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1   |   Introduction: arXiv Draws a Line

In late 2024, arXiv decisively revised its moderation policy for 
computer science submissions. Review papers, once a routine 
part of the repository's content, became subject to stricter screen-
ing following a noticeable surge of low-quality, AI-generated 
manuscripts (Castelvecchi 2025). The rationale was not framed 
as a rejection of genAI per se, but as a response to a growing 
infrastructural problem: certain categories of submissions were 
no longer serving their intended signalling function within the 
platform.

Importantly, arXiv did not ban review articles outright, nor 
did it question their intellectual legitimacy. Instead, it drew a 
boundary around formats that increasingly resembled generic 
summaries: textually plausible, syntactically correct, but lack-
ing interpretive depth. In practice, such submissions strained 
moderation capacity and weakened trust in the repository as a 
filter for meaningful scientific communication.

This intervention reflects a broader transformation driven by 
genAI. Large language models (LLMs) can now produce con-
vincing literature overviews at scale, rapidly and at minimal 
cost. At the same time, tools supporting ranking, filtering and 
synthesising research outputs, such as multi-criteria review 
pipelines and semiautomated workflows, are becoming increas-
ingly sophisticated (Wagner et al. 2022; Leite Junior et al. 2025). 
In parallel, the tempo of scholarly communication is accelerat-
ing. Early-access articles are read, cited and circulated before 
formal publication, reshaping how visibility and priority are es-
tablished, particularly in AI-related fields (Xu et al. 2025).

These shifts place review articles in a uniquely exposed position. 
Historically, reviews have combined synthesis with interpreta-
tion, helping research communities stabilise concepts, identify 
gaps and set agendas. Recent empirical studies confirm that the 
most valued review articles are not exhaustive summaries, but 
reflexive contributions that position a field and articulate future 
directions (Krlev et al. 2025; Block et al. 2025). Yet it is precisely 
descriptive, template-driven review formats that are easiest for 
genAI to imitate, and therefore most likely to proliferate at scale.

The infrastructural implications of this asymmetry are already 
visible. Alongside arXiv's restrictive response, other platforms 
are experimenting with the opposite strategy. In 2025, Science 
reported on the launch of a preprint server that explicitly wel-
comes papers written and reviewed by AI, relying on automated 
evaluation rather than community-based judgment (Zhao 2025). 
These developments do not indicate confusion, but divergence: 
different infrastructures are testing contrasting assumptions 
about authorship, review and quality control in an AI-mediated 
environment.

From this perspective, arXiv's policy change is best understood 
not as a verdict on review articles, but as an infrastructural sig-
nal. It reflects a growing recognition that reviews are not merely 
content units, but components of knowledge infrastructure. 
When their signalling function weakens, because descriptive 
formats can be mass-produced, platforms must intervene. As 
Ngwenyama and Rowe (2024) argue, collaboration with AI re-
shapes epistemic values, flattening distinctions between synthe-
sis and judgment unless these distinctions are actively protected 
by institutional design.
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This article takes arXiv's decision as a starting point to exam-
ine what genAI reveals about review articles today. We argue 
that genAI does not render reviews obsolete. Rather, it exposes 
which review formats continue to perform infrastructural work, 
and which no longer do.

2   |   Why Review Articles Became Vulnerable

Review articles did not become vulnerable because they lost in-
tellectual value. They became vulnerable because the conditions 
under which they operate have changed faster than their for-
mats. Three developments converge here: scale, standardisation 
and automation.

First, the scale of scholarly output has outgrown what tradi-
tional review practices were designed to handle. Scientific pub-
lishing has expanded continuously for decades, both in volume 
and disciplinary breadth (Mack  2015; Jinha  2010). Reviews 
historically emerged as a response to information overload, 
helping researchers navigate increasingly complex literatures 
(Abt 2018; Ghasemi et al. 2022). Today, however, the growth of 
publications, preprints and early-access articles has transformed 
literature from a bounded corpus into a continuous stream. In 
fast-moving fields such as artificial intelligence, early-access ar-
ticles are read, cited and circulated well before journal issues are 
finalised, reshaping how priority and relevance are established 
(Xu et al. 2025). Reviews, by contrast, remain structurally slow. 
Even when methodologically rigorous, they often arrive after 
key debates have already shifted.

