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Peer review is central to the scientific process and scientists’ career
advancement, but bias at various stages of the review process disadvantages
some authors. Here we use peer review data from 312,740 biological sciences
manuscripts across 31studies to (1) examine evidence for differential peer
review outcomes based on author demographics, (2) evaluate the efficacy

of solutions to reduce bias and (3) describe the current landscape of peer
review policies for 541 ecology and evolution journals. We found notably
worse review outcomes (for example, lower overall acceptance rates) for
authors whose institutional affiliations were in Asia, for authors whose
country’s primary language is not English and in countries with relatively
low Human Development Indices. We found few data evaluating efficacy

of interventions outside of reducing gender bias through double-blind
review or diversifying reviewer/editorial boards. Despite evidence for
review outcome gaps based on author demographics, few journals currently
implement policies intended to mitigate bias (for example, 15.9% of journals
practised double-blind review and 2.03% had reviewer guidelines that
mentioned social justice issues). The lack of demographic equity signals
anurgent need to better understand and implement evidence-based bias
mitigation strategies.

Peerreviewisacore part of the scientific process and vital foradvanc-  there have been no empirical studies that synthesize the extent of such
ing scientists’ careers. Yet peer review is not experienced similarlyby  biases across more than one demographic, nor solutions to mitigate
all scientists', and may be negatively influenced by implicit or explicit  bias. Accordingly, there remains debate on whether peer review bias
biases based on author gender, geography, institution, race or other  is asubstantial issue and, if so, how to combat it",

demographics®”. Despite widespread concerns that peer review bias Demographicbias can manifest at any stage inthe review process,
disadvantages scientists from historically excluded backgrounds'®, fromiinitial editorial decisions, to reviewer assessments or decisions
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Fig.1|Bias can filter scientists from different demographics across the
review process, leading to fewer published manuscripts by historically
excluded groups. Some demographics submit more manuscripts than others.
Initial editorial decisions can create afirst filter by rejecting proportionally more
manuscripts from some demographics due to bias (B-E; hypothetical historically
excluded groups). If manuscripts are sent to review, reviewer bias can be reflected
inworse reviewer recommendations, cascading into and compounding with
editorial bias in decisions to reject manuscripts after the first round of review
(‘post-initial review’). This cumulative bias leads to a proportionally higher

per cent of the dominant group’s (A; for example, white malesin high-income,
English-speaking countries), and proportionally lower per cent of the non-
dominant groups’ (B-E) manuscripts being published. Numbers represent stages
where the impacts of potential interventions to reduce bias would manifest
(Supplementary Table 1). Examples of interventions that could theoretically
reduce bias include triple-blind peer review, which could be beneficial at points
land 2; double-blind peer review, diversifying reviewer pools, providing clear
reviewer guidelines and publishing reviews, which could be beneficial at point

2; and diversifying editorial boards, which could be beneficial at points 1,2 and
3.Figure uses theoretical rather than actual data and is not based on specific
demographicgroups.

after review**’ (Fig. 1 and Extended Data Fig. 1). Yet, prior literature
examining bias tends to focus on just one or two stages of the review
process and considers few axes of demographic diversity (for example,
ref.'). Thus, our understanding of where in the review process authors
are filtered is limited (Fig. 1), especially considering the vast diversity
of backgrounds the worlds’ scientists represent.

There has long been heated debate on how to reduce disparate
review outcomes, with no agreement on the bestapproach™* (Supple-
mentary Table 1). Anotorious example is the lack of consensus on the
efficacy of double-blind peer review at eliminating bias from the review
process. Although some studies suggest that double-blind review
canincrease representation of authors from different backgrounds™,
others have argued against it because of inefficacy, hidden conflicts
of interest and required changes to online submission systems (for
example, refs. 1471%), The efficacy of alternative peer-review models
or other strategies aimed at reducing bias remains largely unknown,
despite the pressing need to promote greater diversity amongst the
scientific community and published works®.

In this Article, we first conduct a meta-analysis to examine evi-
dencefor differential peer-review outcomesin the biological sciences
at multiple stages of the review process based on demograph-
ics of the first, corresponding and last authors (for definitions, see
Supplementary Table 2). We then evaluate the efficacy of proposed
solutions to reduce bias, including double-blind review and editor/

reviewer homophily. These analyses leverage data from 31 studies,
which cumulatively examined 312,740 manuscripts submitted to >640
journals—including Nature Portfolio journals, Science and Proceedings
of the National Academy of Sciences. Our dataset represents 4,529,971
author position/demographic/review stage interactions, which upon
publication will be the largest publicly available dataset of this kind for
future work to build upon. Finally, we describe the current landscape
of peer review in the subfields of ecology and evolution by collecting
peer review policy data from the websites of 541 journals. Altogether,
we find that author demographics predict review outcomes; clear,
evidence-based solutions to alleviate review bias are lacking; and rela-
tively few journals are pro-actively combatting bias.

