticism being correct and at least marginally significant, 289

whether the evidence accompanying the criticism (e.g., quotes from the paper’s main text, supplementary materials, 290

or external references) is sufficient to support the main point. 291

The cascading structure reflects the logical dependency among the three dimensions: significance is only 292

meaningful for criticisms that are correct, and evidence sufficiency is only meaningful for criticisms that are correct 293

and at least marginally significant. We chose a three-dimensional design rather than a single overall rating so that we 294

can identify the specific aspects in which AI reviewers are better or worse than human reviewers. Correctness and 295

evidence sufficiency are reported as the percentage of items rated positively within their respective denominators, 296

and significance as the mean score on a 0 to 2 scale. 297

Composite indicator Alongside the three dimensions we report fully positive, an integrative indicator that an 298

item is correct, at least marginally significant, and sufficiently evidenced. This is the fraction of a reviewer’s items 299

an author could act on without first having to discount them, and it is the primary aggregate quality measure in 300

§ 2. Because the dimensions cascade, an item that fails correctness fails the composite regardless of its unrated 301

downstream dimensions. 302

Dual human baseline Referees of the same paper vary widely in quality, so comparing AI reviews against a 303

single averaged human reference would obscure whether an AI reviewer competes with the best review a paper 304

received or merely with the weakest. The framework therefore retains two human baselines per paper, the top-rated 305

and the lowest-rated referee, identified by the annotator in the paper-level survey (§ 6.4). 306
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6.2 Paper selection and dataset307

Component Mean Median Min Max

Manuscript content

# Words in main manuscript 8,820 8,500 3,787 22,830

# Supplementary files per paper 5.5 2 0 129

# Figures per paper 4.0 4 0 19

# Code files per paper 296.7 18 0 8,285

Peer review

# Human reviews per paper 2.9 3 1 5

# Review items per human review 8.8 7 1 72

# Review items per AI review 4.2 4 2 5

Table 6: Statistics of the 82 papers in the expert annotation study.

Selection criteria We chose 82 papers from308

Nature and its sister journals, spanning the309

physical, biological, and health sciences. Pa-310

pers are included only if they meet three crite-311

ria: (1) a publicly released set of official human312

peer reviews under Nature’s transparent peer313

review policy, so that we have human reviews314

for comparison; (2) a publicly available pre-315

review version of the manuscript on Research316

Square1, so that AI reviewers evaluate the same317

manuscript that the human reviewers did; and318

(3) a subfield match with one of our recruited319

domain scientists, so that every review item320

can be annotated by an expert with relevant321

methodological knowledge. These three constraints jointly narrow the candidate pool substantially: public peer re-322

view is not the default at most venues, pre-review versions are rarely available after publication, and subfield-specific323

expert recruitment further restricts viable subjects.324

Dataset statistics The 82 papers are drawn from Nature Communications (73 papers), Nature (2), Nature325

Computational Science (2), Nature Ecology & Evolution (2), Nature Methods (1), Nature Physics (1), and Nature326

Microbiology (1)2, published between 10 January 2020 and 27 October 2025. Following the Nature Communications327

subject taxonomy3, the 82 papers span 27 subject categories: 38 in Physical Sciences, 30 in Biological Sciences,328

and 14 in Health Sciences. Beyond the main manuscript text, most submissions include additional components that329

AI reviewers can also access: 83% have supplementary materials, 76% have separately submitted figures, and 74%330

have submitted source code. Per-paper content and review statistics are summarized in Table 6.331

6.3 Reviewers: official human referees and frontier-LLM agents332

Human reviewers For each paper, we use the first-round official human peer reviews released by Nature-family333

journals, retaining the first three reviewers when more than three are present. Each review is decomposed into334

review items per § 6.1. Further details are in § A.4.335

AI reviewers We use three frontier language models as AI reviewers: GPT-5.2, Claude Opus 4.5, and Gemini336

3.0 Pro. Each model is deployed as an agent through the OpenHands software-agent-sdk [Wang et al., 2026], with337

filesystem access to the paper’s source files (main text, supplementary materials, figures, and submitted code) and a338

small set of tools (shell terminal, file editor, task tracker, and a web-search tool with the paper’s publisher domains339

blocked to prevent retrieval of the published version or peer review report). Each agent receives a prompt asking it340

to produce up to five review items per paper according to the six Nature peer-review evaluation criteria, with each341

item structured as a main claim (the central point of criticism, with its associated criterion) followed by supporting342

evidence (a set of quotes from the paper’s main text, supplementary materials, submitted source code, or external343

references, each accompanied by an interpretive comment). Figure 5 shows an example AI-produced review item344

for the same paper as Figure 4. We generated one review per (paper, model) pair. GPT-5.2 and Claude Opus 4.5345

each declined to review one biology paper, citing safety concerns that do not apply to the manuscripts in question;346

no substitute review was generated, and those papers are excluded from the affected comparisons.347

