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Abstract

In  drafting  On  the  Origin  of  Species,  Charles  Darwin  developed  his  thoughts  through  extensive 

correspondence with trusted colleagues, seeking feedback on ideas, manuscripts, and proofs. This informal 

peer-review process, like many others of its time, was based on personal trust, academic respect, and 

reputation rather than guided by any institution, and it helped pave the way for modern peer review. Today, 

peer review has been largely corrupted by corporate greed: a handful of dominant mega-publishers exploit 

reviewers (and to an extent also editors) as an unpaid, external workforce expected to supply scientific 

judgement, quality control, and career signalling that journals package and sell but do not themselves 

produce. Amid an ever-increasing volume of review requests reaching researchers' inboxes daily, many 

respond by declining invitations outright, if they respond at all. Others accept but rely heavily on AI, since 

this  saves  time and a  few more  reviews will  look good on their  Web of  Science profile.  Thorough 

intellectual assessments are becoming increasingly rare. The current system is not sustainable, and change 

is urgently needed before expert judgement is fully displaced by speed, prestige signalling, and machine-

written reports. Solutions include distributing unpaid peer-review labour more wisely, prioritizing non-

commercial  publishers  and  academia-friendly  journals,  exploring  alternative  business  models,  and 

redesigning peer review so that human expertise is concentrated on tasks requiring scientific judgement 

while low-order tasks are supported by AI. Above all, researchers, editors, funders, publishers, and societies 

should stop treating review as free certification labour and instead recognize it as a scarce scholarly resource 

that must be used where it contributes most to scientific quality.

Keywords: academic labour; large language models; publish or perish; research assessment; scholarly  
publishing
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1. Introduction

Every academic knows the moment. You casually mention “peer review” at the coffee machine and within 

seconds you are flooded with anecdotes: a close colleague who pasted the latest review they received into 

an AI-detector and was told it was “100% machine written”; another who now reviews only for society-led 

journals, proudly declining all other invitations; or that grumpy professor who no longer reviews because 

“it’s a waste of time and nobody pays me.” Such strong opinions are unsurprising, as peer review and 

scientific publishing lie at the core of academic life, shaping not only our day-to-day work but also our  

career prospects. And the system is increasingly distorted by the pressure to publish, by speed, and, above 

all, by the greed of major publishing houses. But it has not always been this way.

Until the mid-twentieth century, scientific publishing was a limited, society-led service run by 

academics in support of scholarship. Peer review typically meant an editor or a board, all leading experts  

in their respective fields, outlining research agendas and deciding whose work to publish. After World War 

II, the rapid expansion of research transformed the scale and organisation of scientific publishing (Box 1): 

the number of journals indexed in Scopus rose exponentially, and the number of articles per journal, roughly 

constant until 1980, expanded dramatically (Thelwall & Sud, 2022). Published papers grew by about 47% 

between 2016 and 2022 (Hanson et al., 2024), reaching over 3.4 million new publications a year – one  

every 9.2 seconds. And volume is just one side of the equation: individual papers have become more 

methodologically complex and densely packed with information (Munafò et al., 2017; Cordero et al., 2016), 

less understandable by a wider audience (Plavén-Sigray et al., 2017; Bannet & Doubleday, 2020), and less 

disruptive (Park et al., 2023; Kanavagh, 2025), despite an increase in novelty-related language (Mammola, 

2020; Ottaviani et al., 2025). With editors struggling to keep up with this volume and being asked to assess 

topics often far from their own expertise, sending manuscripts to external reviewers became the norm 

(Burnham, 1990; Baldwin, 2018). 

The 'commercial journal industry', typified by Pergamon Press, was built on this expansion: it 

launched narrow specialist titles and sold library subscriptions to the whole bundle instead of circulating 

papers as a society service (Fyfe, 2022). A handful of publishers scaled the model, bought or displaced 

society lists and smaller journals, and now occupy the oligopoly of scholarly communication. This was 

made possible by building revenue streams around the unpaid labour of writing, editorial, and peer-review 

work: first as buyable print and library subscriptions, then through Open Access fees (Article Processing 

Charges,  APCs)  payable  by  authors,  institutions,  and,  increasingly,  countries  via  read-and-publish 

agreements such as DEAL in Germany, Jisc in the UK, and Bibsam in Sweden.  Indeed,  by signing  

Copyright Transfer Agreements, researchers (and, indirectly, labs, universities, or even countries standing 
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behind them) often legally transfer the exclusive rights on their own work to journal publishers, effectively 

abdicating control over how their research can be used, shared, and disseminated. Costs were further 

reduced by moving the remaining paid production work, such as copy-editing and typesetting, to in-house 

offices or third-party vendors in lower-cost labour countries, notably India and the Philippines (Sallaz,  

2013). The result is a multi-billion dollar industry with profit margins of ≈32–38% (van Noorden, 2013; 

Beigel et al., 2025), largely financed by taxpayers, with little to no money reinvested into public libraries, 

academic  societies  (some  of  which  have  agreements  with  publishers),  or  community-based  journals 

(Receveur et al., 2024; Galtier et al., 2026). 