Results and discussion
Disparate peer review outcomes by author demographics
We found evidence for disparate peer review outcomes for all demo-
graphicsthat we examined at one or more stages in the review process
(Supplementary Tables 3-40). We found the most data on outcomes
by author assumed gender (Supplementary Data 1). Assumed female
authors had worse or similar outcomes compared with assumed male
authors, depending on the author position and review stage (Fig. 2).
We found notably lower success throughout the review process
for authors with institutional affiliations in Asia, in countries where
English is not a primary language and in countries with lower Human
Development Indices (HDI; Figs. 2 and 3). Compared with authors with
affiliations located in Europe, North America and Oceania, authors
with affiliations located in Asia had the most consistent disparities,
but authors in Latin America and Africa also often had worse review
outcomes. When consideringa country’s continent, language and HDI
inthe same model, each was stillimportant in predicting overall deci-
sions for first and corresponding authors (but none was important for
review scores; Extended Data Fig. 2). Further, we found that authorsin
countrieswhere Englishis not a primary language were more likely to
submit their manuscripts to a higher number of journals before accept-
ance thantheir peers. For the subset of dataavailable at the individual
country level, we also conducted analyses looking at the per cent of the
population that speaks English, rather than the binary primary/not pri-
mary used by the literature we meta-analysed. In these analyses, English
wasstill ahighly important predictor of review outcomes (althoughin
some cases HDI relationships changed; Supplementary Tables 36-40).
Despite the importance of geography in predicting review
outcomes, we found few studies with geographical data (Fig. 2 and
Supplementary Fig. 1). Future work should aim to fill this informa-
tion gap because we saw large differences in review success based on
continent, language and HDI for the review stages for which we had
data (for example, overall decisions; Figs. 2 and 3). Likewise, we found
few datasets examining review outcome gaps due to author prestige
(individual and institutional; for how prestige was measured, see Sup-
plementary Table 2), although prestige may be animportant mediator
in peer review outcomes based on the data we found (Fig. 2).

Possible solutions to reduce bias
Wesearched theliterature for studies that evaluated potential solutions
to mitigate bias but only found data on double- versus single-blind
review models and editor/reviewer homophily (Supplementary Figs. 2
and 3).Insome cases (for example, final decisions for assumed female
authors), double-blind review reversed gender gapsinacceptancerates
(Fig.4a-cand Supplementary Tables 41-53). Double-blind review also
appearedto ‘level thefield for authors from countries with lower HDIs
(Extended Data Fig. 3). That is, the difference in overall acceptance
ratesbetween authorsin countries with lower versus higher HDIs was
not as pronounced when authors opted for double-blind instead of
single-blind review at the time of submission.

However, results on the impacts of double-blind peer review
were far from consistent across review stages and demographics
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Fig.2| Author demographics predict review outcomes across the peer review
process. a-c, Estimated means and 95% confidence intervals predicting review
outcomes (pre-initial decisions, initial decisions, review scores (lower are better),
post-initial review decisions, final decisions, overall decisions and number of
journals submitted to before acceptance) by author demographics for first (a),
corresponding (b) and last (c) author. Note that outcomes in each box will vary
inscale because underlying studies typically focused on limited demographics/

review stages in specific journals. Thus, the exact values in each box will vary,
butinference can be made on outcome gaps between demographics across
boxes. Review scores with data from one study per demographic category
show the underlying mean. Colour used as a visual aid to track rows. -P < 0.10,
*P<0.05,*P<0.01and **P < 0.001when reported for the estimated effects of
demographic category on review outcomes (two-sided tests). For sample sizes,
statistical tests used and exact Pvalues, see Supplementary Tables 3-29.
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Fig. 3 | Authorsin countries with lower HDI and where English is not a primary
language have lower overall acceptance rates and submit their manuscripts
tomorejournals before acceptance. a,b, Estimated means and 95% confidence
intervals for first (a) and corresponding (b) author overall acceptance rate
considering author continent, country primary language and HDI. c,d, Estimated
means and 95% confidence intervals for number of journals submitted to before
acceptance for first (¢) and corresponding (d) author country primary language
and HDI. ***P < 0.001 for both HDI and language (aand b); *P < 0.050 for HDI and
P<0.001forlanguage (c and d) (two-sided tests). For sample sizes, statistical
tests used and exact Pvalues, see Supplementary Tables 30 and 32.

(Fig.4a-cand Extended DataFig.4). Further, although 225,249 manu-
scripts underlie our analyses on double-blind review, these datacame
from just four studies'®*, Only one of these studies experimentally
allocated manuscripts tosingle- versus double-blind review?, sowe can-
not disentangle differential outcomesbased onself-selection of submit-
ting single- versus double-blind manuscripts from true biasreduction.
For example, we found that assumed female authors, when compared
with assumed male authors, had a higher per cent of submissions sent
for review when submitting double-blind manuscripts but a lower
per cent sent for review when submitting single-blind manuscripts.
The data underlying these analyses came from a study conducted on
optional double-blind review in Nature Portfolio journals®. This sug-
gests that there may be some self-selection bias when choosing areview
model given that editors can see author information in double-blind
review and make initial decisions. Future work experimentally allocat-
ing manuscripts toareview model, such as the one currently underway
at Functional Ecology**, can better determine the efficacy of
double-blind review.