6.4 Expert annotators348

Recruitment Our annotator pool comprises 45 domain scientists from 25 institutions: 23 faculty members, 7349

research scientists at industrial labs, national laboratories, or research institutes, 6 postdoctoral researchers, and 9350

Ph.D. students. They produced 109 sets of annotations across the 82 papers (averaging 2.42 papers per scientist),351

totaling 469 hours of expert annotation. Further details are in § A.7.352

Annotation task Each annotator receives one assigned paper together with its six reviews, three written by human353

referees and three generated by AI reviewers, and provides three kinds of annotation. First, they rate every review354

item from all six reviews on the three dimensions in § 6.1, with each rating accompanied by a free-form comment355

justifying the judgment. Second, they complete a paper-level survey selecting the Top-Rated Human Reviewer and356

Lowest-Rated Human Reviewer from the paper’s official referees based on overall review quality, which supplies357

1https://www.researchsquare.com/
2All manuscripts and peer review files in our dataset are released by their publishers under a CC BY 4.0 license.
3https://www.nature.com/ncomms/browse-subjects
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An example of review item #1 from an AI review

Claim: “The generalized eigenproblem is not made numerically robust”

• Main point of criticism: The paper’s implementation of the core generalized eigenvalue solve is not numerically
hardened against overlap-matrix ill conditioning, so the reported active-learning MD workflow can fail unpre-
dictably once training states become nearly linearly dependent.

• Evaluation criteria: Data and methodology; Validity

Evidence:

Quote 1 (from main text): “This is achieved in closed form as the diagonalization of a generalized eigenvalue problem
in the basis of the training states.”

Comment: This is the numerical kernel of the method, so its stability determines whether the algorithm can
actually be used in the long active-learning trajectories described in the paper. Because the training basis is
enlarged sequentially, the overlap matrix can become nearly singular as similar geometries are added. The
manuscript does not describe any canonical orthogonalization, eigenvalue truncation, or other conditioning step
for this solve. That omission is a material reproducibility risk, not a minor implementation detail. A paper that
claims black-box molecular dynamics should show how this step remains stable as the basis grows.

Quote 2 (from submitted source code):

if hermitian is True:

# Solve the generalized eigenvalue problem for Hermitian

Hamiltonian

vals, vecs = eigh(H, S)

Comment: The implementation delegates the solve directly to scipy.linalg.eigh with the overlap matrix
passed in unchanged. There is no diagnostic for the condition number of S, no thresholding of small eigenvalues,
and no fallback path if the basis is nearly linearly dependent. A minimal reproduction of this code on a singular
overlap matrix raises an exception, which shows the failure mode is real rather than hypothetical. Because
the MD loop depends on repeating this operation many times, the current implementation is too brittle for the
robustness claims made in the manuscript. The code needs a conditioning strategy before the method can be
treated as reliably black-box.

Quote 3 (from external reference, SciPy documentation): “If eigenvalue computation does not converge, an error
occurred, or b matrix is not definite positive. Note that if input matrices are not symmetric or Hermitian, no error will
be reported but results will be wrong.”

Comment: This warning from SciPy documents the failure mode that the current code is exposed to when
the overlap matrix becomes singular or nearly singular. The paper does not report any safeguards to ensure
that every reported run stays safely away from that regime. A direct reproduction of the current solver on a
singular overlap matrix triggers exactly this kind of LinAlgError, showing that the instability is not merely
theoretical. To support its robustness claims, the manuscript should either regularize the overlap matrix or report
the conditioning of S for the presented trajectories. Without that, the method’s reliability remains unproven.

Figure 5: An example of a review item produced by an AI reviewer for the same paper as Figure 4. A review item

consists of a Claim (main point of criticism and evaluation criteria) and Evidence (a set of supporting quotes with

interpretive comments). Evidence quotes may be drawn from the paper’s main text, supplementary materials, the

source code, or external references. We instruct AI reviewers to produce at most five review items per paper.

the dual baseline used in § 2 and § 3. Third, they indicate for each AI reviewer which of the human references 358

it matches or exceeds in overall quality, and optionally note criticisms that one reviewer raised which the others 359

missed. The qualitative responses are analyzed in § 4; the free-text notes on missed criticisms also motivated the 360

similarity taxonomy in § 6.6. 361
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Dimension N %Agree. Cohen’s κ Gwet’s AC1

Correctness (binary) 908 85.8% 0.28 (fair) 0.82 (alm. perf.)

