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Abstract
Modern machine learning and computer science conferences are experiencing a surge in the number of
submissions that challenges the quality of peer review as the number of competent reviewers is growing
at a much slower rate. To curb this trend and reduce the burden on reviewers, several conferences have
started encouraging or even requiring authors to declare the previous submission history of their papers.
Such initiatives have been met with skepticism among authors, who raise the concern about a potential
bias in reviewers’ recommendations induced by this information. In this work, we investigate whether
reviewers exhibit a bias caused by the knowledge that the submission under review was previously rejected
at a similar venue, focusing on a population of novice reviewers who constitute a large fraction of the
reviewer pool in leading machine learning and computer science conferences. We design and conduct a
randomized controlled trial closely replicating the relevant components of the peer-review pipeline with
133 reviewers (master’s, junior PhD students, and recent graduates of top US universities) writing reviews
for 19 papers. The analysis reveals that reviewers indeed become negatively biased when they receive a
signal about paper being a resubmission, giving almost 1 point lower overall score on a 10-point Likert
item (∆ = −0.78, 95% CI = [−1.30, −0.24]) than reviewers who do not receive such a signal. Looking at
specific criteria scores (originality, quality, clarity and significance), we observe that novice reviewers tend
to underrate quality the most.
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Introduction

In contrast to many other fields of science, where journals are the only established venues for research
publication, in machine learning (ML) and computer science (CS), conferences are considered to be equally
or even more attractive (Vrettas and Sanderson, 2015). While being as selective as top journals, leading
conferences ensure much shorter turnaround time thereby facilitating timely research dissemination and
allowing authors to quickly resubmit their work to the next conference if it gets rejected. However, the explosion
in the number of submissions received by top conferences has considerably challenged the sustainability
of the conference peer-review process since the number of qualified reviewers is growing at a much slower
rate (Sculley et al., 2019; Shah, 2019).
In an attempt to decrease the load on reviewers by discouraging resubmissions without substantial changes,
several leading ML and CS conferences have started requesting or requiring authors to declare if a previous
version of their submission was rejected at other peer-reviewed venues. For example, a top-tier conference
in natural language processing EMNLP 2019 allowed authors to decide whether they want to disclose the
past submission history and provide the summary of changes they made, making this information available
only to senior committee members. A similar opportunity was offered at a leading conference in artificial
intelligence and statistics (AISTATS 2017) with the exception that the information about past rejections was
also available to regular reviewers. Additionally, the AISTATS 2017 conference implemented an automated
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review sharing with some past conferences, making these reviews visible to senior committee members after
the initial reviewing was completed.
Other conferences make it mandatory for authors to disclose the past submission history: the NeurIPS
conference — one of the most popular conferences in ML, which in 2019 received more than six thousand
submissions — in 2020 required authors of previously rejected submissions to declare the changes they made
to the current version of the paper. Another top conference in artificial intelligence (IJCAI 2020) went even
further and made full reviews from past venues available to reviewers by requiring authors to include them in
the submission file before the actual paper.
In addition to changes implemented by specific venues, the openreview platform — a growing conference
management system that hosts the leading deep-learning conference ICLR and other forums — offers a
novel approach towards managing conferences in a transparent manner by allowing organizers to make both
accepted and rejected submissions accompanied with full reviews publicly available. This option has been
used by the ICLR conference since 2017 and all reviews for papers submitted to the conference since then are
now publicly available, allowing subsequent reviewers (even at different venues) of rejected papers to consult
them at any time.
All these steps are supposed to facilitate improving the quality of peer review as reviews from past venues
may reduce the burden on reviewers by allowing them to “quickly focus in on what previous issues were and
how they may or may not have been fixed” (Francis, 2008; Lin et al., 2020). While being especially actual for
the fields of ML and CS, similar discussion is also happening in other areas. For example, a survey conducted
by Cals et al. (2013) among editors of general medical journals showed that despite there being a concern that
reviews from previous venues may bias subsequent reviewers, 45% of the participating editors prefer authors
to indicate whether a paper has been previously rejected (the survey does not indicate how this information is
supposed to be used in the review process). Only 24% of editors oppose this idea, and the rest are indecisive.
Despite the interest of journal editors and conference program committees in reusing reviews from past
iterations of the review cycle, authors are less enthusiastic: ICFP — the ACM-sponsored conference on
functional programming — in 2020 removed the option to upload the past reviews since no authors took this
advantage in the previous edition of the conference. This skepticism suggests that authors do not believe
that revealing old reviews will increase the acceptance chances of their submission.
Authors’ concerns are in fact supported by a long line of research in psychology that establishes susceptibility
of human judgements to various biases (see Tversky and Kahneman, 1974; Kahneman, 2011; Gilovich et al.,
2002, for overview), some of which are caused by additional (and sometimes irrelevant) information available
to the decision-maker (Baron and Hershey, 1988; Tversky and Kahneman, 1974; Fischhoff and Beyth, 1975;
Ross et al., 1975; Carretta and Moreland, 1983). Projecting this evidence on the peer-review context, we
hypothesize that the knowledge that a paper was rejected at a previous venue may negatively bias reviewers’
evaluations, leading to what in this study we call a “resubmission bias”. In other words, reviewers may judge
the paper differently depending on whether they are notified about this paper being a resubmission or not.
To highlight the potential impact of the resubmission bias, we note that the peer-review process of the
major machine learning conferences is far from being absolutely consistent and objective. Indeed, several
controlled experiments (Lawrence and Cortes, 2014; Price, 2014; Pier et al., 2018) found very low degree
of agreement between reviewers evaluating the same manuscript. This implies that the outcome of the
review process heavily depends on the reviewers to whom the submission is assigned, introducing significant
randomness in the final decisions. Hence, even a strong paper that deserves acceptance has a nontrivial
chance of being rejected due to this randomness. The resubmission bias can amplify this unfairness by putting
a previously rejected paper at disadvantage in the subsequent conferences. Given that success in academia is
largely determined by the publication profile of a researcher, the resubmission bias can have far reaching
consequences not just for a particular paper, but more generally also for career trajectories of researchers due
to the widespread prevalence of the Matthew effect (“rich get richer”) in academia (Merton, 1968; Squazzoni
and Gandelli, 2012).
Therefore, in this work, we aim at testing for the presence of the resubmission bias in peer review. Focusing
on the population of novice reviewers, in conjunction with a reviewer-recruiting process of ICML 2020 (a top
ML conference), we design and conduct a randomized controlled trial to test the following research hypothesis:

