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Abstract

ACL removed the anonymity period for confer-
ence submissions in February 2024, allowing
unrestricted preprinting during review. To ex-
amine how preprints and author recognition
affect outcomes across institutional hierarchies,
we track preprinting trends for 47k publica-
tions, survey 75 NLP researchers, interview 14
community members, and analyze 1.9k peer
reviews. We observe that more elite institu-
tions post preprints more frequently (52% vs.
36% by 2025). Most participants agree that
preprinting gives these institutions an advan-
tage in peer review, and indeed, reviewer knowl-
edge of authors inflates scores at elite institu-
tions (d = 0.43, p < 0.001) but not elsewhere,
also lowering review quality. Nonetheless, the
anonymity period was found largely ineffective;
instead, underrepresented researchers empha-
size struggles with visibility, review quality,
and external structural barriers. To counteract
these inequities, we make recommendations for
review quality improvement and increasing in-
vestment in diversity initiatives that center the
perspectives of affected communities.

1 Introduction

Peer review governs scientific publishing and ca-
reer progression, but bias at various stages fa-
vors some authors over others (Smith et al., 2023).
When reviewers learn author identities, they sys-
tematically favor established researchers and presti-
gious institutions (Tomkins et al., 2017; O’Connor
et al., 2017; Kern-Goldberger et al., 2022). Pub-
licly posted preprints compromise anonymity: over
a third of reviewers search for preprints of papers
they review (Rastogi et al., 2022), and papers with
popular preprints receive higher scores and more
acceptances (Bharadhwaj et al., 2020). These bi-
ases raise questions about whose work gets pub-
lished and whose gets overlooked.

To protect double-blind review, ACL introduced

P4: Anonymity didn’t do much to protect underrepre-
sented groups. We should focus on addressing D&I
issues rather than implementing anonymity policies.

P14: Unless a paper is becoming very popular on social
media, I don’t think it has very large effects on how the
review goes.

P1: The anonymity policy of a year ago was the worst of
two options.

Table 1: Quotes from interviewees on anonymity period
effectiveness and alternative approaches.

an anonymity period in 2018 (ACL Admin Wiki,
2025b,a), which prohibited posting or discussing
preprints from one month before submission until
decision notification. Critics argued this disadvan-
taged early-career researchers, whose career ad-
vancement could be hindered by not being able to
promote their work, or if similar work appeared on-
line while theirs remained embargoed. After com-
munity discussion and a survey, ACL repealed the
anonymity period in February 2024 (ARR, 2024),
removing all restrictions on preprinting.

The anonymity period was intended to protect
underrepresented researchers from implicit bias.
Whether it succeeded, and who benefits from its
removal, remains unclear. Prior work establishes
that bias exists in aggregate (Tomkins et al., 2017;
Bharadhwaj et al., 2020; Rogers et al., 2023),
but does not examine how preprint visibility cre-
ates differential advantages, nor does it capture
marginalized researcher experiences. This paper
uses mixed methods to address these gaps and ex-
amine whether the anonymity period achieved its
intended protection. Specifically, our study exam-
ines two research questions:

RQ1: How do researchers across career stages,
institutions, and regions perceive preprint cul-
ture and its equity implications? Debates about
preprint policies rarely include early-career re-
searchers or those from underrepresented institu-
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tions and regions, despite these groups being most
affected. We survey 75 NLP researchers and inter-
view 14 community members from a range of posi-
tionalities about their experiences with preprinting,
self-promotion, and review fairness (§4).

RQ2: Do preprints and author recognition af-
fect review outcomes differently across institu-
tional and geographic tiers? If these signals
benefit some researchers more than others, cur-
rent practices compound existing inequities. We
first establish that preprint adoption concentrates
at higher-tier institutions and countries, creating
baseline disparities before any reviewer bias en-
ters (§3). We then analyze ARR reviews stratified
by tier, preprint timing, and reviewer-reported au-
thor knowledge, measuring both scores and review
quality (§5). We find that preprint presence and
author recognition differentially affect outcomes
by tier. Notably, reviewer knowledge of authors
increases scores while decreasing review quality,
suggesting that favourable treatment comes at the
cost of rigorous feedback.

Finally, in §6 we synthesise our qualitative and
quantitative findings into policy recommendations,
centering the perspectives of researchers from un-
derrepresented institutions and regions.

2 Background

We first review ACL’s anonymity policies, then
related work around preprinting and peer review.

ACL anonymity policy history. ACL confer-
ences and TACL have long enforced double-blind
peer review. Early online calls for papers made
no mention of non-anonymized versions of papers
appearing online (NAACL, 2001; HLT/EMNLP,
2005; ACL-IJCNLP, 2009). As arXiv gained popu-
larity in computer science (Sutton and Gong, 2017),
venues developed varied preprint policies: some
requested authors refrain from posting submissions
(NAACL, 2013; EACL, 2014), while others ex-
plicitly permitted preprints (EMNLP, 2015; ACL,
2016). ACL formalized the anonymity period in
2018 to protect review integrity and limit bias
from reviewers recognizing authors or institutions
(ACL Admin Wiki, 2025b,a). However, as the pace
of NLP research accelerated, critics argued that
this policy disadvantaged early-career researchers
while established researchers with less pressure to
publish quickly faced fewer downsides of preprint-
ing. This resulted in removal of the anonymity pe-

riod in February 2024 (ARR, 2024). Appendix A
provides the full text for both changes.

Related work. Maintaining anonymity in double-
blind review is difficult: while most reviewers can-
not correctly guess author identities (Le Goues
et al., 2018), prolific authors can be identified with
up to 87% accuracy using text analysis (Caragea
et al., 2019), and over a third of reviewers search
for preprints of papers they review (Rastogi et al.,
2022). Comparing single- and double-blind re-
view, studies find significant bias toward well-
known authors and institutions (Tomkins et al.,
2017; O’Connor et al., 2017). Preprints amplify
these effects: papers with popular preprints are
more likely to be accepted, with less confident re-
viewers particularly susceptible to favoring well-
known authors (Bharadhwaj et al., 2020). Beyond
institutional prestige, substantial evidence links re-
viewer knowledge of author identity to gender bias
(Kern-Goldberger et al., 2022). In the ACL commu-
nity, Rogers et al. (2023) found that reviewers gave
slightly higher scores to papers they thought they
knew the authors of, and disproportionately recom-
mended papers with preprints for best paper awards.
This paper examines these biases in more detail, in
the coming sections, we investigate how preprint
culture interacts with institutional and geographic
hierarchies to shape review scores, reviewer effort,
and acceptance outcomes in NLP venues.

3 Statistics and Trends in Preprinting

First, we establish who posts preprints and when,
and how this changed after the removal of the
anonymity period. If preprinting behavior itself
concentrates among certain researchers, this cre-
ates baseline inequities before any reviewer bias
enters the picture. We analyze recent preprinting
trends across institutional and geographic hierar-
chies, providing context for interpreting the review
outcome disparities we document later.

3.1 Data Collection

To explore this, we collect 46,923 papers published
in ACL venues from 2019–2025.1 To examine
trends by institution and country, we canonicalize
author affiliations and identify institution countries
through manual verification and automated match-
ing. As a proxy for how elite authors’ institutions
are, we rank them by total publication count during

1Collected from ACL Anthology (aclanthology.org).
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Figure 1: Preprints present during review by institu-
tional and country tiers, 2019-2025. Anonymity period
removal in February 2024 accelerated adoption, with
Tier 1 institutions and countries showing highest rates.

this period, then stratify them into three Institu-
tion Tiers: Tier 1 (top 50), Tier 2 (ranks 51–250),
and Tier 3 (251+). While publication count is im-
perfect as a measure of eliteness (e.g., it does not
account for institution size), it is the most accessi-
ble and salient measure that can be directly applied
to both academic and industry institutions.2 To
supplement this ranking with a notion of regional
eliteness, we similarly stratify three Country Tiers
by publication counts: Tier 1 (top 25%), Tier 2
(25–50%), and Tier 3 (bottom 50%). To determine
whether a preprint of each paper was available dur-
ing review, we search arXiv for matching titles
and authors, then checking whether the preprint
was published before the corresponding submis-
sion deadline. Papers with preprints posted before
submission are classified as “Preprints Present Dur-
ing Review,” while those without are “Preprints
Absent During Review.”

