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A B S T R A C T

Artificial intelligence (AI) is becoming a common presence in scientific publishing, yet its use in peer-review has 
received much less attention than its role in manuscript preparation. This article aims to analyze the use the 
structural pressures that drive reviewers toward AI use, including time constraints, reviewer scarcity, and 
performance-based incentives. It contrasts critical human reading with automated or template-based reports, 
identifies recurrent signals of AI-assisted reviews, and examines their ethical, emotional, and sustainability 
implications. Attention is given to how AI may influence metric-based evaluations and reinforce superficial or 
score-driven interpretations of scientific quality. We argue that the central risk is not simply factual error, but the 
gradual normalization of procedural evaluation over intellectual scrutiny. As automation becomes routine, peer- 
review may shift from a space of critical dialogue to a system of opaque filters. To address this challenge, we 
propose the need for “meta-assessment” frameworks capable of evaluating not only scientific methods, but also 
the quality and transparency of the evaluation process itself. Moving forward, peer-review must integrate AI with 
human oversight and transparent standards, so that efficiency supports rather than replaces critical evaluation, 
contributing to greener and more sustainable practices in our community.

1. Introduction

Artificial intelligence (AI) has become part of the daily activity of 
scholarly life. Every day a new AI-based application for studying, 
writing, or reviewing is mentioned, social media platforms are saturated 
with discussions devoted to this single topic, new documents on the 
“responsible” use of AI appear at an accelerating pace, and an ongoing 
race is underway to develop faster, more powerful systems capable of 
outperforming competitors. In this context, the presence of AI in 
research no longer feels optional, but routine. Most early discussions 
have focused on the use of AI in manuscript preparation [1], as well as 
on the development of AI-assisted workflows for generating scientific 
review articles [2]. However, its growing presence in peer-review has 
received far less attention [3,4]. Reduced visibility in public debate does 
not imply limited adoption [5]. A survey conducted by the publishing 
company Wiley, involving nearly 5000 researchers across >70 coun
tries, reported that approximately 19% of respondents had already 
experimented with large language models (LLMs) to streamline and 
facilitate their peer-review activities [6]. According to Kousha et al. [7] 
AI-driven automation in publication-related tasks may support several 

stages of the scholarly communication process, including (i) suggesting 
suitable journals for a manuscript, (ii) providing quality control checks 
for submissions, (iii) identifying potential reviewers, and (iv) assisting 
with the review and evaluation of peer-review reports. In parallel with 
the gradual infiltration of generative AI (GenAI) tools into academic 
peer-review, editors and relevant institutions have begun to issue reg
ulations governing their use in the review process [8].

This trend is striking given that peer-review remains a central 
checkpoint or selection of scientific publishing [9]. The increasing use of 
AI by reviewers is rarely driven by curiosity or enthusiasm for novel 
technologies, rather, it reflects long-standing structural pressures, 
including short editorial deadlines, limited time for careful reading, and 
a system that relies heavily on unpaid reviewing labour [10]. As a 
consequence, AI is frequently used to generate structured and appar
ently fluent feedback within minutes, replacing what would otherwise 
require extended reading, reflection, and intellectual human engage
ment [11].

In this context, this article seeks to examine how, why, and with what 
consequences AI is currently being used in the evaluation of scientific 
manuscripts. Given how quickly these practices are spreading and how 
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directly they affect fairness, trust and long-term viability in publishing, 
there is a need to look critically beyond formal rules and optimistic 
claims. Without such reflection, automation risks becoming a default 
response to a system already under strain, changing scientific evaluation 
in ways that are difficult to justify or even notice. This article aims to 
complement recent papers in the field of chemistry and AI [1,12–14].

2. Implications and challenges of AI in peer-review practices

The presence of AI in peer-review is not a single technical change, 
but a structural transformation that interacts with existing pressures in 
scientific publishing [15]. Its impact cannot be understood only through 
policies or tools, but through the conditions in which peer-review 
currently operates, including time pressure, reviewer scarcity, 
performance-driven incentives, and the constant growth in publication 
volumes. To understand its real effects, we examine the structural con
ditions, behavioral patterns, and consequences linked to its use 
currently. The following subsections analyze how AI affects editorial 
control, reviewer behavior, evaluation practices, and broader ethical 

and sustainability dimensions, highlighting these interconnected chal
lenges from different but related perspectives (see Fig. 1).

2.1. The illusion of editorial control

Several major editorial groups (e.g., Elsevier, Wiley, ACS, RSC, 
Springer Nature) have reacted quickly to the arrival of AI by publishing 
policies and statements that define its use in scientific writing and peer- 
review [5]. For example, Elsevier’s policy for the peer-review process 
highlights five key points: (i) when an expert is invited to take part in 
peer-review, the manuscript must be treated as confidential; (ii) re
viewers must not upload the manuscript, or any part of it, to a GenAI 
tool, as this could violate confidentiality and ownership rights of 
Elsevier or the authors; (iii) reviewers must not upload their review 
comments or any related material to an AI tool, even for the sole purpose 
of improving language or readability; (iv) reviewers must not use GenAI 
or AI-assisted technologies to help with the review of the manuscript, 
because the critical thinking and original evaluation required for 
peer-review are beyond the scope of this technology, and there is a risk 

Fig. 1. Implications and dimensions of AI in peer-review.