This commercial model has stretched reviewers from occasional editorial advisors into an unpaid, 

external workforce expected to supply scientific judgement, quality control, and career signalling that  

journals  package  and  sell  but  do  not  themselves  produce  (Arboledas-Lérida,  2024).  In  2020  alone, 

researchers contributed a conservatively estimated 100 million hours to journal reviewing worldwide; the 

estimated value of the time contributed by US-based reviewers alone exceeded USD 1.5 billion (Aczel et 

al., 2021). Typically, reviewers are asked to undertake up to four tasks at once: (1) decide if the manuscript 

belongs in that field and journal; (2) identify inconsistencies and flaws; (3) improve the manuscript; and (4) 

judge its likely citability for the journal’s standing. These tasks are often performed under tight deadlines, 

with some journals allowing two weeks or less for review, and often just a few days for an editorial decision 

afterward because in the end, the quicker the turnaround time of a publishing process, the more a publisher 

can profit and promote its own efficiency metrics. And because journals already do most of the ‘signalling’ 

for careers and citations under the disguise of anonymous peer-review, what remains for the reviewer is  

error-checking and improvement – tasks that are often rushed, left incomplete, or dropped altogether. 

Much (digital) ink has been spilled discussing how the peer-review system is intrinsically faulty 

(Nature Microbiology, 2018; Amaral, 2022; Haubrock et al., 2026) and resistant to change (Ferreira et al., 

2016), how increasingly difficult it is to find reviewers (Albert et al., 2016; Fox et al., 2017; Lamberts et 

al., 2025; Montagna, 2026), how the quality of reviews is deteriorating (Peterson, 2020, Oviedo-García, 

2024), and how the emergence of Large Language Models (LLMs) and other Artificial Intelligence (AI)  

tools has the potential to revolutionise the entire publishing and peer review world within a few years (Saad 

et al., 2024; Ebadi et al., 2025; Miao et al., 2026; Naddaf & Van Noorden, 2026; Brainard, 2026). Left to  

individual incentives, the present arrangement is unlikely to end well. When confronting these imbalances, 

two extreme responses are individually rational: decline to review, or let an LLM assist or draft the report. 

Both follow the same cost–benefit logic: the work is unpaid (with a few exceptions) and the effort behind  

a report is invisible to the research community, so a model that produces usable text at almost no cost is a 
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tempting shortcut. But what is rational for individuals could be harmful to the collective. Piecemeal fixes  

(paying reviewers, opening reports, reviewing only for academia-friendly journals, or unifying review 

guidelines; reviewed in Ferreira et al., 2016) each touch only a sliver of the burden, leave the bottlenecks 

and incentives in place, and can undercut one another. We are not here to add another complaint to the pile, 

as  the  diagnosis  has  been  made  often  enough.  Rather,  after  briefly  touching  upon  the  flaws  of  the 

contemporary peer-review system, decisions when to accept a review request, and the do and don’ts of AI-

use, we make the case for a single, coordinated position in five claims, which are discussed in detail in  

Section 5 and summarized in Box 2. While our focus is on peer-reviewed journal papers, several of these 

ideas may apply to other peer-review outputs, including books, book chapters, and grant proposals.

Box 1 │ A brief history of peer review

Peer-review originated in the 1600s and was predominantly an internal process (Ferreira et al., 2016). External  

refereeing is much younger and more contingent than the origin myth that Henry Oldenburg invented peer review 

in 1665 when he launched Philosophical Transactions of the Royal Society suggests (Spier, 2002), which ran on 

editorial correspondence, not independent reports. Collective society vetting (Royal Society of Edinburgh from 

1731; the Royal Society’s Committee of Papers from 1752) was still an in-house filter, and independently written 

referee reports only became routine at the Royal Society after Whewell’s 1831–32 reform. 

Until the mid-twentieth century, there was more journal space than copy and scientific publishing remained a 

limited, society-led service run by academics in support of scholarship, so editors and assistant boards solicited  

papers rather than rejecting them. The burden of publishing and guarding research was primarily shouldered by  

scientific societies, while peer review typically meant an editor or a board, all leading experts in their respective 

fields, deciding whose work to publish. The scale of the publishing system was certainly constrained also by 

technology: manuscripts were handwritten unique objects that could not be circulated cheaply, and even after  

typewriters and carbon paper (1890s) produced three to five copies, Science and JAMA still did not send work to  

outside reviewers until after 1940, while Nature made external refereeing mandatory only in 1973.

Only the commercial Xerox photocopier (from 1959) made true externalisation affordable, just in time for postwar 

research volume finally outstripping pages, turning occasional editorial advice into the mass, unpaid filter known 

as peer review that is now treated as science’s gold standard. Moreover, the same unpaid labour system was built  

into the U.S. National Institutes of Health after World War II and subsequently other funding agencies globally, so 

that public money is still allocated by a volunteer filter (though often grant reviewing is modestly paid), required to 

score tens of thousands of proposals a year (Mandel, 1996). 