Second, review formats have become increasingly standardised. 
Over the past two decades, systematic and structured review 
methodologies have promised transparency, reproducibility 
and methodological control, particularly in health sciences and 
applied research (Altman 2001; White and Schmidt 2005; Pati 
and Lorusso 2017; Riley et al. 2019). Influential guides and ty-
pologies further codified review writing into recognisable tem-
plates and procedural steps (Lame 2019; Snyder 2019; Paul and 
Criado 2020; Palmatier et al. 2018). While these developments 
improved consistency, they also narrowed interpretive varia-
tion. Empirical analyses now show that many reviews primar-
ily ‘take stock’ rather than reposition a field or articulate new 
directions (Krlev et al. 2025; Block et al. 2025). Once a review 

is reduced to filtering, ranking and summarising steps, its in-
formational structure closely mirrors the tasks that automated 
systems are designed to perform.

Third, genAI exploits precisely this convergence. Automation of 
literature screening and synthesis has been discussed for years, 
well before the rise of large language models (Seringhaus and 
Gerstein  2007; van Dinter et  al.  2021). Recent advances have 
dramatically accelerated these processes. Contemporary tools 
can now screen large corpora, rank papers using multiple cri-
teria and generate fluent narrative summaries with minimal 
human intervention (Wagner et  al.  2022; de la Torre-López 
et al. 2023; Leite Junior et al. 2025). Comparative studies show 
that AI-generated reviews can appear coherent and comprehen-
sive, while struggling with interpretation, contextualisation and 
conceptual depth (Jenko et al. 2024; Mostafapour et al. 2024). 
Recent business and management research similarly frames AI 
not as a replacement for scholarly judgment, but as a catalyst for 
redesigning review workflows, with implications for editorial 
roles and review formats (Tomczyk et al. 2024).

From an infrastructural perspective, the problem is not that 
these tools exist, but that they blur the boundary between re-
view as judgment and review as aggregation. When descrip-
tive reviews become cheap to generate and abundant, their 
signalling value weakens. Research on digital resilience high-
lights how such conditions create systemic fragility: when syn-
thetic content proliferates faster than institutions can adapt 
their filters, trust erodes and signals lose meaning (Große and 
Sundberg 2025). Recent syntheses of AI-assisted reviewing ex-
plicitly describe this tension as a trade-off between efficiency 
and epistemic depth, noting that automation excels at retrieval 
and summarisation but remains weak at contextual interpreta-
tion and theory-building (Bolaños et al. 2024).

Importantly, not all reviews are equally affected. Citation 
studies have long shown that review articles vary widely in 
influence and function (Aksnes  2003; Miranda and Garcia-
Carpintero 2018). Recent empirical work confirms that reflexive 
reviews, those that interpret, theorise and set agendas, retain 
high value and visibility (Krlev et  al.  2025; Block et  al.  2025). 
What is being hollowed out are descriptive and status quo for-
mats whose primary function is summarisation. Vulnerability, 
in other words, is uneven. Review articles have become a stress 
point because they sit at the intersection of scale, automation 
and trust.

3   |   Review Articles as Knowledge Infrastructure

Review articles have long played an infrastructural role in schol-
arly communication. From the early history of scientific jour-
nals to contemporary publishing systems, reviews have helped 
organise expanding bodies of knowledge, stabilise terminology 
and orient research communities (Ghasemi et  al.  2022; Hosur 
et al. 2025; Mack 2015). As publication volumes grew, from thou-
sands of journals to tens of millions of articles, this coordinating 
function became increasingly important (Jinha 2010; Abt 2018).

Historically, reviews have also served as visibility amplifiers. 
Highly cited papers are disproportionately reviews, not because 

Key Points

•	 GenAI exposes structural weaknesses in descriptive, 
template-driven review formats.

•	 arXiv and AI-native preprint platforms illustrate di-
vergent infrastructural responses to AI-generated 
content.

•	 Review articles function as knowledge infrastructure, 
not merely as summaries of prior work.

•	 Reflexive, agenda-setting reviews remain resistant to 
automation and retain high editorial value.

•	 The future of review articles lies in function and inter-
pretation, not volume or exhaustiveness.
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they report novel findings, but because they structure fields and 
attract collective attention (Aksnes 2003; Miranda and Garcia-
Carpintero 2018). This pattern reflects an infrastructural logic: 
reviews act as reference points that reduce search costs and help 
communities align around shared interpretations. Their value 
lies less in completeness than in judgment.