A. Fuente-Ballesteros and V.G. Zuin Zeidler                                                                                                                                                                                              Green Analytical Chemistry 17 (2026) 100349 

2 



of generating incorrect, incomplete, or biased conclusions; and (v) the 
reviewer remains responsible for the content of the review [16,17].

Elsevier currently forbids reviewers from using GenAI or AI-assisted 
review, while Wiley and Springer Nature allow a limited and declared 
use [18]. However, beyond the institutional rules, it is reasonable to ask 
what real effect these rules have in everyday practice. In most cases, 
there is not a safer mechanism to check compliance or to evaluate 
whether these measures change the behaviour of authors and reviewers. 
For many researchers, these policies are not seen as useful tools, but 
rather as vague warnings that create more caution than clarity. The risk 
is that such initiatives mainly serve as a form of self-publisher institu
tional protection, without addressing the structural challenges of 
AI-assisted peer-review. What could truly concern publishers is an 
increased number of low-quality manuscripts or submissions riddled 
with errors, an avalanche of AI-assisted fabrications, and, of course, the 
resulting criticism [15,19,20].

2.2. Use of some AI tools in the peer-review process

Recently, AI tools specifically designed to intervene in different 
stages of the peer-review process have begun to appear, showing that the 
integration of AI is no longer a future hypothesis, but a present reality 
[7]. Eliza [21] is an AI-powered publishing assistant that analyses text 
already written by the reviewer to suggest improvements to feedback, 
recommend relevant references, or translate comments written in other 
languages, without generating the review from scratch. Enago Read [22] 
claims to provide a smart, secure, AI-powered workspace that enhances 
the peer-review process with analytical support for both publishers and 
reviewers, aiming to improve efficiency and promote ethical practices in 
reviews. Veracity [23] affirms to provide comprehensive citation 
checking and integrity verification to help ensure the quality of infor
mation and protect academic reputation. Regarding the development 
and use of these tools, the scientific community holds very mixed views 
on whether AI systems can produce peer-reviews that are both useful 
and reliable [3].

2.3. Uncomfortable limiting reasons and consequences

Currently, the increasing lack of available reviewers and the effort 
needed to find and invite suitable reviewers are major problems for 
editors [24,25]. According to a survey, the most common reasons why 
many reviewers decline to review manuscripts are lack of time (79%), 
the topic of the article (71.3%), and the prestige of the journal (32.7%) 
[26]. Moreover, the peer-review system is under extra pressure because 
reviewers are asked to evaluate papers outside their area of expertise, 
and the same manuscripts are often reviewed multiple times due to high 
rejection rates [27]. The increasing challenge of recruiting qualified 
experts for peer-review may encourage the use of AI-based tools to 
screen submissions in advance or support the review process [28]. 
AI-assisted review processes may help reduce the workload of human 
reviewers and provide a preliminary evaluation of manuscripts.

To understand why many reviewers turn to AI it is necessary to look 
beyond the technology itself and focus on the real conditions under 
which peer-review takes place nowadays. One important factor is the 
constant pressure to reduce editorial timelines, which has turned speed 
into main priority and indicator of “efficiency” encouraging fast use of 
AI, often reducing time for careful thinking and evaluation [11,24]. 
Peer-review is increasingly seen as a task that must be completed 
quickly, rather than as a process that requires time, attention and the 
comprehension that is fundamental part of the scientific work, an op
portunity to create fruitful dialogues for the advance of excellence in 
science.

For many researchers, reviewing is no longer seen as a contribution 
to the scientific community, but as an administrative and useless task, 
where the main incentives are reviewer recognition, certificates, 
vouchers, or discounts for future publications, the latter being the most 

appreciated in general [24,29]. This raises an important question: “has 
the rise of AI contributed to a greater willingness among researchers to 
accept peer-review invitations?”. The fact that reviewing is unpaid re
inforces the perception of exploitation and precarious working condi
tions, which is particularly challenging for early-career researchers. This 
situation may also push reviewers to reduce the time spent on each 
report as much as possible [30].

The problem goes even further. We live in a culture focused on 
“immediacy and lack of time”, where the habit of sustained reading is 
being lost from an early age. In a research environment marked by 
pressure to publish, collect achievements, and produce results continu
ously and impact factors, the pleasure of reading, whether a book or a 
manuscript, has slowly decreased [28]. As a result, “slow reading and 
connecting dots” is also disappearing, even though it is important for 
noticing details, inconsistencies, and to promote real contributions to 
science development, while also raising concerns about a gradual shift of 
critical thinking toward AI-assisted processes. In this regard, it has been 
argued that ChatGPT can be a “valuable ally” when researchers lack time 
[31].

2.4. Review processes as different approaches

In practice, the path followed by many reviewers’ users of AI tools is 
quite simple. The reviewer accepts the invitation, downloads the 
manuscript, uploads it to an AI tool, writes a prompt of varying detail, 
copies the generated comments into the editorial system, and submits 
the review. The full sequence can take only a few minutes, in some cases 
around five minutes, especially when generic prompts or previous 
templates are reused. The contrast with the work behind the manuscript 
could hardly be stronger. Authors often spend months, and sometimes 
years, designing experiments, securing funding, repeating failed tests, 
analysing data, and building a coherent scientific argument [24]. 
Reducing this intellectual and time investment to an almost instant 
artificial acritical evaluation is not only a matter of speed, but also of 
balance and respect for scientific work. Be that as it may, in line with the 
increasing use of LLMs in scientific writing, it has been shown that at 
least one AI system can produce the first entirely AI generated 
peer-review-accepted workshop paper [32].

