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Abstract

Many peer-review processes involve reviewers submitting their independent reviews, followed by a
discussion between the reviewers of each paper. A common question among policymakers is whether
the reviewers of a paper should be anonymous to each other during the discussion. We shed light on
this question by conducting a randomized controlled trial at the Conference on Uncertainty in Artificial
Intelligence (UAI) 2022 conference where reviewer discussions were conducted over a typed forum. We
randomly split the reviewers and papers into two conditions–one with anonymous discussions and the other
with non-anonymous discussions. We also conduct an anonymous survey of all reviewers to understand
their experience and opinions. We address the following seven questions:

1. Do reviewers discuss more in the anonymous or non-anonymous condition?

• Marginally more in anonymous, with approximately 10% more posts per reviewer-paper pair
(n = 2281, p = 0.051).

2. Does seniority have a higher influence on final decisions when non-anonymous than anonymous?

• Yes, the decisions are closer to senior reviewers’ scores in the non-anonymous condition than
when anonymous (n = 484, p = 0.04).

3. Are reviewers more polite in the non-anonymous condition?

• No significant difference in politeness of reviewers’ text-based responses (n = 1125, p = 0.72)

4. Do reviewers’ self-reported experiences differ across the two conditions?

• No significant difference for each of the five questions asked in the survey (n = 132 and p > 0.3
for each question).

5. Do reviewers prefer one condition over the other?

• Yes, there is a weak preference for anonymous discussions (n = 159 and Cohen’s d= 0.25).

6. What aspects do reviewers consider important in making the policy decision regarding anonymizing
reviewers to each other?

• Reviewers’ feeling of safety in expressing their opinions was rated most important, while
politeness and professionalism of communication among reviewers was rated least important
(n = 159).

7. Have reviewers experienced any dishonest behavior due to reviewer identities being shown to other
reviewers?

• Yes, approximately 7% of survey respondents say they have experienced such behavior either at
UAI or another venue (n = 167).

Overall, this experiment reveals evidence supporting the advantages of an anonymous discussion setup in
the peer-review process, in terms of the evaluation criteria considered herein.
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1 Introduction
Peer review serves as the backbone of scientific research, underscoring the importance of designing the

peer-review process in an evidence-based fashion. The goal of this work is to conduct a carefully designed
experiments in the peer-review process to enhance our understanding of the dynamics of discussion among
reviewers. In many publication venues, pertinently in conference-based venues in the field of Computer
Science,1 reviewers of a paper discuss it with other reviewers before reaching a final decision that is then
recommended to the conference organizers (commonly known as program chairs in Computer Science).
Starting after the reviewers have provided their initial review, the discussions take place on a typed forum
where reviewers type in their opinions and responses to other reviewers asynchronously. We specifically target
an important aspect of this discussion process: anonymity of reviewers to other reviewers in the discussion.
It is important to note that in our setting, reviewers of papers are always anonymous to their authors and
vice versa, commonly referred to as “double-anonymous” or “double-blind” peer review, and we do not study
or intervene on that aspect of the peer-review process.

The ongoing discourse within the academic community regarding the anonymization of reviewers to each
other during discussions has spanned several years. Despite anecdotal arguments from program chairs and
stakeholders on both sides of the debate, we do not have an evidence-based understanding of the actual effects
of anonymity in discussions. Anonymizing discussions carries a set of potential advantages and drawbacks.
For instance, it is often hypothesized that anonymizing discussions helps alleviate biases associated with
reviewer identities such as more senior or famous reviewers’ opinions dominating. This is echoed by research
on group discussions [Dovidio et al., 1998, Bendersky and Hays, 2010, Correll et al., 2017] which finds that
participants sometimes use other participants’ social status as a heuristic for assessing the credibility of
their opinions. Another way this bias can manifest is through reduced participation of junior reviewers in
discussion. In line with this, Roberts and Rajah-Kanagasabai [2013] reported increased comfort in students
when participating in anonymous online discussion forums like Piazza. Additionally, it has been suggested
that anonymous discussions can mitigate fraud wherein one reviewer (with an undisclosed conflict of interest
with the authors of the paper being reviewed), reveals the identity of the other reviewers to the authors of
the paper, to ultimately help coerce the reviewers into accepting the paper [Resnik et al., 2008]. Conversely,
proponents of revealing reviewer identities argue that it fosters a deeper comprehension of reviews and
perspectives based on knowledge of the review writer’s background. Additionally, program chairs have
expressed concerns that anonymity may diminish politeness in discussions. Related research [Diener et al.,
1976, Singer et al., 1965, Cottrell et al., 1968] studying the role of identity in group discussions finds that
anonymity can lead to unregulated behaviour. In the past, the peer-review processes in different venues have
taken different approaches to the setup for reviewer discussions. For example, among conferences in the
field of machine learning and artificial intelligence, AAAI 2021, IJCAI 2022 and other conferences enforced
anonymous reviewer discussions whereas many other conferences such as ICML 2016 and FAccT 2023 did not.

In addition to impacting policy design in conference peer review, understanding the impacts of anonymizing
discussions among reviewers has broader implications towards understanding the role of participants’ identities
in group discussion dynamics and outcomes. For instance, it is also relevant for research funding agencies
that allocate grants annually through panel-based discussions. Although group discussions involving experts
are commonly assumed to improve final decision quality compared to individual decision-makers, controlled
experiments studying panel discussions in peer review, have found that group discussions in fact lead to a
significant increase in the inconsistency of decisions [Obrecht et al., 2007, Fogelholm et al., 2012, Pier et al.,
2017]. It is an open problem to understand the underlying causes [Teplitskiy et al., 2020, Stelmakh et al.,
2023], and this work contributes to a better understanding of discussion dynamics by shedding light on the
role of participants’ identities in the discussion process by conducting a randomized controlled trial.

With this motivation, we conduct a study on the review process of a top-tier publication venue in the
research field of artificial intelligence: The 2022 Conference on Uncertainty in Artificial Intelligence (UAI
2022). The study takes two principal approaches to quantify the advantages and disadvantages of enforcing
anonymity between reviewers during the discussion phase. First, we design and conduct a randomized

1Conferences in Computer Science are typically ranked at par or higher than journals, review full-length papers, and are
considered to be a terminal publication venue.
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controlled trial to examine the impact of enforcing anonymity on reviewer engagement, reviewer politeness
and the influence of seniority on final decisions. Second, we conduct a systematic survey-based study which
offers a more reliable foundation than anecdotal evidence and hypotheses towards informing policy decisions.
Our anonymous survey provides an understanding of statistical trends in reviewers’ preferences and their
experiences in the discussion phase.

2 Related work
Certain aspects of peer-review discussions among reviewers have been studied before to understand the

dynamics of the discussion phase. Three studies [Obrecht et al., 2007, Fogelholm et al., 2012, Pier et al., 2017]
performed controlled experiments in the peer-review process for grant proposals to examine the reliability of
the (non-anonymous) group discussion phase in the decision-making. These studies compare the agreement
between reviewers’ independent initial reviews with the agreement between multiple panels’ decisions after
discussion among members from the same panel. They find that the level of agreement across panels decreases
in comparison with the agreement across individuals before discussion. A similar study was conducted
by Hofer et al. [2000] in the peer review of hospital quality, yielding a similar conclusion, “discussion between
reviewers does not improve reliability of peer review.”