Another suggested solution to mitigate bias is to diversify edito-
rialboards and reviewer pools. We found no data examining outcomes
when author demographics ‘match’ editor demographics outside of
assumed gender (Fig. 4d-f and Supplementary Tables 54-56). In this
case, we generally found low evidence for editor gender homophily
with two exceptions: higher final acceptance for female corresponding
authors with female editors and a higher tendency towards the same
for overall decisions.

We found more data examining potential reviewer homophily,
but again, these data primarily focused on author assumed gender

(Fig.4g-i,Supplementary Fig.4 and Supplementary Tables 57-70). We
did not detect astrong homophily signal except for a few cases where
reviewer and author demographics interacted (for example, assumed
male first authors had higher acceptance at final decision with male
reviewers and lower with female reviewers, when considering each
author/reviewer interaction; Fig. 4g). The generally low evidence for
homophily across the review process was surprising (for example,
given experimental work®), and future studies should collect more
datatoassess the degree to which homophily may impact peer review.
Giventhat we primarily found assumed gender homophily data, future
work should examine possible homophily for other demographics (for
example, geographical ‘matching’).

Currentjournal policy landscape

To describe the current landscape of peer review in the subfields of
ecology and evolution, we collected peer review policy data from 541
journal websites (for afull overview, see Online Methods/Supplemen-
tary Data 2). Here we highlight patterns that emerged when grouping
journals by impact factor (to compare society-affiliated versus unaffili-
atedjournals, see Extended Data Figs. 5-7). No matter the breakdown,
we see asimilar story: journals across the board are taking few actions
toreduce bias in peer review.

Thefive largest publishersin our dataset (Springer, Wiley, Elsevier,
Taylor and Francis, and Oxford University Press) publish 57.3% of all
ecology and evolution journals included (Fig. 5a and Extended Data
Fig.8). Thissuggests that consistent guidelines among these publishers
could have widespread effects on peer review bias. While many journals
suggest or require outside editing for authors for whom Englishis not
aprimary language, amere1.1% of journals offer free language editing
(Fig.5b). Thismight explain the lower acceptance rates for authors from
countries where English is not a primary language (Figs. 2 and 3a,b),
and rejection due to English grammar is commonly reported by jour-
nals and authors??.

Across all impact factor categories, ~20% of journals recom-
mend that authors suggest diverse reviewers (Fig. 5c), and those that
do tend to focus on choosing reviewers from different geographic
locations and institutions from the authors (Fig. 5d). Given the low
evidence for homophily influencing peer review outcomes in our
meta-analysis (Fig. 4 and Supplementary Fig. 4), this may not be a
large source of bias in peer review. However, we found few data on
homophily, and existing data were largely limited to gender and used
assumed, rather thanactual, gender. Questionnaire surveysthat enable
analysis of editor and reviewer demographics could better evaluate
homophily effects.

Lessthan20% of ecology and evolutionjournals were implement-
ing alternative peer review models to single-blind review (Fig. 5e),
although 22.7% of journals were not transparent about the review
model ontheir website and were, therefore, assumed tobe single-blind.
High-impactjournals were most likely to adopt double-blind and open
review models (Fig. 5e). However, the percentage of high-impactjour-
nals using these practices was still small (30.3% did not use single-blind
review models). High- and mid-impact journals were also most likely
to publish reviews alongside articles, but it was still less than 13% for
each (Fig. 5f).

Additionally, 56.7% of all journals did not have reviewer guide-
lines. Of the journals that did, many linked to publisher- rather than
journal-specific policies (Fig. 5g) and did not mentionissues related to
socialjjustice, such as implicit biases based on author assumed demo-
graphics or explicit comments regarding English language editing or
errors (Fig. 5h).Itisimportant to note that we were only able to gather
journal policy data from publicly available websites. Some journals
may, for example, provide additional reviewer guidelines via email or
require authors to suggest reviewers during the submission process
but not explicitly state this on their website. This lack of transparency
isnot only problematic for studies such as ours that aim to document
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Fig.4 | Double-blind review and editor/reviewer homophily canlead to
differential outcomes by author assumed gender. a-i, Estimated means

and 95% confidence intervals predicting review outcomes (initial decisions,
review scores (lower are better), post-initial review decisions, final decisions

and overall decisions) by author assumed gender, interacting with review

model (a-c) (double- versus single-blind review) for first (a), corresponding

(b) and last (c) authors; interacting with editor assumed gender (d-f) for

first (d), corresponding (e) and last (f) authors; and interacting with reviewer
assumed gender (g-i) for first (g), corresponding (h) and last authors (i). Studies
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current policies and bias mitigation strategies, but also for authors of
various demographics that are looking for journals that will promote
anobjective review of their science.