Significance (3-way ord.) 743 59.9% 0.31 (fair) 0.44 (moderate)

Evidence (binary) 583 88.0% 0.12 (slight) 0.86 (alm. perf.)

Table 7: Inter-annotator agreement on 908 doubly-annotated

review items from 27 doubly-annotated papers. N decreases

across dimensions due to the cascading annotation structure.

Interpretation labels follow Landis and Koch [1977].

Inter-annotator agreement To measure inter-362

annotator agreement, 27 of the 82 papers were inde-363

pendently annotated by a second domain scientist,364

yielding 908 doubly-annotated review items. Be-365

cause the marginal class distributions of our anno-366

tations are highly skewed, we report Gwet’s AC1367

alongside raw percent agreement and Cohen’s κ368

in Table 7. Agreement is almost perfect for the369

two binary dimensions (correctness and evidence370

sufficiency) and moderate for the three-level signifi-371

cance scale; the substantial gap between κ and AC1372

on the two skewed binary dimensions illustrates the well-known kappa paradox under skewed marginals, motivating373

our choice to report AC1 as the primary chance-corrected measure [Feinstein and Cicchetti, 1990, Gwet, 2008]. The374

full IRR analysis is in § A.9.375

6.5 Statistical analysis376

Unit of analysis Throughout § 2 and § 3 the unit of analysis is the paper (n = 82) rather than the review item.377

Item counts differ across reviewers because AI reviews are capped at five items per paper while human reviews378

are not; aggregating to paper-level rates before testing makes comparisons invariant to the number of items per379

review. For each paper we pool item-level annotations: items from the 27 doubly-annotated papers contribute two380

annotation rows each, while items from the remaining 55 contribute one. This respects within-paper correlation381

among items rated by the same domain scientist. The expert-judged win rates in Table 3 are the exception, treating382

each of the 109 annotation sets as a separate observation with cluster-bootstrap intervals over papers, because the383

paper-level survey is completed once per annotator rather than once per paper.384

Tests and effect sizes Binary dimensions and the fully-positive composite are compared with two-sided paired385

t-tests on paper-level rates, reported with Cohen’s dz . The ordinal significance score is compared with the two-sided386

Wilcoxon signed-rank test, reported with rank-biserial correlation r. All estimates carry 95% bootstrap confidence387

intervals from 10,000 paper-level resamples (percentile method). We report unadjusted p-values throughout. Papers388

for which a model produced no review are excluded pairwise rather than imputed, which is why paired sample sizes389

range from 80 to 82. Item-level rates and a generalized linear mixed model with paper-level random intercepts reach390

the same conclusions (Appendix B).391

6.6 Measuring overlap between review items392

Provenance of the similarity taxonomy The target/criticism/evidence decomposition used in § 3 was derived393

inductively from the free-form paper-level survey responses described in § 6.4, in which annotators noted criticisms394

that one reviewer raised and others missed. Scientists consistently treated two items as “the same concern” when395

they pointed at the same part of the manuscript and made the same substantive objection, irrespective of whether the396

two reviewers cited the same supporting material. The four-category scheme formalizes that distinction. Additional397

examples and the coding procedure are in § C.2.398

Two views of the same pairs We report overlap under two views. The pair-level view treats each cross-reviewer399

item pair as a unit and gives the distribution of pairs over the four mutually exclusive categories. The coverage view400

treats each review item as a unit and asks whether the comparison reviewer supplies at least one counterpart meeting401

a given threshold, where the thresholds are cumulative unions of the categories: at least same target corresponds to402

categories 2–4, at least same criticism to categories 3–4, and exact same evidence to category 4 alone. The two403

views answer different questions and use different denominators, so their percentages are not directly comparable: a404

low pair-level rate is compatible with substantially higher coverage, because a single item may be matched by any405

one of the comparison reviewer’s items.406

Similarity judge Exhaustive manual annotation of all 65,704 within-paper cross-reviewer pairs is infeasible, so407

we score similarity with an LLM judge. The judge receives both review items in full (claim and evidence) together408

with the four-category definition, and returns a single category. We calibrated the judge against 164 pairs annotated409

manually, on which the selected model (GPT-5.4) achieves 92.7% binary accuracy (similar vs. not similar) and410