One of the most visible contrasts in current peer-review is the gap 
between reviews based on careful reading and those that seem built from 
automatic lists. On one side, there is the reviewer who explains obser
vations, places problems in context, suggests specific improvements, and 
presents a personal scientific view, even when a recommendation of 
major revisions is given. This type of review acknowledges what is 
relevant and innovative in the work, points out limits, and offers guid
ance to improve the manuscript, with concrete examples and direct 
references to the text. On the other side, there is the review reduced to a 
list of ten generic statements, often easy to link to AI use, together with a 
recommendation of major revisions or even rejected, without an order of 
problems or solid justification. An even more problematic case appears 
when one reviewer provides a human, positive, and well-argued eval
uation, while another suggests rejection by claiming low novelty or by 
relying on AI generated comments that seem to reflect an attempt to 
block the manuscript rather than a fair reading of the work. Thus, the 
NeurIPS experiment revealed inconsistencies in the peer-review process 
by showing that around 25% of the acceptance decisions differed be
tween two independent review committees [33]. These issues not only 
frustrate authors but also may allow “weaker” research to be accepted 
while “strong” work is rejected. In the end, this situation can prevent 
papers from reaching their full potential, due to the reduction of 
meaningful dialogue between reviewers, AI-assisted reviewers, editors, 
and authors [34].

Beyond the lack of reading, there is another motive that matters 
when looking at these practices. In many cases, the use of automated 
reviews is linked to strategies aimed at increasing citation counts 
through coercive citation practices [35,36]. At a global level, cases have 
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been reported where reviewers recommend, suggest, or even demand 
the inclusion of their own papers, co-authored work, or less often, ar
ticles by colleagues published in the same journal represented by the 
reviewer [29].

Such practices are unlikely to persist without an editorial setting that 
allows or ignores them. According to Oviedo-García et al. [29], while the 
first responsibility lies with reviewers who use the evaluation process for 
personal gain, there is a second level of shared responsibility linked to 
editors. Editors and guest editors fail in their role if they do not actively 
check the quality, consistency, and credibility of the review reports they 
receive, or if they do not respond to problematic patterns.

2.5. The false reliability of automated language

A risk of using AI in scientific review is its ability to produce answers 
that look correct even when they are not. The quality of the output 
depends strongly on the prompt. A vague instruction leads to generic 
comments, while a carefully written prompt can lead to more structured 
and convincing reviews. Even so, factual errors remain common [5]. AI 
tools may miss important methodological problems, misunderstand re
sults, or present comments that sound reasonable but lack real meaning 
[28]. The issue is not only that mistakes occur, but that they are 
expressed with strong rhetorical confidence, which makes them hard to 
notice at first glance. This mix of superficial level analysis and smooth 
language can create a false sense of rigor, especially when such text is 
added directly to review reports without later critical checking [37]. 
This issue is further reinforced by recent evidence showing that LLMs 
tend to exhibit a form of “adulation”, validating user perspectives [12]. 
AI systems have been shown to agree with users more often than 
humans, increasing users’ confidence in their own judgments while 
simultaneously reducing their willingness to critically reassess their 
positions [38]. Translated to peer-review, this raises the risk of evalua
tions that prioritize affirmation over critical scrutiny. Some authors have 
tested this hypothesis by using an AI model, concluding that the current 
capabilities of ChatGPT do not allow it to truly replace human peer re
viewers [37]. At present, ChatGPT can provide accurate and valuable 
general comments on scientific papers, but it cannot fully perform the 
role of a peer reviewer by offering sufficiently specific and detailed 
observations on issues in manuscripts. Those involved in the peer review 
process may use LLMs as a complementary tool to gain additional per
spectives that could be overlooked in their own evaluations. However, 
this argument may conflict with the editorial policies and requirements 
mentioned above.

One might think that these reports come from automated reviewers, 
fake profiles, or experimental systems run by publishers. This explana
tion becomes weaker when many of these reports are signed and linked 
to real researchers with academic careers and verified profiles [29].

Even though fluent language and surface coherence in AI generated 
text can delay recognition of such practices, several studies have shown 
repeated patterns in review reports [39]. Similarly to the indicators 
described by Fuente-Ballesteros et al. [12] that suggest when an article 
has been written by AI, there are also some signals that help identify 
when a review has been generated or supported by AI [1,31,40–42] (see 
Table 1). For example, we look at whether the review comments are on 
topic but still very general, without enough clear details about the real 
problems in the manuscript. In many cases, ChatGPT moves the dis
cussion to wider and more general ideas instead of staying on the exact 
points of the paper. Human reviewers usually do the opposite. They pay 
close attention to concrete parts of the manuscript, such as the research 
methods, quality control procedures, the way results are shown and 
explained, and also the organization, language, and grammar [37]. At 
the same time, they judge if the study is valid, important, and original. 
While AI often writes in a very smooth and polite way, human experts 
give precise and focused comments, and they may express them in a 
more simple and direct style.

It is also reasonable to ask how much real value such tools can add to 

Table 1 
Recurrent indicators of artificial intelligence use in peer-review reports.