With the advent of the internet, however, the costs of producing and delivering printed issues suddenly disappeared, 

allowing  an  escalation  of  the  system.  Publishers  do  have  real  costs,  including  peer-review  administration, 
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production, and online hosting (Van Noorden, 2013; Naim et al., 2021). Yet, much of that production is outsourced 

as low-cost typesetting and copy-editing, often in countries such as India and the Philippines, where highly skilled 

and advanced editing labour is  cheaper than in other  countries,  and is  now being automated where possible 

(Lundblad, 2025). Grossmann & Brembs (2021) estimated efficient publication costs at about US$200–

1,000 per article (typically ≈US$565–723 for a conventional journal publishing 100–1,000 papers a year), 

against  a  commonly  cited  subscription-equivalent  price  per  article  of  about  US$4,000.  Meanwhile, 

reviewers  globally  are  not  paid  but  sometimes  ‘rewarded’  with,  e.g.  non-stackable  ~15% reviewer  APC 

discounts (≈€400 off a €2,000–3,000 fee) or discounts on scientific books, steering public money and 

future submissions straight to the same commercial houses bypassing institutions and researchers.

2. What failed and why

Many reviewers take on peer-review work out of a sense of duty to the system and in the hope of reciprocity, 

expecting that their own manuscript or application may meet a competent reviewer (the so-called 'golden 

rule of reviewing'; McPeek et al., 2009; Dobusch et al., 2026). The stakes are not trivial: the ultimate 

decision may affect not only a project or paper, but potentially whether someone else's lab, contract, or 

career continues (especially for early-career researchers; Haubrock et al., 2026). Although the possibility 

for reviewers to learn something new, gain inspiration for new research avenues, and keep up with the latest 

research  is  real,  reviewing  for  journals  does  not  always  offer  practical  or  professional  advantages. 

Concomitantly, reviewing rarely contributes to a resume, leaving the same limited pool of reviewers to  

'certify' a rising volume of papers and proposals while journals and funders capture the career credit and  

related prestige (Fleming and Harley, 2024). What is being lost are the essential incentives to review, often 

culminating in review fatigue (Breuning et al., 2015; Johnson et al., 2018), and the faith in the process as 

transparent and fair (Ho et al., 2013). Combined with peer-review invitations too often mismatched with  

reviewers’ expertise (Publons, 2018; Meyerson et al., 2025), peer-review may contribute to declining peer-

review quality  (Else, 2024) and increasing turnaround times (Björk et al., 2013). Evidence is therefore  

pointing towards the review system reaching a breaking point.

These days, editors spend as much time searching for reviewers as reading manuscripts (e.g. >10 

invitations may be needed to secure reviewers where two or three once sufficed; Lamberts et al., 2025) and 

have to rely on editorial board members to frequently step into reviewer roles, slowing editorial decisions 

and increasing desk rejections (Kaltenbrunner et al., 2022). Most reliable reviewers are often early-career 
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researchers known to be ‘more available’ and in need of recognition (Meyerson et al., 2025), resulting in  

an increasing burden on them (Haubrock et al., 2026). Difficulties in recruiting reviewers may also lead 

editors to broaden their search beyond the most directly relevant experts, potentially creating a trade-off  

between reviewer expertise and availability. Reviewer reports may then become overdue, often rushed and 

of lower quality, and in some cases partly (or entirely) AI-generated (Russo et al., 2025). Those distortions 

are amplified by misuse of the review itself: review reports that are used to insert the reviewer’s own 

citations, or to kill a paper by a non-colleague or rival rather than to judge the work fairly. It is unsurprising 

then, that peer review, once the hallmark of scientific quality, is now dubbed “slow, inefficient, costly,  

haphazard, biased, subject to abuse, and inaccurate” (Aczel et al., 2025: p. 1). 

Meanwhile, to ensure manuscript processing and publishing speed, journals often impose very short 

turnaround times for reviews and editorial decisions, and often revert to undue rejection of otherwise 

potentially  valuable  contributions  instead  of  sending  manuscripts  out  to  additional  reviewers, 

disincentivizing further submissions by authors and lowering willingness to review (Seghier, 2025). And 

since  timely  manuscript  handling  is  crucial  for  researchers,  often  journals  make  a  “rejection  but 

resubmission encouraged” decision instead of “major revisions”, so that the revised manuscript counts as a 

new submission and the processing time appears faster in the journal’s metrics. Yet journals continue to  

frame peer review as a professional duty while commercialising its role as a mark of quality and pressuring 

editors to increase publication output; editors who prioritise rejecting weak work have been sidelined when 

their  standards  conflict  with  this  growth  model  (Boon  &  Baxter,  2023).  Publisher  contracts  now 

increasingly tie an editor-in-chief’s renewal to a quota of accepted papers, and route rejected manuscripts  

into sister journals, often fully open-access, rather than out of the portfolio (Siebert, 2018), pushing editors 

to lower the bar so that volume, and revenue, can be kept up.