83.5% accuracy on the full four-way classification, with sensitivity 87.1% and specificity 96.8%. The comparison411

of candidate judges and the full confusion matrix are in Appendix C.412

Prevalence correction A judge with imperfect sensitivity and specificity yields a biased estimate of the true413

similarity rate, and the direction of that bias depends on the underlying rate itself. We therefore convert each414
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apparent rate pobs into a corrected estimate using the Rogan–Gladen formula [Rogan and Gladen, 1978], ptrue = 415

(pobs + spec−1)/(sens+ spec−1), with estimates truncated to [0, 1]. The correction is applied within each stratum, 416

which assumes the judge’s sensitivity and specificity are constant across pair types. The correction applies to 417

similarity and coverage rates, which are prevalence estimates. It does not apply to the quality rates of uncovered 418

items reported in Table 4 and Table 5 (e.g., the fraction of uncovered AI items that are correct), which are conditional 419

on expert annotations rather than judge output; we note, however, that membership in the uncovered set is itself 420

determined by the judge, so judge error propagates into these conditional rates even though the rates are not 421

corrected. 422

Aggregation and inference All overlap statistics use the paper as the unit of analysis, consistent with § 6.5. Within 423

each paper, rates are computed per reviewer pair and averaged over pairs before averaging across papers, so that 424

papers with more human reviewers do not receive greater weight. Confidence intervals are 95% percentile intervals 425

from a 10,000-iteration cluster bootstrap that resamples papers with replacement and, on each iteration, redraws 426

the judge’s sensitivity and specificity from their sampling distribution, so that judge uncertainty and cross-paper 427

variance are propagated jointly. Comparisons between strata (H–H, H–A, A–A) are read from these intervals rather 428

than from a separate significance test. Comparisons of uncovered versus matched AI items on each annotation 429

dimension use χ2 tests across papers contributing both categories, with the number of contributing papers reported 430

in Table 5; the denominator varies across rows because of the cascading annotation structure described in § 6.1. 431

7 Related Work 432

Peer review system for science. The peer review system, fundamental to scientific publishing, has come under 433

increasing strain in recent years. Manuscript submission volumes continue to rise across both journals and confer- 434

ences while the pool of qualified human reviewers does not expand at the same rate, leading to reviewer fatigue, 435

longer review timelines, and difficulty recruiting reviewers willing to provide thorough evaluations [Hanson et al., 436

2024, Adam, 2025, Chen et al., 2025, Bauchner and Rivara, 2024]. As a result, median submission-to-publication 437

times have stretched to 100 to 160 days at major science journals [Powell, 2016]. These growing pressures have 438

raised concerns about review quality and consistency: the NeurIPS 2014 and 2021 consistency experiments, in 439

which roughly 10% of submissions were independently reviewed by two committees, found that around half 440

of the accepted papers would have been rejected if the review process had been independently rerun, and that 441

approximately 26% (in 2014) and 23% (in 2021) of papers received inconsistent accept-or-reject decisions across 442

the two committees [Cortes and Lawrence, 2021, Beygelzimer et al., 2023], indicating that a substantial portion of 443

decisions reflects subjective variation rather than the underlying quality of the work. Beyond consistency, recent 444

work has documented further structural challenges including reviewer miscalibration, reviewer-author collusion, 445

and undetected major errors in submitted manuscripts [Shah, 2022]. 446

447

In response, the scientific community has begun to consider whether natural language processing and large 448

language models might assist (rather than replace) the human peer-review process, ranging from low-level support 449

tasks such as plagiarism detection and reviewer-paper matching to higher-level tasks such as structured feedback 450

generation and consistency checks across reviews [Kuznetsov et al., 2024]. This consideration is no longer purely 451

theoretical. A recent global survey of more than 1,600 active researchers across 111 countries reported that over 452

50% of reviewers have already used AI tools while peer-reviewing manuscripts, often without clear policy guidance 453

and in some cases against the official rules of the venue they were reviewing for [Naddaf, 2026]. At the venue 454

level, several conferences have begun to formally pilot AI assistance within their review workflows: NeurIPS 2024 455

piloted an opt-in LLM-based author checklist assistant on a voluntary subset of submissions [Goldberg et al., 2024], 456