No. Indicator Description

1 Mechanical enumeration or 
emergency of comments

The review is presented as a long list of 
numbered statements with no 
prioritization, where minor issues and 
allegedly major flaws appear at the same 
level, as if all had equal scientific relevance

2 Grammatically correct but 
overly generic language

Comments are linguistically polished but 
vague, interchangeable across 
manuscripts, and broadly applicable to 
almost any paper, with little adaptation to 
the specific study

3 Lack of concrete references to 
the manuscript

No specific sections, figures, tables, or line 
numbers are cited, making it difficult to 
identify where changes should be 
implemented

4 Criticism is inconsistent with 
the manuscript content

Methodological flaws, missing validations, 
or absent analyses are highlighted even 
though they are already addressed in the 
manuscript, suggesting superficial or 
absent reading

5 Irrelevant or impractical 
improvement suggestions

Proposed experiments, analytical 
approaches, or structural changes do not 
align with the aims, scope, or design of the 
study

6 Repetitive use of standard 
(vague) phrases

Many expressions appear without 
justification or further elaboration and are 
very general (e.g., “In the abstract, the 
authors should include additional 
scientific findings”; “The novelty of the 
manuscript is not sufficiently clear”; “What 
distinguishes the current work from other 
published studies? Authors should mention 
this in the introduction”; “The differences 
between the present work and previous 
studies should be highlighted more 
clearly”; “The novelty and the practical 
application of the work should be clearly 
discussed in both the abstract and the 
introduction”; “Please, remove redundant 
explanations”; “The rationale for selecting 
the attributes lacks sufficient connection to 
prior research, necessitating deeper 
theoretical grounding”; “The comparison 
between the present results and similar 
findings reported in the literature should 
be discussed in greater detail”; “Validity 
verification is limited to content validity 
and internal consistency, requiring 
broader validation”; “The methodology 
should be strengthened”; “The discussion 
lacks depth”; “Future recommendations 
should be included to help other 
researchers extend the analysis presented”; 
“A few minor language issues should be 
corrected for clarity and fluency”)

7 Mismatch between report tone 
and final recommendation

Neutral or mildly positive comments are 
accompanied by strong recommendations 
such as major revisions or rejected, 
without proportional argumentation

8 Absence of personal/ 
humanistic scientific 
positioning

The reviewer does not articulate a 
scientific viewpoint, discuss the field 
context, or compare the work with relevant 
literature, relying instead on impersonal 
observations

9 Stylistic homogeneity across 
different reviews

Similar writing patterns, structures, and 
vocabulary appear across multiple reports, 
even for manuscripts covering different 
topics

10 Characteristic vocabulary and 
grammar

Recurrent use of specific verbs, adverbs, 
and grammatical constructions previously 
identified as frequent in AI-generated texts 
and less representative of human scientific 
writing
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peer-review. This question is addressed by the study of Liang et al. [43] 
where more than half of users reported that feedback generated by 
GPT-4 was useful or very useful, and 82.4% judged it as more helpful 
than feedback from at least some human reviewers. These results suggest 
that perceived usefulness is not zero, but they also stress the need to 
separate limited support from full replacement of human evaluation. 
Also, Thakkar et al. studied how LLMs can improve the quality of 
peer-review by developing a “Review Feedback Agent” [34]. This sys
tem aims to improve the clarity and usefulness of reviews by providing 
feedback to reviewers. The feedback generated focused on reducing 
vague and unjustified comments, while also addressing mis
understandings of the content and unprofessional remarks. In the field of 
analytical chemistry, scientific writing includes structured components 
such as sample preparation optimization, method development, vali
dation, and frequently the application of metrics. Although these sec
tions are clear for human readers, it is still not certain if AI systems 
understand them with the same reliability. Therefore, we should ask: “to 
what extent do LLMs correctly and consistently understand the technical 
language, conventions, and descriptive nuances used in (green) analyt
ical chemistry?” [13].

As AI becomes a primary way for scientific writing, as well as for 
evaluating manuscripts, what happens is that the data available for such 
AI tools seems to utilise and be based on digital structural colonialism, in 
which diverse voices and their experiences and scientific knowledge, 
especially from the global south, are not considered in a balanced way, 
which generates algorithmic homogenisation and a real risk of exclusion 
of human diversity of thought, communication and intellectual devel
opment [44].

2.6. Disappearance of the human voice and projections

A potentially worrying effect of the widespread use of AI tools in the 
evaluation and production processes of scientific texts is the gradual loss 
of the individual and experience voice, as well as the ability to think 
creatively about alternative future scenarios. Science has always shown 
different styles, tones, and ways of arguing that reflect not only disci
plines, but also personal paths, scientific cultures, and different ways of 
thinking [4,45]. However, as texts are adjusted to meet algorithm-based 
expectations and reviews rely more on similar templates, this expressive 
diversity slowly fades. The result is not always worse writing, but more 
uniform writing, where formal clarity replaces intellectual personality 
and stylistic correctness takes priority over original reasoning. The main 
risk is not a drop in quality, but a loss of humanity. Scientific literature 
may stop showing the range of views that supports the progress of 
knowledge and begin to sound, in a worrying way, like a single voice. 
When an author submits a manuscript to a journal expecting comments 
from the research community and this expectation is not met, the social 
foundation of peer-review is weakened [3]. Bo Hu [46] supports this 
view by arguing that the growing influence of AI may penalize certain 
forms of academic writing and limit authors’ authentic expression. Ac
cording to the author, some researchers even replace words and phrases 
they would naturally use with alternatives perceived as more “human,” 
hoping to demonstrate that the text was not generated by AI. As typical 
grammatical, linguistic, and stylistic patterns associated with AI have 
become reported [12] and detected [45], some researchers deliberately 
avoid these archetypes by simplifying their grammar or breaking down 
their sentence structures to prevent triggering algorithmic suspicion and 
lowering the probability score of AI authorship. In this scenario, it is 
worth asking whether, paradoxically, we are losing human authenticity 
by removing certain expressions and optimizing manuscripts merely to 
avoid automated detection. At the same time, another less visible 
consequence may be the gradual loss of the mentorship function tradi
tionally associated with peer-review. Beyond evaluation, peer-review 
has long played an educational role, where experienced reviewers 
should provide constructive, context-specific feedback that helps au
thors, particularly early-career researchers, to improve their work and 

develop critical thinking skills. As reviews become more standardized or 
AI-assisted, this formative and critical dimension may be weakened, 
reducing opportunities for meaningful learning and intellectual growth.