At the same time, guidance on how to write reviews has increas-
ingly codified review practices into step-by-step procedures, par-
ticularly in health sciences and applied research (Altman 2001; 
White and Schmidt  2005; Pati and Lorusso  2017; Riley 
et al. 2019). Influential guides and typologies emphasise trans-
parency, reproducibility and formalised workflows (Lame 2019; 
Snyder 2019; Paul and Criado 2020; Palmatier et al. 2018). While 
these developments strengthened methodological rigour, they 
also narrowed the space for interpretive variation.

Empirical studies now show that review articles cluster around 
distinct purposes. Large-scale analyses distinguish between re-
views that primarily summarise existing work and those that ac-
tively interpret, theorise and set future research agendas (Krlev 
et al. 2025; Block et al. 2025). The former focus on mapping and 
classification; the latter perform reflexive work by reposition-
ing a field. This distinction echoes long-standing debates about 
whether reviews should merely synthesise evidence or guide 
intellectual development (Schryen 2015; Paul and Barari 2022).

This distinction is central to understanding why genAI affects 
review articles unevenly. Descriptive reviews rely heavily on 
operations that can be formalised: searching, screening, rank-
ing and summarising literature. These processes overlap closely 
with the capabilities of contemporary AI systems designed to 
automate systematic reviews (van Dinter et al. 2021; de la Torre-
López et al. 2023; Ye et al. 2024). Comparative studies show that 
AI-generated reviews can appear coherent and comprehensive, 
while struggling with interpretation, contextualisation and con-
ceptual coherence (Jenko et al. 2024; Mostafapour et al. 2024). 
The contrasting infrastructural roles of descriptive and reflexive 
review formats under genAI are summarised in Table 1.

Reflexive reviews operate under different conditions. Their 
contribution depends on interpretive judgment, disciplinary 
positioning, and engagement with ongoing debates, capacities 
shaped through participation in epistemic communities rather 
than textual aggregation. As Ngwenyama and Rowe  (2024) 
argue, genAI risks creating an illusion of understanding by 

mimicking scholarly language without participating in those 
communities. This limitation becomes particularly salient in re-
view articles, where meaning emerges through synthesis rather 
than extraction (Messeri and Crockett 2024; Pearson 2024).

The infrastructural dimension also explains why attempts to 
keep reviews perpetually up-to-date face structural limits. 
Living systematic reviews were introduced to address time lags 
between evidence production and synthesis (Elliott et al. 2014, 
2017). Yet even proponents acknowledge growing challenges 
related to sustainability, maintenance costs and diminishing re-
turns (Murad et al. 2023; Uttley et al. 2023, 2025). Continuous 
updating does not automatically restore interpretive value if 
synthesis remains primarily descriptive.

Seen from this angle, current editorial and platform-level in-
terventions are not reactions against review articles as such. 
They are responses to a weakening infrastructural signal. When 
descriptive formats proliferate, whether written by humans or 
generated by AI, the ability of reviews to coordinate attention 
and convey judgment declines. Reflexive reviews, by contrast, 
continue to justify their place because they perform work that 
cannot be reduced to scalable workflows.

Understanding review articles as knowledge infrastructure 
therefore shifts the evaluative question. The issue is no longer 
whether reviews follow correct procedures, but whether they 
contribute to collective orientation in an increasingly automated 
publishing environment. Reviews that stabilise concepts, articu-
late trajectories, and frame uncertainty remain essential. Those 
that merely reproduce classifications face growing scrutiny 
under conditions of genAI.

4   |   Two Infrastructure Responses: arXiv and aiXiv

The current moment in scholarly communication is marked not 
by consensus, but by divergence. Faced with the same techno-
logical pressure—rapid advances in genAI—publishing infra-
structures are responding in markedly different ways. arXiv 
and aiXiv illustrate two contrasting, yet equally infrastructural, 
strategies for governing AI-mediated content.

arXiv's response is explicitly restrictive. As reported by Nature, 
the platform tightened moderation of review and position papers 
in computer science following a sharp increase in low-quality, 

TABLE 1    |    Descriptive and reflexive review articles under genAI.