To understand the sociological phenomena at play in peer-review discussions, Teplitskiy et al. [2020]
conducted a controlled study that exposed reviewers to manufactured scores from other (fictitious) reviewers.
In their study, reviewers updated their scores 47% of the time. Along the dimension of gender, women
reviewers updated their scores 13% more frequently than men, and more so when they worked in male-
dominated fields. Initially high scores were lowered 64% of the time, as opposed to initially low scores which
were raised only 24% of the time. Stelmakh et al. [2023] conducted a randomized controlled trial in conference
peer-review to test for herding behaviour in the reviewer discussion phase. Here, herding behaviour indicates
participants’ tendency to follow the opinion of the first person to speak-up, shown to be present in other social
situations [Weisband, 1992]. Interestingly, the outcomes of Stelmakh et al. [2023] do not suggest any presence
of herding in peer-review discussions. In a large survey of participants of the International Conference
on Software Engineering spanning years 2014-2016, Prechelt et al. [2018] find that in their preferences,
respondents are split nearly equally on the question of having anonymity between co-reviewers.

Outside of peer review, prior research in sociology examines the effect of status in group discussions and
decision-making, where status is based on task-irrelevant but socially valued characteristics of the discussants.
In situations where participants’ identities are shown, Dovidio et al. [1998], Bendersky and Hays [2010],
Correll et al. [2017] found that participants may choose to second or reject others’ opinions based on their
status or perceived credibility. Specifically addressing anonymity in social discussions, a study by Roberts and
Rajah-Kanagasabai [2013] on student participation in online discussion boards such as Piazza reveals that
students are more comfortable to engage in discussions when they are anonymous. On the other hand, Cottrell
et al. [1968] find that in anonymous settings, the weakness of social-context cues tends to make people’s
behaviour relatively self-centered and unregulated, unconcerned about making a good appearance. Group
behavior becomes more extreme, more impulsive, and less socially differentiated [Diener et al., 1976, Singer
et al., 1965]. However, Dubrovsky et al. [1991] note that computer-mediated discussion (even anonymized)
can attenuate social cues and lead to equalization phenomena.

Studying the role of reviewers’ identities in the discussion phase and its outcomes is somewhat analogous
to the oft-studied question on the effect of revealing authors’ identities on peer-review outcomes. This topic
has been extensively debated in the scientific community. Amidst these opinions, rigorous experiments and
analyses have paved the way towards a scientific approach to addressing this question [Snodgrass, 2006,
Tung, 2006, Madden and DeWitt, 2006, Okike et al., 2016, Seeber and Bacchelli, 2017, Tomkins et al., 2017,
Manzoor and Shah, 2021, Rastogi et al., 2022b] (see Shah, 2022, Section 7 for a survey). Analogously in
this work, we rigorously measure the effects of revealing reviewers’ identities to each other, on the discussion
phase.

3



3 Experiment setting and design
Setting of the experiment. The experiment was conducted in the peer review process of the 2022 edition
of the Uncertainty in Artificial Intelligence conference (UAI 2022). Our study delves into the specifics of
the “discussion phase” in the peer review process of UAI 2022, that takes place after the initial reviews are
submitted. In this phase reviewers and authors communicate asynchronously via a typed forum, to discuss
their respective opinions of the paper. The discussion phase for each paper begins after the deadline for initial
reviews and ends concurrently with the deadline for final paper decisions. Each paper’s discussion involves
typically three to four reviewers who were assigned to review that paper and one meta-reviewer (equivalent
to the associate editor for journal publication), alongside the authors of the paper. This discussion takes
place on an online interface (OpenReview.net) which takes in typed posts from participants. For the papers
assigned to them, each reviewer is expected to carefully read the reviews written by the other reviewers as
well as the authors’ responses, and participate in the discussion. During the discussion phase, the reviewers
have the option to update their initial review, which may include updating their review score, to reflect any
change of opinion.

The UAI 2022 conference was double-anonymous in its conduct, wherein authors were not shown the
identities of their reviewers, and vice versa. Within the discussion interface, the reviewers’ identities are
visible to their corresponding meta-reviewers, while the meta-reviewers’ identities are concealed from the
reviewers. Notably, our study introduces a key change where the visibility of fellow reviewers’ identities is
contingent on their assigned condition, as described in the next paragraph.

Design of the experiment. We designed a randomized controlled trial to investigate the effect of anonymity
among reviewers in the discussion phase. Each submitted paper and each participating reviewer were assigned
at random to one of the two conditions: the “non-anonymous” condition, where reviewers were shown the
identities of other reviewers assigned to the same paper, and the “anonymous” condition where fellow reviewers’
identities were not accessible. The assignment to conditions was uniformly random for both papers and
reviewers. To prevent potential spillover effects, reviewers within each condition were then matched with
papers in the same condition.2 All reviewers were informed at the beginning of the review process that a
randomized controlled trial would be conducted to compare differently anonymized reviewing models. To
mitigate the Hawthorne effect, specifics of the experiment were withheld.3 Importantly, reviewers were
informed that only aggregated statistics would be publicly disclosed, and they were given the choice to opt out
of the experiment. At the onset of the discussion phase, reviewers were apprised of whether their discussions
would be anonymous or not. We note that the meta-reviewers could see the reviewers’ identities in both the
conditions and the meta-reviewer pool was common across the two conditions. All meta-reviewers were asked
to address reviewers in a way that keeps their identities confidential in all discussions.

In conjunction with the randomized controlled trial, we conducted a survey to provide a holistic un-
derstanding of the pros and cons of anonymity in the discussion phase. Administered to all reviewers and
meta-reviewers, the survey sought to capture valuable insights into their experiences and perspectives. Specif-
ically, the survey gathered reviewers’ feedback related to the discussion type they were assigned to, in order
to uncover the impact of anonymity (or lack thereof) on their experience in the review process. Furthermore,
the survey included questions probing into the aspects of the discussion phase reviewers prioritise. Lastly, we
sought reviewers’ personal preferences regarding anonymous versus non-anonymous discussions. We elaborate
on the specifics of the survey in Section 4.

Details of the experiment. We now delve into the particulars of how the experiment unfolded. The
UAI 2022 conference received 701 paper submissions out of which 351 were assigned to the anonymous

2This also helps address fraud concerns. For instance, AAAI 2020 showed every reviewer just a random fraction of the
submitted papers during bidding to mitigate fraud.

