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Scientific peer review is under increasing pressure because manuscript submissions continue to rise while the

number of available expert reviewers declines. Artificial intelligence (AI) tools may help support editorial

decisions, but their ability to act as independent reviewers has not been adequately evaluated. This exploratory

study assessed how current AI systems evaluate scientific manuscripts across three disciplines: toxicology,

environmental sciences, and food science and technology. Twenty-four recently published papers were

evaluated using a structured review protocol. Three AI tools (DeepSeek, Mistral, and Kimi) performed initial

desk screening; five tools (Gemini, Copilot, ChatGPT, Qwen, and Grok) generated peer-review reports and

recommendations; and two tools (Claude and Perplexity) assessed the quality of those reports and provided

final recommendations. Across all disciplines, AI reviewers most frequently recommended major revision,

although every manuscript had already undergone conventional peer review and had been accepted for

publication. Recommendations to accept manuscripts without revision were uncommon and were made only by

Gemini. Review patterns were generally consistent within each AI system across disciplines, suggesting that

the type of recommendation depended more on the tool than on the research field. Importantly, stricter

recommendations were not necessarily linked to more useful reviews. ChatGPT and Qwen produced the most

detailed and constructive comments, whereas some more permissive tools generated less informative reports.

These findings suggest that current AI systems tend to evaluate published scientific papers more critically than

human reviewers. AI may therefore have an important role in improving the rigor, consistency, and efficiency of

peer review, while helping reduce reviewer workload and limiting some interpersonal biases. However, this

study is exploratory and based on a limited number of articles. Larger prospective studies should directly

compare AI and human reviews of newly submitted manuscripts. If their recommendations are sufficiently

consistent, AI-assisted peer review could help address reviewer shortages and reduce publication delays.
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Introduction

Throughout the present century, the scientific publication system has undergone profound transformations

affecting all stakeholders in scholarly communication, including authors, reviewers, editors, publishers, and

readers. One of the most visible changes has been the progressive transition from traditional subscription-based

publishing toward Open Access (OA) models. While many journals continue to operate under hybrid systems, a

substantial proportion is now published exclusively under OA arrangements, often involving considerable article-

processing charges (APCs). Alongside these developments, the rapid expansion of new journals in recent years has

raised concerns regarding their scientific rigor, indexing status, and overall contribution to the advancement of

knowledge.

Parallel to these structural and economic changes, the volume of scientific output has dramatically increased.

Major publishers now receive unprecedented numbers of manuscript submissions, placing substantial pressure on

editorial systems. For example, Elsevier alone receives more than one million submissions annually[1]. This

expansion has created a critical imbalance between submission rates and reviewer availability, giving rise to one of

the most pressing challenges in contemporary scientific publishing: the difficulty of identifying and recruiting

qualified reviewers willing to dedicate the time required for rigorous manuscript evaluation.

Extensive editorial experience, supported by the available literature, indicates that securing appropriate reviewers

has become increasingly problematic. It is no longer unusual for editors to invite 20, 30, or even more potential

reviewers before obtaining the acceptance of only a small (1-3) number, often resulting in delays of several months

before a first decision is reached. Although editorial processes are now fully digital, review times have not

decreased accordingly. Even in some fields, they have lengthened. Survey-based evidence confirms that peer

review is widely perceived as time-consuming and difficult to reconcile with growing academic workloads[2].

These challenges extend beyond reviewer recruitment to the broader editorial decision-making process. Editors

are frequently required to handle large volumes of submissions under significant time constraints, which may

introduce elements of arbitrariness or bias, particularly during initial desk evaluations. Additional complications

arise from ethical concerns associated with reviewer suggestions and from evolving attitudes toward peer review,

including reluctance to review for certain OA journals without compensation[3]. Collectively, these factors highlight

the need for innovative approaches capable of supporting editorial workflows and improving the efficiency and

consistency of manuscript evaluation. Beyond workload and logistical constraints, human peer review is also

exposed to relational and interpersonal biases, which artificial intelligence (AI)-based reviewers might help to

mitigate, provided their own algorithmic biases are carefully managed.