Dimension Descriptive reviews Reflexive reviews

Primary purpose Summarising existing literature Shaping the field and setting agendas

Typical focus What has been published Why it matters and what comes next

Dominant methods Screening, ranking, categorisation Interpretation, theorisation, positioning

Level of standardisation High (templates, frameworks) Low to moderate

AI substitutability High Low

Infrastructure value Weak signalling Strong signalling

Risk under AI scaling Redundancy and noise Persistence and differentiation
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AI-generated submissions (Castelvecchi  2025). Crucially, this 
intervention was not framed as opposition to AI tools. Instead, 
it targeted submission formats whose contribution had become 
difficult to assess under conditions of large-scale automa-
tion. Descriptive review articles were singled out because they 
strained moderation capacity and weakened arXiv's role as a re-
liable signal of scholarly relevance.

This decision reflects arXiv's long-standing function as a 
trust-preserving infrastructure. The platform's value lies not 
in exhaustive inclusion, but in maintaining a level of filtration 
that supports rapid discovery and reuse. When review articles 
can be generated cheaply and at scale, their proliferation risks 
eroding this function. Restriction, in this context, operates as 
a form of infrastructural maintenance rather than disciplinary 
judgment.

aiXiv embodies the opposite strategy. Instead of limiting AI-
generated content, the platform explicitly welcomes papers writ-
ten and reviewed by AI, treating automation as a feature rather 
than a threat (Zhao  2025). Quality assessment is delegated to 
automated review agents, with decisions produced in minutes 
rather than weeks. Authorship is decoupled from human iden-
tity, and legitimacy is framed as an outcome of system-level eval-
uation rather than community-based judgment.

At first glance, these approaches appear irreconcilable. One pri-
oritises caution; the other experimentation. Yet both respond 
to the same infrastructural challenges: how to verify contribu-
tions, how to maintain legitimacy and how to filter content at 
scale. The difference lies in where expertise is located. arXiv 
embeds expertise in disciplinary communities and moderation 
practices. aiXiv relocates it into technical systems and auto-
mated workflows.

This contrast exposes a deeper tension around authorship and 
responsibility. Bibliometric and policy-oriented analyses already 
show that AI-assisted authorship complicates existing norms of 
accountability and contribution (Nazarovets and da Teixeira 
Silva  2025). Technical solutions such as watermarking aim to 
restore traceability, but they do not resolve questions of inter-
pretation and judgment (Dathathri et  al.  2024; Tsybuliak and 
Suchikova 2024). Infrastructures must therefore decide whether 
AI is treated as a tool embedded in human practice or as an au-
tonomous producer of scholarly outputs.

Review articles sit at the centre of this tension. Because they 
synthesise rather than report primary findings, their legitimacy 
depends heavily on interpretive authority. Descriptive reviews 
align more easily with aiXiv's automation-friendly model, where 
synthesis is treated as a computational task. Reflexive reviews, 
by contrast, fit arXiv's emphasis on community-based judgment, 
as their value derives from disciplinary positioning and agenda-
setting rather than textual completeness.

Seen together, arXiv and aiXiv do not represent confusion or in-
consistency. They mark an infrastructural fork. One path seeks 
to preserve existing signals of trust by restricting formats that 
no longer scale. The other tests whether trust can be recon-
structed through radical automation. Review articles emerge as 
a critical test case precisely because they expose how differently 

infrastructures define quality, expertise and legitimacy in an 
AI-mediated publishing system.

5   |   Implications for Publishers and Editors

For publishers and editors, genAI does not present an abstract 
ethical dilemma. It reshapes everyday editorial thresholds. 
Decisions about what counts as a viable review article are being 
recalibrated, often implicitly, as automation changes submission 
volumes, production costs, and expectations of added value.

The most immediate implication concerns redundancy. Review 
formats that primarily summarise existing literature, particu-
larly those built around rigid templates or standard frameworks, 
are increasingly difficult to justify. Such manuscripts are now 
cheap to produce, abundant, and hard to differentiate. Under 
conditions of rising submission volumes and constrained review 
capacity, they become low-priority by default. arXiv's restrictive 
response makes this dynamic visible, but similar filtering al-
ready occurs within journal workflows through desk rejections 
and triage decisions.

By contrast, review articles that foreground interpretation, 
positioning and agenda-setting remain viable. Empirical evi-
dence from management, information systems and publishing 
research shows that journals increasingly value reviews that 
clarify concepts, resolve tensions or open new directions rather 
than exhaustively mapping past work (Krlev et al. 2025; Block 
et al. 2025). This shift does not require explicit policy statements 
to be effective. It operates through reviewer expectations and 
evolving notions of what constitutes a meaningful contribution.