3.2 Findings

Figure 1 shows preprint timing rates from 2019–
2025 based on institution and country tiers.

More prominent institutions show substantially
greater rates of preprints present during review.
Tier 1 institutions increased from 7.5% preprint-
ing in 2019 to 52.2% in 2025, while Tier 3 in-
creased from 7.9% to 35.8%, widening their gap
from near-zero to 16.4%. Tier 2 tracked closer to

2Additionally, Szluka et al. (2023) find that publication
counts correlate strongly with university ranking positions
across major ranking systems (Spearman ρ > 0.78).

Tier 1 (44.1% by 2025), suggesting early preprint-
ing concentrates at higher-ranked institutions.

Countries with higher publication volumes also
preprint more before and during review. Tier 1
countries increased from 9.2% preprinting in 2019
to 54.1% in 2025, while Tier 3 reached 36.9%,
widening their gap from 3.8% to 17.2%. Tier 2
countries reached 46.5% by 2025, following similar
patterns as institutions, i.e., where researchers from
higher-publishing countries have preprints avail-
able during review at substantially greater rates.

Policy change accelerated early preprinting, but
the community remains divided on whether
to preprint before decisions. The anonymity
period removal was followed by sharp increases
across all tiers. Overall preprinting jumped from
19.9% in 2023 to 39.3% in 2024, reaching 47.8%
in 2025. However, even at peak adoption, only
52.2% of Tier 1 papers had preprints during review
in 2025. Tier 3 showed lower adoption at 35.8%.
The community remains divided, with roughly half
of papers posted during review and half not. This
division persists across all tiers, though Tier 1 re-
searchers preprint during review 15-17% more fre-
quently than Tier 3.

These trends show that elite institutions and coun-
tries are adopting early preprinting at substantially
higher rates, and the anonymity period removal
widened the gap. Next, we will explore whether
review outcomes compound advantages from this
baseline disparity.

4 Community Surveys and Interviews

To gauge what those in the ACL community think
about preprinting and peer review, we conducted
surveys and interviews.3 We first describe our
methodology, then present unified insights.

4.1 Methodology

Survey. We designed an anonymous online sur-
vey examining NLP researchers’ experiences with
ACL’s anonymity policy removal. Questions cov-
ered reviewer and author experiences, beliefs about
institutional advantages, career impacts, and pro-
motion strategies using Likert scales and free-
response formats. We distributed the survey
through community mailing lists (ACL Member
Portal, Corpora-list), social media, and affinity

3Details, questions, and extended results in Appendix B.
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Institution Country

Finding All T1 T2 T3 T1 T2 T3

Preprinting without restriction
No impact 46.7 45.8 50.0 40.0 47.9 50.0 33.3
Impacts acceptance 20.0 20.8 5.0 35.0 43.8 35.7 66.7
Helps me 28.0 33.3 30.0 30.0 33.3 7.1 33.3
Hurts me 10.7 8.3 10.0 15.0 8.3 7.1 25.0

Preprints benefit elite institutions
Strongly agree 33.3 29.2 25.0 50.0 29.2 42.9 41.7
Any agreement 76.0 70.8 80.0 85.0 79.2 64.3 83.3
Any disagreement 8.0 12.5 10.0 0.0 8.3 7.1 0.0

Field pace concerns about preprinting
Too fast 58.7 66.7 55.0 50.0 62.5 57.1 50.0
Like sharing sooner 50.7 58.3 55.0 40.0 56.2 42.9 33.3
Quality declining 26.7 25.0 40.0 20.0 33.3 21.4 8.3
Overshadow my work 40.0 29.2 50.0 50.0 37.5 50.0 41.7

Self-promotion behavior
No promotion 21.3 12.5 15.0 40.0 10.4 21.4 58.3
Before submission 17.3 25.0 15.0 15.0 18.8 14.3 16.7
After acceptance 56.0 54.2 70.0 40.0 66.7 64.3 16.7

Table 2: Survey responses by institution and country tier
(n = 75). Bold indicates highest value within each strat-
ification. Highlighted rows show consensus patterns.

group channels from September to November 2025.
We received 75 responses spanning career stages
(50.7% graduate students, 18.7% postdocs, 25.3%
faculty, 9.3% industry or independent researchers),
institution tiers (32% Tier 1, 27% Tier 2, 27% Tier
3), and country tiers (64% Tier 1, 18.7% Tier 2,
16% Tier 3). 59% of respondents participate in
affinity groups for underrepresented communities.

Interviews. We recruited 14 participants from
survey respondents, prioritizing diversity across
geography and career stage. Participants came
from North America (4), Europe (5), South Asia
(2), Africa (2), and Latin America (1), and in-
cluded PhD students (5), postdocs (2), and fac-
ulty (6). Semi-structured interviews occurred from
September to November 2025, lasting 30–60 min-
utes each. Questions covered publishing contexts,
anonymity policy impact, social media’s role, and
recommendations for supporting underrepresented
researchers. With participant consent, we recorded
and transcribed all interviews. Two authors itera-
tively discussed the transcripts and converged on
recurring themes around anonymity, preprinting
practices, and perceived inequities.

4.2 Findings

We summarize key survey results in Table 2, inte-
grating them with interview responses below.

NLP researchers found the anonymity period
ineffective. Nearly half (46.7%) of survey respon-
dents believed that preprinting does not impact ac-

ceptance decisions for their papers; only 20.0%
thought it did. This disconnect between recog-
nizing systemic inequity and perceiving personal
impact suggests the anonymity period was largely
seen as ineffective. Perceived impact varied by in-
stitution tier: 35.0% of Tier 3 respondents reported
that preprinting affected their acceptance outcomes,
compared to lower rates at Tier 1 and 2 institutions.
Similarly, while 28.0% overall claimed preprinting
increased their acceptance chances, respondents
from Tier 2 and 3 institutions and affinity group
members were more likely to report the opposite.

Qualitatively, participants were mostly indifferent
to or supportive of the anonymity period removal,
highlighting its shortcomings. One early-career fac-
ulty (Tier 1 institution) argued it was “the worst of
the options,” and another early-career faculty (Tier
3 country) noted that “This policy didn’t do much,”,
instead advocating for truly double-blind review or
alternatives to level the playing field, such as men-
torship programs for underrepresented researchers.
One graduate student (Tier 1 institution) observed
that “at a better resourced institution, you have
a better chance of working around the anonymity
[period] policy” by completing and preprinting pa-
pers one month before submission deadlines. An-
other graduate student (Tier 3 institution) found the
policy reinforced “academic isolation” of under-
resourced researchers, as “visibility is crucial for
establishing collaborations, drawing attention to
our research, and building our network.” Similarly,
an early-career faculty (Tier 3 country) remarked
that “This policy slowed down the progress of ju-
nior researchers” by limiting visibility necessary
for career advancement. One participant working
on endangered languages described implicit bias
tied to their research area:

I do sometimes feel like the reviews I get
are people think I’m unintelligent... be-
cause they think I’m from that part of the
world, because I’m writing about those
kinds of languages.

Survey data supports this pattern: researchers in ar-
eas like Machine Translation, Multilinguality, and
Low-resource Methods report that preprints from
others get more attention than their own published
work at nearly twice the rate of those in areas like
Safety/Alignment, Semantics, and NLP Applica-
tions (54% vs. 30%). Altogether, this show how
the anonymity period failed to protect underrep-
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resented and under-resourced researchers from in-
equities in peer review.

NLP researchers find preprint culture in-
equitable, but underrepresented groups feel
this more strongly. Given the sharp increase in
preprinting after the removal of the anonymity
period, we explore community opinions about
preprinting and anonymity. Among survey respon-
dents, 90.7% reported encountering papers where
they knew the authors or institution during review.
This creates clear potential for bias, and 76.0%
agreed that publicly sharing preprints benefits au-
thors at well-resourced institutions more (33.3%
strongly, 42.7% somewhat); only 8.0% disagreed.
Perception of this advantage varies by position: re-
spondents from Tier 3 institutions were most likely
to strongly agree (50.0%), while those from Tier 1
institutions were most likely to disagree (12.5%)
and least likely to strongly agree (29.2%). Sim-
ilarly, 41.3% of affinity group members strongly
agreed, compared to 20.7% of non-members.