3. Who to review for

If reviewing is scarce, largely uncompensated scholarly labour, the first decision that matters is no longer 

whether to review, but for what journals to review for. In practice, many are more willing to review for 

prestigious journals or funders rather than for low-impact journals due to the signalling value. Ideally, 

however,  one  would  prioritize  academia-friendly  journals  run  by  researchers,  academic  societies, 

universities,  or  museums  [e.g.  the  DAFNEE database  (Galtier  et  al.,  2026)  or  the  PEEER network 

(https://peeer.net/)], or even publishing platforms led by public research funders, such as Open Research 

Europe (European Commission, 2026). Some of these venues are Diamond Open Access, free for readers  

and authors. Others charge APCs, but being backed by an academic entity, may recirculate part of their 

revenues back into the academic community (e.g. prizes for students, travel grants, best-paper awards) 
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(Receveur et al., 2024). While these features are not a guarantee of fair journal practices, they are useful 

guides to navigate amidst increasingly crowded journal portfolios. Conversely, journals that simultaneously 

charge authors high fees and make a business of mass-publishing treat peer review as ‘raw input’ and 

therefore disregard the consequences of unpaid labour. It is therefore entirely rational for reviewers to take 

such considerations into account when deciding where to contribute their labour, and the same logic would 

apply when choosing where to submit manuscripts (McGill et al., 2018; Receveur et al., 2024; Galtier et  

al., 2026). 

However, no-fee journals are not free to run either and in a market dominated by relatively few 

publishing houses, their costs must be borne elsewhere – institutions, societies, libraries, funders, or through 

in-kind  and  an  increasingly  exhausted  volunteer  academic  labor.  Publishing  preprints  and  especially 

community commenting on preprints can perform part of the dissemination and evaluation traditionally 

organized by journals, without a commercial publisher in the middle and could become part of a sustainable 

long-term solution where big publishers are not needed anymore. However, although preprints have greatly 

expanded access and dissemination (Fu & Hughey, 2019), they have not displaced established journals as 

the main source of certification and prestige in research assessment. For example, the launch of Peer-

Community In (PCI; https://peercommunityin.org) in 2016, moving the peer-review activity to preprints 

regardless of the final journal where the manuscript will be published, has grown steadily but did not take 

off widely after 10 years (Class et al., 2026). 

Choosing where and for whom to review is therefore a form of important rationing, not a substitute 

for a different publishing system. Publishing and reviewing only for non-commercial journals may also not 

be the default best option in all cases. Especially for early-career researchers facing hiring and funding 

panels, a lower journal rank, a missing ‘top-journal’, or fewer citations can become a penalty in many 

assessment systems (McKiernan et al., 2019; Lim et al., 2025), despite longstanding initiatives to reduce  

reliance on journal-level metrics (e.g. rankings, impact factors; Krauss et al., 2023; Bordignon et al., 2023). 

As these declarations are often ignored due to the real need to rank applicants using tangible metrics, authors 

remain forced to target journals whose titles carry prestige in assessment, even though journal-level metrics 

are poor proxies for the quality of individual papers (Brembs et al., 2013; Hicks et al., 2015) – after all,  

reading a paper and understanding the science behind it takes time. Publishers extend the brand to capture  

that behaviour, as in the proliferation of closely related journals or spin-offs from already large journals,  

which expand the inventory of APCs and read-and-publish slots, so volume itself becomes the margin 

(McGill,  2024; Hanson et al.,  2024). Advising early-career researchers to use only academia-friendly  

journals, while leaving assessment unchanged, is therefore unlikely to be effective – although some ‘high-

status’ journals do appear in such lists (Galtier et al., 2026). A sound paper in a community journal may  
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still be disadvantaged in assessments that treat journal titles as proxies for quality, whereas people on short 

contracts cannot treat that as a moral luxury.

4. Where AI fails

Reviewer  judgement  is  often  far  from  reproducible:  a  meta-analysis  of  48  studies  covering  19,443 

manuscripts found low inter-rater reliability between independent reviewers (Bornmann et al., 2010). Such 

disagreement does not necessarily imply error, as competent reviewers may legitimately differ in their 

assessments  of  rigour,  novelty,  significance,  and  interpretation,  often  because  of  high  specialisation 

(Teixeira da Silva, 2026). Still, this limited reproducibility has fuelled interest in AI as a more standardised 

and consistent evaluator. LLMs can indeed be more consistent than humans (Joachim et al., 2025; Li et al., 

2026) and can identify many of the same issues raised by human reviewers (Liang et al., 2024a). However, 

repeatability is not quality: the same studies reporting high AI consistency also found systematic leniency, 

inflated  quality  assessments,  and  poorer  discrimination  between  human-  and  AI-generated  research 

(Schherbiak et al., 2024; Joachim et al., 2025; Li et al., 2026).   