Recent advances in AI, particularly large language models (LLMs), have generated significant interest regarding

their potential role in scientific publishing. The integration of AI tools into academic practice has accelerated

rapidly, and many journals now require authors to disclose their use during manuscript preparation. However, a
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more fundamental question remains unresolved: to what extent can AI systems meaningfully assist editors and

reviewers in the evaluation of scientific manuscripts? Regarding this, a growing body of evidence suggests that AI

tools may provide useful support in the peer-review process. Liang et al.[4] conducted a large-scale analysis using

GPT-4 and reported a 31–39% overlap between AI-generated and human reviewer comments, with many authors

rating the feedback as helpful. In turn, Bauchner and Rivara[5] proposed that AI could assist in editorial triage and

manuscript screening, while Kousha and Thelwall[1] concluded that AI is already useful for reviewer identification

and quality control, although insufficient evidence supports its use as a full replacement for human reviewers. In a

more recent contribution, Bauchner and Rivara[6]  further argued that, with the biomedical literature now

exceeding three million published manuscripts per year, human editorial and peer review alone can no longer

safeguard research integrity, making AI assistance increasingly necessary. Similarly, Zhu et al.[7]  found that AI-

generated reviews can resemble human assessments but often lack depth, especially in detailed methodological

critique. Additionally, a recent large-scale survey indicates that more than 50% of researchers have already used AI

tools in peer review, frequently without explicit authorization from journals[8]. At the journal-policy level, Li et al.

[9]  surveyed the top 100 medical journals and found that, although most now provide explicit guidance on AI-

assisted peer review, a substantial fraction still prohibits it, primarily owing to confidentiality concerns.

Based on this background, the present study has analyzed a total of twenty-four papers, published in 24 journals

belonging to three disciplines (toxicology, environmental and food sciences), using consistent procedures and AI

tools. The specific objectives of this study are: (a) to evaluate the capacity of contemporary AI systems to assist

editors during initial manuscript screening, (b) to assess the recommendations generated by AI systems acting as

manuscript reviewers, (c) to compare the quality and usefulness of reviewer reports produced by different AI tools,

and (d) to determine whether the reviewer profiles exhibited by individual AI systems remain stable across multiple

scientific disciplines. The results should be interpreted as a proof-of-concept exploratory investigation aimed at

generating hypotheses and preliminary observations regarding the potential role of AI in peer review, rather than

as a definitive assessment of performance.

Methods

Study design and AI tools

This is a preliminary study, restricted to a limited number of papers, journals, and AI tools, which has been

conducted in three stages. The first stage was restricted to toxicology, while the second stage used the same design

to Earth and environmental sciences. Finally, the third stage extends the study to food science and technology. In

each stage, eight papers were included and the same AI tools were used, giving a combined total of twenty-four

papers. Given the exploratory nature of the work, no formal sample size calculation or statistical power analysis

was performed.
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The same three AI tools were used to emulate the desk Editor making the initial decision (Continue to Review, or

Reject without Review): DeepSeek (expert mode), Mistral (Le Chat), and Kimi (K2.6 Instant). The same five AI tools

were used to act as Reviewers of the papers that proceeded to peer review: the free versions of Gemini, Copilot,

ChatGPT, Qwen 3.6, and Grok. Finally, the same two AI tools were used as meta-reviewers to evaluate the quality

and scientific value of the five reviewer reports and to issue an overall recommendation: Claude Opus 4.8 and

Perplexity Pro. The selection of all AI tools was based exclusively on the prior personal experience of the author. All

AI tools were queried once using identical prompts, without iterative refinement or consensus generation.

Therefore, the outputs reflect single-instance responses, consistent with a pragmatic usage scenario.

The prompt submitted to the three desk-Editor tools was identical and asked each tool to act as the desk scientific

Editor of the attached papers, treating them “not as published papers but as recently submitted manuscripts”, and

to decide only “Continue to Review” or “Reject without Review” based on scientific interest and novelty, potential

relevance, appropriateness of the methods (including statistics where applicable), adequacy of the discussion in

relation to the reported results, and currency of the references, providing a short justification of 4-5 lines for each

decision, for which to avoid fakes and hallucinations was especially required. The prompt submitted to the five

reviewer tools asked each to act as Reviewer of the enclosed paper, treating it as a just-submitted (not yet

published) manuscript, and to recommend one of: Accept in its present form, Minor revisions, Major revisions, or

Rejection. The prompt submitted to the two meta-reviewer tools asked them to consider the manuscript together

with the five reviewer reports, to rank the five reviewers from best to worst (considering the usefulness of their

comments and suggestions for the Editor), and to issue their own overall recommendation (Accept, Minor, Major,

or Reject). It is important to remark once again, that in all stages, the AI evaluations were conducted on the already-

published versions of the papers rather than on the originally submitted versions. Consequently, the comparison

between AI-generated recommendations and human editorial decisions is indirect and should not be interpreted

as a controlled head-to-head assessment.

