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Abstract

Peer review is the primary mechanism for eval-
uating scientific contributions, yet prior studies
have mostly examined paper features or exter-
nal metadata in isolation. The emergence of
open platforms such as OpenReview has trans-
formed peer review into a transparent and inter-
active process, recording not only scores and
comments but also rebuttals, reviewer—author
exchanges, and meta-reviewer decisions. In
this paper, we present a large-scale empiri-
cal study of ICLR 2017-2025, encompassing
over 28,000 submissions, integrating four di-
mensions: paper structure and language quality,
submission strategies and external metadata,
author—reviewer interaction dynamics, and re-
viewer disagreement patterns. Our results show
that factors beyond scientific novelty signif-
icantly shape acceptance outcomes. In par-
ticular, the rebuttal stage emerges as a deci-
sive phase: timely, substantive author-reviewer
communication strongly increases acceptance
likelihood, often outweighing initial reviewer
skepticism. Clearer writing, earlier submis-
sion, and effective disagreement resolution also
correlate with higher acceptance probabilities.
Based on these findings, we propose data-
driven guidelines for authors, reviewers, and
meta-reviewers to enhance transparency and
fairness in peer review.

1 Introduction

The introduction of OpenReview has transformed
peer review at major AI/ML conferences from a
closed, one-way evaluation into a transparent and
interactive process (Tran et al., 2020). With the pub-
lic release of reviews, reviewer confidence levels,
author rebuttals, reviewer discussions, and meta-
review decision statements, researchers now have
access to process-level data that were previously
unavailable. This development enables system-
atic investigation of peer review dynamics beyond
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outcome-based measures (Ragone et al., 2011).
Building on this modern system, this study seeks
to explain the determinants of final acceptance (ac-
cept/reject) from a process-centric rather than an
outcome-centric perspective (Shah, 2022).

Prior research has largely relied on outcome in-
dicators such as acceptance decisions or citation
counts, and often focused on a single year or a
limited set of features (Garcia-Costa et al., 2022).
Moreover, there has been no integrated framework
that simultaneously considers interaction logs (e.g.,
rebuttals and reviewer discussions), external signals
(e.g., arXiv posting, code and data release, submis-
sion timing (Xie et al., 2024)), and stylistic fac-
tors (e.g., writing style, visual elements (Crossley
and Roscoe, 2014; Kuznetsov et al., 2024)). Even
though the spread of OpenReview has made these
data systematically available (Zahorodnii et al.,
2025; Idahl and Ahmadi, 2025; Wang et al., 2021),
comprehensive studies that connect them to explain
the dynamics of peer review remain limited. To ad-
dress this gap, our work integrates process signals,
external signals, and stylistic factors into a unified
analytical framework.

Our analysis draws on the complete OpenReview
record of ICLR 2017-2025, combining reviews,
meta-reviews, rebuttal and interaction threads, re-
viewer scores and confidence, submission and dead-
line timestamps, arXiv postings, and code/data dis-
closures. We also parsed manuscript PDFs to ex-
tract document structure and linguistic features,
including table/figure/equation density, readability
and lexical diversity, and reference recency. The
corpus spans 28,358 submissions, growing from
490 in 2017 to 8,629 in 2025—an approximately
17-fold increase—and uniquely integrates process
logs, external signals, and stylistic elements for
longitudinal large-scale analysis.

This study addresses four central research ques-
tions: 1) Reviewer Disagreement & Mediation:
How do score variance, reviewer confidence, and
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sentiment affect acceptance outcomes? 2)Review
Interaction Logs: How do the speed, length, depth,
and frequency of rebuttal exchanges influence
acceptance? 3)Submission Strategies & External
Metadata: How do submission timing, arXiv post-
ing, and the release of code/data function as ac-
ceptance signals? 4)Visual, Linguistic, and Refer-
ence Patterns: How do tables, figures, equations,
readability, and reference recency correlate with
contribution and novelty evaluations?

Our contributions are threefold. First, we present
a process-centric framework linking reviewer dis-
agreement, interactions, external signals, and stylis-
tic patterns to explain acceptance decisions. Sec-
ond, we construct and release a longitudinal dataset
(ICLR 2017-2025) integrating OpenReview logs,
arXiv metadata, and PDF-derived features. Third,
we provide practical guidelines with recommenda-
tions for authors, meta-reviewers, and organizers
to ensure fairness and transparency.

The remainder of the paper is organized as fol-
lows. Section 2 defines the modern peer review
system and describes our data and metrics. Sec-
tions 3-6 analyze reviewer disagreement, interac-
tion logs, submission strategies and external meta-
data, and visual/linguistic/reference patterns, re-
spectively. The final discussion integrates findings,
explores limitations, and outlines future research
directions. A detailed survey of related work is
provided in Appendix A.

2 Modern Peer Review: Definition,
Research Questions, and Dataset

Peer review has long been central to evaluating
scientific work, but traditional systems relied on
closed evaluation and one-way communication.
Since 2013, with the adoption of platforms like
OpenReview, AI/ML conferences such as ICLR
have pioneered transparent and interactive peer re-
view. Reviews, rebuttals, reviewer discussions, and
meta-reviews are now publicly accessible, trans-
forming the process into structured, analyzable
data. This chapter defines the scope of modern peer
review, outlines our research questions, and intro-
duces the dataset used in this study.

Defining the Peer Review System We define
the modern system as one characterized by trans-
parency (open visibility of reviews and decisions)
and interactivity (author rebuttals, reviewer de-
bates, meta-review mediation). These features con-
vert the review process itself—once invisible—into

process-level data for systematic analysis.

Key Dimensions and Research Questions
Building on ICLR 2017-2025 data, we formulate
four sets of research questions:

1. Reviewer Disagreement & Mediation (D).

* RQ-D1: How does disagreement among re-
viewers affect acceptance?

* RQ-D2: In borderline cases, how do reviewer
confidence and sentiment influence accep-
tance?

2. Review Interaction Logs (I).

* RQ-I1: Do rebuttal response speed and length
affect acceptance?

* RQ-I2: Are more exchanges and greater depth
signals of rescue or risk?

3. Submission Strategies & External Metadata

(S).

* RQ-S1: How does submission timing (early
vs. last-minute) affect final acceptance?

* RQ-S2: How does arXiv posting influence
acceptance?

* RQ-S3: Does providing reproducibility infor-
mation affect final decisions?

4. Paper Structure & Language Quality (P).

* RQ-P1: How do visual elements (tables, fig-
ures, equations) relate to novelty and contri-
bution?

* RQ-P2: How do English fluency and clarity
relate to acceptance rates?

* RQ-P3: How does reference recency influ-
ence novelty and reviewer evaluation?

Dataset Our analysis uses the complete ICLR
2017-2025 OpenReview corpus, comprising
28,358 submissions. It includes reviews, rebuttals,
discussions, meta-reviews, final decisions, arXiv
metadata, and PDF-derived features (tables, figures,
equations, readability, and reference recency). This
dataset enables a process-centric, multidimensional
analysis of peer review.

Detailed information on dataset selection and
construction is provided in Appendix B, and the
dataset will be released to the research community
for studies. Detailed statistical test results for ex-
periments are reported in Appendix C, including
Spearman correlation (Spearman, 1961), Pearson
correlation (Pearson, 1895), the Mann—Whitney U
test (Nachar et al., 2008), Welch’s t-test (Welch,
1947), and logistic regression (Hosmer Jr et al.,
2013). We further provide robustness and control
analyses across years, score groups, observable con-
trols, and sentiment classifiers in Appendix D.
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Figure 1: Distribution of scores (7;) and score variance (o7)

3 Reviewer Disagreement & Mediation:
Collective Decision-Making Patterns

The intrinsic quality of a paper is central in aca-
demic evaluation, yet reviewer disagreement is
inevitable when reviewers with different back-
grounds and standards assess the same work. Plat-
forms such as OpenReview disclose scores, com-
ments, confidence ratings, meta-reviews, and in-
teraction logs (discussion threads, rebuttals, score
revisions), enabling quantitative analysis of collec-
tive decision-making previously inaccessible. In
this chapter, we investigate how reviewer disagree-
ment relates to paper acceptance. We focus on three
key dimensions: score variance, reviewer confi-
dence, and the sentiment of review comments.