In qualitative responses, several participants
stood firmly against preprinting, stressing that

“anonymity is what protects underrepresented peo-
ple” and that “the lack of anonymity perpetuates
inequality.” One mid-career faculty member (Tier
1 institution) reported that the rise of preprinting
made them lose faith in peer review entirely. Oth-
ers were more optimistic, noting that reviewers
in open venues can be held accountable and that
public visibility builds credibility. A mid-career
faculty from Latin America (Tier 3 institution) of-
fered nuance: their positionality helped on “Latin
American topics,” but invited skepticism on techni-
cal work because “this is not the kind of work that
some reviewers would expect a Latin American to
be good at.” These findings show that researchers
from underrepresented backgrounds perceive struc-
tural bias more acutely than those who benefit from
institutional advantages. Policy discussions must
center the voices of marginalised researchers.

The NLP community is divided on preprints
leading to fast science. Survey responses on ac-
celeration were divided: 50.7% value sharing work
sooner, while 57.3% believe NLP research moves
too fast. Tier 1 institutions showed the starkest
tension: 66.7% were concerned about field pace,
yet 58.3% valued early sharing. One mid-career
faculty (Tier 1 country) expressed this tension: “I
am in favor of slower science... not optimizing for

flag planting.” Another survey respondent (Tier 1
institution) went further: “It makes me not want to
publish. Why not just go straight to arXiv and skip
peer review altogether?” One respondent (Tier 2
institution) also noted that “reviewers expect au-
thors to comment on every new paper on arXiv,”
which violates ACL citation policy (ACL Admin
Wiki, 2025b).

Underrepresented researchers find self-
promotion on social media futile. Diving deeper
into the problem of visibility, when asked how
they promote papers, 56.0% of all respondents
promote only after acceptance, 21.3% do not
actively promote at all, and only 17.3% promote
before submission. However, promotion behavior
varies substantially by country development tier:
58.3% of researchers in Tier 3 countries do not
actively promote their work, compared to 10.4%
in Tier 1 countries (nearly a sixfold difference).
Additionally, researchers in Tier 1 countries are
far more likely to promote their work before or
after acceptance (85.5% total) compared to those
in Tier 3 countries (33.4% total). Pre-submission
promotion also varies by research area: researchers
in areas like Safety/Alignment, Semantics, and
NLP Applications promote at three times the rate
of those in Machine Translation, Multilinguality,
and Low-resource Methods (22% vs. 7%).
Therefore, researchers from underrepresented
countries engage in far less self-promotion than
others.

Participants described a “rich-gets-reach” dynamic
where researchers at well-known institutions, or
those whose papers are shared by visible col-
leagues, gain disproportionate preprint visibility.
As one participant in West Africa explained, this
creates “a race for visibility, where those who al-
ready have a platform gain an even greater advan-
tage.” A participant from North Africa added that
fear of trolls, hostility, or discomfort with social
media pose additional barriers to self-promotion,
which yields little benefit for researchers at less-
known institutions with small networks. One par-
ticipant from Latin America emphasized the im-
portance of grassroots, community-oriented local
networks to mutually amplify the work of under-
represented researchers.

Underrepresented researchers recommend
structural D&I changes. Qualitative responses
revealed barriers beyond policy for researchers
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outside Europe and North America. Several
participants from the Global South emphasized the
importance of journal publications for academic
promotion, especially Scopus-indexed journals,
which conflicts with NLP’s conference-centric
culture and increasing pace. As one participant
from India explained, “professors discouraged
conference submissions in favor of journal papers
for their promotion purposes.” One participant
from Latin America recommended that “ARR
should pursue Scopus indexing so outputs ‘count’
in journal-first systems.” Further, one participant
(tier 1 institution) highlighted that researchers at
more prolific institutions can consult colleagues
who have submitted work to ARR before, possibly
making it easier to navigate procedures with
implicit norms, e.g., for review response, reviewer
issue reporting, resubmission, and commitment to
conferences.

Compounding this, participants from both the
Global South and North identified conference costs
as a major barrier for researchers outside well-
resourced labs. One participant from North Africa
weighted this as more significant than anonymity
policies, noting that “conference costs (fees +
travel) are a major barrier. There are big labs in
Africa, but not in NLP.” Another participant from
Pakistan highlighted a deeper tension. While ac-
knowledging that for underrepresented researchers,

“their life prospects will be significantly improved”
by entering the NLP community, they questioned
the ethics of inclusion itself:

“Do we want to pull them into that?
Machine learning, and NLP is basically
tools for surveillance... what kind of vio-
lence are we inflicting on them if we in-
vite them to come into the community?”

Any actions to mitigate inequities must account for
these constraints beyond peer review policy.

5 Experiments on ARR Data

Our qualitative findings suggest that preprint visi-
bility and author recognition systematically advan-
tage researchers at elite institutions. To test whether
these patterns appear in actual review outcomes, we
analyze peer review data across stratified tiers.

5.1 Methodology
Data. We combine peer reviews from the ACL
Rolling Review (ARR) dataset (Dycke et al., 2022)

and NLPeer (Dycke et al., 2023), yielding 1,923 re-
views spanning late 2023 (EMNLP cycle) through
mid-2025 (ACL cycle). The dataset includes only
accepted papers. This limits generalizability but
provides a control: since all papers cleared the qual-
ity threshold, score differences reflect reviewer be-
havior rather than paper merit. For each paper, we
determine preprint presence by searching arXiv for
matching titles and checking posting dates against
submission deadlines. Papers are classified as
“preprint present” if a non-anonymous version was
publicly available during review, and “preprint ab-
sent” otherwise. Reviewer knowledge of author
identity is self-reported in review metadata.

Review quality metrics. Beyond reviews scores,
we measure what makes reviews useful to authors
using metrics from RevUtil (Sadallah et al., 2025):
Actionability (concrete improvement suggestions),
Verifiability (evidence supporting claims), and
Helpfulness (overall improvement value). Re-
vUtil uses an instruction-tuned Llama 3.1 8B
(Grattafiori et al., 2024) trained on synthetically
annotated reviews bootstrapped from human la-
bels and validated with human labels, achiev-
ing comparable agreement to GPT-4o (OpenAI
et al., 2024). We detect low-effort reviewing using
LazyReviewPlus (Purkayastha et al., 2026), which
annotates various categories of low-effort feedback
in a similar dataset of ARR reviews, including
non-specific comments, prescriptive demands, and
model comparison requests. Specifically, we use an
instruction-tuned Phi-4 model (Abdin et al., 2024)
aligned with these annotations by Purkayastha et al..
From this model, we focus on unclear comments
(claiming aspects of a paper are unclear without
specific, actionable guidance) and “compare to
model X” requests (demanding comparison to spe-
cific models without rationale), as these showed
significant differences across tiers. Results for ad-
ditional categories appear in Appendix D. We also
report review length (word count) as a basic mea-
sure of review style and effort.