To avoid an overly long Methods section and the repeated use of full bibliographic citations within the running

text, the twenty-four assessed papers (eight per discipline) are not cited individually in the text by their complete

bibliographic details. Instead, each is referred to in the abbreviated author-year form (Author et al., year). The full

bibliographic details of all 24 assessed papers are provided, together with the rest of citations, in the list of

References.

Toxicology papers

Eight papers published in eight different toxicology journals were evaluated, encompassing seven different

publishing companies. To avoid selection bias, the paper chosen from each journal was the first experimental

article published in its April 2026 issue (the sole exception being Toxicology, which did not publish a specific April

issue, so the first article of the May 2026 issue was used). All were original experimental studies, whereas reviews,
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commentaries, perspectives, and similar publication types were excluded. The eight toxicology papers, with their

journals, were: Zeng et al.[10]  in Toxicological Sciences (Oxford); Hinojosa et al.[11]  in Archives of Toxicology

(Springer); Asano et al.[12] in Food and Chemical Toxicology (Elsevier); Takashima et al.[13] in Toxicology (Elsevier);

Carle et al.[14] in Journal of Applied Toxicology (Wiley); Liu and Fan[15] in Frontiers in Toxicology (Frontiers); Chen

et al.[16] in Toxics (MDPI); and Shrestha et al.[17] in Chemical Research in Toxicology (ACS).

Earth/environmental-science papers

Eight papers were also evaluated, each published in a different and reputable Earth/environmental-science journal.

The selected papers were the first articles published in the June issues of the respective journals. With the single

exception of the systematic review and meta-analysis published in The Lancet Planetary Health[18], all selected

articles were original research papers, spanning epidemiological, field, analytical, materials, and methodological

topics, which provides a markedly different thematic and methodological profile from the toxicology set. The same

desk-screening, reviewing, and meta-reviewing procedure described above was applied without modification, and

the eight environmental-science papers were carried forward to the peer-review phase. The eight environmental-

science papers, with their journals, were: Laue et al.[19] in Environmental Health Perspectives (ACS); Megraso et al.

[20]  in Environmental Science and Pollution Research (Springer); Liang et al.[21]  in Environmental Science &

Technology (ACS); Menone et al.[22] in Archives of Environmental Contamination and Toxicology (Springer); Peng

et al.[23]  in Environment International (Elsevier); Chatzitoulousis et al.[24]  in Environmental Pollution (Elsevier);

Gocer and Ramezannia[25]  in Science of the Total Environment (Elsevier); and Bonell et al.[18]  in The Lancet

Planetary Health (Elsevier/The Lancet).

Food-science papers

The same protocol was applied to a third field, food science and technology. Eight further papers were evaluated,

each published in a different and reputable food-science journal and selected following the same criterion used

with the previous fields. All eight were recently published (mostly, June 1-3, 2026). All were original research articles

spanning food chemistry, nutrition, food microbiology and safety, analytical and detection methods, and food-

processing topics, again providing a thematic and methodological profile distinct from the two earlier sets. The

same desk-screening, reviewing, and meta-reviewing procedure was applied without modification. As in the

previous stages, all eight papers were carried forward to the reviewing phase so that the complete set could be

evaluated by the five reviewer tools. The eight food-science papers, with their journals, were: Guo et al.[26] in Food

Chemistry (Elsevier); Cha et al.[27] in Food & Function (Royal Society of Chemistry); Xing et al.[28] in Food Research

International (Elsevier); Luo et al.[29] in Food Science & Nutrition (Wiley); Nunes et al.[30] in Foods (MDPI); Li et al.
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[31]  in Journal of Agricultural and Food Chemistry (ACS); Luedke et al.[32]  in Journal of Food Protection

(Elsevier/IAFP); and Cai et al.[33] in npj Science of Food (Springer Nature).