Experimental Design We used ICLR
2017-2025 OpenReview dataset. The analy-
sis unit was defined as papers with at least two
reviewers providing ratings, confidence, and final
decision. Data from 2020 were excluded due
to missing confidence scores. The final dataset
includes 23,444 papers.

Notation is defined as follows. Let d; denote
the i-th paper, rf the score assigned by reviewer
k for paper d;, cf the confidence of reviewer k,
and y; € {0,1} the final decision (1 for accept,
0 for reject). Using these, we construct: the mean
score 7; = K% EkK:il 7k, the score variance o2

2 =
L NKi (k=2 G —
7 ket (i — 7i)*, the mean confidence ¢; =

1 Ki ok : 2 _
% k1 Ci» and the confidence variance o7, =
1N Ki (k)2 s

7 2pe1(ci — G)°, where K; is the number of

reviewers for paper d;.

3.1 RQ-D1: How does disagreement among
reviewers affect acceptance?

Reviewer score disagreements were consistently
observed across ICLR 2017-2025. As shown in
Figure 1, both accepted and rejected papers exhib-
ited non-negligible score variance (0?). The mean
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Figure 2: Variance and acceptance by score group and
decision.

score of accepted papers was about 6.44, with ac-
cept and reject decisions clustering in the 5-6 range.

Based on the official ICLR review score guide-
lines, we divide papers into three groups: High-
Score (7; > 6), Borderline (5 < 7; < 6), and
Low-Score (7; < 5). Detailed scale definitions
and semantic interpretations are provided in Ap-
pendix B.3.

Figure 2 compares acceptance rates by score
variance across groups. In the Low-Score group,
accepted papers showed higher variance than re-
jected papers. This suggests that even with a low
average score, a few high ratings can increase vari-
ance and modestly raise acceptance probability. In
the High-Score group, rejected papers exhibited
greater variance, indicating that a single strong neg-
ative review could override otherwise high scores.

In the Borderline group, accepted papers had
lower median variance than rejected ones, showing
that reviewer agreement improved acceptance odds
when scores were near the decision threshold.

See Table 4 in Appendix C.1, the Low-Score
group exhibited a significant positive correlation.
This statistically confirms that reviewer disagree-
ment, when average scores are low, can some-
times lead to acceptance rather than rejection.
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Figure 3: Distribution of reviewer confidence in borderline cases

3.2 RQ-D2: In borderline cases, how do
reviewer confidence and sentiment
influence acceptance?

When  reviewer  disagreement is  pro-
nounced—particularly in the Borderline group
(5 < 7; < 6), where the final outcome is uncer-
tain—score variance alone is insufficient to explain
acceptance. In this context, our study seeks to
identify which reviewer attributes influence the
final decision.

We focus on two key factors. The first is the
level of reviewer confidence, both at the individual
level (cf ) and at the paper level (mean confidence
¢;). The second is the sentiment of review com-
ments, specifically whether they are predominantly
positive, neutral, or negative.

Confidence Analysis Since reviewers have dif-
ferent expertise areas, their confidence scores nat-
urally vary. As shown in Figure 3, the average re-
viewer confidence on a 1-5 scale was about 3.60,
with negligible differences between accepted pa-
pers (3.58) and rejected papers (3.61). Confidence
variance also showed nearly identical distributions
across the two groups. These results, confirmed in
Appendix C.2, indicate that confidence does not
have a meaningful correlation with acceptance out-
comes in the Borderline group.

Sentiment Analysis We examine how the senti-
ment distribution of review comments affects ac-
ceptance among Borderline papers (5 < 7; < 6),
as illustrated in Table 1. Formally, we define the
following units and notations. Let mf’j denote the
J-th comment of reviewer k on paper d;. Each com-
ment mf’] is mapped by a pretrained multilingual
sentiment model' into a probability vector over
positive / neutral / negative class. The dominant
sentiment of a review éf is determined by majority
vote across its comments, and the paper-level senti-

1https://huggingface.co/nlptown/
bert-base-multilingual-uncased-sentiment

Dominant sentiment  Acceptance (%)
Negative 18.8
Neutral 32.6
Positive 354
Borderline average 32.7

Table 1: Acceptance rates of borderline papers by domi-
nant sentiment. The overall acceptance rate of borderline
papers was 32.7%.

ment 3; is the most frequent across reviewers (ties
resolved by average intensity).

The overall acceptance rate of Borderline papers
was 32.7%. By dominant sentiment §;, acceptance
was 35.4% for Positive, 32.6% for Neutral, and
18.8% for Negative.

This indicates that sentiment is a strong signal
in meta-review deliberations: negative comments
strongly constrain acceptance, while positive ones
provide a modest boost.

3.3 Summary and Implications

Our findings can be summarized as follows: (1)
Reviewer disagreement generally lowers accep-
tance probability, with the effect strongest in the
High-Score and Borderline groups where variance
directly reduces acceptance chances. (2) In the
Low-Score group, disagreement sometimes helps:
a few positive reviews increase variance and can
raise acceptance probability. (3) Reviewer confi-
dence does not significantly predict acceptance
in Borderline cases. (4) Sentiment is a decisive
factor: negative comments sharply reduce accep-
tance, while positive comments slightly improve
it. Overall, these results show that disagreement is
not mere noise but an important mechanism in peer
review decision-making. They highlight the need
for meta-reviewers to balance quantitative signals
(score variance) with qualitative cues (review senti-
ment) when mediating reviewer disagreements.
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4 Review Interaction Logs:
Understanding Interactive Dynamics

A defining feature of modern peer review plat-
forms such as OpenReview is that the dialogue
between authors and reviewers during rebuttal is
fully logged and public. These records form a basis
for meta-reviewer decisions, so the timing, volume,
depth, and frequency of exchanges can affect the
final outcome. In this chapter, we analyze ICLR
2017-2025 data to examine how rebuttal respon-
siveness (speed and length, RQ-I1) and interac-
tional dynamics (depth and response count, RQ-12)
influence acceptance.

Experimental Design Our analysis targets
20,666 papers (73.63%) from the ICLR 2017-2025
corpus, selected from a total of 28,383 submissions.
These papers include complete records of reviews,
author rebuttals, meta-reviews, and final decisions,
and contain at least one response (latency < 336H).
Interactions outside the official rebuttal window
(typically 7-14 days) were excluded.

Formally, we define the following units and no-
tations. Let mf 7 denote the j-th comment of re-
viewer k on paper d;. The mean response length
across all responses in paper d; is denoted by L;,
and 7T} represents the mean latency of author re-
sponses in d;. We denote by Depth; the maximum
depth of reviewer—author dialogue trees in paper
d;, and by N; the total number of author responses
in di.

Descriptive statistics across score groups (accep-
tance rate, mean 7}, mean L;) are reported in Ap-
pendix C.3 (Table 6). Differences between groups
are statistically significant.

4.1 RQ-I1: Do Rebuttal Response Speed and
Length Affect Acceptance?

Most conferences allow 7-14 days for rebuttal sub-
missions. Within this limited period, the prompt-
ness and thoroughness of an author’s response be-

come key signals of persuasiveness to reviewers
and meta-reviewers.

As shown in Figure 4a, in Low-Score and Bor-
derline groups, faster responses (7; |) and longer
responses (L; 1) are significantly associated with
higher acceptance rates. In contrast, for the High-
Score group, neither metric exhibits a significant
effect.

Statistical tests (Appendix C.3) show that re-
sponse speed and length significantly affect accep-
tance for Low- and Borderline-Score papers, but
not for High-Score papers.

4.2 RQ-12: Are more exchanges and greater
depth signals of rescue or risk?

While authors strive to maximize their rebuttal ef-

forts, excessive back-and-forth can burden review-

ers and trigger negative reactions. To test this, we

examine the depth of interaction chains (Depth;)

and the total number of author responses (IV;).

As shown in Figure 4b: While authors strive to
maximize their rebuttal efforts, excessive iterations
can burden reviewers and trigger negative reactions.
To test this, we examine the depth of interaction
chains (Depth;) and the total number of author
responses (IV;).