2

Research Hypothesis: The signal about rejection from the same or similar venue in the past,
received by novice reviewers before they read the paper, induces a bias in
reviewers’ evaluations.
In our hypothesis, we do not specify the direction of the effect and note that while authors are concerned
about a negative bias, the bias can hypothetically be positive. For example, a reviewer may think that
previously rejected papers have gone through another iteration of revisions and improvements and might be
better on average than papers that have not previously been peer reviewed. Therefore, in this work we also
aim to confirm the direction of the effect (if it exists).
Importantly, we caveat that in this study we target the population of novice reviewers and the findings
we report in this paper must not be overgeneralized to the whole reviewer population. While the choice of
the study participants is mostly justified by the difficulty of engaging senior reviewers in the experiment,
we discuss below (Section 3) that novice reviewers constitute a large fraction of the leading ML and CS
conferences reviewer pool.
In this work, we do not aim to support or undermine the idea of reusing the past reviews. Instead,
the answer to our research question will inform conference organizers and journal editors about potential
side-effects of reusing reviews, and will help them to carefully select the point during the peer-review pipeline
(if at all) at which previous reviews become available to reviewers. For example, if the resubmission bias in
peer review is present, then editors or program chairs may prefer to keep the past submission history hidden
from reviewers in the initial stages of the process to ensure that the reviewers form an unbiased opinion about
the paper first. Additionally, the results of our experiment can inform the current practices of novice reviewer
training where more emphasis could be made on how to avoid the potential resubmission bias.
Past research on human decision making decisively establishes the presence of various cognitive biases
in human judgement that are relevant to our research hypothesis. For example, the famous anchoring
effect (Tversky and Kahneman, 1974) manifests in human evaluations being dependent on an (irrelevant)
piece of information received at the beginning of the decision task. We defer the discussion of the general
literature on decision making and cognition to Section 5, but underscore that these findings do not necessarily
transfer to our setting. Indeed, from the perspective of the dual-process model of cognition (Kahneman and
Frederick, 2002; Stanovich, 1999; Stanovich and West, 2008), biases are properties of an autonomous heuristic
system (System 1) whereas the demanding and rational reviewing task invokes the analytic system (System
2) that can potentially override such biases.
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Related Literature