Finally, we documented the geographiclocation of eachjournal as
wellas their Editor-in-Chief(s) (EICs) (Fig. 6, Extended DataFigs.6,7,9
and10 and Supplementary Fig. 5). We found that journals and editorial
boardsare concentrated in the geographicregions (Fig. 6a,b) with the
highest overall acceptance rates (Fig. 2). This pattern is particularly
evidentin high-impactjournals, where only a handful of countries are
represented (Fig. 6¢,d and Extended DataFig.10). These same countries
(for example, the United States and the United Kingdom) also host a
disproportionately high number of editorial board members and mid-
to low-impact journals (Fig. 6e-h, Extended Data Figs. 9 and 10 and
Supplementary Fig.5). Although we were not able to directly examine
editor homophily on the basis of country/region, we often found bet-
ter outcomes for authors who submitted to journals from their own
country (Fig. 2). Thus, the high concentration of journals and EICs in
just a few regions could be problematic for authors from countries
that are not as well represented, as suggested in our meta-analysis
(forexample, Fig.2). Editorial board diversity beyond the EICis also an
important consideration. In our journal policy data collection, Elsevier

journals were the only ones to provide editor gender data on some of
their websites (Supplementary Data 3). Across the 22 of 60 Elsevier
journalsto provide thisinformation, 28.8% of responding editors were
women and 0% were non-binary or gender diverse. Editorial board
geographic diversity was available on all Elsevier journal websites,
and the mean number of countries represented in a single editorial
board was 16.3 (range 3-36), while the mean editorial board size was
54.8 (range 3-218).

Study limitations and future directions

Several limitations should be considered ininterpreting the results of
our study. First, our meta-analysis examined observational data from
realjournal submissions that cannot control for any underlying differ-
encesin article quality or other attributes that facilitate acceptance
atagivenjournal. Accordingly, we are not able to determine causality
(that s, bias) over correlation (for example, article quality or fit for a
journal). This means that, although our study documents often strongly
differential peer review outcomes based onauthor demographics, we
cannot parse the variance caused by bias per se from other factors (for
example, operational peer review filtering papers that are substandard
for any reason).
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37-52 41-82
Fig. 6 |Journals and EICs are concentrated in few countries/regions. a,c,e,g,i, have beenindexed or has not been in JCR long enough. Warmer colours indicate

Journallocations for all journals (a), JIF >10 (c), JIF 3-10 (e), JIF <3 (g) and JIF not
available (i). b,d,f h,j, EICs’ institutional affiliations’ locations for all journals (b),
JIF>10(d),JIF 3-10 (f),JIF <3 (h) and JIF not available (j). JIF not available when no JCR

morejournals or EICs. Note that the total number of EICs exceeds the total number
of journals because some journals have more than one EIC. For Europe inset, see
Extended Data 10. Base maps were provided by the ‘tmap’ package inR (ref. ).
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Experiments where the same manuscript is provided to editors
and/or reviewers with different names or affiliations is one way to
get around these limitations. However, we recovered only five stud-
ies that altered author details on the same manuscripts to see how
assumed author demographics alter review outcomes (Supplementary
Table 71). More experimental work should be done, but the studies
we found suggested that demographic bias may impact review out-
comes. For example, outcome disparities for authors with affiliations
in countries with low HDI may be due to scientists there having fewer
resources. Yet other experimental work has shown that people rate
the same published abstracts lower when they are allegedly from a
low-income country thanwhenthey are allegedly from a high-income
country®®®. It is likely that our results partially reflect both disparity
in access to scientific resources and bias. Journals can directly target
the latter and should seek to understand what policies and practices
best reduce outcome disparity, then implement them. Regardless of
the variance caused by bias per se, our results should give the scientific
community pause and momentum to rectify the systematic inequities
we documented by rigorously evaluating the extent of disparate peer
review outcomes and potential solutions to close gaps.

While astrength of our study is synthesizing prior work that indi-
vidually tended to analyse just one or two stages of the review pro-
cess and consider few demographics, our meta-analytic approach
also causes a limitation: there were often few studies underlying
any given analysis (Supplementary Figs. 1-3). Thus, conclusions on
any given author position/demographic/review stage could be driven
by studies with many datapoints. Additionally, our study is largely
based onassumed author demographics (thatis, gender using names
and language using country primary language). This approach has the
benefit that it may be more reflective of what editors and reviewers
assume’, butitis notreflective of outcomes by actual demographics.
Further, there may be other negative impacts of peer review bias that
we could not explore, such as changes in reviewer comment length/
tone/professionalism, time of review, number of revisions and number
of reviewers—we found few or no studies that provided data on these
areas (Supplementary Figs. 6-9 and Supplementary Tables 3-70).

Finally, we note that, while we can meta-analyse data from prior
studies, we do not have the lived experience of many of the issues
documented. This work was inspired by witnessing explicitly biased
comments as co-authors and co-reviewers. We also were inspired by
our own seemingly worse peer review outcomes compared with our
colleagues that do not identify with historically underrepresented
groups. However, we emphasize that we do not have the authority to
commentonidentities or experiences outside our own.