This suggests that intensive interaction is bene-
ficial only at the lower end of the score spectrum,
whereas in higher tiers it risks being interpreted as
argumentative or inefficient.

Effective range of interaction we analyzed ac-
ceptance rates across binned intervals of response
counts and interaction depths (see Appendix C.4).

The findings reveal that for the Low-Score group
(7; < 5), more responses consistently increase ac-
ceptance rates, demonstrating the effectiveness of
rebuttals as a salvage strategy. For the Borderline
group (5 < 7; < 6), more responses yield modest
gains, but excessive depth can backfire. Finally, for
the High-Score group (7; > 6), greater response
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counts and deeper discussions correlate with de-
clining acceptance rates, suggesting that prolonged
debate may undermine strong papers. Overall, the
analysis identifies an optimal interaction window:
dialogue depth of 2-3 ranges and a moderate
number of responses tend to maximize accep-
tance prospects, beyond which diminishing or neg-
ative returns emerge.

4.3 Summary and Implications

This chapter yields three insights. First, faster and
longer rebuttals aid Low- and Borderline-Score
papers but have little effect on High-Score ones.
Second, interaction depth and frequency diverge:
extensive exchanges help Low-Score cases, moder-
ate discussion benefits Borderline ones, and greater
dialogue harms High-Score papers. Third, there is
an “effective range of interaction”: some rebuttal
activity helps, but overly prolonged or deep debates
reduce acceptance chances.

These findings show the rebuttal stage as a de-
cisive arena that can alter a paper’s trajectory. Au-
thors must tailor strategies to their score group,
while meta-reviewers should weigh not only quan-
titative indicators but also their contextual meaning.

5 Submission Strategies & External
Metadata: Signals Beyond the
Manuscript

In modern conference peer review, decisions reflect
not only manuscript quality but also external sig-
nals such as submission timing, public posting, and
code or data availability. At ICLR, using OpenRe-
view, these signals are explicit, offering insights
into double-blind review. This chapter analyzes
how submission strategies and external metadata
affect acceptance.

Experimental Design We analyze 28,086 ICLR
submissions with recorded final decisions and sub-
mission timing, addressing three research ques-
tions.

5.1 RQ-S1: How does submission timing
affect final acceptance?

Submission timing is measured by the number of
days remaining until the deadline. As shown in
Figure 5, early submissions (> 7 days before the
deadline) show the highest acceptance rate (about
44.0%), exceeding the overall average (38.9%) and
slightly surpassing last-minute submissions (about
43%). They also receive higher reviewer scores
and lower reviewer disagreement, indicating more
favorable and consistent evaluations. Additional
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Figure 5: Acceptance rate by submission timing. Early sub-
missions show the highest acceptance rate.

analyses and detailed statistics are provided in Ap-
pendix C.5.

5.2 RQ-S2: How does arXiv posting influence
acceptance?

We next analyze 14,012 papers matched to arXiv.
Papers posted on arXiv consistently outperform
non-posted papers in acceptance rate. Among
posted papers, those released simultaneously with
or after submission show about 6.4%p higher ac-
ceptance than papers posted earlier. This suggests
that arXiv posting not only as a signal of openness
but also as an indicator of submission readiness.

We also examine Reproducibility-Supporting
Resources (R.S), including code, data, and sup-
plementary materials. Papers with RS achieve a
43.96% acceptance rate, compared with 32.54%
for papers without RS. Additional analyses and
statistical tests in Appendix C.6 confirm that pro-
viding such resources is strongly associated with
acceptance.

5.3 Summary and Implications

Three findings emerge. First, earlier submissions
are associated with higher acceptance, stronger re-
viewer scores, and lower disagreement. Second,
arXiv posting is positively associated with accep-
tance, especially when coordinated with submis-
sion timing. Third, providing reproducibility re-
sources substantially improves acceptance proba-
bility. These results suggest that, even under double-
blind review, external signals remain important in
shaping outcomes.

6 The Impact of Visual, Linguistic, and
Reference Patterns on Evaluation

The novelty, contribution, and experimental results
of a paper are the primary factors reviewers con-
sider when evaluating its quality. However, exter-
nal aspects such as style, structure, layout, and lan-
guage clarity may also influence reviewer decisions.
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This chapter quantitatively analyzes how non-core
factors—visual elements (e.g., tables, figures), lin-
guistic clarity, and reference recency—affect eval-
uations of novelty and contribution.

6.1 RQ-P1: How do visual elements (tables,
figures, equations) relate to novelty and
contribution?

Visual devices (e.g., tables, figures, equations) help
readers grasp contributions and are often used to
summarize findings. This section examines how
their counts correlate with novelty and contri-
bution scores. Our dataset includes 6,473 ICLR
2022-2023 papers with novelty scores and 8,624
ICLR 2025 papers with contribution scores. Vi-
sual elements were extracted from PDFs using pdf-
plumber?, with each type capped at ten to mitigate
parsing errors.

Appendix C.7 reports that visual elements are
significantly associated with novelty and contribu-
tion: tables and equations enhance empirical con-
tributions, whereas excessive visuals may lower
technical novelty. In summary, technical novelty is
rated higher when fewer tables and figures are pre-
sented, whereas empirical novelty is strengthened
by including more tables and figures. Contribution
scores also increase when more tables and equa-
tions are included. Thus, concise visual design may
be effective when the goal is to highlight the origi-
nality of an idea, while abundant tables and equa-
tions are advantageous for emphasizing empirical
persuasiveness or contribution.

6.2 RQ-P2: How do English fluency and
clarity relate to acceptance rates?

Readable and fluent writing can leave a positive
impression on reviewers. In this section, we ana-
lyze papers across various linguistic dimensions
(fluency and readability) and examine how these
metrics relate to acceptance rates across both the
pre- and post-LLLM eras.

Metrics We consider three linguistic dimensions:
vocabulary diversity (unique-to-total word ratio);
average sentence length; average words per sen-
tence; and readability indices (Flesch Reading Ease
(Flesch, 1943), Flesch—Kincaid Grade (Kincaid
et al., 1975), Gunning Fog Index (Gunning, 1952)).

Dataset Split We define the introduction of
LLMs into writing workflows with the release of
ChatGPT (Nov. 30, 2022). Since the ICLR 2023
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Figure 6: Correlation between metrics and acceptance
rates in the pre- and post-LLM eras.

deadline (Sept. 11, 2022) predates this, papers from
2024 onward are considered Post-LLM. Thus, we
classify submissions into two groups: Pre-LLM
(ICLR 2017-2023) and Post-LLM (ICLR 2024-
2025).

Figure 6 illustrates the relationship between lin-
guistic metrics and acceptance rates before and
after the introduction of LLMs. Points lying along
the diagonal indicate that Spearman’s rank correla-
tion and Pearson’s correlation yield the same direc-
tion of association, while greater distance from the
center reflects stronger absolute correlation values,
i.e., a larger influence on acceptance rates. Detailed
statistical results are in Appendix C.8. In the pre-
LLM era (2017-2023), easier-to-read writing and
slightly longer sentences were modestly advanta-
geous, though overall effects were weak. By con-
trast, in the post-LLM era (2024-2025), these pat-
terns reversed and became stronger: professional,
somewhat difficult tone was favored, while short
and concise sentences emerged as a clear positive
signal, reflecting the principle of “Professional but
concise.”

6.3 RQ-P3: How does reference recency
influence novelty and reviewer evaluation?

Reviewers often assess novelty by how well a paper
engages with recent research. We quantify refer-
ence recency using three metrics: the average refer-
ence age (submission year minus reference year),
the recent references ratio (fraction of references
published within 2 years), and the old references
ratio (fraction of references older than 5 years).
As you can see with Table 14 in Appendix C.9,
older references—as captured by the average ref-
erence age—strongly decrease empirical novelty,
while their effects on technical novelty are negligi-
ble. A higher recent references ratio significantly
boosts empirical novelty, whereas a higher old ref-
erences ratio significantly reduces it. Figure 11 in
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Appendix C.9 confirms these findings.