3It is a common practice to inform reviewers that they are part of an experiment without disclosing the specifics. For instance,
in Forscher et al. [2019], reviewers were informed that the research focused on examining the NIH review process, and they
would be evaluating modified versions of actual R01 proposals. However, the nature of these modifications was intentionally left
undisclosed to the reviewers.
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condition and the remaining 350 to the non-anonymous condition. Over the course of the review process,
69 papers were withdrawn (most papers were withdrawn after reviews were released), leaving 322 in the
anonymous condition and 310 in the non-anonymous condition. Similarly, at the beginning of the review
process 581 reviewers had signed up for reviewing, out of which 65 reviewers dropped out (some reviewers did
not submit their reviews in time), resulting in 263 reviewers in the anonymous condition and 253 reviewers in
the non-anonymous condition. To substitute for the reviewers that dropped out, meta-reviewers and program
chairs added emergency reviewers, such that each new reviewer was added to papers from only one of the two
conditions. Following this, the conference had a total of 289 reviewers in each condition. The outcomes of the
peer review process of UAI 2022 saw a total of 230 submissions accepted corresponding to an acceptance rate
of 36.4%.4 Out of these, 116 accepted papers belonged to the anonymous condition and 114 papers belonged
to the non-anonymous condition, giving an acceptance rate of 36.0% and 36.7% in the respective conditions.
Fisher’s exact test for difference in the acceptance rate between the two conditions does not indicate any
significant difference (p-value = 0.86).

Reviewer seniority information. This study explores the indirect impact of reviewer seniority during the
discussion phase. To achieve this, we gathered data pertaining to the seniority of all reviewers. Specifically,
we retrieved reviewers’ current professional status from their profiles on Openreview.net. In cases where this
information was unavailable, we conducted manual searches on the Internet to find their professional status.
Using this information, we established a binary indicator of seniority: post-doctoral researchers and graduate
researchers were categorized as junior researchers, while professors and other professional researchers such as
research scientists and research engineers were categorized as senior researchers. This classification covered
all participating reviewers, and resulted in 181 seniors out of 289 reviewers in the non-anonymous condition
and 169 seniors out of 289 reviewers in the anonymous condition, as detailed in Table 1.

4 Main analyses
In this section, we address research questions on different aspects and impacts of anonymity in reviewer
discussions in peer review.

4.1 RQ1: Do reviewers discuss more in the anonymous or non-anonymous
condition?

Recall that the research question asks whether there is a difference in the amount of participation by reviewers
in the discussion phase, between the anonymous and non-anonymous condition. To answer this question, we
perform the following analysis. In both conditions, for each reviewer-paper pair, we first compute the number
of discussion posts made by that reviewer for that paper (excluding the initial review by the reviewer). We
then compute the average number of discussion posts across all reviewer-paper pairs in each condition. If the
difference in averages between the two conditions is significantly larger than zero in magnitude, we conclude
that anonymity among reviewers (or lack thereof) in the discussion phase has an effect on the amount of
discussion participation observed.

Results. Table 1 provides the relevant statistics to address RQ1. We see that the average number of
posts made by reviewers during the discussion phase in the anonymous condition 0.53 (611 out of 1163) is
higher than that in the non-anonymous condition 0.46 (514 out of 1118). To evaluate the significance of this
difference we conducted a permutation test with 1, 000, 000 iterations, which gave a two-sided p-value of
0.051. Further, we visualise the distribution of number of posts made corresponding to each paper-reviewer
pair in Figure 1

Next, we delve a bit deeper into the data, stratifying by seniority of reviewers. On analysing the engagement
metrics separately for reviewers based on their seniority, we observe that junior reviewers posted on average
0.58 (273 out of 468) times when anonymous, and 0.57 (232 out of 410) times when non-anonymous, while

4Please note that the acceptance rate reported in this paper is different from what was announced at the conference, since
the conference used the original 712 complete submissions as the denominator, while we consider only those 632 papers that
were not eventually withdrawn.
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Statistic of interest Anonymous Non-anonymous
Number of papers 322 310
Number of reviewers 289 289
Paper acceptance rate 0.36 (116 out of 322) 0.37 (114 out of 310)
Number of senior reviewers 169 181
Number of {paper-reviewer} pairs 1163 1118
Number of discussion posts written by reviewers 611 514

Table 1: Some preliminary statistics of interest measured across the two experiment conditions in the
discussion phase of UAI 2022. Statistics in the last two rows are used towards RQ1.

0 1 2 3 4 5 6 7 8
Number of posts per paper-reviewer pair

0

200

400

600
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Figure 1: Visualization of the distribution of count of discussion posts written by a reviewer for a paper in
the anonymous and non-anonymous condition in UAI 2022. The x-axis shows the number of posts made for
by a reviewer for a paper.

senior reviewers posted 0.49 (338 out of 695) times when anonymous and 0.40 (282 out of 708) times when
non-anonymous. Given some potential concerns around suppression of participation of junior reviewers in
non-anonymous settings [Roberts and Rajah-Kanagasabai, 2013], these results are surprising and suggest a
need for further inquiry.

4.2 RQ2: Does seniority have a higher influence on final decisions when non-
anonymous than anonymous?

The objective is to test for the presence of any additional influence of senior reviewers towards the final
decisions when the identities of fellow reviewers are visible. Consequently, this analysis restricts attention to a
subset of papers which have at least one senior reviewer and one junior reviewer. Let Pa be the set of all such
papers in the anonymous condition and Pã be the set of such papers in the non-anonymous condition. For
every such paper, our analysis centers on the seniority of the reviewers whose scores, prior to the discussion
phase, were closest to the final decision made after discussions. Accordingly, for any paper p, we define Cp as
the reviewer or the set of reviewers whose pre-discussion scores were closest to the final decision, as follows.
If paper p was accepted, then Cp is the reviewer (or set of reviewers in case of a tie) who gave the highest
pre-discussion score to paper p among all its reviewers; if paper p was rejected, then Cp is the reviewer or set
of reviewers who assigned it the lowest score before the discussion. Next, for any paper p, we define a scalar
βp defined as follows: βp = 1 if Cp includes at least one senior reviewer but no junior reviewer, βp = 0 if Cp

includes both senior and junior reviewers, and βp = −1 if Cp includes only junior reviewers.
To compare the influence of seniority on final decisions across the two conditions, we consider the following

test statistic which measures the difference across the two conditions of the extra influence of senior reviewers
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Statistic of interest Anonymous Non-anonymous p-value
Number of papers accepted 89 (out of 242) 94 (out of 242) 0.71
Paper decision closest to senior reviewers, βp = 1 96 (out of 242) 122 (out of 242)
Paper decision closest to junior reviewers, βp = −1 70 (out of 242) 60 (out of 242)
Mean of βp 0.11 0.26 0.04

Table 2: Statistics of interest measured in the experiment conditions for research question RQ2 on the
influence of seniority on final decisions. These statistics are based on a subset of the papers in UAI 2022
which have at least one senior reviewer and one junior reviewer.

on the final decision compared to junior reviewers,

T2 =

∑
p∈Pa

βp

|Pa|
−

∑
p∈Pã

βp

|Pã|
. (1)

Here, a statistically significant value of T2 would indicate that senior reviewers exhibit distinct influence on
final decisions depending on whether the reviewers are anonymous or non-anonymous to each other.

Result. The statistics related to this analysis are provided in Table 2. First, as detailed in Row 1, there
was no statistically significant difference in the acceptance rate of papers in the two conditions, with an
acceptance rate of 37% in the anonymous condition and 39% in the non-anonymous condition. The difference
in acceptance rates between the conditions has a Fisher-exact p-value of 0.71. Now, in reference to the
research question posed, we observe that the final decision was closest to a senior reviewer’s initial score 50%
of the times in the non-anonymous condition and 40% of the times in the anonymous condition. Meanwhile,
respectively, the final decision agreed most with a junior reviewer 25% times and 30% times, thus indicating
a clear disparity in the seniority of the reviewer whose score was apparently most closely followed for the
final decision. The last row of Table 2 shows the mean value of the scalar βp across all papers. We test
for statistical significance of the test statistic T2 in (1) using the permutation test method with 1,000,000
iterations, which yielded a two-sided p-value of 0.04.