Our paper contributes to a long line of empirical works studying various aspects of the academic peer-review
process and in this section we discuss the most relevant papers.
Resnik and Smith (2020), in the chapter of their book dedicated to peer review, discuss the presence
of groupthink — a strong desire of group consensus that results in all deviating ideas being rejected — in
peer review. One potential contribution to the overall groupthink effect is susceptibility of experts to social
influence, as demonstrated by Teplitskiy et al. (2019). In their experiment, reviewers (faculty at US medical
schools) first evaluated and rated submissions assigned to them, and then were exposed to scores presumably
given to these submissions by other anonymous reviewers. Unbeknown to participants, these scores were
randomly sampled to be either above or below their scores. The experiment demonstrated that 47% of
reviewers decided to update their scores, and in all but one case (out of approximately 185) the update was
in the direction of the external scores. This finding indicates a strong impact of social influence on experts’
evaluations. The experiment of Teplitskiy et al. (2019) was conducted alongside a review process of grant
applications in which real awards were distributed; in this setup, reviewers are generally expected to reach a
consensus, hence, updates of review scores do not necessarily indicate a bias in reviewers’ judgements of the
proposal quality and instead can be seen as attempts to decrease the inconsistency of evaluations. In our
work, we design the experiment to remove the group deliberation component of peer review by eliminating
the discussion stage of the process, and measure the bias in reviewers’ attitude towards the submission.
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Another widely documented bias (Rosenthal, 1979; Moscati et al., 1994; Callaham et al., 1998; Emerson
et al., 2010, and others) that manifests in peer review is the positive-outcome bias also known as the file
drawer problem. This bias results in reviewers judging soundness of the experimental works depending on
the outcome of the study: works in which the null hypothesis is rejected are rated more favourably than
otherwise equal papers that show nonsignificant results.
One difference between the social influence, file drawer problem and resubmission bias which may result in
different cognitive heuristics responsible for the effects is the stage of the review process at which the stimulus
is received by reviewers. In case of the social influence, reviewers get biased by signals they receive after the
review process and this bias can be attributed to the desire of consensus, attempt to improve the accuracy of
a review or aim to achieve some other social goals (Resnik and Smith, 2020; Teplitskiy et al., 2019; Cialdini
and Goldstein, 2004). The file drawer problem is induced by information observed during reviewing and may
be attributed to the desire of accepting “newsworthy” (i.e., positive) studies for publications (Callaham et al.,
1998; Lynch et al., 2007). Finally, the incarnation of the resubmission bias we study in this work completes
the picture and is related to the information reviewers receive prior to reviewing submissions.
Confirmatory bias — a tendency of people to emphasize evidence that support their views and ignore or
misinterpret those that do not — is another relevant effect connected to prior beliefs of reviewers. It was
identified in context of peer review by Mahoney (1977) who conducted an experiment in which reviewers
were exposed to different versions of the manuscript with identical experimental procedure but different
directions of the obtained results (either confirming or disproving the beliefs of reviewers). It turned out that
reviewers who received the version contradicting their theoretical perspective were significantly harsher in
their evaluations than those who received the version supporting their views. In Section 5 we draw further
connections between the resubmission and confirmatory biases.
A separate line of work (Tomkins et al., 2017; Blank, 1991; Okike et al., 2016, and others) studies the
presence of various biases, including gender, affiliation and fame biases in single-blind peer review (i.e., when
author identities are visible to reviewers). The work of Tomkins et al. (2017) is of particular interest as it
identifies strong fame and affiliation biases1 in reviewers’ evaluations. As a result of this work, WSDM — a
premier conference in web-inspired research — switched to double-blind reviewing (i.e., author identities are
hidden from reviewers), demonstrating the potential impact of empirical research on peer-review practices.
Finally, our work contributes to the growing literature in computer science, both theoretical and empirical,
that aims to understand and improve the conference peer-review process. These works develop methodologies
to address various biases and other issues in peer review such as miscalibration (Roos et al., 2011; Ge
et al., 2013; Wang and Shah, 2019), commensuration bias (Noothigattu et al., 2020), strategic or dishonest
behavior (Aziz et al., 2019; Xu et al., 2019; Stelmakh et al., 2020a; Jecmen et al., 2020), biases with respect
to author demographics (Tomkins et al., 2017; Stelmakh et al., 2019; Manzoor and Shah, 2020), and methods
for better assignments of reviewers to papers (Garg et al., 2010; Charlin and Zemel, 2013; Kobren et al., 2019;
Fiez et al., 2020; Stelmakh et al., 2018). We envisage that the biases discussed in the current paper may be
mitigated by a combination of policy guidelines and such computational techniques.
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Experimental Setup

To test our research hypothesis of presence of the resubmission bias, we design a randomized controlled
experiment that replicates the relevant components of the peer-review pipeline of machine learning conferences
while giving us more control over the resubmission signal received by reviewers. Two main components of the
peer-review process are pools of papers and reviewers, and we now describe how these pools were constructed.
Papers. We solicited m = 19 anonymized preprints in various sub-areas of machine learning. To ensure that
participants of the experiment cannot obtain a signal about a paper being a resubmission from anywhere
outside of the experimental context, we restricted the pool of papers to works that had not yet been accepted
to any conference or journal and had never been submitted to conferences hosted by the openreview platform
or any other venue that makes the list of rejected submissions publicly available. We note that in machine
1 Meta-analysis