Consequently,  most publishers accept considerate AI use by authors (supported by disclosure 

statements) while often restricting its use by reviewers. This is primarily due to confidentiality, intellectual-

property, accountability, and data-governance concerns. Indeed, pasting a manuscript into a public AI tool 

by the reviewer may expose unpublished methods, data, and ideas to a third party, potentially breaching the 

confidentiality  and  intellectual-property  obligations  of  peer  review.  Depending  on  the  AI  provider,  

contractual terms, and privacy settings, submitted material may also be retained, reused, or used for model 

training. A study of the 100 highest-ranked medical journals found that 78 had guidance concerning AI in 

peer review; among these, 46 explicitly prohibited its use and 32 permitted some restricted use (Li et al., 

2024). And yet, AI is increasingly penetrating the peer-review system anyway (Liang et al., 2024b), with 

over 50% reviewers using AI to help with peer-reviewing papers and writing reports (Naddaf, 2026). 

Furthermore,  AI-based  peer-review automation  tools  (e.g.  Refine,  ReviewerZero,  Stanford’s  Agentic 

Reviewer, Google’s Paper Assistant Tool, and multi-agent pipelines such as those around aiXiv) are on the 

rise  (Brainard,  2026;  Jayaram  et  al.,  2026),  while  governance  remains  fragmented  and  incomplete 

(Abulibdeh et al., 2026). 

The asymmetry between acceptable AI use for authors vs reviewers also reflects an implicit (and 

we think correct) distinction between AI assisting in the production of a claim and AI adjudicating one.  

Authors submitting AI-assisted text still bear full responsibility for what they claim; a reviewer's role is  

precisely to provide their informed opinion on such claims, something that current AI models cannot yet 
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substitute for.  Recent  simulation-based studies suggest  that  current  LLMs are insufficiently robust to 

replace human reviewers in scholarly peer review and they can be manipulated by authors by injecting 

deliberate content into manuscript; still they can support the process by checking a manuscript for several  

types of errors and inconsistencies (Ye et al., 2024; Torrielli et al., 2026). LLM-based peer review has also 

been shown to carry biases in favour of senior authors from highly ranked institutions and authors with 

strong prior publication records (Ye et al., 2024; Vasu et al., 2026) – likely something intrinsic to the  

training data of LLMs as similar biases affect human reviewers as well (Severin et al., 2020) – or being 

overly positive and providing generic criticism (Fichtl et al., 2026).  

What the current  generation of  models  cannot  substitute  for  is  human judgment,  though this 

argument is likely stronger for very disruptive papers rather than for the bulk of ‘ordinary’ manuscripts.  

Human review earns its keep on the odd expert point: the objection a model trained on existing literature 

would not have generated. While a machine check can find patterns and test consistency, the review that  

matters most is often a leap, and a machine trained on the status quo of human knowledge cannot make the 

leap (Zahavy, 2026) – at least yet (Bubeck et al., 2023; Hochberg & Thrall, 2026). For example, in a study 

of 139 research proposals, Machado (2026) found that greater novelty increased disagreement between 

GPT-4o and human evaluators, with humans more likely to favour highly novel proposals. This is not to 

say  that  humans  are  perfect  either  at  evaluating  disruptive  novel  work.  Lynn  Margulis’s  first  paper 

discussing how eukaryotic cells were the product of bacterial symbiosis (endosymbiosis) was rejected 15 

times before finally finding a home in Journal of Theoretical Biology (Knoll, 2012). George Akerlof's paper 

The  Market  for  “Lemons”,  which  laid  the  foundations  for  his  later  Nobel  Prize-winning  work  on 

information asymmetry, was rejected by three leading economics journals before being published in the 

Quarterly Journal of Economics (Gans & Shepherd, 1994). Similarly, rejections involved the discoveries 

of the vitamin B5, the Dane particles (hepatitis B virus), the radioimmunoassay, CRISPR sequences, and 

many others (Lock, 1993; Gans & Shepherd, 1994; Campanario, 2009; Lander, 2016). Notwithstanding 

these extreme cases, the human leap remains indispensable, and systems built around AI screening should 

not erode the space for it. If AI has to be used in peer review, it should function as a secure, disclosed, task-

specific, and auditable human–AI collaboration, not as a standalone peer-review machine (Bharti et al., 

2024; Akella et al., 2025). The AI could either perform a first, mechanical screen on every manuscript or  

act as a second (or third) reader, while human reviewers independently evaluate the core scientific claims, 

verify rather than merely accept AI-generated criticisms, provide disciplinary and contextual judgement, 

and remain accountable for their recommendations. In other words, after AI runs, a human still has to add  

something a model trained on existing papers would not have said, and an editor has to notice if they did 

not. Without human control, AI review would push manuscripts toward the average, resulting in a hivemind 
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effect where safe framing, familiar methods, and incremental findings prevail (Baumann et al., 2026), all 

packaged in the standard ‘Academese’ (Pinker, 2015).