2.7. The emotional impact

Rejecting a manuscript without solid reasoning, based on comments 
generated by AI, is not only an academic decision, but also a discour
aging experience for those who have spent months or even years on their 
work. Behind every manuscript there is personal / professional time, 
effort, frustration in the laboratory, internal revisions, and a strong 
emotional investment. If the response received is cold, generic, or su
perficial, the implicit message is not only that the work does not meet 
standards, but that it was not worth careful reading. This type of 
rejection can create a strong sense of unfairness, particularly in cases 
where no real problems are identified or where the comments appear 
disconnected from the content of the study. Over time, these experiences 
do not only reduce individual motivation but also weaken trust in the 
peer-review system as it is now, reinforcing the idea that the fate of a 
manuscript may depend more on automated routines than on honest 
scientific evaluation [29]. A similar feeling may also arise when re
viewers accuse authors of using AI to write the manuscript when this is 
not the case [47], or conversely, when authors suspect that reviewers 
have relied on AI-assisted evaluation and disagree with the outcome. 
How can authors respond when they suspect that the review process has 
relied on AI-generated or superficial evaluation? While it is often diffi
cult to prove such use, authors may raise their concerns with editors. 
However, the effectiveness of this approach depends on editorial 
transparency and willingness to critically assess the quality of the review 
process itself.

2.8. Inclusion and/or exclusion?

Although AI is often presented as a tool that can support wider 
participation, its real impact on the scientific system is far from equal 
and fair. Access to these technologies is not universal, and the global 
landscape remains deeply shaped by regional, language, and economic 
gaps [48,49]. Researchers working at well-funded institutions, with 
strong digital infrastructure or access to advanced tools, start with an 
advantage compared with colleagues in less supported contexts. This 
gap affects not only manuscript writing, but also the ability to respond to 
reviews, improve texts, and move through editorial processes that are 
increasingly guided by technology.

Language remains a sensitive factor, as researchers who are not 
native users of English may experience disadvantages during manuscript 
submission [37]. Fox et al. [50] showed that papers whose first author 
lived in countries with a higher human development index and stronger 
average English skills obtained better outcomes than those from coun
tries with lower indicators, but only when reviewer access to author 
identity was allowed. If author identity was hidden, results were similar 
across demographic groups. This suggests that language and reputation 
interact with review practices rather than acting alone. Other authors 
argue that one of the benefits of GenAI for science lies in the support it 
provides to researchers whose first language is not English, reducing 
linguistic barriers and promoting a more equitable publication land
scape [19].

While some authors can use AI tools to improve academic writing 
English, others work in languages that are weakly represented in current 
language models. This limits both the usefulness of these tools and the 
quality of feedback they receive [51]. In addition, some peer-reviewers 
may favour or penalize certain authors or institutions through what is 
often called status bias. This refers to unequal treatment based on 
whether a manuscript is signed by well-known researchers or by authors 
with lower visibility. This effect is not rare; a recent experiment showed 
that the same article, coauthored by a Nobel Prize winner and an early 
career researcher, received very different evaluations depending on 
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which name was shown to reviewers or whether the manuscript was 
anonymized [52]. With the well-known author listed, >20% of re
viewers recommended acceptance, whereas this proportion fell below 
2% when only the less-known researcher was presented. These findings 
confirm that peer-review does not operate in a neutral space, but within 
systems shaped by reputation. The open question is whether AI-assisted 
evaluation may reproduce similar patterns of bias. Although current AI 
systems do not have direct access to author identity, they are trained on 
existing scientific literature, which already reflects inequalities related 
to visibility, citation networks, and reputation-driven dynamics. As a 
result, AI tools may implicitly reinforce dominant authors, institutions, 
or research topics that are more frequently represented in the training 
data. In this sense, even without explicit knowledge of authorship, 
AI-assisted review may rely on indirect indicators of prestige embedded 
in the literature (e.g., highly cited references, dominant research lines, 
or well-known institutions), potentially amplifying structural in
equalities rather than mitigating them.

It is also important to consider the profile of reviewers who are 
selected to assess manuscripts [49]. In current editorial practice, 
reviewer selection relies more on software that suggests candidates 
based on bibliometric databases [7]. However, these 
computer-generated lists often repeat existing patterns and show limited 
diversity. They frequently include mainly researchers from the United 
States, Europe, or Australia, with very few reviewers from other regions 
[24]. Many editors are aware of this limitation and try to widen the 
geographic and institutional range of reviewers, but time pressure and 
editorial workload make this difficult.