they perform also reveals a bias against female-authored submissions.
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learning it is common to publish preprints on arXiv (arxiv.org) and we allow papers available on arXiv to
be used in the experiment. Additionally, we allow papers that were previously presented at workshops — less
formal and prestigious venues without proceedings — because it is also common to present a preliminary
version of the work in a workshop and then submit the full version to the conference.
The final pool of papers consisted of working papers, papers under review, workshop publications and
unpublished manuscripts. The papers were 6–12 pages long excluding references and appendices (a standard
range for many ML and CS conferences) and were formatted in various popular journals’ and conferences’
templates with all explicit venue identifiers removed.
Reviewers. The reviewer pool of a typical machine learning conference consists of researchers at various
seniority levels, working in areas covered by the conference. Perhaps unique to ML, a recent surge in the
number of papers submitted to leading conferences has forced organizers to expand the reviewer pool by
relaxing the qualification bar, that is, by introducing rather junior researchers to the reviewer pool: for
example, 33% of the NeurIPS 2016 reviewers (1082 out of 3233) were graduate students (Shah et al., 2018).
Using data on the structure of the reviewer pool of the ICML 2020 conference, we estimate that approximately
35% of the reviewers are rather junior individuals who self-nominated and satisfied the screening requirements
of having at least two papers published in some top ML venues and being a reviewer for at least one top ML
conference in the past. Overall, we conclude that a significant fraction of ML reviewers are novices and in this
study we concentrate on the population of novice and junior reviewers. We admit that in this work we do not
approximate the general reviewer population by leaving out more experienced reviewers, but notice that at
the ICML 2020 conference each submission was assigned to at least one reviewer from the aforementioned
subset, making it a significant part of the reviewer community.
To recruit participants, we messaged mailing lists of five large large, top US universities (CMU, MIT,
UMD, UC Berkeley and Stanford) and targeted master’s and junior PhD students working in ML-related
fields. The invitation also propagated to a small number of students outside of these schools through the word
of mouth. The recruiting materials contained an invitation to participate in the ICML reviewer-selection
experiment (selection of reviewers was indeed a key goal of the experiment and we studied the resubmission
bias on top of it). Specifically, we asked participants to write a review for one paper and promised that those
who provide a high-quality review will be invited to join the ICML 2020 reviewer pool. Being a reviewer at
the flagship ML conference is a recognition of one’s expertise and we expected that this potential benefit will
motivate students to join our experiment. As a result, we received responses from n = 200 candidates, more
than 90% of whom were master’s and PhD students or recent graduates of the aforementioned universities,
and all of them were added to the pool of participants without further screening. The research hypothesis we
study in this work may be sensitive to awareness of participants; therefore, we employed deception and did
not reveal the dual goal of this work to participants, that is, subjects were unaware that in parallel with
selecting reviewers for ICML, we also want to measure the impact of the resubmission signal on the reviewers’
attitude towards papers they review.
The experimental procedure closely followed the initial stages of the standard ML conference peerreview pipeline and was hosted using Microsoft Conference Management Toolkit (https://cmt3.research.
microsoft.com). First, we asked participants to express their interest in reviewing specific papers by entering
bids that take the following values: “Not Willing”, “In a Pinch”, “Willing” and “Eager”. Thirteen participants
did not enter any bids and were removed from the pool. The remaining participants were active in bidding
(mean number of “Willing” and “Eager” bids is 4.7) and we assigned all of them to 1 paper each, where we
tried to satisfy reviewer bids, subject to a constraint that each paper is assigned to at least 8 reviewers. As a
result, 186 participants were assigned to a paper they bid either “Willing” or “Eager” and 1 participant was
assigned to a paper they bid “In a Pinch” (this participant did not bid “Eager” or “Willing” on any paper).
Finally, we instructed participants that they should review the paper as if it was submitted to the real
ICML conference with the exception that the relevance to ICML and the formatting issues (e.g., page limit,
margins) should not be considered as criteria. To help participants in writing their reviews, we provided
reviewer guidelines adapted from NeurIPS instructions (see supplementary materials on the first author’s
website) that discuss the best practices of reviewing. We gave participants 15 days to complete the review and
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(a) Control condition.

(b) Test condition.

Figure 1: Different versions of checklists shown to reviewers in the test and control conditions. The answer to
all questions were “Yes” for all papers in both conditions.
then extended the deadline for 16 more days to accommodate late reviews as our original deadline interfered
with the final exams at various US universities and the US holiday period.
Unbeknown to participants, we allocated half of them to the test condition and half to the control condition
uniformly at random. Participants in the control condition did not receive the resubmission signal while
subjects in the test condition were notified that the paper they are reviewing was rejected at the NeurIPS 2019
conference. Since the goal of the experiment declared to participants was to test out a new approach towards
recruiting reviewers, the presence of the resubmission signal could have been confusing for the participants
as this information is irrelevant to the task. To ensure that the presence of the signal does not look odd to
reviewers, we incorporated it in a small author checklist placed on the first page of each submission as shown
in Figure 1. Participants in the control condition received submissions with a single-item checklist asking
about the code submission, while participants in the test condition were additionally informed that the paper
is a resubmission.

4

Analysis of the Experiment

Out of 187 participants who received a paper for review, 134 handed in the reviews (response rate of 71.7%).
The remaining reviewers are excluded from subsequent analysis. Additionally, one of the participants misread
the instructions and wrote a one-line review, rejecting the paper based on a minor violation of the standard
ICML page limit. This participant was also excluded from the analysis as formatting violation was not
considered as a review criterion in the experiment. Table 1 compares populations of reviewers between the
test and control conditions using demographic information available to us.
The review form offered to participants (included in supplementary materials on the first author’s website)
was adapted from the NeurIPS 2019 form and contained 3 fields for open-ended feedback and 6 multiple
choice questions in which reviewers were asked to give the overall score to the submission (10-point Likert
item), evaluate the submission on 4 criteria (Originality, Quality, Clarity and Significance, 5-point Likert item
for each criteria) and finally self-access their confidence in the scores assigned (5-point Likert item). Options
offered for multiple choice questions were ordered from the most negative to the most positive and for the

Control
Test

# Participants

#With Prior Review Experience

#With Publications

68
65

20
28

47
49

Table 1: Comparison of demographics of reviewers across the test and control conditions. All differences are
not significant at the level α = 0.1.
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sake of analysis we associate these options to the numeric scales: 10-point scale for the overall score and
5-point scale for the other questions (larger numbers indicate more positive evaluations).2 In the sequel of
this section, we compare these values between the test and control reviewers to see whether the resubmission
signal significantly impacted the behaviour of reviewers in the test condition.