ICLR 2025 ran a large-scale randomized controlled trial of an LLM-based feedback agent that nudged human 457

reviewers toward more specific and actionable comments across more than 20,000 reviews [Thakkar et al., 2025], 458

and AAAI-26 went a step further and deployed a state-of-the-art AI reviewer on every one of its 22,977 main-track 459

submissions, with surveys of authors and program-committee members reporting that participants found the AI 460

reviews useful and, on certain dimensions such as technical accuracy and research suggestions, preferred them to 461

human reviews [Biswas et al., 2026]. Together, these developments mark a shift from speculative discussion of AI 462

in peer review to its concrete operational deployment at scale. 463

LLM-as-a-Judge. A parallel line of work has investigated the use of large language models themselves as 464

evaluators of model and text outputs (LLM-as-a-Judge), establishing strong correlations with human judgement on 465

general tasks [Zheng et al., 2023, Kim et al., 2023, 2024] while documenting systematic biases such as position, 466

verbosity, and self-preference effects [Ye et al., 2024, Wataoka et al., 2024, Dubois et al., 2024, Kim et al., 2025, Ye 467

et al., 2025]. 468
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Development of AI reviewers. Building on LLM-as-a-Judge methodologies, an active line of research has469

explored applying LLM-as-a-Judge specifically to scientific peer review (i.e., AI Reviewers). Early exploratory470

studies tested whether GPT-4 could detect inserted errors and produce structured first-pass feedback [Yuan et al.,471

2022, Liu and Shah, 2023]. Subsequent work has produced a wide range of full review-generation systems, in-472

cluding multi-agent discussion [D’Arcy et al., 2024], standardized review generation through fine-tuning [Yu et al.,473

2024], bias-aware pipelines [Tyser et al., 2024], deep-thinking review generation [Zhu et al., 2025], and RL-trained474

reviewers [Zeng et al., 2025]. A separate strand uses LLMs as a quality-control component within end-to-end475

research-automation systems [Lu et al., 2026], while another simulates the peer-review process itself with LLM476

agents to study its dynamics [Jin et al., 2024]. Beyond review generation, several efforts target review-process477

improvement directly, including a large-scale ICLR 2025 randomized study showing that LLM feedback agents478

can make human reviewers’ reviews more informative [Thakkar et al., 2026], LLM checklist assistance for au-479

thors [Goldberg et al., 2024], and pairwise comparison through LLM agents [Zhang et al., 2026].480

481

Notably, most existing evaluations of AI reviewers operate at the review level rather than the individual-comment482

level: they measure score correlation, decision alignment, or text-level similarity against human reviews and treat483

human reviews as the gold standard [Idahl and Ahmadi, 2025, Bougie and Watanabe, 2025]. Some evaluation484

frameworks have begun to introduce finer-grained components: ReviewEval performs per-claim factual verification485

and per-insight actionability scoring [Garg et al., 2025]; TreeReview evaluates individual feedback comments486

through embedding-based and LLM-based matching for coverage and specificity [Chang et al., 2025]; and FLAWS487

benchmarks LLMs’ ability to localize specific errors in scientific manuscripts [Xi et al., 2025]. Other work has488

begun to question the gold-standard assumption itself, either by demonstrating that LLM pairwise comparison can489

identify high-impact papers more accurately than rating-based aggregation [Zhang et al., 2026] or by reporting that490

AI reviewers can match human reviewers in predicting paper outcomes [Bougie and Watanabe, 2025].491

492

In contrast, our work performs an evaluation that, to our knowledge, no prior framework has performed: every493

individual review item, from both AI and human reviewers, is annotated by a domain scientist in each paper’s494

own field along three complementary quality axes (correctness, significance, and sufficiency of evidence). Three495

properties of this design are absent from prior practice taken together. The annotation is bidirectional, in that AI496

and human review items are subject to the same scrutiny rather than human reviews being treated as the implicit497

reference for AI [Chang et al., 2025, Garg et al., 2025, Idahl and Ahmadi, 2025, Bougie and Watanabe, 2025].498

The annotation is performed by domain scientists rather than by LLM judges or graduate-student annotators from499

outside the paper’s subfield [Ryu et al., 2025], since judgments of scientific significance and evidence sufficiency500

are field-dependent. And the annotation is multi-axis rather than single-dimensional or holistic, since a comment501

can be correct but trivial, significant but unsupported, or both significant and well-supported, and these are very502

different failure modes. The result is per-axis directional evidence on the specific quality dimensions on which AI503

reviewers outperform human reviewers and on which the reverse holds.504
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