5. Suggestions for healthy and ethical peer review

5.1 Commercial titles last, and only with a limit

Public money pays for research in the name of the public good, so the unpaid labour that certifies it should 

serve science and society – not the same commercial firms that sell that certification back to the taxpayer.  

Reviewers should give their unpaid time first to community-owned and no-fee journals (McGill et al., 2018; 

Peterson et al. 2019; Receveur et al., 2024; Galtier et al., 2026), or even to commenting and giving feedback 

on preprints. Commercial titles should come second, and only if time remains or the manuscript itself is of 

genuine scientific interest.  For example,  requests from commercial  or  high-volume journals could be 

accepted when the article's topic falls within the unique expertise or interest of the reviewer, addresses a  

unique audience, or is a one-off community duty. This may be justified, but such cases should have a clear 

reason and a yearly limit. 

Importantly, redirecting efforts towards academia-friendly journals will be sustainable in the long 

run only if paralleled by a change in the evaluation of scientific profiles and careers (Section 5.2). Indeed, 

while tenured staff may have the privilege of flexibility in their journal choices – publishing what they 

want, where they want – academics relying on grants and early-career researchers still need high-status  

publications in the current system. Nor do tenured staff operate in a vacuum: they face a dilemma between 

following their own ethical radar and boosting the careers of their co-authors, who may depend on those 

very high-status venues. 

5.2 Change how we evaluate, not just where we review and publish

As reiterated repeatedly, funders and hiring panels should refrain from using journal ranks and metrics as 

proxies for the quality of individual papers (Scully & Lodge, 2005; Hicks et al., 2015; Cuellar et al., 2023; 

Lim et al., 2025), while reviewing and editing work should be weighed more in hiring and tenure decisions 

(Veríssimo & Roberts, 2013; Moher et al., 2020). Assessment of a few selected papers written by the 

applicant and judging the quality of the science therein provides a defensible basis for evaluating research 

than journal-level proxies, complemented by approaches such as narrative CVs (Bordignon et al., 2023) 

and bibliometric indices that go beyond blunt citation counts (Hicks et al., 2015; Cardoso et al., 2022). 

Meanwhile, metrics such as the fraction of publications in community-owned journals could be explicitly 

reported in CVs (e.g. the Author Usage Index in the DAFNEE database: https://dafnee.isem-evolution.fr/). 
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Making peer review work count more on CVs is somewhat trickier. Although there are a few 

indices aimed at quantifying peer-review work [e.g. a correction factor to the h-index (Veríssimo & Roberts, 

2013); the Review Quality Instrument (van Rooyen et al., 2019); the R-index (Cantor & Gero, 2015)], none 

has been widely adopted. The paucity of metrics and their scarce adoption probably reflects the lack of any 

centralised, standardised repository of peer-review outputs in the first place, preventing science-of-science 

experts from exploring the space of indices suitable for the task. For the time being, we strongly encourage 

reviewers and editors to curate their own reviewer profile (currently the most used being Web of Science, 

which has replaced Publons, or ORCID), collecting there all their peer reviews and editorial contributions. 

The link to the reviewer profile could then be reported in applications and CVs, making these otherwise 

largely invisible scholarly contributions visible to assessment panels, as advocated by the Hong Kong 

Principles (Moher et al., 2020). This strategy is not perfect, as it emphasises quantity over quality, but if  

widely adopted it could nudge more research and development of bibliometric indicators and validated 

measures of review quality.

Without such systemic change, any advice to ‘just use better journals’ is viable mainly for people 

who already have tenure, while the rest of the community continues to donate unpaid labour to the titles 

that assessment rewards.

5.3 Pay editors first, then maybe reviewers

What the post-World War II volume boom replaced was an expert editor, paid to read and evaluate, who  

called on outside reviewers only when they lacked the relevant expertise. Remunerating editors, as some 

journals already do, is therefore a first necessity. A properly resourced editor is better able to carefully read 

and evaluate submissions, take the time required to handle multiple manuscripts, find merit in a submitted 

manuscript, differentiate a unique report from a generic or machine-written one, refuse to treat speed as the 

main performance metric, and decide whether a weak review should trigger another reviewer rather than a 

quiet rejection or acceptance. Such an editor can also properly moderate the review procedure itself – 

highlighting  substantive  reviewer  comments  that  authors  are  strictly  required  to  address,  resolving 

conflicting suggestions by different reviewers, and removing ad hominem attacks from a report before it 

reaches the authors.