4.3 RQ3: Are reviewers more polite in the non-anonymous condition?
In tackling this research question, we focus on the text of the discussion posts written by reviewers following
their initial review. Our aim is to assess the politeness of the discussions posted in the two conditions to
investigate any potential disparities therein.

First, we assign a politeness score to the raw text of each of the discussion posts written by reviewers. We
consider the range of the politeness scores to be 1 (highly impolite) to 5 (highly polite). Recent work [Verharen,
2023] demonstrated the successful use of commercial large language models (LLMs) such as ChatGPT for
rating politeness of scientific review texts via careful prompting. They validated the accuracy and consistency
of their method in several ways, such as comparing the generated outputs against human annotation. In
our work, we adopt a similar technique of prompting LLMs to score a given text on politeness. However, to
protect the privacy of discussion posts in UAI 2022, we avoided commercial APIs that record users’ queries.
Instead, we locally deploy an open-sourced LLM, Vicuna 13B [Chiang et al., 2023], which achieves close to
state-of-the-art performance [Chiang et al., 2023, Zheng et al., 2023].

Following common prompt engineering practices [Brown et al., 2020, Liu et al., 2023], we instruct the
model with the task: “We are scoring reviews based on their politeness on a scale of 1–5, where 1 is highly
impolite and 5 is highly polite.” Using the few-shot prompting method, we include three scored texts in the
prompt corresponding to different politeness scores. These examples are sourced from Bharti et al. [2023].
The exact text of the prompt is provided in Appendix A. Further, to mitigate bias due to the ordering of the
few-shot examples, we create six paraphrased versions of the prompt by varying the order of the examples.
Since the output generated by LLMs can be different across iterations, each version is queried ten times, and
the mean across all paraphrases and iterations yields the final politeness score. For texts exceeding the LLM
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Figure 2: Visualization of the distribution of politeness scores obtained for all the discussion posts written
by reviewers in the anonymous and non-anonymous condition in UAI 2022. The height of the left-most bar
indicates the sample probability of a score falling in the interval [1,2) and so on for each bar.

token limit, we take equal-sized non-overlapping sub-parts of the text such that each subpart satisfies the
token limit and the total number of sub-parts is minimized. The politeness score of the larger text is obtained
by averaging the scores of its sub-parts.

The process results in a politeness score for each discussion post ranging from 1 to 5. To validate the
consistency of the generated scores, we measured the correlation of scores generated for the same prompt
across iterations, over 1125 unique prompts. We found a significant correlation between two randomly picked
iterations for each prompt query, with a Pearson correlation coefficient of 0.42 with a two-sided p-value
smaller than 0.001. The p-value roughly indicates the probability of an uncorrelated dataset yielding a
Pearson correlation at least as extreme as the one obtained from the generated data (0.42).

Results. As noted in the last row of Table 1, there were 611 discussion posts made by reviewers in the
anonymous condition and 514 in the non-anonymous condition. Figure 2 visualizes the distribution of the
politeness scores obtained for the posts in the two conditions. We observed that posts in the anonymous
and the non-anonymous condition received similar scores with average politeness scores of 3.73 and 3.71
respectively.

In this analysis, it is important to note that our test is based on the politeness scores assigned to the
discussion posts that took place in each condition. However, as we saw in Section 4.1 the posting rates
differed in the two conditions, and hence the politeness data may reflect selection bias. For instance, it is
possible that the average politeness observed in the anonymous condition is high because of the higher level
of participation by senior reviewers in comparison to the non-anonymous condition. In Section 4.1 we saw
that the rate of posting for senior reviewers was different in the two conditions at 0.49 when anonymous and
0.40 otherwise.

To account for this, we group the posts based on the seniority of the reviewer and conduct comparisons
within each group. That is, the politeness scores of posts by senior reviewers in one condition are compared
against only those by senior reviewers in the other condition and same for posts by junior reviewers. The
resulting Mann-Whitney U test [Mann et al., 1947] for significant difference in the politeness of discussion
posts across the two conditions revealed no significant difference. It is noteworthy that even though reviewers
could not see each other’s identities in the anonymous condition, the meta-reviewers and program chairs
could see the identity of the reviewers in both conditions.

The Mann-Whitney test yielded a normalized U -statistic of 0.49 with a p-value of 0.72. The normalized
U -statistic approximates the probability in our sample that a randomly chosen score in the non-anonymous
condition is higher than a randomly chosen score in the anonymous condition. The mathematical definition
of the U -statistic is provided alongside details about the test in Appendix B.2.
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Survey question (shortened for illustration) Mean response Mean response Effect p−value
(Anonymous) (Non-anonymous) size

1. I felt comfortable expressing my own opinion. 3.85 4.10 0.43 0.33
2. My opinion was taken seriously by other reviewers. 3.56 3.64 0.48 0.77
3. I could understand the opinions of other reviewers. 4.03 4.06 0.47 0.96
4. Discussions between reviewers were professional. 4.13 4.27 0.47 0.97
5. Others were responsible & effortful in discussion. 3.37 3.17 0.46 0.73

Table 3: For each survey question, we map the Likert-scale responses as: Strongly disagree→ 1, Somewhat
disagree → 2, Neither agree nor disagree→ 3, Somewhat agree→ 4, Strongly agree → 5. With this mapping,
we compute the mean response in the two experiment conditions, displayed in columns 2 and 3. Column
4 provides the effect size, which is the normalized Mann-Whitney U statistic in our analysis. This value
approximates the sample probability that a randomly chosen response from one condition was higher than a
randomly chosen response from the other condition. Using the permutation test defined in (5) with 100,000
iterations, we report the two-sided p-value of the test for each survey question in the last column. These
p-values do not include a multiple testing correction, and are already insignificant.

4.4 RQ4: Do reviewers’ self-reported experiences differ?
Recall that we conducted an anonymous survey for all the UAI reviewers and meta-reviewers to glean insights
about their experiences in the discussion phase of UAI 2022. Some questions in the survey were designed
to understand differences in reviewers’ (self-reported) experiences in the two conditions. Since the pool
of meta-reviewers was the same for both the conditions, we excluded them from this part of the survey.
Specifically, respondents were asked to provide Likert-style responses based on their personal experience, to
the following:

1. I felt comfortable expressing my own opinion in discussions including disagreeing with and commenting on
reviews of other reviewers.

2. My opinion was taken seriously by other reviewers.

3. I could understand the opinions and perspectives of other reviewers given the information available to me.

4. Discussions between reviewers were polite and professional.

5. Other reviewers took their job responsibly and put significant effort in participating in discussions.

Survey respondents answered each of the five questions with exactly one of the five options: Strongly disagree,
Somewhat disagree, Neither agree nor disagree, Somewhat agree, Strongly agree.

