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Abstract

Tens of thousands of scientists contribute to peer review as journal editors and reviewers
of the millions of manuscripts submitted every year. How do they decide what is quality
work? What values do they apply in evaluating which science merits publication and
which does not? How do they respond to dissensus and uncertainty? Who has the greatest
influence over the final outcome? This study combines close reading with large language
models to analyze 80,000 reviews of 28,000 accepted and rejected manuscripts in engineering
and the life sciences. By following reviewers’ value judgments and editorial decisions, we
come to a different view of how epistemic cultures are practiced in journal science. Instead
of a consensual dialogue revealing salient norms, we find reviewers differently weigh
(“commensurate”) their judgments to attribute value to works. Their pluralistic viewpoints
elevate uncertainty about the work, and editors respond by aligning with the most negative
of reviewers. Surprisingly, we observe engineers and life scientists find the same epistemic
criteria are salient, valued, and influential, with novelty and accuracy being primary. These
results underscore how contingency and uncertainty are structural features of STEM peer
review and essential to its effectiveness and legitimacy.
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Nearly every consequential aspect of contem-
porary science depends on peer review. Gov-
ernmental and nongovernmental agencies
rely on peer review to strategically invest
billions of dollars every year. Professional
societies, associations, universities, and orga-
nizations rely on peer review to determine
which works and authors merit prestigious
prizes, awards, and life-long faculty appoint-
ments. Not to mention the largest and most
ubiquitous arena reliant on peer review: jour-
nal science. According to the Scopus data
published by Elsevier, there were nearly

30,000 peer-reviewed journals in 2024 alone.!
Peer-reviewed journals are the selection
mechanism of modern science: they identify
and diffuse promising new ideas (Cheng et al.
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2023) and so sustain our collective undertak-
ing of knowledge creation. Impartial and rig-
orous scholarly evaluation underwrites our
trust in science as the basis of the inestimable
number of decisions that define modern social
life, from how we maintain our personal
health to how governments address global
challenges like war and climate change.

Hundreds of thousands of scientists volun-
tarily edit and review millions of manuscripts
every year. The diversity of these editors and
reviewers abounds. They come from different
countries with different personal and profes-
sional identities (Smith et al. 2023; Zucker-
man and Merton 1971), different disciplinary
training and epistemological styles (Mallard,
Lamont, and Guetzkow 2009), and different
experiences and statuses. Given this plurality,
how do they agree on what is quality science?
How do they justify their decisions? Whose
opinion matters most? How, in short, do sci-
entists’ ordinary value judgments shape the
advance of new works through peer review?
In light of chronic concerns about reviewer
reliability and bias (Bornmann, Mutz, and
Daniel 2010), proposals to automate peer
review (Lin et al. 2023; Zhuang et al. 2025),
and rising distrust in science (Druckman
2022), such questions concerning the social
character of human judgment and uncertainty
in science are timely and essential for soci-
ologists to ask. These questions are all the
more important in science, technology, engi-
neering, and mathematics (STEM), where
new research is produced and evaluated at
far higher rates than most fields, with dispro-
portionate influence on industry, health, and
social policy.

To engage these questions, we build on
research on the social dimensions shaping
scientific evaluation (Kuhn 1977; Zuckerman
and Merton 1971), particularly in peer review
settings (Lamont 2012; Lamont and Mallard
2005). Central to this work is the importance
of consensus (Laudan 1984; Oreskes 2019),
where social norms such as impartiality help
scientists “self-police,” remain objective, and
agree on the merit of new works (Merton
1973:276). Yet, a surprising finding from

research on grant panels in the natural sci-
ences and medicine is that reviewers are
“unreliable” and regularly disagree. Much
work has since focused on how biases and
inefficiencies distract reviewers from focus-
ing on the quality of scientific arguments,
creating unreliable reviews (Herrera 1999;
lezzoni 2018; Langfeldt 2004; Teplitskiy
et al. 2018; Wenneras and Wold 2010).

Other work in the sociology of knowl-
edge concerning interdisciplinary grant pan-
els from the humanities and social sciences
also focuses on consensus, but from a differ-
ent angle. Given the remarkable plurality of
reviewers, how can they ever agree on what
is excellent scholarship in the first place? An
economist may find rigorous causal identi-
fication to be excellent, whereas a historian
may focus on a narrative’s style and pres-
entation. A core insight from this literature
is that different scholarly fields and indi-
viduals emphasize and define merit in dis-
tinct ways (Guetzkow, Lamont, and Mallard
2004; Lamont and Mallard 2005; Mallard
et al. 2009). Reviewers are “unreliable” not
because they are biased, but because they rely
on their own training and experiences in their
disciplinary cultures to interpret the epis-
temic merit of new work (Lee et al. 2013).
Reviewers overcome their dissensus, despite
this plurality, by situating work in the context
of their respective field norms and styles or
by deferring to others with more expertise
(Lamont and Huutoniemi 2011).

We take this prior work as our point of
departure. We shift focus away from notions
of broad consensus, unreliability, and bias
in peer review toward the dissensus, plural-
ity, and uncertainty scientists ordinarily face
when determining the quality of scholarship.