4.1

Testing procedure and effect size

In this work, we employ a modification of the permutation test (Fisher, 1935) that accounts for the fact that
each paper is reviewed by different number of the test/control reviewers and is defined as follows. Recall
that m stands for the number of papers in the experiment, for each paper i ∈ [m] we let Rcntr
(respectively
i
Rtest
)
be
a
set
of
reviewers
assigned
to
this
paper
in
the
control
(respectively
test)
condition.
Next,
for any
i
j
cntr
reviewer j ∈ Ri
we use Yi to denote a numeric evaluation given by reviewer j to paper i. Similarly, for
any test reviewer j ∈ Rtest
we let Xij denote their evaluation of paper i. With this notation, we define the
i
test statistic:
"
#
X
X
1 X
1
1
j
j
τ=
Xi − cntr
Yi .
|
m
|Rtest
|Ri |
i
cntr
i∈[m]
j∈Rtest
j∈R
i
i
|
{z
} |
{z
}
Mitest

Micntr

Our test statistic compares mean scores Mitest and Micntr received by each paper i ∈ [m] from the test and
control reviewers, respectively, and then averages differences of these scores across submissions. A negative
value of the test statistic implies that reviewers in the test condition are more harsh than those in the control
condition, whereas a positive value indicates that the test reviewers are more lenient.
Having defined the test statistic, we employ the permutation test to quantify the significance of its value.
To this end, we permute reviewers within each paper between the test and control conditions uniformly at
random, ensuring that the number of reviewers in each condition remains the same. We then recompute the
value of the test statistic for 10,000 permutations and compare these values with the original value of the test
statistic to obtain P -values.
In addition to reporting P -values of the test, we also provide the following measures of the effect size that
capture different aspects of the effect:
• Simple Effect Size First, we note that our test statistic measures the between-conditions shift of the
distributions of scores, that is, it represents the mean difference (in points of the corresponding Likert
item) between scores given by two groups of reviewers. Hence, the value of the test statistic τ serves as a
natural measure of the unscaled (simple) effect size (Baguley, 2008). Note that the larger the absolute
value of the test statistic, the stronger the effect.
• Scaled Effect Size (adaptation of Cohen’s d ) Following recommendations of Cohen (Cohen, 1992),
we supplement the aforementioned simple effect size (which is expressed in the original units of analysis)
with its scaled version, making it independent of the corresponding units. While the scaling inevitably
obscures the interpretation of the resulting value, it helps to compare effect sizes between evaluations of
the overall score (measured on the 10-point Likert item) and criteria scores (measured on 5-point Likert
items). To report the scaled effect size, we use an adaptation of the Cohen’s d (Cohen, 1992):
τ
d= √ ,
v
where v is an upper bound on the variance of the terms Micntr and Mitest , i ∈ [m], which is obtained by
2
using the boundedness of numeric evaluations Y and X. Formally, v = (k−1) /4, where k is the number of
points in the corresponding Likert item (10 for overall score and 5 for criteria scores). Note that we rely
on the upper bound to avoid inflation of the effect size as terms corresponding to different papers have
2 We

release numeric evaluations reported by reviewers and the dataset is available on the first author’s website.
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Simple ES

Overall score
Quality
Clarity
Significance
Originality
Confidence

Scaled ES

Relative ES

P -value

Size

95% CI

Size

95% CI

Size

95% CI

.036*
.005*
.022*
.037*
.105
.902

−0.78
−0.46
−0.44
−0.36
−0.21
−0.01

[−1.30, −0.24]
[−0.69, −0.23]
[−0.68, −0.19]
[−0.61, −0.10]
[−0.40, −0.03]
[−0.20, 0.17]

−0.17
−0.23
−0.22
−0.18
−0.11
−0.01

[−0.29, −0.05]
[−0.35, −0.11]
[−0.34, −0.10]
[−0.30, −0.05]
[−0.20, −0.02]
[−0.10, 0.09]

0.42
0.37
0.43
0.43
0.41
0.50

[0.32, 0.52]
[0.27, 0.46]
[0.34, 0.52]
[0.35, 0.50]
[0.32, 0.50]
[0.42, 0.59]