Result. We received responses from 64 reviewers in the non-anonymous condition and 68 reviewers in the
anonymous condition. The overall survey response rate was 22.8%. The outcomes of the Mann-Whitney U
test for each survey question are provided in Table 3, with the effect size and the p-value in the last two
columns. Additionally, we visualize the Likert-scale responses for each question in Figure 3. We did not
observe any significant difference in survey participants’ self-reported experiences across the two conditions.
Further, the difference across the conditions was small with the normalized U -statistic lying between 0.43
and 0.48, where this value approximates the sample probability that a randomly chosen response from one
condition was higher than a randomly chosen response from the other condition. An effect size of 0.5 implies
that along the axis mentioned in the corresponding survey question such as politeness respondents had similar
experiences in both conditions. More details about the test and the derivation of the p-values are provided in
Appendix B.1.
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Figure 3: Survey outcomes on reviewers’ self-reported experience in the two conditions. Respondents provided
Likert-style responses for each question which have been visualized here. The markers ‘NA’ and ‘A’ indicate
responses from the non-anonymous and the anonymous condition respectively. For each survey question, we
tested for difference in the participants’ responses across the two conditions employing the Mann-Whitney
U test. There was no significant difference in participants’ experience corresponding to any of the survey
questions. More details are provided in Table 3.

4.5 RQ5: Do reviewers prefer one condition over the other?
We surveyed all the reviewers and meta-reviewers asking for their overall preference between the two conditions,
framed as follows:

Overall, what is your preference on whether reviewer identities should be SHOWN to other reviewers or
HIDDEN? This question is about your general opinion and not restricted to your UAI 2022 experience.

In the responses, participants were provided five options and could choose at most one from these options.
We provide the options here along with their numeric mapping in this analysis:

• I strongly prefer reviewer identities to be HIDDEN from other reviewers : 2

• I weakly prefer reviewer identities to be HIDDEN from other reviewers : 1

• Indifferent : 0

• I weakly prefer reviewer identities to be SHOWN to other reviewers : -1

• I strongly prefer reviewer identities to be SHOWN to other reviewers: -2.

Result. In total we obtained 159 responses out of which 124 were from reviewers and 35 from meta-reviewers.
Under the chosen mapping of responses to numbers, we compute the mean over all responses. This numeric
average corresponding to the responses obtained is 0.35 (Cohen’s d = 0.25), suggesting a weak preference for
reviewer identities to be anonymous. The responses had a standard deviation of 1.38, giving a 95% confidence
interval of [−2.36, 3.08].
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Figure 4: Survey outcomes on reviewers’ ranking of importance of different aspects in making conference
policy decisions regarding anonymity between reviewers in discussions.

4.6 RQ6: What aspects do reviewers consider important in making the policy
decision regarding anonymizing reviewers to each other

In the survey, we asked reviewers and meta-reviewers about the aspects they considered important in making
conference policy decisions regarding anonymity between reviewers in discussions. Specifically, we asked them
to rank the following six aspects according to what they found to be most important to least important:

• Reviewers take their job more responsibly and put more effort in writing reviews and participating in
discussions.

• Reviewers communicate with each other in a more polite and professional manner.

• Knowledge of backgrounds of other reviewers helps discuss more efficiently.

• Reviewers are protected from identity-related biases.

• Reviewers (especially junior or from underrepresented communities) feel safer to express their opinions.

• Anonymity helps mitigate potential fraud (e.g., authors pressurizing reviewers with the help of their friend
who is one of the reviewers).

Each respondent was asked to provide a rating for each aspect from 1 to 6 where 1 indicated that the aspect
was least important to them and 6 indicated the aspect was most important to them.

Result. We had a total of 159 respondents answer all of the six importance questions. The outcomes are
visualised in Figure 4. As shown, the highest importance was given to the aspect regarding reviewers feeling
of safety in expressing their opinion, with a mean importance score of 4.56. Second most important aspect
was about protecting reviewers from identity-related biases with a mean importance score of 4.44. The two
least important aspects were regarding politeness and professionalism of communication among reviewers and
efficiency of discussion with a mean score of 3.16 and 3.4 respectively.

4.7 RQ7: Have reviewers experienced dishonest behavior due to reviewer iden-
tities being shown to other reviewers?

The survey contained a question concerning reviewers’ and meta-reviewers’ current and past experiences
relating to reviewer anonymity in peer review discussions. Specifically, the survey question stated:
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Have you ever experienced any dishonest behavior due to reviewer identities being shown to other
reviewers? Examples include: authors colluding with their friend who is a reviewer and attempting
to contact other reviewers and pressurize them to accept the paper reviewers contacting other
reviewers outside of the review system.

To comprehensively answer the questions, respondents had the option to choose one or more of the
following options: “Yes, in UAI 2022,” “Yes, in another venue,” “Not sure,” and “No.” Further, the survey
asked respondents to describe the dishonest attempt(s) they have experienced or those they may suspect as a
free-text response, if they felt comfortable doing so.

Results. Out of the 167 respondents, 7% (12 out of 167) mentioned that they have experienced dishonest
behaviour relating to anonymity in the discussion phase. Among the 12 yes responders, 8 were reviewers and
4 were meta-reviewers, and 11 chose “Yes, in another venue,” while one respondent chose “Yes, in UAI 2022.”
From the remaining 155 respondents, 14 were unsure and the remaining majority said no.

Six respondents provided free-text responses relating their experiences with dishonest behavior, mainly
describing two distinct behaviors. Some respondents mentioned absence of anonymity in the discussion phase
resulting in the disclosure of reviewers’ identities to the authors of the paper under review, possibly due to an
undeclared connection between one of the reviewers and the authors, and on being coaxed to review a certain
way. Beyond the inherent issue of compromising double-anonymity between reviewers and authors, the breach
of author anonymity has been known to escalate to coercion, with authors pressuring reviewers to provide
favorable evaluations of their submissions [Resnik et al., 2008]. Second, two respondents noted that renowned
researchers have in the past imposed their identity and stature on other reviewers to increase the influence of
their review in the discussion phase, although this behavior may not necessarily be termed as ‘dishonest.’

4.8 Free-text comments
The survey respondents were also given the option of providing free-text comments under the question,

Final comments. Any additional thoughts on whether reviewer identities should be shown to
other reviewers? Do you have any relevant experience to share (in UAI 2022 or elsewhere)?

Out of the provided comments, several were more general comments for the program chairs which were
conveyed to the program chairs, but are omitted here as they are not relevant to the topic of this paper.
Some other comments repeated their responses to the other questions, and we also omit them. We summarize
the remaining relevant comments covering various aspects below:

• Discussion quality. One respondent noted that hiding reviewer identities helps focus the discussion on
the review content. However, opposing perspectives were shared by other respondents who argued that
showing identities incentivizes better-quality review writing, as the reviewer may be appreciated for it
by their colleagues. Additionally, transparency in identities contributes to more meaningful and effective
discussions by revealing reviewers’ backgrounds. It also facilitates transfer of reviewing know-hows from
senior to junior reviewers. Lastly, a respondent suggested that non-anonymity may benefit reviewers by
fostering more connections in the research community.