Statistical analysis. We conduct two types of
comparisons. Within-tier comparisons test
whether preprint presence or author recognition
affects outcomes within each tier. For continuous
outcomes (scores, quality metrics, review length),
we use Welch’s t-tests given near-normal score
distributions and report Cohen’s d as a measure
of effect size (Cohen, 1988), where d > 0.2 in-
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Tier Overall Length Actionability Verifiability Helpfulness Unclear% Compare%

Panel A: Preprint Timing (present / absent during review)

Inst. Tier 1 3.25/3.05∗ 368/399 3.56/3.71 4.30/4.43 4.13/4.32 49/58 13/15
Inst. Tier 2 3.32/3.08 358/392 3.72/3.76 4.34/4.07 4.40/4.17 42/46 4/24∗

Inst. Tier 3 3.29/3.20 390/378 3.75/3.57 4.50/4.64 4.25/4.17 37/54 7/4

Count. Tier 1 3.28/3.06∗ 370/392 3.62/3.73 4.34/4.38 4.20/4.22 44/55 11/17
Count. Tier 2 3.60/3.35 551/410 3.75/3.30 5.00/4.60 4.50/4.70 32/38 5/13
Count. Tier 3 3.06/3.25 333/382 3.67/3.43 4.33/4.43 4.19/4.29 38/25 8/0

Panel B: Reviewer Knowledge of Author (unknown / known)

Inst. Tier 1 3.21/3.47∗ 368/430 3.64/3.57 4.35/4.41 4.20/4.16 51/42 13/13
Inst. Tier 2 3.21/3.26 355/374 3.72/3.23 4.32/3.84 4.26/4.23 47/47 11/6
Inst. Tier 3 3.12/3.22 387/396 3.72/3.92 4.35/4.50 4.19/4.38 49/28∗ 11/11

Count. Tier 1 3.21/3.40∗ 368/409 3.68/3.55 4.35/4.32 4.20/4.19 50/39 13/13
Count. Tier 2 3.27/3.50 400/562 3.64/4.00 4.40/5.00 4.45/4.00 37/33 9/0
Count. Tier 3 3.02/3.12 366/422 3.64/3.80 4.29/4.00 4.16/4.80 45/50 9/0

Table 3: Review outcomes by tier. Each cell shows paired values: present/absent during review (Panel A) or un-
known/known author (Panel B). Cell shading indicates effect size: |d| ≥ 0.5 , 0.3 ≤ |d| < 0.5 , 0.2 ≤ |d| < 0.3 .
∗ = p < 0.05 within-pair. Bold = significant difference from Tier 1 within condition (p < 0.05). Overall = Overall
Assessment (1–5); Length = word count; Actionability/Verifiability/Helpfulness (0–5); Unclear = % reviews with
vague comments; Lazy Exp. = % reviews requesting additional experiments without justification.

dicates a small effect, d > 0.5 a medium effect,
and d > 0.8 a large effect. For categorical out-
comes (lazy pattern prevalence), we use χ2 tests.
We report p-values as measures of statistical signif-
icance: p < 0.001 indicates a highly significant
effect, p < 0.01 indicates a very significant ef-
fect, p < 0.05 indicates a significant effect, and
p < 0.10 indicates a marginally significant effect.

Cross-tier comparisons test whether effects dif-
fer by institutional or geographic status. We fit
ordinary least squares regression models with inter-
action terms (e.g., Tier × Preprint Presence) to de-
tect whether preprint visibility benefits some tiers
more than others. We report β coefficients indi-
cating the magnitude of interaction effects and test
whether these interactions are statistically signifi-
cant. All p-values are false discovery rate-corrected
(Benjamini and Hochberg, 1995). Table 3 presents
the results; full regression outputs appear in Ap-
pendix E.

5.2 Findings

Papers with preprints from elite instituitions
present during review receive significantly
higher scores. Preprint presence during re-
view has significantly higher scores for institu-
tion Tier 1 and country Tier 1 papers, confirm-
ing the widespread concerns of the NLP commu-
nity. For institution Tier 1, papers with preprints
present score 3.25 on overall score versus 3.05
when absent (Cohen’s d = 0.31, p < 0.01) ; coun-

try Tier 1 shows an even larger gap of 3.28 ver-
sus 3.06 (d = 0.34, p < 0.001) . Elite institutions
gain significantly more from preprint visibility than
lower-tier institutions (β = 0.15, p = 0.02) .

Reviews for papers with preprints present con-
tain more terse but specific feedback. For Tier 1
institutions, papers with preprints present during
review receive shorter reviews (368 vs. 399 words,
d = −0.16, p < 0.10 ) and less actionable feed-
back (d = −0.15, p < 0.05 ). However, these
reviews contain fewer unclear comments (d =
−0.19, p < 0.10 ). This pattern suggests that
preprint presence signals a level of quality to re-
viewers, reducing both effort and vague criticism.

Author recognition inflates scores significantly,
but only at elite institutions. When reviewers re-
port knowing the author, Tier 1 institution papers
receive a 0.26-point boost in overall assessment
(3.47 vs. 3.21) (d = 0.43, p < 0.001) . This effect
does not appear at other tiers: Tier 2 and Tier 3
show no significant score differences when authors
are known (all p > 0.50). Regression models with
Tier × Knowledge interactions confirm this con-
centration significantly (β = 0.19, p = 0.018) .

Reviewers demand expensive model compar-
isons significantly more often when preprints
are absent. Papers from mid-tier institutions face
sharply increased demands for comparisons to ex-
pensive models when preprints are absent during
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review, in line with common complaints reported in
Section 4. For institution Tier 2, “compare to model
X” requests jump from 4% when preprints are
present to 24% when absent (d = 0.71, p < 0.01) .
Country Tier 1 shows a similar pattern: 11% with
preprints versus 17% without (p < 0.05) .

Authors from low-tier institutions get higher
quality reviews if reviewers know authors. Un-
like elite institutions where recognition inflates
scores but not quality, lower tiers show a dif-
ferent pattern. When reviewers know authors
from institution Tier 3, actionability rises from
3.72 to 3.92 (p < 0.05) , unclear comments drop

significantly from 49% to 28% (p < 0.05) , and
extra experiment demands drop from 12% to 0%
(d = −0.37, p < 0.05) . In country Tier 3, help-

fulness similarly rises from 4.16 to 4.80 when re-
viewers know authors (d = 0.64, p < 0.05) .

Country Tier 3 shows reversed score patterns:
papers without preprints receive higher scores.
Unlike Tiers 1 and 2, papers from Tier 3 countries
receive higher overall assessment scores when re-
viewers lack preprint access (3.25 vs. 3.06, d =
0.19). Though not statistically significant (p =
0.83), this pattern aligns with concerns expressed
by Tier 3 researchers that posting preprints may
disadvantage them (§4). Papers without preprints
also receive longer reviews (382 vs. 333 words)
and fewer unclear comments (25% vs. 38%).

6 Discussion and Recommendations

The NLP community largely agrees that early
preprinting advantages elite institutions when
anonymity is compromised, and our analysis empir-
ically confirms this assumption: When reviewers
identified Tier 1 authors, their overall scores in-
creased significantly, (p < 0.001) , while Tier 2
and Tier 3 showed no such effect (all p > 0.50).
Meanwhile, preprint visibility degraded review
quality for elite institutions: Tier 1 papers received
marginally worse reviews when preprints were
present. Anonymity thus shields well-resourced
researchers from weaker reviews rather than pro-
tecting less-resourced researchers from unfair bi-
ases. Our qualitative findings point to the same
conclusion. The majority of survey and interview
participants believed that the anonymity period’s
removal had no impact on their careers. Both quan-
titative and qualitative evidence thus converge: the
anonymity period policy did not protect under-

represented researchers. We recommend two pol-
icy directions that directly address the compound-
ing inequities of preprint culture – improving re-
view systems opting for higher quality and invest-
ing more in diversity and inclusion measures.

R1: Improving review quality. Participants
across tiers reported declining review quality, de-
scribing reviews as “random,” fixated on minor de-
tails, or appearing LLM-generated. Some problems
disproportionately affect under-resourced and un-
derrepresented researchers: reviewers request large-
scale experiments or comparisons to closed models
despite ARR guidelines discouraging such requests
(ARR, 2025), and researchers in niche areas receive
mismatched reviewers. Although ARR has made
efforts to increase reviewer pools and refine guide-
lines, including policies for recognition of great
reviews and reporting low-quality reviews (ARR,
2025), authors can only report violations after the
fact and hope area chairs intervene. Recent works
explore improving review aggregation and increas-
ing reviewer participation (Kuznetsov et al., 2024)
and improving review matching (Thorn Jakobsen
and Rogers, 2022). Mentoring junior reviewers
leads to better engagement and higher review qual-
ity, as shown at ICML 2020 (Stelmakh et al., 2020).
Consistently implementing outstanding reviewer
awards, possibly with discounted registration, may
also incentivize reviewing quality (Shah, 2022).