Results and Discussion

The present study is focused on examining the behavior of multiple contemporary AI tools acting as editors,

reviewers, and meta-reviewers across three distinct scientific domains: toxicology, environmental sciences, and

food science and technology. By applying a consistent protocol to twenty-four recently published papers, the study

provides a structured framework to explore whether AI-assisted manuscript evaluation exhibits tool-dependent or

discipline-dependent patterns, and whether such patterns remain stable across methodologically heterogeneous

fields.

Across all three disciplines, a consistent and robust observation was the predominance of recommendations for

“Major revisions” at the reviewer level (Tables 1-3). This tendency was particularly evident in toxicology (Table 1)

and food science (Table 3), while environmental sciences (Table 2) showed a somewhat less stringent profile, with a

higher proportion of “Minor revisions” and the only cases in which “Accept in its present form” recommendations

were issued. Although this difference may suggest variations in disciplinary conventions, manuscript

characteristics, or methodological expectations, it should be interpreted cautiously given the limited and non-

equivalent datasets. More importantly, it must be emphasized that all AI evaluations were conducted on “final,

published versions of the manuscripts” rather than on their originally submitted forms. Consequently, the

relatively high frequency of critical recommendations cannot be interpreted as evidence that AI systems

outperform human reviewers but may instead reflect a combination of conservative evaluative tendencies and the

intrinsic characteristics of revised manuscripts.
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

Toxicological

Sciences
MINOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Gemini,

Qwen,

Copilot,

Grok

MAJOR

ChatGPT,

Copilot,

Qwen,

Grok,

Gemini

Archives of

Toxicology
MAJOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Copilot,

Qwen,

Gemini,

Grok

MAJOR

ChatGPT,

Copilot,

Gemini,

Qwen,

Grok

Food and

Chemical

Toxicology

MAJOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Copilot,

Qwen,

Gemini,

Grok

MAJOR

ChatGPT,

Copilot,

Qwen,

Grok,

Gemini

Toxicology MINOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Copilot,

Gemini,

Grok,

Qwen

MAJOR

ChatGPT,

Copilot,

Qwen,

Grok,

Gemini

Journal of

Applied

Toxicology

MINOR MAJOR MAJOR MAJOR MINOR MINOR

ChatGPT,

Copilot,

Gemini,

Grok,

Qwen

MAJOR

Copilot,

ChatGPT,

Grok,

Gemini,

Qwen

Frontiers in

Toxicology

MINOR MAJOR MAJOR MINOR MINOR MAJOR ChatGPT,

Copilot,

Qwen,

MAJOR Copilot,

ChatGPT,

Qwen,
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

Gemini,

Grok

Grok,

Gemini

Toxics MAJOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Copilot,

Qwen,

Gemini,

Grok

MAJOR

Copilot,

ChatGPT,

Qwen,

Grok,

Gemini

Chemical

Research in

Toxicology

MINOR MAJOR MINOR MINOR MINOR MINOR

ChatGPT,

Qwen,

Copilot,

Gemini,

Grok

MINOR

Copilot,

ChatGPT,

Qwen,

Grok,

Gemini

Table 1. AI tools acting as reviewers of eight manuscripts published in international toxicology journals.
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

Environmental

Health

Perspective

ACCEPT MAJOR MINOR MINOR MINOR MINOR

Qwen,

Grok,

ChatGPT,

Copilot,

Gemini

MINOR

Qwen,

Grok,

ChatGPT,

Copilot,

Gemini

Environmental

Science and

Pollution

Research

MINOR MAJOR MAJOR MAJOR MINOR MAJOR

Qwen,

ChatGPT,

Copilot,

Grok,

Gemini

MAJOR

Qwen,

ChatGPT,

Copilot,

Grok,

Gemini

Environmental

Science and

Technology

MINOR MAJOR MINOR MINOR MAJOR
MINOR (border

Major)