Outlook
Our study reveals disparate outcomes for authors based on their demo-
graphics. Yet, solutions to mitigate bias were rarely studied, and actions
taken by journals to mitigate bias were sparse. Future work needs to
evaluate review outcomes across a wider range of demographics than
hasbeen donetodate,and awider range of solutions should be exam-
ined (for example, those proposed inrefs. **'; Supplementary Table1).
Data accessibility from journals is a major limitation to advancing
our understanding of the extent of and solutions to bias*"*. We rec-
ommend that more journals collect peer review data to evaluate bias
(for example, refs. *?) and efficacy of solutions, then make these data
available to scientists for rigorous evaluation and transparency. Only
then can we have data-driven solutions to mitigate aserious problem.
Scientists can also administer author questionnaire surveys (for exam-
ple, refs. ') to circumvent data accessibility issues, which could provide
acomplementary and more comprehensive picture of peer review bias.
Broad solutions for journals and studies to consider include evalu-
ating author outcomes across the full spectrum of review models
fromopen, tosingle-, double- and triple-blind review®. More research
is needed to determine which of these four general review models

may be most effective given that we found no quantitative data
examining how review model impacts outcomes by author demo-
graphics beyond double- versus single-blind review. In addition to
redesigning review models, journals could implement and evaluate
the efficacy of targeted diversity, equity and inclusion changes to
try to make the process fairer. For an overview of ideas, see refs. *%*
and Supplementary Table 1. Robust quantitative work is necessary
before we can move the scientific community towards iron-clad bias
mitigation strategies.

Peer reviewisa central part of the scientific process. Implicit bias
in peer review restrains scientificadvancement by rejecting or delaying
publication ofimportant works that are only perceived as lower qual-
ity. For example, we observed the worst review outcomes for authors
from parts of the world that have notoriously few published studies,
despite common calls for greater representation among published
works. Reducing bias against scientists from these areas could advance
the amount of published works from these underrepresented loca-
tionsbeyond just those of ‘parachute researchers™. Peer review is also
critical to the advancement of scientists’ careers, and any bias in peer
review canstifle the productivity of underrepresented and historically
excluded groups, maintaining the leaky pipeline®. We hope our synthe-
sis will prompt future studies to swiftly and fully document these gaps
and identify viable solutions for journals to implement. As scientists,
we are well suited to the task of collecting and analysing data to solve
complex problems. The time to use these talents to build aless biased
peer review systemis now.

Methods

Meta-analysis of disparate outcomes in peer review

Literature search. We searched for studies examining the role of
author demographics in journal article peer review evaluations and
outcomes using the Web of Science (last search January 2022). To
establish our final systematic search terms, we conducted a series of
preliminary searches to limitirrelevant results while finding commonly
used words that we had initially missed. Our systematic Web of Science
searchrequired the following search terms:[TITLE = (‘peer review* OR
‘review’ OR ‘reviewer* OR ‘referee*)] AND [TITLE = (‘bias* OR ‘gender*
OR ‘female’ OR ‘race® OR ‘racism’ OR ‘ethnicit* OR ‘English* OR ‘lan-
guage’ OR ‘disabilit* OR ‘institution* OR ‘geography’ OR ‘socioeco-
nomic* OR ‘blind’ OR ‘underrepresented’)] AND [TOPIC = (‘journal*
OR ‘publication*)]. Our searchyielded 2,202 studies whose titles and
abstracts were then screened for suitability.

We determined suitability using seven inclusion criteria: (1) the
study evaluated the impact of author demographics on article evalu-
ations and outcomes during peer review; (2) the study focused on
journal article review and not review of grant proposals, conference
abstracts or posters, and so on; (3) the article was a primary study.
However, non-primary studies were collected to screen for additional
references; (4) the study concerned peer review of articles in the bio-
logical sciences. We defined the biological sciences following section/
topic classificationsin Nature and Proceedings of the National Academy
of Sciences (for example, agricultural sciences, biochemistry, bioinfor-
matics, cell biology, ecology/evolution, genetics, medical sciences,
physiology, plant biology, psychology and systems biology); (5) data
were not duplicated in another included study and could be extracted
from the article or supporting data, or were sent by the authors. For
studies examining acceptance/rejectionrates, we further required that
we could determine the total number of papers accepted/rejected by
demographic category to model outcomes using a binomial distribu-
tion; (6) the study examined actual peer review scenarios of real articles
linked to specificjournals (anonymized or identified). However, we also
collected and summarized studies that conducted experiments using
fabricated manuscripts using realistic peer review scenarios; and (7)
the study was published in a peer-reviewed journal (for example, not
ona preprintserver).
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Of the 2,202 articles returned by our Web of Science search,
80 articles appeared to meet these inclusion criteria on the basis of
their titles/abstracts and were read in full to determine if they did
indeed meetall criteria. To minimize the chances of our Web of Science
search missing suitable literature, we sought additional studies by
screening the references in the 80 articles from Web of Science, result-
inginanadditional 142 articles that were thenread in full to determine
their suitability for inclusion. We did a final search through references
in the 142 articles gathered from the exhaustive search, resulting in
anadditional 55 articles that were read in full to determine if they met
our criteria. Finally, when emailing authors for data that could not be
collected fromtheir articles, we were sent three additional studies that
were screened for inclusion. Intotal, we screened 280 articles by read-
ing their full texts, of which32 metall inclusion criteria to be included
in our quantitative meta-analysis. However, after collecting data on
allauthorship positions provided by each article, we further required
that studies provided data onfirst, corresponding and/or last authors.
This was due to the large focus on these positions and to reduce the
number of single effect sizes. One article (Stossel and Stossel**) was
removed due to this additional criterion, leaving 31 used in analyses
(Supplementary Data4).