In conclusion, papers that sufficiently reflect the
latest research context receive higher empirical nov-
elty ratings. Technical novelty, however, is largely
determined by the originality of ideas or formaliza-
tion and is not meaningfully influenced by refer-
ence recency.

6.4 Summary and Implications

This chapter yields three main insights. First, visual
elements show divergent effects: tables and equa-
tions enhance novelty and contribution, while ex-
cessive visuals may reduce technical novelty. Sec-
ond, the notion of “good writing” has shifted: be-
fore LLMs, clarity and readability improved ac-
ceptance, but after LLMs, a professional, concise
tone received higher ratings. Third, reference re-
cency is key: younger references and higher ratios
of recent citations significantly increase empirical
novelty. Together, these findings show that style,
language, and references are substantive signals
shaping reviewer evaluations.

7 Discussion

This study uses process-level data from modern
peer review to identify determinants of acceptance
across four dimensions: process, interaction, signal-
ing, and style. OpenReview’s transparency enables
moving beyond scores to examine how decisions
form through disagreement, dialogue, external sig-
nals, and stylistic practices.

Integrated interpretation Reviewer disagree-
ment reduces acceptance in High/Borderline cases
but can help Low-score papers with a few fa-
vorable reviews. Fast, sufficiently long rebuttals
act as a rescue strategy, with optimal depth at
2-3 exchanges. External signals—early submis-
sion, synchronized/post-submission arXiv posting,
and reproducibility resources—increase acceptance
odds. Style also matters: tables/equations aid nov-
elty and contribution, while post-LLM reviewers
favor concise professional writing and recent refer-
ences.

Peer review as a signaling game Peer review
functions as a signaling game of belief updates:
disagreement reflects information divergence, inter-
action logs serve as costly signals of effort, submis-
sion timing and RS indicate readiness, and stylistic
choices shape cognitive load and credibility.

Guidelines for authors For Low-Score papers
(<5), respond quickly and substantively, keep di-

alogue depth at 2-3, provide RS, and write con-
cisely with tables/equations. For Borderline papers
(5-6), balance speed and substance, counter nega-
tive sentiment with precise clarifications, leverage
early submission and synchronized arXiv posting,
and emphasize novelty with recent references. For
High-Score papers (>6), avoid excessive interac-
tions and instead consolidate contributions with RS
and concise conclusions.

Recommendations for meta-reviewers and or-
ganizers Meta-reviewers should apply variance
checks to prevent outlier dominance and manage
interactions by encouraging 2-3 dialogue turns
while treating longer debates with caution. They
should separate evidence from tone to buffer undue
negativity, and explicitly reward reproducibility re-
sources by linking credits to validation. Finally,
concise professional style should be valued, but
substance must take priority over polish.

Shifts in the LLM era After 2024, readabil-
ity lost its advantage, replaced by a preference
for professional, concise writing. This shift stems
from LLMs raising baseline quality and reviewers
valuing brevity under time constraints. Institutions
should separate style from substance, and authors
should deliver dense, evidence-backed claims in
minimal sentences.

Limitations and future work Findings are based
on ICLR 2017-2025, limiting generalizability, and
results are correlational rather than causal. Data
extraction and sentiment analysis introduce noise,
and offline/private interactions remain unobserved.
Future studies should compare across disciplines,
use agent-based simulations of interaction rules,
and analyze internal argument—evidence structures.

8 Conclusion

This study uncovers how process-level data shapes
outcomes: the structure of disagreement, optimal in-
teraction windows, external reproducibility and dis-
closure signals, and the alignment of concise pro-
fessional writing with up-to-date references. These
insights provide authors with strategic guidance
and give meta-reviewers and organizers a founda-
tion for fairer, reproducible practices. Moving for-
ward, causal testing and policy experiments will be
essential. Ultimately, when good ideas meet good
processes, peer review can achieve more trustwor-
thy and equitable consensus.
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Limitations

Our findings characterize empirical patterns in peer
review and should be interpreted as correlational
rather than causal. Several limitations regarding
generalizability, potential confounding, and mea-
surement noise should be considered when inter-
preting the results.

Scope and Generalizability Our analysis is lim-
ited to ICLR submissions from 2017 to 2025. Since
ICLR’s OpenReview-based review process differs
from ACL/ARR and other review systems, the ob-
served patterns may not directly generalize to other
venues or disciplines.

Potential Confounding and Proxy Effects Sev-
eral observed factors, including submission tim-
ing, arXiv posting, writing characteristics, and re-
buttal behavior, may act as proxies for stronger
teams, more mature work, or better-prepared sub-
missions. Although our multivariate analysis con-
trols for observable factors, unobserved variables
such as paper quality, author experience, topic fit,
and reviewer preferences may still affect the re-
sults.

Automated Feature Extraction Automated fea-
ture extraction may introduce potential noise. In
particular, general-purpose sentiment classifiers
may not fully capture the tone and vocabulary
of scientific reviews, and our robustness analysis
shows some model-dependent variation. We there-
fore interpret sentiment as an approximate auxiliary
signal.

Temporal and Topic-level Variation Review dy-
namics may vary across years and research top-
ics. While our year-wise and score-group analyses
show broadly consistent patterns, topic-level varia-
tion is not systematically examined and remains an
important direction for future work.
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A Related Work

Traditional Peer Review and Its Limitations
Traditional peer review in journals and conferences
has relied on a closed and blind system (Wicherts,
2016; Peh, 2022), where only the final decision
(accept/reject) was disclosed. This structure lacked
transparency (Karhulahti and Backe, 2021; Ten-
nant and Ross-Hellauer, 2020), made it difficult to
systematically evaluate review quality (Wicherts,
2016), and provided no interactional data between
authors and reviewers (Chong and Lin, 2024; Ross-
Hellauer et al., 2017). As a result, earlier studies
were constrained to analyzing limited information
such as reviewer scores or final outcomes (Tennant
and Ross-Hellauer, 2020).

The Transformation of Peer Review in the
Modern Era With the advent of platforms such
as OpenReview (Yang, 2025), conferences like
ICLR began to disclose the entire review process,
from submission to final decision (OpenReview.net,
2017). This shift made reviewer scores, comments,
rebuttals, and meta-reviews all available as analyz-
able data (Huang et al., 2023; Lin et al., 2023a;
Yang, 2025), thereby expanding the dimensions of
peer review research. Crucially, interaction records
between authors and reviewers (Chong and Lin,
2024; Huang et al., 2023), information about code
and data availability (Kang et al., 2023) have been
systematically archived. This has enabled the field
to move beyond an outcome-centric perspective
toward a process-centric analysis of peer review
dynamics (Aczel et al., 2025).

Existing Studies on What Constitutes a ''Good
Paper'' and Predicts Acceptance Prior research
has attempted to define what makes a "good paper"
in terms of citations (Pottier et al., 2024), and re-
producibility (Tennant and Ross-Hellauer, 2020).
Studies on linguistic factors examined how ele-
ments such as the title (Pottier et al., 2024), ab-
stract (Pho, 2008), textual clarity, and difficulty
(Priyadarshini et al., 2023) influenced acceptance
outcomes. Other work investigated the role of vi-
sual and structural features—tables (Divecha et al.,
2023), figures (Ariga and Tashiro, 2022), and equa-
tions—in shaping reviewer evaluations. Metadata
such as code/data availability (Kang et al., 2023),
arXiv posting, and citation counts have also been
explored, alongside process-related features such
as reviewer reliability, and rebuttal effectiveness
(Huang et al., 2023). However, most prior studies
were limited in scope: many focused on a single
year (Jen et al., 2018), a small subset of data, or
a narrow set of explanatory factors (Aczel et al.,
2025).

Research Gap and the Need for Process-Centric
Approaches Existing literature has largely em-
phasized outcome-based analyses (Zhang et al.,
2022; Gallo et al., 2014)—acceptance versus re-
jection, or citation impact(Kho et al., 2020). Yet
in modern peer review environments, especially
those built on OpenReview (Zhang et al., 2025),
abundant process-level data is available, enriched
by external metadata such as arXiv postings or
reproducibility resources. This creates a pressing
need for research frameworks that integrate both
process signals and external signals in explaining
paper acceptance. Our study addresses this gap by
systematically analyzing ICLR 2017-2025 data,
providing empirical evidence for shifting peer re-
view research from an outcome-centric to a process-
centric paradigm.