Qwen,

Grok,

Copilot,

ChatGPT,

Gemini

MAJOR

Copilot,

Grok,

ChatGPT,

Qwen,

Gemini

Archives of

Environmental

Contamination

and

Toxicology

MINOR MAJOR MAJOR MAJOR MAJOR MAJOR

Qwen,

ChatGPT,

Grok,

Copilot,

Gemini

MAJOR

ChatGPT,

Copilot,

Grok,

Qwen,

Gemini

Environment

International
MAJOR MAJOR MAJOR MAJOR MINOR MAJOR

ChatGPT,

Qwen,

Copilot,

Gemini,

Grok

MAJOR

ChatGPT,

Gemini,

Grok,

Qwen,

Copilot

Environmental

Pollution

ACCEPT MINOR MINOR MINOR MINOR MINOR Qwen,

ChatGPT,

Grok,

MINOR Grok,

ChatGPT,

Copilot,
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

Copilot,

Gemini

Qwen,

Gemini

Science of the

Total

Environment

MINOR MAJOR MAJOR MAJOR MAJOR MAJOR

Copilot,

ChatGPT,

Qwen,

Grok,

Gemini

MAJOR

ChatGPT,

Qwen,

Grok,

Copilot,

Gemini

Lancet

Planetary

Health

MINOR MAJOR MAJOR MAJOR MINOR MAJOR

Qwen,

ChatGPT,

Grok,

Copilot,

Gemini

MAJOR

ChatGPT,

Qwen,

Copilot,

Grok,

Gemini

Table 2. AI tools acting as reviewers of eight manuscripts published in international Earth/environmental sciences

journals.
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

Food

Chemistry
MAJOR MAJOR MAJOR MINOR MAJOR MAJOR

ChatGPT,

Copilot,

Qwen,

Grok,

Gemini

MAJOR

Copilot,

Grok,

ChatGPT,

Qwen,

Gemini

Food &

Function
MINOR MAJOR MINOR MINOR MINOR

MAJOR (border

Minor/Major)

Copilot,

ChatGPT,

Qwen,

Grok,

Gemini

MAJOR

Copilot,

Grok,

ChatGPT,

Qwen,

Gemini

Food

Research

International

MINOR MAJOR MAJOR MINOR MAJOR MAJOR

Qwen,

ChatGPT,

Copilot,

Grok,

Gemini

MAJOR

Copilot,

ChatGPT,

Grok,

Qwen,

Gemini

Food Science

& Nutrition
MAJOR MAJOR MAJOR MAJOR MAJOR

MAJOR (with a

caveat to move to

reject)

Qwen,

ChatGPT,

Grok,

Copilot,

Gemini

MAJOR

Qwen,

Copilot,

Grok,

ChatGPT,

Gemini

Foods MINOR MINOR MAJOR MAJOR MAJOR MAJOR

Qwen,

ChatGPT,

Grok,

Copilot,

Gemini

MAJOR

Qwen,

ChatGPT,

Grok,

Copilot,

Gemini

Journal of

Agricultural

ACCEPT MAJOR MINOR MINOR MINOR MINOR ChatGPT,

Qwen,

Grok,

MINOR Copilot,

ChatGPT,

Grok,
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Manuscript

published in

AI Tools Claude Perplexity

Gemini Copilot ChatGPT Qwen Grok
Final

recommendation

Best

report (AI

tool)

according

to Claude

Final

recommendation

Best

report (AI

tool)

according

to

Perplexity

and Food

Chemistry

Copilot,

Gemini

Qwen,

Gemini

Journal of

Food

Protection

MINOR MAJOR MAJOR MAJOR MINOR MAJOR

Qwen,

ChatGPT,

Copilot,

Grok,

Gemini

MAJOR

Qwen,

Copilot,

ChatGPT,

Grok,

Gemini

npj Science

of Food
MINOR MAJOR MAJOR MAJOR MINOR MAJOR

Qwen,

ChatGPT,

Copilot,

Grok,

Gemini

MAJOR

ChatGPT,

Copilot,

Qwen,

Grok,

Gemini

Table 3. AI tools acting as reviewers of eight manuscripts published in international food sciences journals.

A second notable finding is the consistency of reviewer profiles across disciplines, which emerges as one of the

most stable patterns in the study. Copilot consistently exhibited the most stringent behavior, issuing “Major

revisions” recommendations in most cases across all three fields. In contrast, Gemini displayed the most

permissive profile and was the sole source of all “Accept in its present form” recommendations observed in the

study. ChatGPT and Qwen showed relatively balanced and stable performance across disciplines, while Grok

exhibited a transition from higher permissiveness in toxicology to more moderate behavior in the other fields

(Table 4). The persistence of these relative profiles across methodologically diverse domains suggests that the

evaluative tendencies of individual AI tools may be largely intrinsic to the systems themselves, rather than

primarily determined by disciplinary content. While this interpretation is necessarily preliminary, it may have

practical implications for the design of AI-assisted editorial workflows, particularly in relation to tool selection and

combination.
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AI tool (reviewer)