As for reviewers, payment can be an option, but only under the right conditions (Naddaf, 2026; 

Pagliaro et al., 2026; Teixeira da Silva, 2026). Any remuneration for a peer-review report turns reviewing 

into a target for gaming (Goodhart, 1975), so paying ordinary reviewers by the paper risks inviting fast,  

thin, recycled, or AI-written reports, unless assignments are capped and the editor scores the report before 
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money moves (Squazzoni et al., 2013). Payment also raises equity problems that have nothing to do with 

review  quality:  in  several  countries,  especially  in  the  Global  South,  public  employees,  including 

researchers,  cannot legally receive outside income without cumbersome administrative procedures.  In 

nations sanctioned by Western or NATO-aligned countries (e.g. Iran, Syria, North Korea, Russia), financial 

contracts with scientists are prohibited or heavily restricted by international banking and trade law. In the 

same vein, researchers employed by US federal agencies are generally barred from accepting outside  

payment  for  work  related  to  their  official  duties,  including  reviewing.  Any payment  scheme should 

therefore start small (e.g. on a limited pool of reviewers a journal actually employs), rather than as a blanket 

policy that may exclude reviewers in some regions.

Grant  evaluation  already  shows  reviewer  payment  is,  in  principle,  feasible.  In  European 

Commission-run funding schemes (e.g. Horizon Europe, COST, LIFE), experts are paid a €450 daily fee, 

typically amounting to €180–450 per proposal depending on time spent. The workflow is still independent 

reports plus a consensus step, and the non-monetary return (networks, insight into how proposals are  

judged) matters as much as the fee. Importantly, payment does not by itself equalise who can serve and 

accept extra income on top of a public salary, so the geographic bias persists. Furthermore, mediocre report 

quality still persists under paid grant review (Jayasinghe et al., 2003; Pier et al., 2018), so payment on its  

own is no cure. 

Evidence from journals, where trials are scarcer, is more encouraging on the quality question 

specifically.  In  China,  reviewer  payment  is  already common practice,  with  journals  offering a  small 

honorarium for completed reviews (Chang & Yuan, 2020; Hu et al., 2023). An experiment with 1,500 

reviewers found that payment accelerated reviews without reducing quality (Chetty et al., 2014), and a 

recent trial found that a payment of US$250 increased completion and modestly shortened turnaround with 

no detectable effect on review quality (Cotton et al., 2025). The fully open-access journal Biology Open 

published by the not-for-profit Company of Biologists, is testing a related model through its Fast & Fair 

peer-review initiative of pre-contracting and compensating reviewers, with payment conditional on meeting 

both quality and timing requirements. In its initial pilot, all 20 manuscripts received a first decision within 

seven business days, with review quality reported as maintained on the basis of editorial assessments  

(Gorelick & Clark, 2025). The initiative has since expanded, with 2025 data showing substantially shorter 

decision times, higher reviewer acceptance and completion rates, and no detectable deterioration in editor-

rated review quality (Gorelick & Clark, 2026). 

All of this ultimately suggests that unless it is done carefully, paying reviewers can be worse than 

the problem it is meant to solve. Hence, a multi-year trial of paid reviewing under strict limits could be 
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implemented to test whether paid review can work (Cheah & Piasecki, 2022). But none of this touches the 

deeper problem this paper is about: publisher profit. Paying editors and, eventually, some reviewers is worth 

doing regardless, because neither would meaningfully dent publisher margins, and because the current 

system already extracts this labour for free. But payment is not a substitute for the other pillars of this paper: 

it does not redirect effort towards community-based journals, it does not change how reviewer works is 

evaluated on CVs, and, done carelessly, it risks rewarding fast and thin reports and the abuse of AI.

5.4 AI as a tool under human authority

With LLMs now permeating society at every level, “Did you use AI for…?” is becoming a nearly pointless 

question and a blanket prohibiting its use in peer review is increasingly unrealistic. However, AI use must 

be strongly regulated by publishers, as quick language polishing of a reviewer report for clarity versus a  

substantive generative AI involvement  in the assessment of  a  paper  requires very different  levels  of  

transparency and scrutiny, not to mention that pasting an unpublished manuscript into AI can store that text 

on a third-party server and breach confidentiality. Such distinctions may be especially relevant for non-

native English speakers,  where language-only AI assistance could help reduce this  additional  burden 

without replacing the reviewer’s scientific judgement (Thakkar et al., 2026). 

AI in peer review should, however, stay as a disclosed aid under the reviewer’s authority, not as a 

substitute for thoughtful human engagement. Used with confidentiality and accountability, it  can flag 

inconsistencies  across  text,  tables,  figures,  references  and  supplementary  materials,  and  can  support 

reporting checks, though performance varies by task, tool and prompt design (Eckmann et al., 2026; Erturk 

& Durmaz,  2026).  Beyond this  mechanical  screening,  LLMs have  been  proposed  as  useful  copilots 

throughout the review pipeline in a different sense: as checklist assistants, aids to reviewer selection,  

generators of structured feedback on key evaluation criteria, and detectors of bias (Sun, 2025). They may 

also offer preliminary comments on conceptual gaps and missing critical literature (Liang et al., 2024a), 

granted that sources and claims are verified independently (Walters & Wilder, 2023). Free of these lower-

order tasks, the human reviewer is left more time to exercise judgement on the core science behind a given 

paper and remains solely responsible for the final report – yet a breach of reviewer confidentiality remains. 