B Dataset Details

B.1 Dataset Selection

We reviewed several candidate datasets for modern
peer review research. While NeurIPS and EMNLP
(since 2019) and ACL (since 2020 through ARR)
have partially adopted OpenReview, many of their
records lack meta-reviews or final decisions, limit-
ing their completeness. PeerRead (2013-2017) pro-
vides early peer review data but does not include
rebuttals or meta-reviews. MOPRD (Lin et al.,
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2023b) provides a multidisciplinary dataset cover-
ing manuscripts, review comments, meta-reviews,
author rebuttals, and editorial decisions, but does
not provide the longitudinal, consistently structured
conference-level records required for our analysis.

By contrast, ICLR 2017-2025 provides com-
plete and consistent coverage of reviewer scores,
confidence levels, textual comments, author rebut-
tals, reviewer—author discussions, meta-reviews,
and final decisions. This longitudinal coverage en-
ables us to analyze peer-review dynamics under a
consistent conference setting across multiple years.
The dataset contains 28,358 submissions, with an-
nual acceptance rates in the low 30-40% range,
and grew from 490 submissions in 2017 to 8,629
in 2025, representing a more than 17-fold increase.

B.2 Dataset Construction

We collected the data through the OpenReview
API (vl and v2), excluding withdrawn or incom-
plete cases. In addition, we retrieved arXiv meta-
data (posting status, upload date, versioning) and
aligned it with submission timestamps. For paper
content, we downloaded PDFs and parsed them us-
ing pdfplumber, extracting both textual and visual
features.

The following features were measured:

* Visual density: counts of tables, figures, and
equations.

* Language quality: readability indices (Flesch,
FK Grade, Gunning Fog), average sentence
length, lexical diversity, and passive voice rate.

» Reference recency: average reference age, ratio
of recent references, and ratio of old references.

The final dataset integrates:

* Paper content (PDF text and structure)
* Reviews and scores

* Rebuttals and interaction logs

* Meta-reviews and decisions

¢ ArXiv metadata

This dataset enables a process-centric, multi-
dimensional analysis of peer review alongside
structural and stylistic features of manuscripts. Fol-
lowing anonymization and copyright checks, we
will release the dataset to the research community.

Reviewer identities in OpenReview are
pseudonymized (e.g., AnonReviewer1) by default,
and we verify that no personally identifying
information remains in the dataset prior to public
release.

Year Accept Reject Total
2017 198 292 490

2018 336 575 911

2019 502 917 1,419
2020 687 1,526 2,213
2021 859 1,735 2,594
2022 1,094 1,524 2,618
2023 1,573 2,223 3,796
2024 2,263 3,450 5,713
2025 3,704 4,925 8,629

Table 2: Submission outcomes by year for ICLR (2017—
2025)

B.3 Score Groups and Semantic Scale

Table 2 reports the yearly submission outcomes
for ICLR 2017-2025. The data show a dramatic
increase in total submissions, rising from only 490
papers in 2017 to 8,629 in 2025, a more than 17-
fold growth over nine years. This rapid expansion
reflects both the surge of research activity in deep
learning and the increasing visibility and prestige
of ICLR within the AI/ML community.

Despite this large growth in volume, the overall
acceptance ratio has remained relatively stable in
the 30-40% range across years. This indicates that
the program committee has scaled the review pro-
cess effectively, maintaining a consistent level of
selectivity even as the conference size grew. Such
stability ensures that acceptance at ICLR remains
a strong quality signal, regardless of year-to-year
fluctuations in submission counts.

From a data perspective, this long-term growth
highlights the scalability of the dataset and robust-
ness of acceptance thresholds. It also provides an
opportunity for process-level analysis across het-
erogeneous submission volumes, enabling us to
investigate whether the determinants of acceptance
vary with conference size or remain consistent
across stages of ICLR’s evolution.

Based on the official ICLR review score guide-
lines, we divide papers into three groups according
to their mean review score 7;:

* High-Score Group: 7; > 6
* Borderline Group: 5 < 7; < 6
* Low-Score Group: 7; < 5

Table 3 provides the official score scale and
its semantic interpretations. This classification is
used consistently throughout our analysis to exam-
ine acceptance determinants across different score
regimes.
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Group Score  Semantic Comment

Reject, strong reject
Strong rejection

Low

Weak Reject, reject, not good enough, clear rejection
Ok but not good enough — rejection

Borderline

Marginally below the acceptance threshold
Marginally above the acceptance threshold, weak accept

High

O 00 N[O N | B~ W =

—
]

Good paper, accept

Top 50% of accepted papers, clear accept, good paper
Top 15% of accepted papers, strong accept

Strong accept, should be highlighted at the conference,

Top 5% of accepted papers, seminal paper

Table 3: Official ICLR Review Score Scale and Semantic Interpretations

B.4 Dataset JSON Schema

For reproducibility, we provide the JSON schema
of our refined dataset structure. The raw API data
from OpenReview is not standardized and thus
difficult to use directly, with field formats vary-
ing across years and venues. We refined and uni-
fied these records into a structured JSON schema
that ensures consistency and facilitates downstream
analysis. This curated dataset will be released pub-
licly to support future research on peer review.
An illustrative excerpt is shown below:

"ICLR_2017": {
"Identity Matters in Deep Learning”: {

"venue": ["str"],
"venueid”: ["str"1],
"note_ids": ["str"],

"keywords"”: [1],

"abstract”: ["str"],

"chair_decisions”: ["str"],

"reviewer_comments"”: {
"AnonReviewer3": {

"comment”: "str",
"rating"”: "str",
"confidence"”: "str"

1,

"AnonReviewer1"”: {
"comment”: "str",
"rating”: "str",
"confidence"”: "str"

1,

"AnonReviewer2": {

"comment": "str",
"rating": "str",
"confidence”: "str"

}
3,
"metareviewer_comments"”": {
"comment"”: "str"
3,
"metadata_use"”: "bool”,
"final_decision”: "str"
1,
"Differentiable Canonical Correlation Analysis”:

{

This schema defines the unified format of our
dataset. It consolidates heterogeneous records from
different years into a consistent structure. Through
this representation, users can reliably access re-
views, meta-reviews, and associated metadata. The
schema thus ensures comparability and usability
across the entire ICLR 2017-2025 corpus.

C Per-RQ Experimental Results and
Statistical Significance

In this study, we employed multiple statistical tests

to examine the robustness and reliability of our

findings. The following measures were primarily
used:

* Spearman Correlation (p): Non-parametric rank
correlation test to measure the monotonic rela-
tionship between variables.

¢ Pearson Correlation (r): Linear correlation co-
efficient for continuous variables, assuming ap-
proximate normality.

* Mann—Whitney U Test: A non-parametric test
for assessing whether two independent samples
come from the same distribution, often used as
an alternative to the two-sample t-test when nor-
mality cannot be assumed.

* Welch’s t-test: A robust version of the two-
sample t-test that does not assume equal pop-
ulation variances.

* Logistic Regression Coefficient (3) and Odds
Ratio (OR): Regression-based analysis to esti-
mate the likelihood of acceptance as a function
of predictors, providing both effect size (5) and
interpretability (OR).