R2: Increasing D&I investment. While the
anonymity period was partly intended to protect
underrepresented researchers, participants consis-
tently emphasized that direct D&I investment mat-
ters more than anonymity restrictions. Participants
cited several barriers beyond anonymity: confer-
ence affordability, journal-centric academic con-
texts common in the Global South, visibility gaps
for researchers at lesser-known institutions, and
lack of procedural knowledge about ARR. We
make several recommendations to address these
barriers. To make conferences more affordable
for researchers with fewer resources, first, ACL
conferences could adopt tiered pricing models like
the ACM (ACM, 2025). Second, more targeted
efforts for gaining D&I sponsorship by compa-
nies could be made – the number of D&I spon-
sors has dwindled from eight in ACL (2022) to
one in ACL (2024) and ACL (2025). Third, to
address visibility gaps, ACL could amplify D&I
awardees through its social media channels and
invest in more grassroots organizations like RAF
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(2024). Fourth, ACL venues could create more pub-
lication opportunities for affinity groups; NAACL
(2022) remains the only recent venue to invite affin-
ity workshops. Fifth, they could focus more on
creating research tracks aligned with underrepre-
sented researchers’ interests, as NAACL (2024) did
with its theme selection. Sixth, ACL could pursue
formal Scopus indexing for additional conference
proceedings (only consistently done for RANLP
(2025) (Scopus, 2025a,b)), enabling researchers
in journal-prioritized contexts to benefit from pub-
lishing at ACL conferences. Seventh, for authors
lacking institutional networks, ACL could establish
mentoring programs with experienced researchers
throughout the ARR process; volunteer mentors
could be incentivized through reduced reviewing
loads. Finally, D&I committees could be involved
in conference planning before decisions about bud-
gets, venues, and accessibility are finalized (ACL,
2025), and ACL could expand board and committee
representation from researchers at non-elite institu-
tions and underrepresented countries.

Conclusion. ACL introduced the anonymity pe-
riod in 2018 in good faith, responding to doc-
umented review biases favoring well-resourced
researchers. NLP has since grown rapidly, and
preprinting has become standard practice, making
multi-month embargoes impractical. Our mixed-
methods study finds that anonymity did reduce
some of the preprint and self-promotion advantages
available to well-resourced researchers. However,
this study also finds no evidence that the anonymity
period achieved its intended goal of protecting un-
derrepresented researchers; the biases persisted re-
gardless. We call on ACL to center marginalized
researchers in future policy, with concrete ac-
tion on publication norms, review reforms that
protect under-resourced authors, and increased
investment in diversity and inclusion.

Limitations

This study has several limitations. Our quantitative
analysis uses ARR data that includes only authors
and reviewers who consented to share their reviews,
and authors who received poor reviews or review-
ers who lacked confidence in their assessments
may have opted out. The analysis also depends
on authors self-reporting preprint existence and
reviewers self-reporting preprint knowledge, both
subject to reporting bias. We restricted the sample
to accepted papers to control for paper quality and

isolate reviewer perception of work that cleared
an acceptance threshold (Section 5.1). This nar-
rows the range of outcomes we observe and rules
out analysis of acceptance rates or factors behind
rejection, both of which matter for understanding
inequities in ACL peer review. Characterizing re-
jected papers systematically is also difficult: ARR
does not publish acceptance decisions, and a paper
may receive ARR reviews without being committed
to an ACL venue. Our review quality metrics rely
on LLMs as judges, which are less reliable than
expert human annotation. Sadallah et al. (2025)
and Purkayastha et al. (2026) evaluated the specific
models we use against human annotations on much
of the same ARR data: the RevUtil model matches
or exceeds GPT-4o (OpenAI et al., 2024) on hu-
man agreement, with 0.3 to 0.5 quadratic-weighted
Cohen’s Kappa (κ2; Cohen, 1968), and LazyRe-
viewPlus gets 0.51 as the F0.5 score on predicting
human-labeled review issues. Absolute scores from
these models should be read with caution, but rela-
tive comparisons across groups remain informative.
Finally, we did not recruit early-career researchers
for interviews: the anonymity period was repealed
before they entered the field, so they have no first-
hand experience with the policy change we study.

Ethical Considerations

This research received ethical approval from the
Ethics Committee of the University of Hamburg
Business School and from the University of Michi-
gan eResearch (ID HUM00283678). Survey and
interview participants were not compensated and
provided informed consent prior to participation.
Interview participants additionally consented to the
use of direct anonymous quotes. We do not in-
clude identifiable information about participants;
all quotes are attributed using pseudonyms. Fur-
ther details on consent procedures are provided
in Appendix B. The peer review data used in our
quantitative analysis comes from publicly available
datasets where authors and reviewers consented to
share their data. Consent to share data may itself
correlate with review outcomes, which we discuss
in Limitations.
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Relationship between bibliometric indicators and univer-
sity ranking positions. Scientific Reports, 13(1):14193.

Terne Thorn Jakobsen and Anna Rogers. 2022. What
factors should paper-reviewer assignments rely on?
community perspectives on issues and ideals in con-
ference peer-review. In Proceedings of the 2022 Con-
ference of the North American Chapter of the Associa-
tion for Computational Linguistics: Human Language
Technologies, pages 4810–4823, Seattle, United States.
Association for Computational Linguistics.

Andrew Tomkins, Min Zhang, and William D. Heavlin.
2017. Reviewer bias in single- versus double-blind
peer review. Proceedings of the National Academy of
Sciences, 114(48):12708–12713.

Transactions of the Association for Computational Lin-
guistics. 2024. Submissions.

4576

https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2602.10118
https://arxiv.org/abs/2602.10118
https://arxiv.org/abs/2602.10118
https://naacl.org/calls/regional_americas/index.html
https://ranlp.org/ranlp2025/index.php/call-for-papers/
https://ranlp.org/ranlp2025/index.php/call-for-papers/
https://arxiv.org/abs/2203.17259
https://arxiv.org/abs/2203.17259
https://aclanthology.org/2023.acl-long.911/
https://aclanthology.org/2023.acl-long.911/
https://doi.org/10.18653/v1/2025.emnlp-main.1476
https://doi.org/10.18653/v1/2025.emnlp-main.1476
https://doi.org/10.18653/v1/2025.emnlp-main.1476
https://www.scopus.com/sourceid/21100216911
https://www.scopus.com/sourceid/21100216911
https://www.scopus.com/sourceid/21101138302
https://www.scopus.com/sourceid/21101138302
https://arxiv.org/abs/2011.15050
https://arxiv.org/abs/2011.15050
https://arxiv.org/abs/2011.15050
https://arxiv.org/abs/1710.05225
https://arxiv.org/abs/1710.05225
https://doi.org/10.18653/v1/2022.naacl-main.354
https://doi.org/10.18653/v1/2022.naacl-main.354
https://doi.org/10.18653/v1/2022.naacl-main.354
https://doi.org/10.18653/v1/2022.naacl-main.354
https://doi.org/10.1073/pnas.1707323114
https://doi.org/10.1073/pnas.1707323114
https://transacl.org/index.php/tacl/about/submissions


A Anonymity Policy Language

A.1 Introduction of Anonymity Period
ACL Admin Wiki (2025a) lists the following de-
tailed policy for the anonymity period, first intro-
duced in 2018 (ACL Admin Wiki, 2025b):

The following rules and guidelines are
meant to protect the integrity of double-
blind review and ensure that submissions
are reviewed fairly. The rules make ref-
erence to the anonymity period, which
runs from 1 month before the submis-
sion deadline up to the date when your
paper is either accepted, rejected, or with-
drawn.

• You may not make a non-
anonymized version of your
paper available online to the
general community (for example,
via a preprint server) during the
anonymity period. By a version
of a paper we understand another
paper having essentially the same
scientific content but possibly
differing in minor details (including
title and structure) and/or in length
(e.g., an abstract is a version of the
paper that it summarizes).

• If you have posted a non-
anonymized version of your
paper online before the start of
the anonymity period, you may
submit an anonymized version to
the conference. The submitted
version must not refer to the
non-anonymized version, and you
must inform the program chair(s)
that a non-anonymized version
exists. You may not update the
non-anonymized version during the
anonymity period, and we ask you
not to advertise it on social media
or take other actions that would
further compromise double-blind
reviewing during the anonymity
period.