Five additional experiments that failed to meet our actual
peer review scenarios criterion (6) have been summarized in
Supplementary Table 71. Experimental studies that manipulate author
details on the same manuscript can get at causality (that is, bias) and
so provide valuable information. However, we did not find enough
of these studies to meta-analyse them, especially given that they
all had different foci, so we ultimately decided to summarize them.
Additionally, we found four articles (Supplementary Table 72) that
aimed to test the efficacy of double-blind peer review at reducing
bias by examining the number of published papers by demographic
group in paired single-blind/double-blind peer review journals and/
or the number of published papers before/after double-blind peer
review implementation. These papers did not examine outcomes
during peer review, and thus failed to meet our inclusion criterion
(1). However, given that one of these studies (Budden et al.'*) has
been highly cited and influential in arguing both for and against
double-blind peer review, we summarized results from all four in
Supplementary Table 72.

Variables collected for meta-analysis. One author (0.M.S.) collected
data from studies included in our meta-analysis that assessed peer
review outcomes by authors of different demographics in absence
of intervention (thatis, examining review disparity problems) and/or
datathatassessed peer review outcomes with anintervention (thatis,
examining possible solutions to mitigate review disparities). Interven-
tions examined by studies in our meta-analysisincluded double-blind
versus single-blind peer review and outcomes for authors based on
homophily (that is, if their demographics ‘matched’ the editors and/
orreviewers). We separated data by peer review stage (Extended Data
Fig.1and Supplementary Table 2) including pre-initial decision, initial
decision, review scores, post-initial review decisions, final decisions
and overall decisions. We also collected data on time associated with
different review stages, number of reviewers and number of revisions.
Finally, one study looked at the number of submissions a manuscript
went through before acceptance’.

We separated peer review outcome data by review stage, author
demographics (for example, assumed gender, continent and institu-
tional prestige) and authorship position (that is, first, corresponding
and last). The 31 included studies cumulatively examined 312,740
manuscripts submitted to >640 journals and represented 4,529,971
author position/demographic/review stage interactions. Studies that
examined more than one demographic or authorship position typically
had missing data for some author position/demographic/review stage
combinations, so we used the largest single sample size of all possible

author position/demographic/review stage interactions from each
study to calculate the total manuscripts above.

For studies that provided databy an author’s institution’s country,
we assigned continent and English as a primary language using the
Central Intelligence Agency (CIA) World Factbook® following Burns
and Fox*. However, the CIA World Factbook uses South America and
North America, but we split the Americas into Latin Americaand North
America*. We assigned English as a primary language of a country if
English was the first listed language or an official language*. We used
this binary classification because all studies that provided peer review
datafor language did so. However, for data on review outcomes by an
author’sinstitution’s country, we were also able to assign the per cent of
the population that speaks English following the procedures of Amano
and Sutherland®®. Thatis, we estimated the per cent of the population
that speaks English from the CIA World Factbook®, Ethnologue”,
The Cambridge Encyclopedia of Language®® and the Eurobarometer
Survey”. Ethnologue gives the total number of English speakers, so
we divided the Ethnologue estimates by the population sizes in the
CIAWorld Factbook. We used the maximum percentage from the four
sourcesinour analyses (Supplementary Data5). Finally, each country
was assigned a HDI value using the closest available year to the mean
study year (the HDI database starts in1990).

For each study included in the meta-analysis, we (O.M.S., R.B.P.
and R.W.) collected study attribute data including mean year data
were collected by authors (Supplementary Fig. 10), journal(s) included
withinstudies and if studies focused onjournalsinthe health sciences
and/or life sciences. Our study included at least 640 unique journals
and probably more because one study’ provided suitable data from
79 anonymous journals from which we could not determine overlap
with other studies and another provided data from one anonymous
journal*’. In some cases, studies examined journals inside and out-
side of the biological sciences. We only used data from journals in
the biological sciences where possible. If separating the data was not
possible, we required that >70% of data were from journals in the bio-
logical sciences. For each journal, we collected journalimpact factors
(JIF) from Clarivate Journal Citation Reports (JCR) for the mean year
datawere collected. Insome cases, the studies were conducted before
1997 (when Clarivate electronic entries begin), so we used the closest
year for which we could find printed reports (1991 and 1994). In other
cases, journals were not JCR indexed until after the mean study year,
sowe used the closest year that wasindexed. In other cases (Squazzoni
et al.%), the study did not provide the exact journals studied but did
provideimpact factors, so we used the study-provided values. Finally,
inone case (Walker etal."), the study examined peer review in Frontiers
journals but did not provide exact journals. We searched Clarivate for
all Frontiers journals indexed for the mean study years (2009-2010)
and used the mean JIF for those.