Together, these tests provide a balanced frame-

25723



Group N Spearman  Pearson =~ Mann—Whitney U~ Welch t Logit 8/OR
0.074 -0.067 60176515.000  -10.417  -0.08/0.923

Overall A4 7 13630)  (1.85e-24) (8.48e-30) (237e25)  (3.84e-24)
Low-Score-Gron 255 0086 0.070 581060.500 5557 0.206/1.228

P ’ (2.52¢-13)  (1.94¢-09) (2.77e-13) (1.70e-07)  (9.71e-09)
-0.105 -0.033 8745381.000 3217 -0.036/0.965

Border-Score-Group 9,349 | 56 24y (1.10e-03) (1.67e-24) (1.30e-03)  (0.00112)
. -0.141 -0.131 1098371.000 8301 -0.237/0.789

High-Score-Group - 6,640 5 15 31 (6.26e-27) (9.99¢-31) (7.73e-16)  (5.41e-24)

Table 4: Correlation tests between score variance and acceptance (RQ-D1)

Group N Spearman  Pearson =~ Mann—Whitney U~ Welch t Logit 5/OR
. -0.022 -0.025 9759663.000 -2.406 -0.111/0.895
Borderline (5-6) 9,549 5 5e. 02)  (1.57e-02) (3.08¢-02) (1.61e-02)  (1.57e-02)

Table 5: Statistical tests on reviewer confidence in Borderline cases (RQ-D2)
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v T — Borderline (5-6) Overall 20,666 0.39 91.8 127.1*
08 \ 3 hantze) Low-Score-Group 6,599 0.07 94.2 170.0*
==~ Baseline (39.9%) Border-Score-Group 8,710 0.39 90.4 128.0*
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Figure 7: Acceptance rate trends across score variance
percentiles (RQ-D1).

work for analyzing correlations, mean differences,
and predictive effects, ensuring both statistical va-
lidity and practical interpretability across heteroge-
neous data.

C.1 RQ-D1: How does disagreement among
reviewers affect acceptance?

Visualization of Reviewer Disagreement Fig-
ure 7 further illustrates this relationship. Accep-
tance rates declined as variance increased, espe-
cially in the High-Score group, where acceptance
dropped sharply (-0.28 at the 99th percentile). In
contrast, Low-Score papers showed a mild accep-
tance increase when variance was small, before
declining again.

This indicates that disagreement can sometimes
benefit low-scoring papers.

Statistical Tests on Reviewer Disagreement
This indicates that disagreement can sometimes

Table 6: Descriptive statistics of rebuttal responses
across score groups (RQ-I1)

benefit low-scoring papers. As shown in Table 4,
correlation tests confirm that score variance is nega-
tively correlated with acceptance in the High-Score
and Borderline groups, but positively in the Low-
Score group. Thus, disagreement tends to hurt ac-
ceptance when average scores are high or border-
line, but can help low-scoring papers if at least one
reviewer is supportive.

C.2 RQ-D2: In borderline cases, how do
reviewer confidence and sentiment
influence acceptance?

Statistical Tests on Reviewer Confidence Ta-
ble 5 reports the statistical tests on reviewer con-
fidence in Borderline cases (5 < 7; < 6). As the
results show, average confidence and confidence
variance exhibited negligible differences between
accepted and rejected papers, and the statistical
tests confirm that reviewer confidence does not
meaningfully correlate with acceptance outcomes.

C.3 RQ-I1: Do rebuttal response speed and
length affect acceptance?

Descriptive Statistics of Rebuttal Responses
Table 6 summarizes descriptive statistics across
score groups (acceptance rate, mean 7;, mean L;).
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Figure 8: Acceptance rates by depth and frequency of author-reviewer interactions (RQ-12).

Group N  Spearman Welcht Logit 5/OR

Group N  Spearman Welcht¢ Logit 5/OR

-0.052 -6.058 -0.103/0.902
(3.6e-11) (1.4e-09)  (3.9e-11)
-0.070 -8.511  -0.150/0.861
(3.6e-07) (5.8e-17)  (1.9e-04)
-0.049 -4.403  -0.096/0.909
(4.0e-05) (1.1e-05)  (7.9e-05)
0.004 1.079  0.010/1.010
(7.7e-01) (2.8e-01)  (8.6e-01)

Overall 20,666
Low 6,599
Borderline 8,710

High 5,357

Table 7: Statistical tests on rebuttal response speed (RQ-
I1)

Interestingly, Low-Score papers tend to produce
longer and more delayed responses, while High-
Score papers exhibit shorter responses despite their
high acceptance rate.

RQ-I1: Statistical Tests on Rebuttal Response
Speed and Length  Statistical tests in Table 7 and
8 confirm this pattern: response speed and length
are significant predictors of acceptance for Low-
and Borderline-Score papers, but not for High-
Score papers. This indicates that quick and sub-
stantive rebuttals can act as a “rescue strategy” for
papers at risk, whereas additional responses pro-
vide little marginal benefit when scores are already
high.

C.4 RQ-I2: Are more exchanges and greater
depth signals of rescue or risk?

Visualization of Interaction Depth and Fre-
quency To further assess the “optimal level” of
interaction, Figure 8 presents acceptance rates
across binned intervals of response counts and in-
teraction depths.

-0.059  -11.178 -0.109/0.897
(4.2e-14) (6.6e-39)  (4.8¢-12)
0.202  13.582 0.988/2.686
(1.4e-49) (9.9¢-39)  (1.1e-54)
0.181  9.498  0.371/1.449
(3.0e-52) (3.0e-21)  (5.6e-52)
0017  -0.068 0.057/1.058
(2.6e-01) (2.6e-01)  (3.3e-01)

Overall 20,666
Low 6,599
Borderline 8,710

High 5,357

Table 8: Statistical tests on rebuttal response length (RQ-
I1)

C.5 RQ-S1: How does submission timing
(early vs. last-minute) affect final
acceptance?

Submission timing is defined as the number of
days remaining until the deadline. As shown in
Figure 9a, early submissions (> 7 days before
deadline) had an acceptance rate of about 44.0%,
much higher than the overall mean of 38.9%, and
even slightly higher than last-minute submissions
(about 43%). Similarly, Figure 9b indicates that
early submissions also achieved higher average re-
viewer scores. This suggests that timing itself can
influence evaluation outcomes.

In Figure 9c, the Gini Index of reviewer dis-
agreement reveals that last-minute submissions ex-
perienced higher disagreement, likely due to in-
complete preparation or weaker clarity. In contrast,
early submissions exhibited lower variance, sug-
gesting more consistent evaluations across review-
ers.

Statistical Tests on Submission Timing Table 9
statistically confirms these findings. Both Spear-
man’s p and Pearson’s r show positive correla-
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Figure 9: Effects of submission timing on acceptance. The
gray area shows the density distribution of submissions, while
the colored lines represent acceptance rate (blue), average
score (orange), and Gini index (purple).

tions between submission timing and acceptance
or mean score, while Welch’s t-test highlights sig-
nificant differences between early and last-minute
groups. In summary, early submission emerges
as a strategic factor, linked to higher acceptance,
stronger scores, and lower disagreement.

C.6 RQ-S2: How does arXiv posting influence
acceptance?

We next analyze arXiv postings, focusing on 14,012
papers matched by title and author overlap (>
50%). Matching was determined by (1) BLEU
score > (.8 between dataset and arXiv titles, and
(2) author overlap exceeding 50%.

Figure 10a compares acceptance rates across
posting conditions. Papers on arXiv consistently
outperformed non-posted papers. Interestingly, tim-
ing also mattered: papers posted simultaneously
with or after post submission (< Oh) showed about
6.4%p higher acceptance than preprints posted ear-
lier.

This finding suggests that beyond signaling open-
ness, the coordination of arXiv release with sub-
mission acts as a indicator of readiness and com-

Group N  Spearman Pearson (0_13\/::‘:}31 4d)
+0.050  +0.058 858
Acceptance 28,086 (1 53.715) (43¢:20)  (9.89-18)
+0.052  +0.077 {14.05
Avgscore 28086 | co. 16y (8.6e-35)  (1.20e-44)
L +0.002  -0.037 +7.49
Giniindex 28086 607y  (5.90:09)  (6.91c-14)

Table 9: Statistical significance tests for submission tim-
ing vs. acceptance, mean score, and reviewer disagree-
ment (RQ-S1).

Group N Spearman  Welch ¢-test  Logit 5/OR
0.116 19762 0486/ 1.626
Overall 28,086 5 ¢10.85)  (2.560-86)  (3.19¢-84)

Table 10: Statistical tests for reproducibility resources
vs. acceptance (RQ-S3).

pleteness. Thus, arXiv posting increases acceptance
likelihood, and strategically timed posting ampli-
fies its effect.

Also, we examine whether providing
Reproducibility-Supporting  Resources  (RS)
affects outcomes. Using the supplementary
material, code, and data fields, we categorized
submissions into with-RS and without- RS groups.