Recent editorial guidance and journal-level analyses point in 
the same direction. Framework-driven or purely descriptive 
reviews are increasingly perceived as insufficient, particularly 
in fields characterised by rapid knowledge turnover (Palmatier 
et al. 2018; Krlev et al. 2025; Block et al. 2025). In response, many 
journals now encourage, explicitly or implicitly, hybrid formats 
that combine synthesis with theory development, methodolog-
ical reflection or practitioner relevance (Paul and Criado 2020; 
Paul and Barari 2022; Schryen 2015). These shifts reflect an in-
frastructural judgment: review articles are expected to help co-
ordinate fields, not merely document existing literature.

GenAI accelerates this recalibration by exposing which editorial 
criteria are essential and which are procedural. Automation can 
efficiently support screening, ranking and consistency checks, 
functions long associated with systematic review workflows (van 
Dinter et al. 2021; de la Torre-López et al. 2023; Ye et al. 2024). 
However, AI systems remain poorly suited to judging relevance, 
novelty or research direction. As a result, editors increasingly 
act as curators of interpretive value rather than gatekeepers of 
methodological compliance, a shift anticipated in earlier dis-
cussions of scholarly information architecture (Seringhaus and 
Gerstein 2007; Mack 2015).

There are also implications for peer review. Reviewers are more 
likely to challenge submissions that offer polished synthesis 
without a clear argumentative or positioning core, particularly 
as AI-generated text becomes more common (Jenko et al. 2024; 
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Mostafapour et  al.  2024). At the same time, concerns about 
accountability and authorship raised by AI-assisted writing 
reinforce expectations that reviews demonstrate intellectual 
ownership and responsibility (Ngwenyama and Rowe  2024; 
Suchikova et  al.  2025). Reports from biomedical journals al-
ready document routine use of genAI in drafting review articles, 
raising practical questions about transparency and acceptable 
forms of assistance (Kacena et al. 2024).

Finally, publishers face strategic choices about how openly to 
acknowledge these changes. Some formalise new expectations 
through revised author guidelines or article type definitions, 
while others rely on gradual adjustment through editorial prac-
tice. Evidence from journal policy analyses suggests that both 
approaches are already in use (Faggion Jr  2023; Suchikova 
et al. 2025). In either case, the direction is clear. The threshold 
for publishing review articles is rising, not because reviews mat-
ter less, but because only those that perform genuine infrastruc-
tural work can retain their signalling value in an AI-mediated 
publishing environment.

6   |   Conclusions: Fewer Reviews, but Better Ones

GenAI does not signal the end of review articles. It signals a se-
lective contraction of formats whose contribution can no longer 
be distinguished from automated synthesis. The current mo-
ment is not one of disappearance, but of differentiation.

Review articles have become a pressure point because they sit 
at the intersection of scale, automation and trust. Descriptive 
and template-driven reviews are now easy to generate, diffi-
cult to evaluate, and weak as signals of scholarly judgment. 
Their declining viability is not a failure of peer review or edito-
rial oversight, but a predictable consequence of technological 
change.

At the same time, the value of reflexive reviews has become 
more visible. Reviews that interpret, reposition and set agendas 
continue to perform essential infrastructural work. They help 
research communities coordinate attention, stabilise concepts 
and navigate uncertainty. These functions cannot be auto-
mated without losing meaning, because they depend on judg-
ment, context and disciplinary engagement rather than textual 
aggregation.

The contrasting responses of platforms such as arXiv and aiXiv 
capture this transition. One seeks to preserve existing signals 
of trust by restricting formats that no longer scale. The other 
experiments with radical automation and treats legitimacy as 
a system-level outcome. Together, these approaches underscore 
a shared recognition: review articles are no longer neutral con-
tent units, but infrastructural components whose design choices 
shape how knowledge is filtered and trusted.

For publishers and editors, the implication is clear. The future of 
review articles lies not in volume, but in function. Fewer reviews 
will be published, but those that remain will be more demand-
ing, more interpretive, and more explicit about their contribu-
tion. GenAI does not replace review articles; it clarifies where 
human judgment remains indispensable.

In this sense, review articles are not becoming obsolete. They 
are becoming infrastructural. The task for scholarly publish-
ing is not to preserve all existing formats, but to ensure that 
those which endure continue to function as reliable signals 
of understanding in an increasingly automated knowledge 
environment.
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