Ecology and evolution journal policy assessment

Ecology and evolution journal selection. Candidate ecology and
evolution journals were collected using a combination of (1) general
web searches, (2) category searches across large publishers (Wiley,
Elsevier, Springer, Sage Publications, Taylor and Francis, Oxford Univer-
sity Press, Cambridge University Press and University of Chicago Press)
and (3) Clarivate’s JCR. Journals under the following JCR categories
were retrieved: Agriculture, Dairy and Animal Sciences; Agronomy;
Biochemistry and Molecular Biology; Biology and Biogeochemistry;
Environmental Sciences; Evolutionary Biology; Genetics and Heredity;
Marine and Freshwater Biology; Microbiology; Plant Sciences; and
Zoology. We found 1,877 journals that met these initial criteria.

To select our final list of journals for which we collected policy
data, wefirst eliminated journals that were irrelevant to ecology and/
orevolution or only very rarely publish papers on ecology and/or evolu-
tion. Excluded journalfociincluded animal, crop or range management
journals (largely categorized under agronomy, agriculture, animal
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science and environmental science/management); microbiology and
molecular/cell biology journals with afocus on developmental mecha-
nisms/processes or medical focus/clinical application; and ‘system
specific’ journals with narrower organismal focus than botany and
zoology (for example, mammalogy and herpetology).

We then screened the remaining 677 journals for inclusion by
checking their journal Aims and Scope (or equivalent section under
adifferent name). Two people independently scored each journal for
(1) explicit mention of ecology and/or evolution (including mention of
subdisciplines such as ‘disease ecology’ or ‘trophicecology’) and (2) a
focus onasingle taxon or specific organismal system. If we were unable
to determine suitability based solely on the Aims and Scope section,
we looked at article fociin recentissues.

Any disagreements between the two scores were independently
rescored by athird person, who also assigned journals to Tier 1 through
Tier 4. Tier 1 journals were those that were explicitly ecology and/
or evolution focused with a broad taxonomic scope (for example,
Ecology, Evolution and Journal of Applied Ecology). Tier 2 journals were
those that had a broad focus but included many ecology/evolution
papers or had ecology/evolution subsections (for example, Nature,
Science and Proceedings of the National Academy of Sciences). Tier 3
journals were marginally focused on ecology/evolution and/or were
narrow intaxonomic/organismal system scope (for example, Arctic and
Environmental Entomology). Tier 4 journals were clearly not ecology
and/or evolution focused and were eliminated from all subsequent
analyses. Intotal, there were 555 journals that were assigned to Tiers 1-3
for which we tried to collect journal policy data. We excluded several
journals because they required an account to access author guide-
lines, had invalid websites or links to author guidelines, were no longer
receiving submissions or were abook series. Our final dataset included
541 journals (Supplementary Data 2). Our search aimed to gather a
comprehensive and representative list of general ecology and evolution
journalsrather thanbuild acomplete list of journals that occasionally
publish ecology and evolution papers.

Ecology and evolution journal policy data collection. We used
Clarivate’s JCR to gather each journal’s country, publisher, publish-
ing language(s) and 2020 JIF. If publishers were subsidiaries of larger
publishers, we rescored themto the largest publisher for our main-text
summaries. If journals were not JCR indexed (n =23), we collected
information from the journals’ websites. To collect journal policy data,
one personinitially scored each journal by checking journal websites.
Then, two authors (O.M.S. and C.L.D.) rescored the data for consist-
ency, sorted by publisher.

We collected data from the website(s) of each journal pertaining
to (1) thejournal’sarticle language requirements; (2) language editing
services available to authors; (3) journal prompts for authors to suggest
diversereviewers and what types of diversity authors were prompted
tofocusoninsuggestions; (4) ifthe journal had reviewer guidelines at
all, and if so, if they were specific to the journal or linked to a general
publisher website (to be counted, reviewer/referee guidelines must
have been listed as such, either in a separate webpage/document or
as partofthe author guidelines); (5) if reviewer guidelines mentioned
socialjusticeissues, and in particular, behaviours towards authors for
whom English is a non-primary language; (6) what country the EICs’
primary institutionwasin; (7) ifthe journal was affiliated with asociety;
(8) what peer review model (single-, double- or triple-blind; open; or
other) thejournalused; and (9) ifthe journal publishes referee reports
with manuscripts. Elsevier journals also provide the total number of
editors, number of countries represented in the editorial board and
gender diversity from survey data, which we collected when available.

We classified a journal’s peer review model as single-blind when
the author identities were revealed to reviewers, but the reviewer
identities remained unknown to the authors. If journals specified that
reviewers could sign reviews, we still counted the review model as

single-blind. Some journals did not specify a review model and were
scored as ‘assumed single-blind’ if the title page with author details
was part of the mainmanuscript document. We classified a peer review
model as double-blind when both the reviewer and author identities
remained unknown to each other. We further separated double-blind
review into (1) optional double-blind wherein the journal allows the
authors to choose to remain anonymous or be known to reviewers
and (2) required double-blind wherein the journal requires authors
to remain anonymous to reviewers. We defined triple-blind review
as the author identities being unknown to the editors until after the
initial decisionand the author and reviewer identities being unknown
to eachotherthroughout the review process. Finally, we defined open
review asthe mandatory identification of reviewers at any point during
thereview or publication process. There were 11 journals in which the
review models did not fit well within these definitions (for example,
have publiccommentary period onapreprint server) that were marked
as‘other’.Inseveral cases, we emailed journals’ editorial offices because
the websites had contradictory statements on review model or no
information indicating review model (for example, no manuscript
formatting guidelines).