Toxicology (n = 8) Environmental sciences (n = 8) Food sciences (n = 8)

Accept Minor Major Accept Minor Major Accept Minor Major

Gemini 0 5 3 2 5 1 1 5 2

Copilot 0 0 8 0 1 7 0 1 7

ChatGPT 0 1 7 0 3 5 0 2 6

Qwen 0 2 6 0 3 5 0 4 4

Grok 0 8 0 0 5 3 0 4 4

Claude (meta-reviewer) 0 2 6 0 3 5 0 1 7

Perplexity (meta-reviewer) 0 1 7 0 2 6 0 1 7

Table 4. Distribution of recommendations issued by each AI tool acting as reviewer, by discipline (number of papers out

of eight in each field).

In addition to recommendation patterns, the study provides insight into the perceived quality and usefulness of

reviewer reports, as assessed by the two meta-reviewer systems. Across the three disciplines, reports generated by

ChatGPT and Qwen were most frequently ranked as the most useful, whereas Gemini’s reports were consistently

ranked lowest despite its more favorable recommendations. It highlights a notable dissociation between

recommendation severity and report quality, indicating that the informativeness and utility of reviewer feedback

cannot be inferred solely from the final recommendation. The consistency of this pattern across disciplines

reinforces the need to evaluate AI-generated reviews along multiple dimensions, including clarity, specificity, and

constructiveness.

When considered jointly, the results suggest that current AI tools can reproduce certain structural features of the

peer-review process, including differentiation in stringency, variability in recommendations, and generation of

structured critiques. However, no single system demonstrated uniformly superior performance across all

dimensions. This observation aligns with previous studies indicating that AI-generated reviews can be informative

but may lack depth or consistency in methodological critique. In this context, the results support the notion that

an ensemble approach, combining outputs from multiple AI tools and interpreted by human editors, may offer a

more balanced and reliable strategy than reliance on individual systems.

The comparison across disciplines also provides some indication that contextual factors may influence overall

stringency, although to a lesser extent than tool-specific characteristics. Environmental-science manuscripts
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appeared, on average, to elicit slightly less stringent evaluations than toxicology and food-science papers. Whether

this reflects inherent differences in reporting standards, study designs, or simply the specific selection of

manuscripts cannot be determined within the present study. Nonetheless, the fact that tool-specific profiles were

preserved across all three domains suggests that inter-tool variability is a more dominant factor than disciplinary

variability, at least within the scope of the current dataset.

Several important limitations must be considered when interpreting the current findings. First, the study is based

on a relatively small number of manuscripts, journals, and AI tools, and does not include formal statistical analysis.

Therefore, the results are merely descriptive and should be regarded as exploratory. Second, the use of published

manuscripts introduces an unavoidable constraint, as these texts do not correspond to the versions originally

evaluated during peer review. Third, each AI tool was queried only once using fixed prompts, so the analysis does

not account for potential variability arising from stochastic outputs or prompt sensitivity. Fourth, the evaluation of

reviewer report quality was conducted by AI-based meta-reviewers rather than by independent human experts,

which may introduce additional layers of bias. Finally, although the three disciplinary groups were analyzed using

an identical protocol, they are not strictly equivalent in composition, as they encompass different study designs

and levels of heterogeneity.

Taken together, these limitations indicate that the present findings should be interpreted as hypothesis-generating

observations rather than definitive conclusions regarding the capabilities of AI tools in peer review. Future studies

involving larger datasets, repeated queries, direct comparison with human reviewer reports, and access to

originally submitted manuscripts are necessary to confirm and extend these observations. Such research would

also help clarify whether the patterns identified here persist under more controlled and reproducible conditions.