• Dishonest behavior. Respondents raised concerns about non-anonymity in discussion phase leading
to breaking of reviewer-author anonymity in different ways. One concern involves authors who are also
acting as reviewers of other papers, and have co-reviewers that are also reviewing the authors’ paper. Here,
it possible that the authors deduce the identities of their paper’s reviewers by comparing writing styles
with their co-reviewers whose identity is visible to them. In another scenario discussed, a reviewer with
an undeclared conflict of interest could potentially disclose the other reviewers’ identities to the authors,
possibly leading to reviewer coercion in favour of the paper, explicitly in the non-anonymous setting and
implicitly otherwise. Here the respondent added that implicit coercion via manipulating the discussion
itself would be easier in the anonymous condition. To address such concerns a respondent suggested having
a policy guaranteeing protection for whistleblowers, in case of reported fraud in peer review.
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• Implementation. Several respondents emphasized the importance of timely and clear communication,
coupled with strict enforcement of anonymity policies in discussions. One respondent cited an instance
where, despite having an anonymous discussion setting, a meta-reviewer disclosed a reviewers’ identity to
others in their exchanges. To potentially have the benefits of both settings, some respondents proposed a
policy wherein reviewers’ identities are revealed to each other after the conclusion of the discussion phase.

• Adherence. Certain respondents pointed out that hostile confrontations can occur in both settings.
Interestingly, even in anonymous settings, well-known researchers have been known to reveal their identity
to overtly influence the discussion in their favour.

5 Discussion
To improve peer review and scientific publishing in a principled manner, it is important to understand
the quantitative effects of the policies in place, and design policies in turn based on these quantitative
measurements. In this work, we focus on the peer-review policy regarding anonymity of reviewers to each
other during the discussion phase.

This work provides crucial evidence, based on data from the experiment in UAI 2022, that there are some
potentially adverse effects of removing anonymity between reviewers in paper discussions. Revealing reviewers’
identities to each other leads to slightly lower engagement in the discussions and leads to undue influence
of senior reviewers on the final decision. Some anecdote-based arguments in favour of showing reviewers’
identities have focused on its importance for maintaining politeness of discussions among reviewers. However,
in the scope of our experiment, we find that there is no significant difference in the politeness of reviewers’
discussions across the two conditions. Notably, 7% of survey respondents reported having witnessed dishonest
practices due to non-anonymity among reviewers, which were supported by provided anecdotes.

To conduct a complete investigation of possible impacts of anonymity policies in reviewer discussions,
we collect reviewers’ perspectives on this issue via anonymous surveys in UAI 2022. While the responses
reveal a small difference in participants’ preference over the two conditions, they also indicate no significant
different in participants’ experiences in the two conditions, across dimensions such as comfort, effectiveness
and politeness. We encourage the policymakers of peer-review processes to take these findings into account
when designing policies, and invite other publication venues to conduct similar experiments.

It is interesting to view our study in the context of previous research on the outcomes of panel-based
discussions in grant review. In controlled experiments conducted in non-anonymous settings, Obrecht et al.
[2007], Fogelholm et al. [2012], Pier et al. [2017] found that group discussions led to a significant increase in
the inconsistency of decisions. Synthesizing these findings with our experiment’s outcomes suggests that the
inconsistency in decisions in non-anonymous settings may stem from biases in each group’s decision-making,
potentially resulting in divergent outcomes across different groups.

We now discuss some limitations of our study. The surveys administered in UAI 2022 were anonymous
with a response rate of roughly 20%, which brings the possibility of selection bias in the results. However,
it is important to note that our observed response rate aligns reasonably with response rates commonly
observed in surveys within the field of Computer Science. For example, surveys by Rastogi et al. [2022a]
in the NeurIPS 2021 conference saw response rates of 10-25%. Rastogi et al. [2022b] conducted multiple
surveys: an anonymous survey in the ICML 2021 and EC 2021 conferences had response rates of 16% and
51% respectively; a second, non-anonymous opt-in survey in EC 2021 had a response rate of 55.78%. The
opt-in survey by Gardner et al. [2012] for authors in the peer-review process of AAEE 2011 had a response
rate was 28%.

As briefly mentioned in Section 3, reviewers were informed at the beginning of the review process about our
experiment regarding anonymity of discussions, but specific details were withheld to mitigate the Hawthorne
effect. However, it is possible that reviewers were hesitant to let other reviewers’ opinions affect their opinion
as that could be undesirably perceived as tied to the knowledge of reviewers’ identities. Another limitation is
our use of a binary grouping of reviewers into seniors and juniors based on their recent professional status.
However, this categorization may be overly quantized and hence combine reviewers with a diverse range of
expertise. Finally, our experiment was conducted on the OpenReview.net interface and it is possible that the
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results could vary when working with a different interface.

Acknowledgments
We thank James Cussens who served as program co-chair (with Kun Zhang), and general co-chairs–Cassio de
Campos and Marloes Maathuis of UAI 2022 for their support. We thank the OpenReview.net team, and
particularly Harold Rubio, Melisa Bok and Celeste Martinez Gomez, and Nadia L’Bahy for helping us set up
the experiment on the OpenReview.net platform. We also thank Giorgio Piatti for assistance to Zhijing Jin
in setting up the LLMs. We are grateful to all the participants of the UAI peer-review process for their time
and effort. This work was supported by ONR N000142212181, NSF 1942124 and NSF 2200410 grants. KZ
acknowledges support by NSF Grant 2229881 and by the National Institutes of Health (NIH) under Contract
R01HL159805. The experiment was reviewed and approved by the Carnegie Mellon University Institutional
Review Board.

References
Corinne Bendersky and Nicholas Hays. Status conflict in groups. Organization Science - ORGAN SCI, 21, 01

2010. doi: 10.1287/orsc.1110.0734.

Prabhat Bharti, Meith Navlakha, Mayank Agarwal, and Asif Ekbal. PolitePEER: Does peer review hurt? A
dataset to gauge politeness intensity in the peer reviews. Language Resources and Evaluation, pages 1–23,
05 2023. doi: 10.1007/s10579-023-09662-3.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal, Ariel Herbert-Voss, Gretchen
Krueger, Tom Henighan, Rewon Child, Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens Winter, Chris
Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess, Jack Clark, Christopher
Berner, Sam McCandlish, Alec Radford, Ilya Sutskever, and Dario Amodei. Language models are few-shot
learners. In H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin, editors, Advances in Neural
Information Processing Systems, volume 33, pages 1877–1901, 2020.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng, Siyuan
Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An open-source
chatbot impressing GPT-4 with 90%* ChatGPT quality, March 2023. URL https://lmsys.org/blog/
2023-03-30-vicuna/.

Shelley Correll, Cecilia Ridgeway, Ezra Zuckerman, Sharon Jank, Sara Jordan-Bloch, and Sandra Nakagawa.
It’s the conventional thought that counts: How third-order inference produces status advantage. American
Sociological Review, 82:000312241769150, 02 2017. doi: 10.1177/0003122417691503.

Nickolas Cottrell, Dennis Wack, Gary Sekerak, and Robert Rittle. Social facilitation of dominant responses by
the presence of an audience and the mere presence of others. Journal of Personality and Social Psychology
- PSP, 9:245–250, 07 1968. doi: 10.1037/h0025902.