Statistical methods

We examined if demographic categorizations predicted review out-
comes for each unique author position/review stage/demographic
category we had data for using the package ‘glmmTMB’ in Program
Rv4.0.3 (refs. ****). We used a binomial distribution for review stages
with binary outcomes (that is, manuscripts survived that stage or
were rejected, which included pre-initial, initial, post-initial review,
final and overall decisions), a beta distribution for review score data,
a Gaussian distribution for models examining number reviewers and
number revisions, and a Poisson distribution for models examining
number of journals submitted to before acceptance. We checked model
assumptions using the ‘DHARMa’ package inR (ref. **).

Whendata came frommore than one study foragiven comparison,
we accounted for theimpact factors of journals used in the study, mean
data collection year and other differences by (1) including study as a
fixed effect when there were only two studies or (2) includingJIF and
year as fixed effects and study asarandom effect when there were three
or more studies. We checked for multicollinearity issues for models
that included JIF and year using the variance inflation factor in the
‘performance’ package in R (ref. **). In the few cases where variance
inflation factor was high (>5), we compared models thatincluded either
JIF or year using Akaike information criterion. in the ‘bbmle’ package
inR (ref.*®). We then used the model with the lower Akaike information
criterion, value to make inference.

For demographic groups with data in three or more categories
(thatis, institutional prestige and continent), we first assessed if vari-
ablesimproved modelfit using likelihood ratio tests. If P < 0.05, we used
generalized Tukey’s honest significant difference tests in the ‘mult-
comp’ package in R (ref. ¥') to determine which categorical variables
differed. We used the ‘emmeans’ package in R (ref. **) to get estimated
means and 95% confidence intervals, whichwere used in Figs. 2 and 4,
Extended DataFig.4 and Supplementary Figs.4 and 6-9 (Supplemen-
tary Data 6).

For review stages for which we had data at the individual coun-
try level (initial decisions for corresponding, review scores for first/
corresponding/last, overall decisions for first/corresponding and
number submissions for first/corresponding/last), we ran additional
models thatincluded each country’s continent, language and HDI. We
conducted one set of analyses using a binary fixed effect of English
as a primary/not primary language for that country, which is how all
included studies analysed outcomes by authors’assumed primary lan-
guage. We thenrepeated all analyses using the per cent of the popula-
tion that speaks English. Weincluded]IF, year and study using the same
protocol described above. For data at the individual country level, we
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checked for multicollinearity between continent, language and HDI
as described above. Where multicollinearity was not an issue, we ran
modelsincluding the additive effects of continent, language and HDI.
Where multicollinearity was an issue, we ran models examining the
impactofeach of the three variables aloneif allwere too correlated to
be in one model (that is, initial decisions for corresponding authors)
or with all possible pairs if only all three were too correlated to be in
the same model (that is, number of submissions for all positions and
review scores for all positions when using per cent of the population
that speaks English).

Werepeated our procedures described above for models examin-
ingthe ability of interventions (double-blind versus single-blind review;
editor and reviewer homophily) to alter peer review gaps by testing for
aninteractionbetween author demographics and theintervention. To
doso, we conducted likelihood ratio tests. For models using dataat the
individual country level (available for double-blind/corresponding
author), we took astepwise approach, testing the interaction between
blinding format and each variable (continent, language and HDI; analy-
sisset runonce for language as abinary variable and once for per cent
of the population that speaks English) sequentially in the otherwise
fully additive model.

Outcomes in our meta-analysis are on different scales between
each author position/demographic/review stage combination. This
is because underlying studies were typically conducted on specific
demographic groups for specific review stages at specific journals, and
these underlyingjournals differintheir rejection rates and rigour. Thus,
the exact values at any given author position/demographic/review
stage combination will vary depending on the underlying studies.
Accordingly, we can make inference about disparate outcomes at each
author position/demographic/review stage, but the exact percentages/
scales are not meaningful between author positions/demographics/
review stages.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The datasets generated and analysed during the current study
are available on GitHub at https://github.com/CourtneyLDavis/
Peer-Review-Perpetuates-Barriers. Data are also archived at Fig-
share (https://doi.org/10.6084/m9.figshare.21865830)*. Additional
datasets that support the findings of this study are available from
the United Nations Development Programme (the HDI; https://hdr.
undp.org/en/content/download-data), The CIA World Factbook
(continent, language; https://www.cia.gov/the-world-factbook/),
Ethnologue (language; https://www.ethnologue.com/), The Euro-
pean Commission’s Eurobarometer Survey (language; https://
data.europa.eu/data/datasets/s1049_77_1 ebs386?locale=en),
Cambridge Encyclopedia of Language®® and Clarivate Journal
Citation Reports (journal attributes; https://jcr.clarivate.com/
jcr/home).

Code availability

Rscripts used to analyse data and generate figures during the current
study are available on GitHub at https://github.com/CourtneyLDavis/
Peer-Review-Perpetuates-Barriers.
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