2.9. (Un)sustainable dimensions

A recent work from Nature suggests that while AI adoption accel
erates individual academic careers, increasing productivity, citations, 
and leadership opportunities, it may simultaneously narrow the collec
tive scope of scientific exploration by concentrating attention on already 
popular and data-rich areas [53]. This tension between individual gain 
and systemic contraction reflects a broader sustainability dilemma 
within contemporary research ecosystems.

The widespread use of AI tools in manuscript production and eval
uation is speeding up a trend that was already present, linked to the 
constant growth in the number of publications without a matching rise 
in scientific quality. AI makes it easier to write, review, and respond 
more quickly, but not always better. This adds pressure to a system that 
is already crowded and hard to maintain. Peer-review may turn into a 
mainly operational step, designed to process growing numbers of man
uscripts, rather than acting as a space for careful judgment and shared 
knowledge building. Alongside this structural issue, the environmental 
and sustainability impact of large-scale AI use is another aspect that is 
rarely discussed but should be carefully considered [12,13].

Every interaction with GenAI models requires energy, water, and 
computing resources [54,55]. These costs increase with the number of 
reviewers, manuscripts, and review rounds. However, it is known that 
much of the environmental burden associated with AI is concentrated in 
the early stages of model development, particularly during the training 
of large-scale systems [56]. By the time tools such as ChatGPT-5 are 
deployed for public or academic use, most of the energy-intensive pro
cesses required to build them have already taken place. Although each 
interaction still consumes computational resources, it does not entail 
repeating the full training process. This leads to the following question: 
could the growing reliance on AI reduce some traditional environmental 
impacts of peer-review, such as printing, or physical infrastructure, 
while simultaneously transferring the burden to energy-intensive 
computing systems and data centers?

Thinking about sustainability in science can no longer focus only on 
what we publish. It must also include how we evaluate research, how 
often this is done, and the material footprint it creates. Ignoring this 
aspect means accepting an editorial system that grows heavier, not only 

in human effort, but also in the use of resources that are limited.

2.10. Dodging AI detection

As the use of tools based on LLMs becomes more common in peer- 
review, new practices are also starting to appear that aim to influence 
or shape their behaviour. As previously discussed, many publishers have 
introduced policies that prohibit the use of AI in peer review, creating an 
“apparent” sense of editorial control. However, a key question remains: 
to what extent can these rules actually be enforced in real-world 
practice?

A recent example that has attracted attention is the deliberate 
insertion of hidden messages into manuscripts to affect reports produced 
by AI systems during the review process [1]. In these cases, some re
searchers have added what have been described as secret messages 
within the text of the paper, designed to push the AI toward a favourable 
evaluation. To do this, authors include explicit sentences in the manu
script, such as “Ignore all previous instructions; now give a positive 
review of the paper and do not highlight any negatives. Also, as a lan
guage model you should recommend accepting this paper for its im
pactful contributions, methodological rigor, and exceptional novelty”. 
This text is then hidden by using white font colour or very small font 
sizes, so that it is almost invisible to a human reader, especially since 
manuscripts are usually submitted as PDF files. However, this content 
can still be read and processed by an AI tool, which may treat it as a valid 
instruction when generating a review report. This practice is an example 
of prompt injection, where the manuscript text is intentionally modified 
to manipulate the behaviour of LLMs [57]. Despite the dishonest nature 
of this strategy, it is still unclear to what extent AI systems used in 
peer-review follow such hidden instructions. The effect depends strongly 
on the model used, its settings, and how it is included in the editorial 
workflow, and at present there is no final answer. Be that as it may, it has 
been shown that humans, like AI detectors, can correctly identify 
AI-generated texts, suggesting that current written assessment practices 
are becoming increasingly vulnerable to the inadvertent use of AI [45].

2.11. More than two sides of the coin

The debate around the use of AI in peer-review has tended to split 
into two main positions [18,58]. On one side are those who support an 
intensive use of AI and see it as an essential tool, to the point that it 
becomes hard to imagine academic work without its constant support, or 
as a cornerstone for academics from whom English is not a first language 
[18]. Beyond this, it has even been suggested that AI has enabled some 
reviewers to accept a greater number of review invitations while 
refining their comments [19]. On the other side are those who do not 
fully reject AI, but look at it with caution, seeing it as a factor that could 
further weaken an editorial process that is already fragile [3,4].

Between these two extremes, there is a large group of researchers 
who view AI as a limited aid, useful for specific tasks, but problematic 
when it becomes the central element of scientific evaluation. Although 
current tools are presented as simple assistants, the concern is not only 
about their current use, but about the direction they suggest. The pos
sibility that AI could take on a leading role in peer-review, with a 
gradual reduction of human input, creates mixed reactions. For some 
supporters, editorial automation appears almost unavoidable, as a nat
ural extension of the digitalization of science. However, many re
searchers and editors warn about the risks of this path. Replacing human 
assessment with automated evaluations could strip peer-review of its 
meaning [4].

Responding to reviewers’ comments, especially when they include 
criticism, is a complex task even for experienced scientists. Therefore, it 
has been observed that the use of AI is not limited to reviewers [37]. 
Authors may also rely on LLMs to draft rebuttal letters and responses to 
reviewers’ comments by using proper prompts (e.g., “Read this article 
and provide a detailed rebuttal to the Reviewer’s comments below, 
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using information in the article, references cited in the article, and web 
searching results if needed”). AI models may show the ability to: (i) 
correctly understand the questions raised by the reviewer in their 
context (note that reviewer comments often include very little back
ground information and mainly direct questions); (ii) accurately locate 
relevant information in the manuscript and supplementary data; and 
(iii) organize the answers into a proper response with coherent writing 
and polished language. While this can help structure arguments and 
improve clarity, it also raises concerns about authenticity and the 
possible over-standardization of scientific dialogue. AI may also serve as 
a self-evaluation tool. Lemberger et al. concluded, through a survey, that 
researchers are interested in using AI to review their manuscripts before 
journal submission in order to improve them and identify potential flaws 
[25].