Ed Diener, Scott C. Fraser, Arthur L. Beaman, and Roger T. Kelem. Effects of deindividuation variables on
stealing among halloween trick-or-treaters. Journal of Personality and Social Psychology, 33:178–183, 1976.
URL https://api.semanticscholar.org/CorpusID:144683150.

John F. Dovidio, Samuel L. Gaertner, and Ana Validžić. Intergroup bias: status, differentiation, and a
common in-group identity. Journal of personality and social psychology, 75 1:109–20, 1998.

Vitaly J. Dubrovsky, Sara Kiesler, and Beheruz N. Sethna. The equalization phenomenon: Status effects
in computer-mediated and face-to-face decision-making groups. Human–Computer Interaction, 6(2):119–
146, 1991. doi: 10.1207/s15327051hci0602\_2. URL https://www.tandfonline.com/doi/abs/10.1207/
s15327051hci0602_2.

14

https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://api.semanticscholar.org/CorpusID:144683150
https://www.tandfonline.com/doi/abs/10.1207/s15327051hci0602_2
https://www.tandfonline.com/doi/abs/10.1207/s15327051hci0602_2


Mikael Fogelholm, Saara Leppinen, Anssi Auvinen, Jani Raitanen, Anu Nuutinen, and Kalervo Väänänen.
Panel discussion does not improve reliability of peer review for medical research grant proposals. Journal
of clinical epidemiology, 65(1):47–52, 2012.

Patrick S Forscher, William TL Cox, Markus Brauer, and Patricia G Devine. Little race or gender bias in an
experiment of initial review of NIH R01 grant proposals. Nature human behaviour, 3(3):257–264, 2019.

Anne Gardner, Keith Willey, Lesley Jolly, and Gregory Tibbits. Peering at the peer review process for
conference submissions. In 2012 Frontiers in Education Conference Proceedings, pages 1–6. IEEE, 2012.

Timothy P. Hofer, Steven J. Bernstein, Sonya DeMonner, and Rodney A. Hayward. Discussion between
reviewers does not improve reliability of peer review of hospital quality. Medical Care, 38(2):152–161, 2000.
ISSN 00257079. URL http://www.jstor.org/stable/3767153.

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham Neubig. Pre-train,
prompt, and predict: A systematic survey of prompting methods in natural language processing. ACM
Comput. Surv., 55(9):195:1–195:35, 2023. doi: 10.1145/3560815. URL https://doi.org/10.1145/3560815.

Samuel Madden and David DeWitt. Impact of double-blind reviewing on sigmod publication rates. ACM
SIGMOD Record, 35(2):29–32, 2006.

HB Mann, DR Whitney, et al. On a test of whether one of two random variables is stochastically larger than
the other. Annals of Mathematical Statistics, 18(1):50–60, 1947.

Emaad Manzoor and Nihar B. Shah. Uncovering latent biases in text: Method and application to peer
review. Proceedings of the AAAI Conference on Artificial Intelligence, 35(6):4767–4775, May 2021. doi:
10.1609/aaai.v35i6.16608. URL https://ojs.aaai.org/index.php/AAAI/article/view/16608.

Michael Obrecht, Karl Tibelius, and Guy D’Aloisio. Examining the value added by committee discussion in
the review of applications for research awards. Research Evaluation, 16(2):79–91, 2007.

Kanu Okike, Kevin T Hug, Mininder S Kocher, and Seth S Leopold. Single-blind vs double-blind peer review
in the setting of author prestige. Jama, 316(12):1315–1316, 2016.

Elizabeth Pier, Joshua Raclaw, Anna Kaatz, Markus Brauer, Molly Carnes, Mitchell Nathan, and Cecilia
Ford. Your comments are meaner than your score: score calibration talk influences intra-and inter-panel
variability during scientific grant peer review. Research Evaluation, 26(1):1–14, 2017.

Lutz Prechelt, Daniel Graziotin, and Daniel Méndez Fernández. A community’s perspective on the status
and future of peer review in software engineering. Information and Software Technology, 95:75–85, 2018.

Charvi Rastogi, Ivan Stelmakh, Alina Beygelzimer, Yann N Dauphin, Percy Liang, Jennifer Wortman Vaughan,
Zhenyu Xue, Hal Daumé III, Emma Pierson, and Nihar B Shah. How do authors’ perceptions of their
papers compare with co-authors’ perceptions and peer-review decisions? arXiv preprint arXiv:2211.12966,
2022a.

Charvi Rastogi, Ivan Stelmakh, Xinwei Shen, Marina Meila, Federico Echenique, Shuchi Chawla, and Nihar
Shah. To ArXiv or not to ArXiv: A study quantifying pros and cons of posting preprints online. arXiv
preprint arXiv:2203.17259, 2022b.

David B Resnik, Christina Gutierrez-Ford, and Shyamal Peddada. Perceptions of ethical problems with
scientific journal peer review: an exploratory study. Science and engineering ethics, 14(3):305–310, 2008.

Lynne Roberts and Camilla Rajah-Kanagasabai. “I’d be so much more comfortable posting anonymously”:
Identified versus anonymous participation in student discussion boards. Australasian Journal of Educational
Technology, 29:612–625, 11 2013. doi: 10.14742/ajet.452.

15

http://www.jstor.org/stable/3767153
https://doi.org/10.1145/3560815
https://ojs.aaai.org/index.php/AAAI/article/view/16608


Marco Seeber and Alberto Bacchelli. Does single blind peer review hinder newcomers? Scientometrics, 113
(1):567–585, 2017.

Nihar B Shah. An overview of challenges, experiments, and computational solutions in peer review. Preprint
http://bit.ly/PeerReviewOverview; abridged version appeared in the communications of the ACM,
2022.

Jerome E Singer, Claudia A Brush, and Shirley C Lublin. Some aspects of deindividuation: Identification and
conformity. Journal of Experimental Social Psychology, 1(4):356–378, 1965. ISSN 0022-1031. doi: https:
//doi.org/10.1016/0022-1031(65)90015-6. URL https://www.sciencedirect.com/science/article/
pii/0022103165900156.

Richard Snodgrass. Single-versus double-blind reviewing: an analysis of the literature. ACM Sigmod Record,
35(3):8–21, 2006.

Ivan Stelmakh, Charvi Rastogi, Nihar B Shah, Aarti Singh, and Hal Daumé III. A large scale randomized
controlled trial on herding in peer-review discussions. Plos one, 18(7):e0287443, 2023.

Misha Teplitskiy, Hardeep Ranu, Gary S. Gray, Michael Meniett, Eva C. Guinan, and Karim R. Lakhani.
Social influence among experts: Field experimental evidence from peer review. https: // www. aeaweb.
org/ conference/ 2020/ preliminary/ paper/ eSiYNk3H , 2020.

Andrew Tomkins, Min Zhang, and William D. Heavlin. Reviewer bias in single- versus double-blind peer
review. Proceedings of the National Academy of Sciences, 114(48):12708–12713, 2017. ISSN 0027-8424. doi:
10.1073/pnas.1707323114. URL https://www.pnas.org/content/114/48/12708.

Anthony KH Tung. Impact of double blind reviewing on sigmod publication: a more detail analysis. ACM
SIGMOD Record, 35(3):6–7, 2006.