• Note that, while you are not prohib-
ited from making a non-anonymous
version available online before the
start of the anonymity period, this

does make double-blind reviewing
more difficult to maintain, and we
therefore encourage you to wait un-
til the end of the anonymity pe-
riod if possible. Alternatively, you
may consider submitting your work
to the Computational Linguistics
journal, which does not require
anonymization and has a track for
"short" (i.e., conference-length) pa-
pers.

The notion of preprint is understood
broadly to refer to any non-refereed pa-
per posted online, including but not lim-
ited to preprint servers such as arXiv.
Note that the rule applies only to
preprints that authors post themselves,
so it does not apply to (say) non-refereed
proceedings volumes. The restriction on
updating is to prevent authors from cir-
cumventing these rules by "flag planting"
with a placeholder version over 1 month
in advance.

A.2 Ending of Anonymity Period

ARR (2024) updates the anonymity policy for ARR
(which mediates most ACL conference venues) by
repealing the anonymity period, with Transactions
of ACL (TACL) following suit (Transactions of the
Association for Computational Linguistics, 2024):

The ACL has adopted a new anonymity
policy effective for all future submis-
sions, including to ARR. This new pol-
icy replaces the old policy that prohib-
ited authors from posting or advertising
non-anonymous preprints during a pe-
riod starting one month before the sub-
mission or commitment deadline, and
continuing while the submission is un-
der review.

The new policy takes effect in ARR
beginning with the Feb. 15 submis-
sion and commitment cycles. Under
the new policy, submissions will remain
anonymous during peer review, but au-
thors are free to post and discuss non-
anonymous preprints at any time. To pro-
tect anonymity during peer review, ARR
will take measures to prioritize reviews
by reviewers who are not aware of the
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author identities. Authors are reminded
that widely sharing the work will make
it harder to recruit reviewers. (Venues
will also institute awards for unpubli-
cized work. These awards are decided by
program committees, not ARR.)

B Survey and Interview Details

In this appendix, we first present the list of ques-
tions and informed consent information for the
survey and interview aspects of our study. We
then present an extended version of Table 2 with
stratification by membership in affinity groups and
information about participants’ experiences as re-
viewers.

B.1 Survey
Our survey was promoted through the field-
wide Corpora List (https://list.elra.info/
mailman3/hyperkitty/list/corpora@list.
elra.info/), and mailing lists and social chan-
nels for various affinity groups and EquiCL
(https://equicl.github.io/).

Informed consent. Before participants began the
survey, we provided the following details to them
(some information omitted for anonymity):

• We are ... conducting a study on the impact of
ACL’s anonymity period policy on the compu-
tational linguistics research community.

• Who should participate: This survey is in-
tended for researchers who publish in and/or
review for ACL, NAACL, EACL, EMNLP,
and other *CL conferences.

• Time commitment: This survey will take
approximately 10-12 minutes to complete.

• Data privacy: All responses are completely
anonymous and will be analyzed in aggregate.
No personally identifiable information will be
collected or reported. Your participation is
voluntary, and you may skip any questions
you prefer not to answer.

• Purpose: The data collected will be used ex-
clusively for academic research to understand
how current anonymity policies affect differ-
ent members of our community, with the goal
of informing future policy discussions.

• Questions? If you have any questions about
this survey, or if you want to change/delete

the data, please contact [us].

• When you submit this form, it will not auto-
matically collect your details like name and
email address unless you provide it yourself.

Participants were required to indicate that “I have
read the above information and agree to participate
in this survey. I understand that I can withdraw my
data anytime by contacting the authors.”

Survey questions. Our survey included the fol-
lowing questions (extra details about form structure
are italicized):

1. What is your current career position?
(Check all that apply)

• Undergraduate student

• Graduate student (Master’s)

• Graduate student (PhD)

• Postdoctoral researcher

• Faculty - Early career (Assistant Profes-
sor or equivalent)

• Faculty - Mid career (Associate Profes-
sor or equivalent)

• Faculty - Senior (Full Professor or equiv-
alent)

• Industry researcher (Junior vs Senior)

• Government/Non-profit researcher

• Independent researcher

• Other (specify in blank)

2. What is your primary country of
work/study?

3. What is your country of origin? Write
“mixed” if the answer is too complex.

4. What institution are you primarily affili-
ated with?

5. Which communities do you actively partici-
pate in? (Check all that apply)

• Black in AI

• Disability in AI

• Ethio NLP

• Indigenous AI
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Institution Country Affinity Group

Finding All T1 T2 T3 T1 T2 T3 Yes No

Perceived impact of preprinting on own papers
No impact on reviews/decisions 46.1 45.8 50.0 38.1 47.9 50.0 33.3 48.9 41.4
Impacts acceptance 36.8 33.3 40.0 47.6 35.4 21.4 58.3 44.7 24.1
Preprinting helps me 28.9 33.3 30.0 33.3 33.3 7.1 33.3 34.0 20.7
Preprinting hurts me 11.8 8.3 10.0 19.0 8.3 7.1 25.0 17.0 3.4

Preprints benefit well-resourced institutions
Strongly agree 34.2 29.2 25.0 52.4 29.2 42.9 41.7 42.6 20.7
Any agreement 76.3 70.8 80.0 85.7 79.2 64.3 83.3 76.6 75.9
Any disagreement 7.9 12.5 10.0 0.0 8.3 7.1 0.0 8.5 6.9

Reviewer experiences with deanonymization
Anonymity compromised (≥1 time) 57.9 58.3 65.0 47.6 56.2 64.3 58.3 51.1 69.0
Anonymity never compromised 26.3 29.2 25.0 28.6 31.2 14.3 25.0 31.9 17.2
Learned author identity 52.6 45.8 65.0 38.1 54.2 42.9 58.3 46.8 62.1
Learned institution 46.1 50.0 50.0 33.3 45.8 50.0 41.7 38.3 58.6
Learned social media praise 14.5 25.0 10.0 14.3 14.6 7.1 16.7 19.1 6.9
Learned social media criticism 9.2 8.3 15.0 9.5 6.2 7.1 16.7 10.6 6.9
Never served as reviewer 14.5 8.3 10.0 23.8 10.4 21.4 16.7 17.0 10.3

Field pace and preprint concerns
Everything moving too fast 59.2 66.7 55.0 52.4 62.5 57.1 50.0 55.3 65.5
Like sharing work sooner 51.3 58.3 55.0 42.9 56.2 42.9 33.3 51.1 51.7
Preprint quality declining 26.3 25.0 40.0 19.0 33.3 21.4 8.3 29.8 20.7
Others’ preprints overshadow my work 40.8 29.2 50.0 52.4 37.5 50.0 41.7 46.8 31.0

Self-promotion behavior
No promotion 21.1 12.5 15.0 38.1 10.4 21.4 58.3 23.4 17.2
Promote before submission 18.4 25.0 15.0 19.0 18.8 14.3 16.7 21.3 13.8
Promote after acceptance 56.6 54.2 70.0 38.1 66.7 64.3 16.7 53.2 62.1

Number of respondents (n) 76 24 20 21 48 14 12 47 29

Table 4: Survey responses by institution tier, country tier, and affinity group membership. All values are percentages.
Bold indicates highest value within each stratification (institution, country, or affinity group). Highlighted rows show
consensus patterns across groups. Institution tier responses sum to 65 due to 11 respondents without institutional
affiliation data. Country tier responses sum to 74 due to 2 missing values.