Table 2: Comparison of evaluations given by participants in the test and control conditions to papers assigned
to them for review. All P -values are two-sided and are computed by the permutation test with 10,000
permutations. Asterisk indicates significance at the level α = 0.05. Confidence intervals for effect sizes are
computed using 5,000 bootstrapped samples.
different variances, determined by the number of reviews written for this paper. The effect size computed
in this manner is conservative because it assumes the largest possible sample variance. Similar to the
simple effect size, the larger the absolute value of the scaled effect size, the stronger the effect.
• Relative Effect Size (stochastic superiority) To reduce the impact of the extreme numeric evaluations
on the effect size, we also consider the measure of stochastic superiority that is computed taking into
account relative rather than absolute differences (Vargha and Delaney, 2000):




i
X
X
X h  j
1

A= P
I Xi 1 > Yij2 + 0.5 · I Xij1 = Yij2  ,
cntr |
|Rtest
|
×
|R
i
i
test
cntr
i∈[m]

i∈[m]

j1 ∈Ri

j2 ∈Ri

where I(·) is an indicator function that equals 1 if its argument is correct and 0 otherwise. The denominator
of this equation is the total number of (test, control) pairs of reviews written for the same paper. Each of
these pairs contributes 1 to the numerator if the test review is more positive than the control review and
0.5 if the reviews contain the same numeric evaluation. Intuitively, this measure of the effect size equals to
the empirical probability of a randomly sampled pair of (test, control) reviews written for the same paper
having the test review more positive than the control (with ties broken uniformly at random). In contrast
to the previous measures of the effect size, the further the value of A from 0.5, the stronger the effect.
In addition to reporting the point estimates of the effect sizes, we also report bootstrapped 95% confidence
intervals computed over 5,000 iterations, where bootstrapping is performed at the level of papers. With all
the preliminaries introduced, we are now ready to present the results of our experiment.

4.2

Results

Table 2 compares evaluations given by reviewers from the test and control conditions. The results indicate that
reviewers in the test condition were significantly more strict in evaluating submissions, in average reporting
almost 1 point lower overall score on the 10-point Likert item (∆ = −0.78, 95% CI = [−1.30, −0.24]) than
reviewers in the control condition. The difference appears to be small but considerable and we provide
more discussion of the strength of the effect in the next section. Looking at the criteria score, we observe
the similar trend of reviewers in the test conditions being stricter. Comparing unit-independent effect
sizes (adaptation of Cohen’s d and stochastic superiority), we note that the bias manifests the most in the
evaluations of the submissions’ quality which is known to be of high importance for the overall evaluation of
the submission (Noothigattu et al., 2020).
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Overall, the data presented in Table 2 supports our research hypothesis, suggesting that junior reviewers
are indeed susceptible to the resubmission bias. Notably, while the resubmission bias makes reviewers harsher,
it does not seem to impact the confidence of reviewers. However, we qualify that self-evaluations of the
confidence may not be a reliable measure of actual confidences, due to other biases manifesting in parallel.
Indeed, as reviewers participate in the experiment to receive the invitation to join the pool of ICML reviewers,
they may be reluctant to report too high or too low confidence as it may hypothetically hurt their chances.
This hypothesis agrees with the observed data as 122 out of 133 reviewers reported confidence level 3 or 4 on
the 5-point Likert item (recall that larger values indicate higher confidence).
As a final remark, we note that reported bootstrapped confidence intervals may be slightly more inaccurate
than one would expect for the given sample size due to specific nature of data. Indeed, 133 subjects of the
experiment were broken into two groups (test and control) and distributed across 19 papers. The bootstrapping
was performed at the level of papers, that is, for each paper we bootstrapped test and control reviewers
from the actual test and control reviewers assigned to this paper. The sample size for each paper is small
and hence the resulting intervals could capture the excessive variance or underestimate the actual variance.
Nevertheless, the combination of different measures of the effect size and the results of the permutation test
(which is guaranteed to control the false alarm probability even under the small sample size) suggest that the
effect is present in the data.
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Discussion