Jeroen P. H. Verharen. ChatGPT identifies gender disparities in scientific peer review. eLife, 12, July 2023.
doi: 10.1101/2023.07.18.549552.

Suzanne P Weisband. Group discussion and first advocacy effects in computer-mediated and face-to-face
decision making groups. Organizational Behavior and Human Decision Processes, 53(3):352–380, 1992.
ISSN 0749-5978. doi: https://doi.org/10.1016/0749-5978(92)90070-N. URL https://www.sciencedirect.
com/science/article/pii/074959789290070N.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, Hao Zhang, Joseph E. Gonzalez, and Ion Stoica. Judging LLM-as-a-
judge with MT-bench and chatbot arena. In Thirty-seventh Conference on Neural Information Processing
Systems Datasets and Benchmarks Track, 2023. URL https://openreview.net/forum?id=uccHPGDlao.

Appendices

A Assessing politeness of discussion posts
To assign a politeness score to each text, without compromising the privacy of the peer review data, we

used a local implementation of a large language model. Specifically, we implemented the most recent (as
of August 2023) and quantized version of the largest variant of Vicuna, vicuna-13B-v1.5-GPTQ,5 with a
context length of 4,096 tokens. We set the temperature to be 0.7, and limit the generation output to numbers
{1, 2, 3, 4, 5}.

5https://huggingface.co/TheBloke/vicuna-13B-v1.5-GPTQ
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Element Type Text
Instruction We are scoring reviews based on their politeness on a scale of 1-5, where 1 is highly impolite and

5 is highly polite.

Example 1 Review: Please say in the main text that details in terms of architecture and so on are given in
the appendix.
Politeness score: 5

Example 2 Review: From this perspective, the presented comparison seems quite inadequate.
Politeness score: 3

Example 3 Review: Please elaborate on how you end up in this mess.
Politeness score: 1

Query Review: [post]
Politeness score:

Table 4: Our prompt to query the politeness score of reviewers’ posts consists of the following: (1) an overall
instruction to describe this politeness scoring task, (2) three examples for LLM to understand this task better,
and (3) query of the politeness score given a post by a reviewer.

To run the Vicuna model, we first downloaded its model weights using the TheBloke/vicuna-13B-v1.5-GPTQ
model checkpoint from huggingface. To run the model in inference mode in order to generate the politeness
scores, we used the Python package ExLlama.6

We carefully craft a few-shot learning based prompt with three examples chosen from the politeness
dataset provided in Bharti et al. [2023]. Our overall prompt design consists of the elements described in
Table 4. Each prompt concatenates all the elements in order, namely Instruction + Examples + Query.
The discussion text to be assessed is added in place of [post] to complete the prompt. Further, we
limit the generation output to integers 1–5, by disallowing tokens other than 1–5 using the function
“ExLlamaGenerator.disallow_tokens().”

To be robust to the biases shown by generative models in their output, due to the ordering of the few-shot
examples, we do the following. We create six paraphrases for each post by alternating the order of the three
examples used in the prompt. That is, we concatenate the three examples in six different ways: (1) Examples
1 + 2 + 3, (2) Examples 1 + 3 + 2, (3) Examples 2 + 1 + 3, (4) Examples 2 + 3 + 1, (5) Examples 3 + 1 +
2, and (6) Examples 3 + 2 + 1. As we average over the outcomes of each of these paraphrases, we ensure
that the final generated outcome is not biased due to the ordering of the examples.

B Mann-Whitney test details
B.1 Mann-Whitney U test for survey responses
To test for difference in the self-reported experiences of reviewers discussed in Section 4.4, we employ the
Mann-Whitney U test. For each survey question, given the responses collected, we want to test the hypothesis
described next. Let Xa indicate the random variable sampled as a response from a reviewer in the non-
anonymous condition, and X ã indicate the random variable sampled as a response from a reviewer in the
anonymous condition. We define ordinal comparisons between the responses as

Strongly agree > Somewhat agree > Neither agree nor disagree > Somewhat disagree > Strongly disagree.

Under this ordering, for each survey question, we want to test the hypothesis:

H0 : P(Xa > X ã) = P(Xa < X ã)

H1 : P(Xa > X ã) ̸= P(Xa < X ã).
(2)

6https://github.com/turboderp/exllama

17

https://github.com/turboderp/exllama


Let us denote the response data available for a question in the anonymous and the anon-anonymous condition
as: {xa

1 , · · · , xa
na
} and {xã

1 , · · · , xã
nã
} respectively, where na, nã indicate the number of respondents in the

corresponding condition, and xa
i and xã

i indicate the ith responses therein. With this notation, we lay out the
step-wise procedure for conducting the Mann-Whitney U test for (2).

• Step 1: Compute the Mann-Whitney U -statistic. This statistic measures the frequency of a response
in one condition being higher than a response in the other condition with ties counted as half. This is
encapsulated in the following function

S(a, b) =


1 if a > b,

0.5 if a = b,

0 if a < b.

(3)

Note that this is a non-symmetric function, since S(a, b) = 1− S(b, a). The Mann-Whitney U statistic is
defined symmetrically as

U = min


na∑
i=1

nã∑
j=1

S(xa
i , x

ã
j ),

na∑
i=1

nã∑
j=1

S(xã
j , x

a
i )

 . (4)

We compute the normalized U -statistic as
U

nãna
.

• Step 2: Compute the p-value using a permutation test.

Let γ indicate the number of iterations. We set γ = 100000. For each iteration, we randomly shuffle the
data across the two groups {xa

1 , · · · , xa
na
, xã

1 , · · · , xã
nã
} such that we have na and nã samples respectively in

the hidden and the shown group. Then for k ∈ {1, 2, . . . , γ}, compute Uk based on shuffled data according
to (4). Then, we compute the two-tailed p-value as

p =
2

γ
min

{
γ∑

k=1

I(Uk > U) ,

γ∑
k=1

I(Uk < U)

}
(5)

B.2 Mann-Whitney U test for politeness scores
To test for difference in politeness of discussion posts across the two conditions, we consider posts written by
senior reviewers separately and junior reviewers separately to account for selection bias. Let P a ∈ {pa1 , pa2 , . . .}
denote the set of politeness scores assigned to anonymous discussion posts by senior reviewers, and similarly
P ã ∈ {pã1 , pã2 , . . .} denotes scores for non-anonymous discussions. The set of scores assigned to posts by junior
reviewers are denoted by Qa ∈ {qa1 , qa2 , . . .} and Qã ∈ {qã1 , qã2 , . . .} for the anonymous and non-anonymous
condition respectively. To account for difference in behaviour across seniority groups, we define the normalised
U -statistic as

UPQ =

Ä∑
pa∈Pa

∑
pã∈P ã I

(
pa > pã

)
+ 0.5I

(
pa = pã

)ä
+

∑
qa∈Qa

∑
qã∈Qã

(
I
(
qa > qã

)
+ 0.5I

(
qa = qã

))
|P a||P ã|+ |Qa||Qã|

,

(6)

where I(·) denotes the indicator function. To derive the significance of the test, we conduct a permutation
test as described in Step 2 in Section B.1 except when the data is shuffled in each iteration, the elements of
P a are shuffled at random with elements of P ã and the elements of Qa are shuffled at random with Qã.
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