• LatinX in AI

• Masakhane/AfricaNLP

• Muslims in ML

• North Africans in NLP

• Queer in AI

• SomosNLP

• WiNLP (Widening NLP)

• Women in ML

• Other (specify in blank)

6. What are your primary NLP research ar-
eas? (Check up to 3) [List of standard NLP
areas]

• Safety and Alignment in LLMs

• AI/LLM Agents

• Human-AI Interaction/Cooperation

• Retrieval-Augmented Language Models

• Mathematical, Symbolic, and Logical
Reasoning in NLP

• Computational Social Science, Cultural
Analytics, and NLP for Social Good

• Code Models

• Interpretability, Model Editing, Trans-
parency, and Explainability

• LLM Efficiency

• Generalizability and Transfer

• Dialogue and Interactive Systems

• Discourse, Pragmatics, and Reasoning

• Low-resource Methods for NLP
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• Ethics, Bias, and Fairness

• Natural Language Generation

• Information Extraction and Retrieval

• Linguistic theories, Cognitive Modeling
and Psycholinguistics

• Machine Translation

• Multilinguality and Language Diversity

• Multimodality and Language Grounding
to Vision, Robotics and Beyond

• Neurosymbolic approaches to NLP

• Phonology, Morphology and Word Seg-
mentation

• Question Answering

• Resources and Evaluation

• Semantics: Lexical, Sentence-level Se-
mantics, Textual Inference and Other ar-
eas

• Sentiment Analysis, Stylistic Analysis,
and Argument Mining

• Speech Processing and Spoken Lan-
guage Understanding

• Summarization

• Hierarchical Structure Prediction, Syn-
tax, and Parsing

• NLP Applications

• Other (specify in blank)

7. As a reviewer, have you encountered situa-
tions where paper anonymity was compro-
mised through preprints or social media?
(Select one)

• Yes, multiple times (5+)

• Yes, a few times (2-4)

• Yes, once

• No, never

• I haven’t served as a reviewer

8. As a reviewer, what types of prior knowl-
edge have preprints for papers you re-
viewed given you? (Check all that apply)

• Knowing the authors of the paper

• Knowing the institution of the paper

• Knowing the criticisms of the paper from
social media

• Knowing the praise of the paper from
social media

• I haven’t served as a reviewer

• Other (specify in blank)

9. How has removal of ACL’s anonymity pe-
riod policy influenced your career? (Check
all that apply)

• I like that I can share my work sooner
(and not get scooped)

• I feel like pre-prints from other re-
searchers get more attention than my pub-
lished work

• I feel like the quality of the pre-prints has
gone down

• Everything is moving too fast

• I think (my/other people’s) pre-prints
have (hurt/helped) the acceptance deci-
sions on my papers under review

• Other (specify in blank)

10. How strongly do you agree with this state-
ment? Publicly sharing preprints (e.g., on
arXiv / social media) prior to the review pro-
cess benefits authors at well-resourced institu-
tions more than it benefits authors at not well-
resourced institutions (e.g., in Global South,
lesser-known institutions). (Select one)

• Strongly agree

• Somewhat agree

• Neither agree nor disagree

• Somewhat disagree

• Strongly disagree

11. How do you think ACL’s anonymity period
policy has influenced the reviews, scores,
and acceptance decisions for your papers?
(Check all that apply)

• Preprinting my paper makes it more
likely to be reviewed positively and ac-
cepted
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• Preprinting my paper makes it more
likely to be reviewed negatively and re-
jected

• Preprinting my paper has no impact on
its reviews and decisions

• Not preprinting my paper makes it more
likely to be reviewed positively and ac-
cepted

• Not preprinting my paper makes it more
likely to be reviewed negatively and re-
jected

• Not preprinting my paper has no impact
on its reviews and decisions

• Other (specify in blank)

12. How do you typically promote your papers?
(Select one)

• Posting on social media / disseminating
your work (via workshops and seminars)
before submission

• Posting on social media / disseminating
your work (via workshops and seminars)
only after acceptance

• I don’t actively promote my work

• Other (specify in blank)

13. Thank you for filling out the survey. We
are interested in interviewing some sur-
vey respondents. If you are willing to be
contacted in this regard, please enter your
name and email.

B.2 Interview

Interview participants were selected from survey
respondents, and through direct contact of known
community leaders and vocal community mem-
bers.

Informed consent. Before each interview began,
participants were informed about the following (in
writing and/or conversation):

• The purpose of the study

• The study’s IRB approval status

• What interview recordings would be used for
(i.e., direct anonymous quotes only)

• The semi-structured format of the interview,
and expectation that any questions asked were
optional to answer

Participants were asked to confirm their consent
vocally, and given an opportunity to ask questions.

Interview questions. In our interviews, we asked
participants the following questions:

1. How does publishing and promotion work in
your country? Do ACL publications often
count for promotion?

2. The anonymity period policy (which restricted
preprints during review until February 2024)
has been debated extensively. In your view,
did this policy ultimately help or harm re-
searchers?

3. Now that researchers can post preprints any-
time, do you think this change disproportion-
ately benefits authors from prestigious institu-
tions?

4. What role do you think social media plays in
paper visibility and review outcomes?

5. What concrete changes could ARR make to
better support underrepresented researchers?

6. Is there anything else about peer review, pub-
lishing culture, or ACL policies you’d like to
discuss?

All questions were additionally sent to participants
in writing for clarity. Interviews were conducted
online through video call, except for one participant
who preferred to be interviewed by email. At times,
conversations went beyond the above questions,
and some quotes in the paper may come from these
cases.

B.3 Extended Results
Table 4 extends the results in Table 2 to in-
clude some aspects briefly mentioned in Section 4.
Specifically, it includes stratification by member-
ship in affinity groups, and additional questions
about participants’ experiences as reviewers in
ACL venues.

C Details regarding Tier Processing

C.1 Data Preprocessing
We collect papers published in ACL venues from
2019–2025 using the acl-anthology library. We
retrieve paper IDs, titles, author strings, and PDF

4581



links. We run GROBID to convert PDFs into
TEI XML format. We parse TEI files to extract
paper identifiers, titles, authors, and institutional
affiliations by reading orgName elements of type
institution. When multiple affiliations appear,
we retain all, deduplicate repeated strings, and join
them into a semicolon-separated field per paper.

We canonicalize author affiliations and identify in-
stitution countries through manual verification and
automated matching. We rank institutions by total
publication count during this period as a proxy for
prominence. We stratify institutions into three tiers:
Tier 1 (top 50 by publication count), Tier 2 (ranks
51–250), and Tier 3 (ranks 251+). We stratify coun-
tries into three tiers by publication count: Tier 1
(top 25%), Tier 2 (25–50%), and Tier 3 (bottom
50%).

We obtain arXiv posting dates by querying arXiv
with title- and author-based matching. We compare
each posting date to the corresponding conference
submission deadline. Papers with preprints posted
before submission are classified as “Preprints
Present During Review.” Papers without preprints
or with preprints posted after submission are clas-
sified as “Preprints Absent During Review.”

C.2 Conferences and Years Included
Our dataset includes reviews from the following
ACL venues and years:

• ACL: 2019, 2020, 2021, 2022, 2023, 2024,
2025

• COLING: 2020, 2022, 2024

• CoNLL: 2019, 2020, 2021

• EACL: 2021, 2023, 2024

• EMNLP: 2019, 2020, 2021, 2022, 2023, 2024,
2025

• NAACL: 2019, 2021, 2022, 2023, 2025

C.3 Tier Classification Examples
Institutions and countries are classified into three
tiers based on publication volume in NLP venues.
This classification does not correlate with institu-
tional prestige or economic development.

Country Tier Examples:

• Tier 1: United States, China, United King-
dom, Germany, Canada, India, South Korea,
Japan, Hong Kong, Singapore

• Tier 2: Qatar, Iran, Bangladesh, Saudi Arabia,
Poland, Greece, Romania, Norway, Turkey,
Brazil

• Tier 3: Malta, Luxembourg, Philippines,
Nigeria, Peru, Lebanon, Malaysia, Sri Lanka,
Uruguay

Institution Tier Examples:

• Tier 1: Carnegie Mellon University, Uni-
versity of California, Tsinghua University,
Peking University, University of Washington,
University of Edinburgh, University of Cam-
bridge, Stanford University, Johns Hopkins
University, National University of Singapore

• Tier 2: Singapore Management University,
Cardiff University, Korea Advanced Insti-
tute of Science and Technology, University
of Illinois at Chicago, King’s College Lon-
don, George Mason University, KU Leuven,
Hamad Bin Khalifa University, University of
Hong Kong

• Tier 3: Grenoble INP, Le Mans Univer-
sity, National Yang Ming Chiao Tung Uni-
versity, Syracuse University, University of
Athens, University of Sussex, Zayed Univer-
sity, Bangladesh University of Engineering
and Technology, Boise State University, Mid-
dle East Technical University

D LazyReviewPlus Analysis Details

D.1 LazyReviewPlus Methodology

The LazyReviewPlus (Purkayastha et al., 2026)
model we used in this work (referred to as LazyRe-
viewPlus for brevity) detects low-effort reviewing
patterns that compromise review quality. The tool
uses an instruction-tuned Phi-4 model aligned with
human annotations to identify four categories of
lazy review patterns:

1. Unclear comments: Vague criticism lack-
ing actionable guidance (e.g., “the writing
needs improvement” without specifying what
or how).