Building on this, the single most relevant study that could be undertaken at present would be a prospective, head-

to-head comparison between conventional peer review (conducted by two, three, or four human reviewers) and an

equivalent number of AI tools evaluating the same submitted manuscripts. Such a study could realistically be

carried out only by Publishers willing to extend it across several of their journals, using manuscripts at the point of

initial submission and with the indispensable collaboration of the corresponding Editors. These Editors would

invite human reviewers in the usual manner, while simultaneously submitting the same manuscripts to a

predefined set of AI tools. If this design were applied to a sufficiently large and diverse set of manuscripts and

journals, and the recommendations issued by humans and AI systems proved to be broadly concordant, the

currently acute problem of identifying suitable reviewers willing to complete high-quality evaluations within a

reasonable timeframe could be effectively resolved. If AI tools were to perform adequately as reviewers, it would

seem paradoxical that, with the technologies currently available, the time required for a manuscript to be reviewed

and eventually published should not be comparable to that which was customary in the 1980s, when the entire

editorial workflow relied on ordinary postal mail.
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Conclusions

The present study provides an exploratory cross-disciplinary assessment of the performance of contemporary AI

tools acting as manuscript reviewers within a structured and consistent evaluation framework. By analyzing

twenty-four papers across three distinct scientific domains, the results reveal several consistent and informative

patterns regarding how these systems evaluate scientific manuscripts. A central and robust finding is that AI tools

systematically produced more stringent evaluations than might be inferred from the actual editorial outcomes of

the manuscripts. Across all three disciplines, recommendations of “Major revisions” clearly predominated, despite

the fact that all evaluated manuscripts had already undergone conventional peer review and had been accepted for

publication. Importantly, this pattern emerged even though the AI systems assessed “final, published versions”,

which would reasonably be expected to elicit more favorable evaluations. This observation strongly suggests that

current AI tools tend to apply more demanding and less permissive evaluative criteria than those typically

observed in human peer review.

In this context, the results support the view that AI systems, at least in their current state, can represent not only

complementary tools, but also potential alternatives to human reviewers, particularly in terms of maintaining or

increasing the level of critical scrutiny applied to scientific manuscripts. Their apparent tendency toward stricter

evaluation may contribute to reducing the acceptance of manuscripts that do not meet sufficiently rigorous

methodological or interpretative standards, thereby potentially enhancing the overall robustness of the peer-

review process. An additional advantage of the potential use of AI tools as reviewers, compared with traditional

peer review conducted by scientists, is their neutrality. Editors are well aware that the selection of invited reviewers

is one of the critical steps in the process, particularly in highly specialized fields where the pool of true experts is

very limited. Consequently, it is not uncommon for invited reviewers to be either closely aligned with the authors

or, conversely, individuals with whom scientific or even personal relationships may not be sufficiently neutral to

ensure an unbiased evaluation. These circumstances, which often remain beyond the editors’ awareness, are

largely unavoidable, as in any human-driven activity. However, in the context of scientific manuscript review, they

can introduce substantial bias into the recommendations, an issue that would, in principle, be minimized if reviews

were conducted by AI tools.

A second key finding is the existence of stable reviewer profiles across disciplines, indicating that the behavior of

AI tools is largely determined by their intrinsic characteristics rather than by the subject matter being evaluated.

This consistency reinforces the relevance of AI systems as reproducible evaluative agents, in contrast with the well-

documented variability often observed among human reviewers. Furthermore, the study shows that the quality

and usefulness of reviewer reports are not directly linked to recommendation severity, highlighting that some AI

tools can generate detailed and constructive critiques while maintaining a relatively stringent evaluative stance.
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This combination of structured feedback and critical assessment may represent a valuable asset in editorial

workflows.

However, these findings should be interpreted considering the exploratory nature of the study and its

methodological constraints. It includes the limited sample size, the use of published manuscripts, and the reliance

on single-instance AI outputs. Nevertheless, rather than weakening the main observation, the fact that AI tools

remained highly critical even when evaluating already accepted papers can reinforce the conclusion that their

evaluative approach is inherently conservative.

In summary, the present results suggest that contemporary AI systems have reached a level of performance at

which they can realistically be considered viable participants in the peer-review process, not only as supportive

instruments but also as potentially more stringent and consistent evaluators than human reviewers in certain

contexts. While further large-scale and controlled studies are required to confirm these findings, the evidence

provided here indicates that AI-assisted (or even AI-driven) peer review may play an increasingly important role in

ensuring the rigor and reliability of scientific publishing. Regarding this, a prospective head-to-head comparison

between human reviewers and AI tools, conducted by Publishers across several of their journals on newly

submitted manuscripts, would constitute the decisive next step. Should human and AI recommendations prove

broadly concordant, the persistent difficulty of securing timely, high-quality reviewers could be largely overcome,

and review and publication times could realistically avoid those of the pre-digital era.
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