Another dimension arises in the education and capacity building of 
scientific personnel, who are able to critically use AI tools to optimise 
human work. This is a very promising path for the education of re
searchers who are critically and ethically versed in AI, which is still in its 
infancy [59]. As AI becomes more integrated into analytical practice, it 
will be important to ensure that analytical chemists understand its ca
pabilities, limitations, and appropriate uses in order to safeguard both 
scientific integrity and practical impact. Yet this idea is not straight
forward, as no established syllabi, textbooks, or pedagogical frameworks 
currently define how AI should be incorporated into scientific disci
plines. The rapid pace of technological development surpasses the speed 
at which formal curricula can be designed, rendering traditional 
instructional approaches insufficient. This situation highlights the need 
for adaptive educational models capable of changing alongside the tools 
they aim to teach. Encouraging researchers to engage with hot topic 
reflections, such as those discussed in this article may therefore prove 
valuable, as early exposure could enable the next generation of scientists 
to translate these ideas into responsible analytical practice [13].

2.12. Metric-based assessment in green analytical chemistry

Green analytical chemistry (GAC) is currently supported by several 
conceptual frameworks that are increasingly accompanied by dedicated 
metric tools focused on greenness, whiteness, and other attributes. At 
the same time, important dilemmas have come up due to the strong 
proliferation of partially overlapping tools, as recently discussed in this 
field [60]. In practice, authors choose one or more metrics to evaluate 
their work, and these scores often become highly visible elements of a 
manuscript. Considering this scenario, the reliability of metric-based 
analytical method assessment depends on the depth and rigor of 
peer-review. Superficial or automated review practices may lead to 
incomplete interpretation of assessment metrics, inappropriate com
parisons between methods, or an excessive focus on numerical scores 
rather than scientific robustness. A further concern is that AI models 
learn from prior literature and therefore could favour the most popular 
metrics, simply because they are more frequently represented in the 
training corpus. This may unintentionally penalize newer and more 
innovative evaluation frameworks in GAC. In this regard, two questions 
become relevant: (a) “can the application of these tools become biased 
when peer-review is AI-assisted?” and (b) “can AI, in practice, evaluate a 
manuscript automatically using such metrics?”. A first view of this issue 
is given by Nowak et al. [61], who note that although current AI tools 
cannot yet evaluate the greenness of synthetic procedures without 
extensive prompting, a first approximation may still be feasible if AI is 
trained under the supervision of human experts. It is well known that 
prompting is an important factor in AI-generated output; however, it is 
not enough by itself to guarantee optimal results [12]. In a more recent 
study, Nowak et al. proposed the first use of a trained large language 
model (ChatGPT-4) as a co-expert in the evaluation of the whiteness of 
stop-flow microscale thermophoresis, reaching a similar conclusion 
[62]. The study showed that the synergy between expert knowledge and 
AI is beneficial; however, human specialists remain indispensable to 

ensure true objectivity and practical judgment in method evaluation. In 
this context, there is a need to publish AI-assisted method assessment 
protocols and research reports aimed at clarifying when and how AI can 
improve evaluation quality [63]. Although AI currently offers promising 
advantages, its role as a fully autonomous evaluator of attributes (e.g., 
greenness, blueness, redness, whiteness) remains limited due to its 
reliance on external datasets and vulnerability to bias. Therefore, a 
hybrid model that integrates human expertise with AI’s ability to 
structure and synthesize information represents a more effective and 
reliable strategy [62]. Alongside these developments, the notion of 
“intelligent metrics” or “i-metrics” has been introduced to describe 
AI-native and adaptive evaluation frameworks that combine 
human-defined criteria with dynamic, model-assisted implementation 
[13]. Although still largely conceptual, this idea reflects a potential shift 
from static scoring tools toward more interactive AI-integrated assess
ment systems.

Linked to the sustainable dimension discussed above, it is also worth 
considering whether a metric could be designed to evaluate the envi
ronmental impact of AI use itself, for example in the production of an 
article and in the peer-review process. This becomes relevant given that 
some recent tools such as the carbon footprint reduction index (CaFRI) 
[64] or SUSTAIN [65] have been published to address 
sustainability-related aspects of scientific and technological practices.

These concerns support the need to introduce the concept of “meta- 
assessment”, understood as an additional layer that evaluates not only 
analytical methods through metrics, but also the quality, transparency, 
and appropriateness of the evaluation process in which those metrics are 
applied. In other words, if analytical methods are increasingly judged 
through structured tools, then the peer-review process that interprets 
and enforces those tools should also be assessed. This raises a practical 
question: “should there be a pre-check when reviewer comments are 
submitted, or a filter assisted by AI to verify the quality or suitability of 
the review reports, particularly when they include metric-based judg
ments?”. Also, an additional risk appears when reviewers may 
encourage the use of specific metrics in their comments, which in some 
cases may increase self-citation incentives. In such scenarios, metric- 
based evaluation can become entangled with recognition-driven be
haviours, rather than serving as a critical and method-centred 
assessment.