The experiment we conduct in this work identifies the presence of the resubmission bias that manifests in
junior reviewers being significantly harsher in evaluating submissions that they know were previously rejected
from similar venues. The design of our experiment ensures the absence of unobserved confounders that could
drive the result, as we obtain reviews for the same submission in both test and control conditions. In this
section, we discuss some aspects of our experiment and suggest directions for future work.
Strength of the effect The size of the impact of the resubmission bias on the overall score received by
submissions appears to be small according to the measures of the effect size we use in this work. We note,
however, that top machine learning and computer science conferences are highly competitive and even small
changes in reviewers’ scores may have significant impact on the outcome of a submission and more generally
on the researchers’ career (Thurner and Hanel, 2011; Squazzoni and Gandelli, 2012). As a concrete example,
data from the ICML 2012 conference (Langford, 2012) demonstrates that papers with mean reviewer score
2.67 (on a 4-point Likert item) were 6 times more likely to be accepted than papers with mean score 2.33: the
difference between these scores is a single point decrease in a single review. While this data is observational
and does not account for potential unobserved “true quality” of submissions, it suggests that even small
effects may result in large changes in the outcomes.
Next, we note that reviewers’ evaluations are known to be subjective and have a high variance (Kerr
et al., 1977; Mahoney, 1977; Ernst and Resch, 1994; Bakanic et al., 1987; Lamont, 2009). As a result, the
effect that would be perceived as “strong” in a hypothetical within-subject experiment may be much less
prominent in the between-subject design due to additional variance in evaluations due to subjectivity.
Finally, the pool of papers we have is diverse as it contains both papers that are likely to be accepted to
the top conferences and papers that are not. In absence of the ground-truth ranking of papers and due to a
limited sample size, we cannot look closer at the strength of the bias as a function of a paper quality, but past
work suggests that some biases may be especially prominent in a subset of borderline papers (Blank, 1991).
As a direction for future work, it would be interesting to understand the extent of the resubmission bias with
a breakdown by the quality of the submission and some characteristics of reviewers (e.g., experience).
Population of participants The data obtained in this experiment unfortunately does not allow us to
decisively align the population of the experiment participants with the general population of top-tier machine
learning conference reviewers. Moreover, most of participants of the experiment would not be invited to join
the reviewer pool of the ICML 2020 conferences through the standard ways of reviewer recruiting. However,
as a result of the experiment, 52 participants whose reviews were found to be strong enough were invited to
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Figure 2: Comparison of participants of the experiment with the general population of ICML reviewers.
join the ICML reviewer pool. Therefore, these participants allow us to make some indirect comparisons to
the general reviewer pool and we now present some relevant results. For a detailed analysis of performance of
reviewers recruited through our experiment in the real ICML conference, we refer the reader to the companion
paper (Stelmakh et al., 2020b).
Figure 2a juxtaposes the lengths of reviews written by different populations of reviewers at different
venues. If we treat the length of a review as a measure of diligence, then we can see that reviewers selected
in our experiment are not only more diligent than other participants of the experiment, but are also more
diligent than the general reviewer population at the ICML conference. Perhaps surprisingly, even if we
consider the participants of our experiment who did not get invited to review for the main conference, the
length of their reviews stochastically dominates the length of the reviews written by general ICML reviewers
with a significant margin, suggesting that they put a non-trivial effort in writing reviews.
Next, Figure 2b compares independent evaluations of review quality between the general population
of ICML reviewers and reviewers recruited through our experiment. In the ICML review process each
paper is assigned to several reviewers and one area chair. The area chairs are in charge of overseeing the
reviewer activity, and at the end of the process, evaluate each reviewer on a 3-point Likert item: “Failed
to Meet Expectations” (score 1), “Met Expectations” (score 2) and “Exceeded Expectations” (score 3). As
seen in Figure 2b, experimental reviewers appear to produce reviews of high quality according to the area
chair’s ratings, being on average better than general population of reviewers (Nexperimental = 111, Ngeneral =
11624, ∆ = 0.18, P < .001).3
As a word of caution, we note that comparisons we make in this section are based on observational data
and may be influenced by confounding variables. For example, our experiment and the real conference employ
different reviewer forms that could impact the length of the reviews. Additionally, experimental reviewers
received at most 3 papers for review at ICML and only 1 paper in the experiment while general ICML
reviewers received up to 6 submissions. There were also some other subtle differences between experimental
and general reviewers in the assignment procedure of ICML that could contribute to the observed result.
Subject to the aforementioned caveats, indirect evidence presented in Figure 2 suggests that the participants
of the experiment who got invited to join the ICML 2020 reviewer pool are comparable to the general population
of top ML conference reviewers in terms of the length and quality of their reviews.
However, we underscore again that the findings of this work must be interpreted with care and must not be
overgeneralized to a more senior population of reviewers. Indeed, a past study of reviewers’ behaviour (Teplit3 To

evaluate significance, we use a permutation test treating the rating of each review as an independent random variable.