Meanwhile, the editor's role becomes assessing whether a report is more than a rewrite of the machine 

check, and whether that reviewer is asked again and eventually paid (see Section 5.3). 

A key condition to make AI-assisted review sustainable lies in the prompt itself. LLM outputs can 

change substantially depending on how a task is formulated, which criteria are emphasised, and how strict 

the instructions are, which can alter both the content and the severity of a review (Erturk & Durmaz, 2026). 
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If AI checks are incorporated into peer review, journals should record the prompts, model, version, and 

outputs in a secure system. Once this check is standardised to a fixed model and prompt, there is little 

reason to leave it to each reviewer to run individually and inconsistently, as currently happens. Journals  

could perform the same automated check on every manuscript,  and hand over  its  output  to  authors, 

reviewers and editors for their consideration. For example, this is already done by Frontiers publisher 

through their proprietary AIRA suite, which is directly integrated into the reviewer forum. Similarly,  

Springer Nature launched an in-house AI-driven integrity/quality screening system to flag problems before 

external peer review (Springer Nature, 2025). Importantly, this proposition sits in tension with the core 

argument  of  this  paper  that  commercial  publishers  extract  unpaid reviewer  labour  and sell  scientific  

judgement they do not themselves produce. In transferring labour away from unpaid reviewers, commercial 

publishers could potentially monetise AI-screening as well (e.g. ‘AI-checked’ submission fees), particularly 

against the backdrop of an over-stretched reviewer pool with resultant compromises on review quality and 

efficiency. If centralised AI screening is to be worth adopting at scale, then it should be built and governed 

in ways that keep it from becoming another source of commercial capture (e.g. community-run or society-

held infrastructure), and the review and the editorial decision must remain human.

6. Conclusions

Most critiques of the current peer review system ultimately root back to a single core problem: a publishing 

industry whose commercial incentives reward volume and profit over the quality of scientific assessment.  

And yet, however cynical or pessimistic we may feel, until a better system of quality control is devised and 

adopted, peer review remains the backbone of science and what distinguishes it  from other forms of 

knowledge. While there is no simple, single solution to the peer-review crisis (e.g. pay reviewers, open 

reports, ban AI) given the historical resistance of peer-review to change from its main structural features  

relative to changes in the scientific and publishing environment (Ferreira et al., 2016), we believe that a  

community-based approach, encapsulated in five main priorities (Box 2), has the potential to slowly move 

the needle in the right direction. The core of these solutions can be distilled into answers to the three  

questions posed in our title. "Who should still peer-review?" has, in our view, a very simple answer: the 

scholarly community should continue to provide this fundamental service, as it is at the hearth of science 

as a unique knowledge system and the growth of the people who do research. But it is probably the second 

question, "For whom should we review?", that truly defines the contours of this effort: peer-review should 

be carefully rationed, making sure that we devote the most effort toward those actors that are friendly to, 

and aligned with, the long-term goals of the collective scientific enterprise, rather than primarily driven by 

commercial incentives. The third question, "with what tools?", may soon become less useful as AI evolves 

at a speed that makes predictions obsolete within months. Yet our current answer is concrete and transcends 
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the specific capabilities of ever-evoliving tools: AI should act as a disclosed support, run centrally and 

consistently by journals rather than improvised by individual reviewers, with archived prompts and models, 

and only on infrastructure that stays out of commercial capture. What it should not do is replace the 

judgement of a human reviewer, accountable to the authors and the field. Together, these three questions 

sketch a peer review system that puts the scientific community rather than shareholders back at the center  

of the process, and that is assisted, not replaced, by AI tools.

Box 2. │ Five practical priorities for a more sustainable peer review process.

1. Editors of commercial journals who perform substantive editorial work  should be paid, as a  

matter of basic fairness; reviewer payment should be piloted only under strict conditions (capped 

assignments, quality scored before money moves, contracted rather than flat-fee); and no version 

of payment excuses journals or funders from also fixing assessment and access.

2. Unpaid review goes first to community-owned and no-fee journals, and to serious commentary 

on preprints; commercial or high-volume titles come second, only with a reason and a yearly 

limit.

3. Funders and hiring panels should refrain from using journal rank as a proxy for paper quality; 

reviewing and editorial activities should count favourably on CVs; laboratories, departments, 

and  societies  should  report  the  proportion  of  their  publishing  and  reviewing  that  goes  to 

Academia-friendly journals, so that effort becomes visible in assessment.

4. AI use beyond basic proofreading must be disclosed; unpublished manuscripts stay off public or 

otherwise insufficiently protected AI services; any machine check runs on journal-approved or 

owned systems with confidentiality and data-protection safeguards; prompts should be archived 

and never steered toward a predetermined verdict (e.g. “find reasons to reject…”, “what are the  

main flaws…?”); a review generated solely by an LLM should not qualify as peer review.

5. If a centralised AI screen is adopted, it should sit in community- or society-held infrastructure,  

not become another commercial fee on top of unpaid judgement.
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