2. “Should do X instead”: Prescriptive demands
for alternative approaches without justifying
why the current approach is inadequate.

3. “Compare to model X”: Requests for com-
parison to specific models (often expensive
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Tier Any Lazy% Unclear% Should Do% Compare%

INSTITUTION TIER

1 66/70 42/51 16/19 13/13
2 72/72 47/47 17/18 6/11
3 50/67 28/49∗ 22/14 11/11

COUNTRY TIER

1 66/70 39/50 18/19 13/13
2 67/69 33/37 0/19 0/9
3 67/66 50/45 17/17 0/9

Table 5: Effect of author knowledge on lazy patterns.
Each cell shows paired values: known/unknown au-
thor. Cell shading indicates effect size: |d| ≥ 0.5 ,

0.3 ≤ |d| < 0.5 , 0.2 ≤ |d| < 0.3 . ∗ = p < 0.05

within-pair. Bold = notable pattern reversal or large
difference. Any Lazy = % reviews with any lazy pat-
tern; Unclear = % with unclear comments; Should Do
= % with “should do instead” requests; Compare = %
with “compare to model” requests.

closed-source systems) without clear rationale
for why such comparison is necessary.

4. Extra experiment demands: Requests for ad-
ditional experiments without explaining how
they would strengthen the paper’s claims.

We apply LazyReviewPlus to all 1,267 reviews in
our dataset with sufficient text content. For each
review, we record the count of each lazy pattern
type and a binary indicator for whether any lazy
pattern is present. Across all reviews, the mean
lazy pattern count is 0.93 (SD = 0.78), with 69%
of reviews containing at least one lazy pattern.

D.2 Effect of Author Knowledge on Lazy
Patterns

Table 5 presents the effect of reviewer knowledge
of author identity on lazy patterns. We report the
percentage of reviews containing each pattern type,
comparing cases where reviewers reported know-
ing the author versus not knowing. Effect sizes
(Cohen’s d) indicate the magnitude of differences.

When reviewers know authors from Tier 3 insti-
tutions, lazy patterns decrease substantially. The
prevalence of any lazy pattern drops from 67% to
50% (d = −0.36), unclear comments fall from
49% to 28% (d = −0.43, p < 0.05), and extra ex-
periment demands disappear entirely (0% vs. 12%,
d = −0.37). This pattern suggests reviewers in-
vest more effort in constructive feedback when they
recognize authors from less prominent institutions.
Tier 1 and Tier 2 institutions show minimal differ-
ences when authors are known.

Tier Any Lazy% Unclear% Should Do% Compare%

INSTITUTION TIER

1 69/73 49/58 17/20 13/15
2 68/68 42/46 18/22 4/24∗
3 57/67 37/54 13/21 7/4

COUNTRY TIER

1 67/72 44/55 18/19 11/17
2 63/63 32/38 11/38∗ 5/13
3 63/63 38/25 8/38∗ 8/0

Table 6: Effect of preprint timing on lazy patterns.
Each cell shows paired values: before/after submission
deadline. Cell shading indicates effect size: |d| ≥ 0.5 ,

0.3 ≤ |d| < 0.5 , 0.2 ≤ |d| < 0.3 . ∗ = p < 0.05

within-pair. Bold = notable pattern reversal or large
difference. Any Lazy = % reviews with any lazy pat-
tern; Unclear = % with unclear comments; Should Do
= % with “should do instead” requests; Compare = %
with “compare to model” requests.

Country-tier patterns are less consistent due to
smaller sample sizes in Tiers 2 and 3. Country
Tier 2 shows notably fewer “should do instead”
demands when authors are known (0% vs. 19%,
d = −0.49).

D.3 Effect of Preprint Timing on Lazy
Patterns

Table 6 presents the effect of preprint timing on
lazy patterns. We compare reviews for papers with
preprints posted before versus after the submission
deadline.

Papers without preprints present during review re-
ceive more lazy feedback across multiple dimen-
sions. The most striking finding concerns “compare
to model” requests for institution Tier 2: these jump
from 4% when preprints are present to 24% when
absent (d = 0.71, p < 0.01). This pattern suggests
reviewers demand expensive model comparisons
more often when they cannot verify institutional
prestige through preprints.

For lower-tier institutions and countries, preprint
absence correlates with increased “should do in-
stead” demands. Country Tier 2 shows a jump
from 11% to 38% (d = 0.66, p < 0.05), and
Country Tier 3 shows a similar pattern (8% to 38%,
d = 0.83, p < 0.05). Institution Tier 3 papers
without preprints present receive more unclear com-
ments (54% vs. 37%, d = 0.35).

These patterns indicate that preprint visibility re-
duces certain types of lazy reviewing, but the effect
varies by institutional context. Elite institutions
benefit from reduced unclear comments, while mid-
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Outcome Interaction β SE p

Institution Tier × Preprint Presence

Overall Score Tier 1 × Present 0.15 0.06 .020∗

Helpfulness Tier 1 × Present −0.19 0.08 .024∗

Review Length Tier 1 × Present −31.2 18.4 .091

Institution Tier × Author Recognition

Overall Score Tier 1 × Known 0.19 0.08 .018∗

Actionability Tier 2 × Known −0.49 0.21 .021∗

Unclear % Tier 3 × Known −0.21 0.09 .023∗

Country Tier × Preprint Presence

Overall Score Tier 1 × Present 0.17 0.05 .001∗∗

Compare Model % Tier 1 × Present −0.06 0.03 .042∗

Table 7: Interaction model coefficients. ∗p < 0.05; ∗∗p < 0.01. Positive β for scores = larger benefit at that tier.
Negative β for quality metrics = treatment reduces quality at that tier.

tier institutions face sharply increased demands for
expensive comparisons when preprints are absent.

E Quantitative Analysis: Interaction
Models

This appendix provides statistical details for the re-
gression models referenced in Section 5. The main
text reports within-tier comparisons (e.g., preprint
present vs. absent for Tier 1 institutions). Here we
test whether the magnitude of these effects differs
across tiers.

E.1 Model Specification

We fit OLS regression models with interaction
terms to test whether preprint visibility and author
recognition affect different tiers differently. The
general form is:

Y = β0 + β1 · Tier + β2 · Treatment

+ β3 · (Tier × Treatment) + ϵ
(1)

where Y is the outcome (score, quality metric,
or lazy pattern rate), Tier is a categorical vari-
able (Tier 1 as reference), and Treatment indicates
preprint presence or author recognition. A signif-
icant β3 indicates that the treatment effect varies
by tier. All p-values are FDR-corrected within out-
come families.

E.2 Results

Table 7 presents the key interaction effects. Posi-
tive coefficients for score outcomes indicate that
the treatment benefit is larger at the specified tier.
Negative coefficients for quality metrics indicate
that treatment reduces quality more at that tier.

E.3 Interpretation
Three findings emerge from the interaction models.

Score benefits concentrate at elite tiers. The
Tier 1 × Present interaction for overall score is
positive and significant for both institution (β =
0.15, p = .020) and country (β = 0.17, p = .001)
classifications. The Tier 1 × Known interaction
shows the same pattern (β = 0.19, p = .018).
Preprint visibility and author recognition do not
uniformly raise scores.

Quality tradeoffs differ by tier. When reviewers
can identify elite authors (Tier 1), scores rise but
review helpfulness drops (β = −0.19, p = .024).
For Tier 2, author recognition correlates with lower
actionability (β = −0.49, p = .021). For Tier 3,
author recognition correlates with fewer unclear
comments (β = −0.21, p = .023).

Resource-intensive demands shift with preprint
visibility. The Tier 1 × Present interaction for
“compare to model” requests is negative (β =
−0.06, p = .042). When preprints are present,
reviewers request fewer model comparisons from
Tier 1 authors. When preprints are absent, such
requests increase.
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