10

skiy et al., 2019) demonstrated that seniority and expertise of reviewers impact their behaviour and hence
serve as confounding factors. Therefore, we do not know whether the results reported in this paper extend to
the whole reviewer pool, and an interesting direction for future work is to understand the presence of the
resubmission bias in the general population of reviewers.
Impact of this study on the reviewer-selection process Recall that we conducted this study on top
of the main experiment whose primary goal was to select participants to join the ICML reviewer pool. To
minimize the effect of this study on the main experiment, prior to the selection process we removed numeric
evaluations given by participants from the reviews, so the selection was based solely on the textual part of
reviews. We then manually analyzed reviews that fall in the study team members’ area of expertise, asked
authors to comment on the review quality, and crowdsourced expert opinions for reviews that we were unable
to evaluate ourselves. Combining feedback from these sources, we eventually invited 52 reviewers to join the
ICML reviewer pool: 20 reviewers from the test condition and 32 reviewers from the control condition. The
difference between the invitation rates appears to be insignificant at the level α = 0.05 (∆ = 0.16, P = 0.075).
Cognitive mechanism of the resubmission bias While in this work we do not aim to identify the
cognitive mechanism of the resubmission bias, we now briefly comment on its relationship to several relevant
cognitive biases known from general psychological literature.
• Anchoring (Tversky and Kahneman, 1974; Strack and Mussweiler, 1997; Mussweiler and Strack, 2001)
Human judgements and evaluations are known to depend heavily on an initial piece of information
(anchor), even when the anchor is obviously irrelevant (e.g., a number generated by the wheel of fortune).
The signal about the previous outcome received by reviewers may be seen as an anchor that prevents
them from adjusting to a positive opinion about the paper; therefore, anchoring may be responsible for
the resubmission bias.
• Social proof (Asch, 1951; Baron et al., 1996; Resnik and Smith, 2020; Cialdini and Goldstein, 2004)
When being a part of a group, individuals are known to be susceptible to social influence, often exhibiting
conformity to the opinion of the group. While in our experiment we removed the group deliberation
component of the review process and participants were acting individually, they could consider the
rejection from the previous venue as a decision made by a group of more experienced reviewers and decide
to comply, deferring to the authority.
• Confirmatory bias (Mahoney, 1977; Lord et al., 1979; Rabin and Schrag, 1999; Garcia et al., 2020)
Once having a belief about the state of the world, people tend to be selective in accepting new evidence:
evidence that supports their views gets accepted more easily while contradicting evidence may be ignored
or misinterpreted. In this paradigm, the resubmission bias can contribute to creating an initial belief that
the paper under review is of a low quality that can later be exacerbated by a biased interpretation of
strength and weaknesses of the submission.
• Hindsight bias (Fischhoff and Beyth, 1975; Hawkins and Hastie, 1990; Roese and Vohs, 2012) and Outcome
bias (Baron and Hershey, 1988; Allison et al., 1996; Marshall and Mowen, 1993; Gino et al., 2008)
Hindsight bias (“I knew it all along”) is a tendency of people to overestimate the predictability of the
event after it becomes observed. Outcome bias is a slightly different effect that manifests in distortion
of human judgements of decisions. When a stochastic outcome of the decision is observed, even having
all the information available to the decision-maker at the time of the decision, people tend to judge the
quality of the decision differently depending on whether they view the outcome as good or bad. While
these effects do not directly correspond to the resubmission bias we study in this work, they suggest that
availability of outcome information can adversely impact the evaluations.
Despite all of the above biases are known to be present in human judgements, their presence in peer review is
not obvious because of the nature of the task performed by reviewers. Indeed, the reviewing task is analytical
and requires rational thinking, thereby potentially reducing the reliance on heuristics responsible for cognitive
biases (Stanovich, 1999; Kahneman and Frederick, 2002). For example, Gino et al. (2008), in context of the
outcome bias, show that the outcome information biases participants less when they use rational mindset.
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Given that the task conducted by participants of the experiment of Gino et al. (2008) is much less demanding
than reviewing a paper, one could hypothesize that in peer review the cognitive heuristics may be overridden
as reviewers naturally engage in rational and analytical thinking. However, our study identifies the presence
of the resubmission bias in reviewers’ judgements, demonstrating that the resubmission bias is strong enough
to manifest even if reviewers put a non-trivial amount of cognitive effort into their work, as evidenced by the
length of the reviews and expert judgements.
On general idea of reusing reviews In this work we do not aim to justify or oppose the idea of reusing
reviews and do not say whether the resubmission bias is desirable or not. On the one hand, top-tier conferences
are overloaded with substandard-quality papers making multiple rounds of submissions without major changes
in a hope that they will get accepted at some point. Availability of past reviews could aid in identifying such
submissions and optimizing the review efforts with respect to them, thereby reserving reviewers’ effort for
stronger papers. Additionally, when authors are aware of the resubmission bias, they may evaluate their work
against higher standards and refrain from submitting works that are not yet in perfect shape to avoid the
adverse effect on subsequent resubmissions, thereby further decreasing the load on reviewers.
On the other hand, the amount of randomness in the review process observed in several experiments (Lawrence and Cortes, 2014; Price, 2014; Pier et al., 2018) and in a multitude of anecdotal evidence
(for example, see a survey of Nobel Prize laureates in economics by Gans and Shepherd 1994) suggests that
even strong papers that do not require revisions can be rejected by pure chance. It is also known (Travis and
Collins, 1991; Lamont, 2009) that works that are novel or not mainstream, particularly those interdisciplinary
in nature, face significantly higher difficulty in gaining acceptance. All these works can be put at significant
disadvantage if reviewers are exposed to the resubmission signal as they may not have major aspects to be
improved.
While in this work we do not resolve the aforementioned dichotomy, we identify the presence of the
resubmission bias in reviewers’ decisions and measure its effect size, letting the community and conference
organizers decide on its desirability. Specifically, to perform the randomized controlled trial we choose perhaps
the simplest format of exposing the previous outcome to reviewers, omitting the content of reviews received
by submissions at past venues and withholding author statements that could explain changes (if any) made
in the manuscript after the previous rejection.
In its simplicity, our stimulus can perhaps be seen as a point on a spectrum between two ways of exposure
to the resubmission signal employed in the real world: the openreview system allows subsequent reviewers
to see that the paper was rejected and exposes any damning or hypercritical past reviews without letting
authors present their view beyond what is stated in the discussion. In contrast, some other venues allow
authors to present their case more clearly. Exploring the wider range of the aforementioned spectrum and
identifying the desirable point on it (if any) is an interesting direction for future work.
Overall, the questions of whether the resubmission bias is desirable and how to reuse the reviews from the
past venues in a fair and efficient way is an open question that requires a discussion in the community. In
this work, we provide some concrete evidence that can help conference organizers to make informed decisions
when designing the peer-review system. A promising direction for the future work is to evaluate the proposal
of reusing reviews in a holistic manner, studying the interactions between different aforementioned positive
and negative effects both theoretically and empirically.
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