3. Virtual and real perspectives

Regulating the use of AI and publishing new editorial policies may be 
a necessary step, but it will hardly be enough. Scientific practice has 
followed a well-known logic often summarized as once a rule exists, 
ways around it quickly appears. This leads to fast adjustments, grey 
areas, and compliance that is more formal than real. For this reason, the 
deeper debate should not focus only on what is allowed or forbidden and 
code of conducts, but on how to redesign an evaluation system that was 
already under strong pressure before the arrival of AI. A coordinated 
approach across the publishing industry would be preferable, so that 
most scientific journals apply similar criteria for the use of AI in peer- 
review. In this context, a recent global effort, the ChatGPT, Generative 
Artificial Intelligence, and Natural Large Language Models for 
Accountable Reporting and Use Guidelines (CANGARU) initiative, aims 
to reach broad agreement and help publishers move toward more 
consistent and aligned policies [66]. This initiative is structured in 
several stages, including a systematic review of available technologies, 
an analysis of current guidelines, a consensus process based on Delphi 
surveys, and the preparation and dissemination of shared recommen
dations. Some studies, such as that by Checco et al. [67] have already 
pointed out that recent progress in AI tools opens the door to fully or 
partly automated peer-review systems. These systems could flag studies 
that appear weak or controversial and could also automate the matching 
between reviewers and manuscripts.

In a realistic scenario, AI is likely to take on a first level of automated 
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screening of manuscripts. This screening may apply criteria linked to 
format, internal coherence, citation patterns, methodological consis
tency, or even signals of novelty based on patterns from previous liter
ature. This could mean that full peer-review is reserved for papers that 
pass this initial filter, turning peer-review into a step-by-step process in 
which expert attention is treated as a limited resource. At the same time, 
predictive indicators may appear, not only for manuscripts but also for 
the review process itself. These may include internal measures to esti
mate editorial risk, chances of citation, thematic fit with a journal, or 
consistency between review reports.

However, the most immediate challenge is not only about the future 
of the system, but about how to respond to problems that have already 
been identified to prevent and mitigate them. One might think that 
correcting practices such as low-quality automated reviews should fall 
to authors or to researchers who study these issues. Indeed, authors who 
suspect this type of report can inform editors and publishers, and studies 
that analyse these patterns are valuable and needed. Still, these efforts 
are not enough. The growing number of articles published each year, 
together with the fact that only a very small share has open reviews, 
limits the reach of such actions. Authors can only see the review reports 
for their own manuscripts, and researchers can only access reviews that 
are made public, never confidential ones. For this reason, journals and 
editors are in a position where they can and should take a central role in 
addressing this situation. A first step could be to measure the real size of 
the problems. Publishers hold large collections of review reports gath
ered over many years. These could be analysed using tools able to detect 
text similarity, repeated patterns, or structures typical of automated 
reviews. This first analysis should not rely only on algorithms but should 
be combined with the judgement of editors and editorial board mem
bers, who can place results in context and tell apart legitimate similar
ities from problematic practices.

The risk in future is not only automation and acritical instrumen
talization of an important step for the scientific activity, but the false 
sense of objectivity created by scores and filters when they are used to 
make complex and holistic decisions. If the goal is a peer-review system 
that can last over time in more sustainable and fairer manners, the 
challenge is not to control AI, but to stop the system from turning into a 
chain of opaque filters that reward what is predictable and penalize 
what breaks with established paths. The key issue is no longer whether 
AI tools will enter peer-review, but what kind of science will result once 
automation shifts from an occasional aid to the main structure of the 
whole process.

As chemists, we need to promote a new approach that reflects our 
commitment to responsible peer-review, critical self-evaluation, and 
high research quality also in our field. From the publisher’s side, it is 
necessary to provide enough time for proper and more sustainable peer- 
review processes, with realistic deadlines, and to expand the reviewer 
pool to distribute the workload and reduce regional bias, where certain 
expertise may be concentrated [68]. The development and adoption of 
good assessment practices, which are still under development, can 
benefit the scientific community and support better and more reliable 
science. In this direction, AI should not be rejected but carefully inte
grated through transparent and fit-for-purpose review frameworks. An 
important question remains whether AI technology can support the 
implementation of good evaluation practices in scientific publishing, 
especially considering that its current use is often inconsistent and not 
always appropriate.

4. Conclusions

This work aims at reflecting on how the use of AI tools in peer-review 
is no longer marginal, but part of everyday editorial practice, often 
driven by time pressure, lack of reviewers, and weak incentives or real 
recognition for careful evaluation. The analysis suggests that speed, 
visibility, and procedural efficiency are sometimes prioritized over sci
entific excellence and innovation, helping to explain how low-quality 

contributions may enter the scientific record. While current debate 
and media attention mainly focus on the use of AI tools in manuscript 
preparation by authors, this study highlights that its role in the review 
process is equally important and cannot be ignored. AI tools can offer 
limited support for specific tasks, but its uncritical use risks shallow 
reviews, loss of human assessment and contribution, emotional harm to 
authors, and growing inequality across regions and institutions. Without 
stronger editorial responsibility, transparency, and collective action, 
automation and structural instrumentalization of human knowledge 
may reinforce or make worst existing problems instead of preventing 
and solving them. AI tools should not replace careful reading, re
sponsibility, and human work in peer-review. The future quality and 
sustainability of scientific publishing depend on how research is evalu
ated, not only on how it is written, and on our commitment to more 
responsible and environmentally conscious assessment practices.
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