As shown in Figure 10b, papers with-RS had
an acceptance rate of 43.96%, significantly above
the average (38.9%) and much higher than papers
without-RS (32.54%). Detailed statistical tests
are provided below, confirming that RS provision
strongly predicts higher acceptance probability and
functions as a decisive trust signal for reviewers.

Statistical Tests on Reproducibility Resources
Table 10 reports statistical tests. Spearman’s p =
0.116 (p < 1 x 1078%), Welch’s t = 19.762 (p <
1 x 10789, and logistic regression showed an odds
ratio (OR) of 1.626. This demonstrates that RS
provision is not merely correlated with, but strongly
predictive of, higher acceptance probability. Thus,
reproducibility support functions as a decisive trust
signal for reviewers.

C.7 RQ-P1: How do visual elements (tables,
figures, equations) relate to novelty and
contribution?

Correlation Tests on Visual Elements Table 11
reports correlation tests between each visual el-
ement (tables, figures, equations) and novelty or
contribution scores. The results can be summarized
as follows:
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Count Target Score N Spearman  Pearson =~ Mann—-Whitney U~ Welch ¢ Logit 5/OR
, -0.035 -0.034 3553770.500 1768 -0.016/0.984

Table Technical Novelty 5448 ¢ ¢70 03)  (132¢-02) (5.90e-02) (7.72-02)  (7.71e-02)
Empirical Novelty 5448 %104 0.123 4007910.000 5281 0.048/1.049

: (1.32e-14)  (6.83¢-20) (5.55¢-08) (133e-07)  (1.56e-07)

Contribution gy 0093 0.103 6978843.000 6.520  0.050/1.052

: (3.73e-15)  (1.86e-18) (8.49¢-10) (7.53e-11)  (9.98e-11)

. -0.063 -0.052 2532290.000 2812 -0.028/0.972

Figure Technical Novelty - 4,661 | o> 05)  (3.40e-04) (5.29¢-04) (4.94e-03)  (4.97¢-03)
Empirical Novelty 4661 %076 0.093 2893593.000 3891  0.039/1.040

: (1.84e-07) (2.24e-10) (3.90e-05) (1.01e-04)  (1.07e-04)

Contribution ses3 0013 -0.009 3992144.000 0291  0.003/1.003

: (3.40e-01)  (5.08¢-01) (9.79¢-01) (7.71e-01)  (7.71e-01)

. -0.007 -0.011 5042897.000 -0.187  -0.006/0.994

Bequation Technical Novelty 6,387 5 5¢. 1) (3.88¢-01) (9.03e-01) (8.52e-01)  (8.51e-01)
Empirical Novelty 6387 0920 0.018 5097371.000 L115  0.036/1.037

: (1.02¢-01)  (1.47e-01) (1.87¢-01) (2.65e-01)  (2.69%-01)

Contribution osgs 0054 0.038 9371215.000 3263 0.088/1.092

: (6.76e-07)  (5.03e-04) (5.72¢-05) (1.11e-03)  (1.42¢-03)

Table 11: Correlation tests between visual elements (tables, figures, equations) and novelty/contribution scores

(RQ-PI)

* Tables. Table count shows a negative correlation
with technical novelty but a significant positive
correlation with both empirical novelty and con-
tribution scores. This suggests that while more
tables help systematize comparisons and results,
they may not signal newness of ideas. Instead,
they strongly support empirical novelty and high-
light research contribution.

* Figures. Figures are negatively correlated with
technical novelty but positively correlated with
empirical novelty. That is, papers with many fig-
ures may appear less fresh in terms of technical
ideas but more convincing in terms of empirical
novelty. No clear relationship with contribution
scores was observed.

» Equations. Equations exhibit little correlation
with novelty scores but a significant positive cor-
relation with contribution scores, indicating that
formal mathematical formulation can serve as a
signal of research contribution.

C.8 RQ-P2: How do English fluency and
clarity relate to acceptance rates?

Linguistic Features in the Pre-LLM Era In the
analysis, clear differences were observed before
and after the widespread use of LLMs. Table 12
reports detailed correlations between linguistic met-
rics and acceptance rates in the Pre-LLM era (2017-
2023).

0.6 56.4%

Los

Baseline 38.
04 oo
o

c
£03
Q.
30.2
0.1

0.0 ) .
Pre-arxiv Post-arxiv

Not posted Posted

(a) arXiv posting

Baseline 38.9%
04 oo~ ———————-EEEEEE .

Acceptance rate
o
N

0.0 Without RS With RS

(b) Reproducibility Supporting Re-
sources

Figure 10: (a) Acceptance rates by arXiv posting sta-
tus/timing; (b) Acceptance with and without RS (code/-
data).

Pre-LMM (2017-2023) The analysis shows that
in Table 12, papers that were easier to read were
somewhat more likely to be accepted. In addition, a
tendency to write slightly longer sentences served,
albeit weakly, as a positive signal. More specifi-
cally:

* Vocabulary diversity: Higher values were signif-
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Metric N Spearman  Pearson =~ Mann—-Whitney U~ Welch ¢ Logit 5/OR
Vocabulary Diversity 14,027 (3j(1)'2(£13) (1?3'1(5(1)2) 21(1%22;251'35;) " (2??623-?2) 1(f2968201§)9 ’
Average Sentence Length 14,027 (3%(?:—?)8) (2.2?!-%2) 24(33?321385)0 " (1.21'653:)2) 0'(?362}6(;0
Average Wordsper Sentence 14008 070, SH0 - FEREIR on sbeon
Flesch Reading Base 14008 0, (000 SO0 e G el
Flesch-Kineaid Grade 14008550, D00 TSy gm0t (71e0n)
oo tiow O 00 b s oo

Table 12: Correlation between linguistic metrics and acceptance rates in the Pre-LLM era (2017-2023)

Metric N Spearman  Pearson =~ Mann—-Whitney U~ Welch ¢ Logit 5/OR
Vocubulary Diversty 14331 500 (DR N et eie0n (67708
Average Sentence Length 143315000+ o0 T TERIEY et (896ed0)
Average Words per Semtence 14,3195 8 20200 G e asoery
Flech Reading Base 14319 D00 U000 (5ea6) (40030
Flesch—Kincaid Grade 14,319 (1.223%4) (4.3;326) 15(82%319;-33'2)0 " (1?5142}370) Ok(i?és/e}gz
Gunning Fog Index 14319 (1.(;.81:-2350) (7.2;:-26) 17((;%3812:%8)0 " (3?37;,}25) 0.(18%(?425158

Table 13: Correlation between linguistic metrics and acceptance rates in the Post-LLM era (2024-2025)

icantly associated with lower acceptance rates.
Excessive use of varied vocabulary may have
been perceived as reducing the consistency of a

paper.

are as follows:

» Average sentence length: Longer sentences were

professional and somewhat difficult tone were fa-
vored, but at the same time, short and concise sen-
tences were more highly rated. The detailed results

mildly correlated with higher acceptance rates,
though the effect size was limited.
* Average words per sentence: This metric had
almost no effect on acceptance.
* Flesch Reading Ease: Higher values (i.e., easier
text) showed a weak positive correlation with
acceptance, though neither the correlation coeffi-
cient nor regression significance was large.
Flesch—Kincaid Grade: Higher values (i.e., more
difficult texts) showed a weak negative relation-
ship with acceptance.
Gunning Fog Index: Higher values (i.e., more
difficult writing) were clearly associated with
lower acceptance rates.

Post-LLM (2024-2025) In contrast, in Table 13,
these patterns were reversed. Papers written in a
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* Vocabulary diversity:Higher values were asso-

ciated with lower acceptance rates. This rela-
tionship was statistically significant, though the
effect size was small.

» Average sentence length and words per sen-

tence: Longer or wordier sentences were strongly
linked to lower acceptance rates. Short and sim-
ple sentences were more effective.

Flesch Reading Ease: Higher values (easier text)
were actually associated with lower acceptance
rates.

Flesch—Kincaid Grade and Gunning Fog In-
dex: Higher values (harder texts) correlated with
higher acceptance rates.
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Figure 11: LOWESS trends illustrating how reference metrics (average age, recent ratio, old ratio) relate to novelty

scores (RQ-P3).

C.9 RQ-P3: How does reference recency
influence novelty and reviewer
evaluation?

Visualization of Reference Recency and Novelty
Figure 11 visualizes LOWESS trends between ref-
erence metrics and novelty scores. The patterns
show that older references (higher average age,
higher old ratio) correlate with lower empirical
novelty, while a higher proportion of recent ref-
erences correlates with higher empirical novelty.
The correlation with technical novelty is statisti-
cally significant but very small in magnitude, thus
practically negligible.

Statistical Validation of Reference Recency

Statistical validation in Table 14 provides further

support for these observations and highlights how

temporal patterns in citations are systematically

linked to reviewer evaluations:

* Average reference age: Papers citing predomi-
nantly older references show a strong decrease in
empirical novelty, indicating that reliance on out-

dated sources signals limited engagement with
recent advances. By contrast, the effect on techni-
cal novelty is negligible, suggesting that the age
of references matters less for technical sound-
ness than for the perception of novelty.

* Recent references ratio: A higher share of re-
cent references significantly boosts empirical
novelty. This pattern implies that reviewers re-
gard engagement with the latest literature as evi-
dence of originality and contribution to the state
of the art.

* Old references ratio: Conversely, a higher pro-
portion of old references significantly reduces
empirical novelty. Such reliance on older work
may create the impression of incremental rather
than innovative research.

Together, these results validate that reference
recency is not a peripheral stylistic choice but a
substantive signal influencing how novelty is as-
sessed by reviewers.
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Reference Metric Target N Spearman  Pearson =~ Mann—-Whitney U ~ Welch ¢ Logit 5/OR
_ 0.042 0.041 5206185.500 2036 0.024/1.025

Average Reference Age  conmical Novelty 6,374 55 04y (9.28¢-04) (1.40e-02) (4.17¢-02)  (4.19e-02)
Ermsirical Novely 6374 0090 -0.096 4564970.500 6153 -0.074/0.929

P yob (6.22e-13)  (1.60e-14) (8.62e-11) (8.09e-10)  (8.42e-10)
. -0.009 -0.007 4981259.500 0479 -0.082/0.922

Recent Reference Ratio  conmical Novelty 6,374y 25 01y (5.57e-01) (5.35¢-01) (6.32e-01)  (6.32e-01)
Empirical Novelty 6374 0083 0.074 5506066.000 5524 0.952/2.590

P Y9 905e-12)  (3.43e-09) (1.87e-10) (3.46e-08)  (3.75¢-08)

_ 0.020 0.015 5112707.000 0824  0.130/1.139

Old Reference Ratio ~Lconmical Novelty 6,374 1o 1) (233¢-01) (2.39¢-01) (4.10e-01)  (4.10e-01)
Ermsirical Novely 6374 0086 -0.093 4573003.000 6467 -1.025/0.359

P yob (6.64e-12) (1.23e-13) (1.77e-10) (1.08e-10)  (1.13e-10)

Table 14: Correlation tests between reference recency metrics and novelty scores (RQ-P3)

Variable Overall Same  Significant
Relationship Direction  Years
Response count Positive 9/9 9/9
Thread depth Positive 9/9 9/9
Rating variance =~ Negative 9/9 7/9
Response length ~ Negative 9/9 9/9

Table 15: Year-wise stability of major relationships
across ICLR 2017-2025.

D Additional Robustness and Control
Analyses

To further assess the reliability of our findings, we
conduct additional analyses on temporal stability,
observable confounding factors, and model depen-
dency in sentiment analysis. These analyses com-
plement the individual analyses in the main text
by examining whether the observed relationships
remain stable under different conditions and af-
ter accounting for correlated factors. As our study
is observational, these analyses are intended to
strengthen the empirical reliability of the reported
associations rather than establish causal effects.

D.1 Year-wise Stability Analysis

The ICLR review environment changed substan-
tially between 2017 and 2025, with annual accep-
tance rates ranging from 31.0% to 42.9% and no-
ticeable differences in score distributions across
years. To examine whether our findings are driven
by a particular year or review environment, we re-
peat the key analyses separately for each year.

As shown in Table 15, response count and thread
depth exhibit positive relationships with acceptance
in all nine years, and both relationships are statis-
tically significant in 9/9 years. Rating variance ex-
hibits a negative relationship in all nine years and

Variable Odds Ratio Significance
Avg. reviewer rating 64.44 HAE
arXiv posted 2.07 HAE
Reproducibility resources 1.85 HAE
Writing features ~1.1 HEE
Rebuttal features ~1.0 I.S.

Table 16: Multivariate logistic regression with observ-
able controls. *** indicates p < 0.001; n.s. indicates
not significant.

is statistically significant in 7/9 years. Response
length also shows a consistent negative overall re-
lationship in 9/9 years, with statistical significance
in all nine years.

Despite changes in submission volume, accep-
tance rates, and score distributions, the major re-
lationships remain directionally consistent across
years. This suggests that the observed patterns are
not attributable to a single conference year. We
note that this analysis captures overall year-wise re-
lationships, whereas score-group-specific patterns
are examined separately in the main text.

D.2 Multivariate Logistic Regression with
Observable Controls

The individual analyses in the main text examine
acceptance-related signals separately, but several
of these factors may overlap. For example, sub-
mission timing, arXiv posting, reproducibility re-
sources, rebuttal behavior, and writing characteris-
tics may be correlated with reviewer evaluations.
To examine these potential confounding effects,
we conduct a multivariate logistic regression with
observable controls, including year, score group,
average reviewer rating, submission timing, arXiv
posting, reproducibility resources, rebuttal features,
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Model Negative Neutral Positive Spearman p
VADER 29.0% 27.9% 31.3% -0.022
Cardiff RoOBERTa  31.4% 30.9% 33.5% 0.058
Multilingual BERT  24.6% 26.9% 33.4% 0.086

Table 17: Acceptance rates by sentiment category across
sentiment classifiers in the Borderline group.

and writing features.

Table 16 summarizes the results. Average re-
viewer rating remains the dominant predictor, with
an odds ratio (OR) of 64.44. ArXiv posting (OR =
2.07) and reproducibility resources (OR = 1.85) re-
tain significant positive associations after account-
ing for the other observable factors. Writing fea-
tures show substantially smaller associations (OR
~ 1.1), while rebuttal features become weak or
statistically insignificant (OR ~ 1.0).

These results provide a more controlled view of
the signals identified in the individual analyses. Re-
viewer evaluation remains the primary factor asso-
ciated with the final decision, while several external
and writing signals retain smaller associations. In
particular, the weaker independent association of
rebuttal features after introducing observable con-
trols suggests that part of the rebuttal-related pat-
terns may overlap with reviewer scores and other
characteristics. Accordingly, these results reinforce
our interpretation of the findings as statistical asso-
ciations rather than independent causal effects on
acceptance.

D.3 Robustness Check with Multiple
Sentiment Classifiers

Our main analysis uses a general-purpose senti-
ment classifier to characterize review language.
However, scientific reviews differ from general-
domain text in tone and vocabulary, and sentiment
estimates may therefore depend on the classifier
used. To examine this model dependency, we re-
peat the sentiment analysis on the Borderline group
using three different classifiers: VADER, Cardiff
RoBERTa, and multilingual BERT.

As shown in Table 17, VADER yields acceptance
rates of 29.0%, 27.9%, and 31.3% for Negative,
Neutral, and Positive reviews, respectively, with
a Spearman correlation of p = —0.022. Cardiff
RoBERTa yields 31.4%, 30.9%, and 33.5% (p =
0.058), while multilingual BERT yields 24.6%,
26.9%, and 33.4% (p = 0.086).

The two transformer-based classifiers show a di-
rectionally positive relationship between sentiment

and acceptance, whereas VADER does not fully fol-
low this trend. Moreover, the correlations are small
across all three classifiers. These results indicate
that sentiment-related patterns are partly model-
dependent and should therefore be interpreted cau-
tiously. Accordingly, we treat sentiment as an auxil-
iary signal rather than a primary explanatory factor
in our analysis.
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