In peer review, scholars apply values or
criteria of merit (e.g., “novelty” and “clarity”)
to determine the worth of knowledge claims.?
When reviewers take a stand on these claims
based on epistemic criteria, we say they make
epistemic value judgments. These epistemic
value judgments are one facet of epistemic
culture (Longino 1983), which can include
other cognitive content like thought styles
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and programs (Fleck 1979), social norms
like universalism (Merton 1973), and materi-
als like lab equipment and reagents (Cetina
1999). Like others, we argue that when schol-
ars perform peer review, they draw on the
epistemic values most salient to their fields’
epistemic cultures, and this salience varies
meaningfully between fields. But peer review
in journals involves more than the commonly
held values of one’s epistemic culture. Peer
review tasks scholars with holistic assessment
of a manuscript’s worthiness for publication
by carefully considering an array of epistemic
values. Moreover, it does this not through an
egalitarian, consensus-finding process but a
hierarchical one. Reviewers are critics who
evaluate a wide range of qualities to make
recommendations to editors, and editors act
as gatekeepers who face the plurality of often
divergent recommendations and must rely
on certain reviewers more than others when
deciding to publish or reject papers, thus cre-
ating potential for influence and bias.

To make their case to an editor, reviewers
draw out, differently emphasize, and take
stances on qualitatively distinct criteria. In
doing so, they construe their various value
judgments into a holistic if not unequivo-
cal statement of the work’s worth, such as a
rating or recommendation. This commensu-
rated valuation (Espeland and Stevens 2008;
Lee 2015) is different from shared standards
(salience). As a persuasive account to the
editor, it is also more than a passive descrip-
tion. Instead, commensurated valuation is
how reviewers, as critics, establish the epis-
temic priority of some criteria over others to
assign real value to a new work and thereby
assert influence over its trajectory in the peer-
review process.

Editors, in turn, base their decisions on
reviewer recommendations and accompany-
ing evaluations. When recommendations are
highly consensual, the editor has a clear sig-
nal of the manuscript’s merit, and reviewers
have comparable discretion or influence over
the outcome. But reviewers’ commensurated
valuation of the same manuscript may lead to
divergent views on its quality: some reviewers

may apply many and varied criteria, or the
same criteria with opposite judgments. Prior
work finds this is common in peer review
(e.g., Miller 2006:427) and reasonable (Lee
2012:863—-67). Faced with divergent recom-
mendations, the editor’s decision to reject or
accept thus may appear “on a par” (Chang
2002): given the reviews, to reject presents
as no better or worse than to accept. We
argue that this creates epistemic uncertainty,
and the potential for any one reviewer to
influence the editor correspondingly grows.
As gatekeepers facing uncertainty, editors
pragmatically focus on reducing the risk of
publishing dubious work (Latour 1987), even
if that increases the risk of rejecting quality
science (Zuckerman and Merton 1971). Thus,
we argue that a reviewer only ever pulls the
editor toward their own valuation and away
from that of others by making negative value
judgments, because these judgements elevate
the kind of risk editors seek to minimize.
Our findings support this argument and
help shift our understanding of scientific peer
review. Among the life scientists and machine
learning engineers we study, we find that
dissensus and uncertainty are common and
asymmetrically influence whether knowl-
edge is valued. Above all others, judgments
of accuracy and novelty are decisive, and
in uncertain cases where reviewers present
many, varied, and mixed value judgments,
the negative judgments pertaining to accu-
racy and novelty are the most influential.
Indeed, when views of a manuscript are most
wide-ranging and divergent, and when we
would expect to find the potential for bias to
be highest, we find little evidence of it. Our
account helps us understand this surprise.
Epistemic plurality results from a social pro-
cess of evaluation that solicits diverse and
independent viewpoints from different critics
of scientific works. This plurality elevates
the epistemic uncertainty about the quality
of work for the journal’s gatekeeping editors.
Instead of equally weighing and consensually
reconciling these judgments, editors respond
by doubling down on the core values of jour-
nal science: is the work right, and is it new?
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Although not sufficient in and of themselves,
these qualities are necessary if scientific
works are to advance in peer review. In the
aggregate, we see that peer review depends
on precisely the stuff traditional views find
epistemically threatening: reviewers’ idiosyn-
cratic commensuration, social hierarchy, and
epistemic plurality and uncertainty.

In what follows, we relate this account
by systematically analyzing the content of
43,000 reviews of 12,000 manuscripts in
engineering and 36,000 reviews of 16,000
manuscripts in the life sciences. We com-
bine close reading, qualitative coding, and
machine learning to operationalize review-
ers’ distinctive epistemic value judgments.
Using panel regression, we trace how the
epistemic value judgments of reviewers are
commensurated in their valuations, and how
they lend reviewers a commanding influence
over editors, particularly in contexts of uncer-
tainty. We do all this by way of accounting for
traditional sources of reviewer bias against
authors and, as a novel design feature, edito-
rial bias against reviewers.

VALUES, UNCERTAINTY,
AND SCIENTIFIC ADVANCE

Most journals have reviewer guidelines, or
conventions, that guide peer review (Becker
2008:56; Merton 1973). These conventions
are interpreted and negotiated by scientists
who apply them (Lamont 2015), and they are
heavily theorized by epistemologists, phi-
losophers, and historians (Longino 1983;
Machamer and Osbeck 2004; Shapin 1995;
Steel 2010) who try to make sense of them.
These conventions do three interesting things.

First, conventions establish norms and
rules (Horne and Mollborn 2020) intended
to constrain scientists in their evaluation of
new works by defining appropriate behav-
iors. Classically, one such social norm in
science is universalism: scientists should
evaluate works objectively, instead of factor-
ing in personal taste and preference (Merton
1973).3 More contemporary norms, such as
ethical guidelines, regulate how scientists

“police” each other when evaluating new
works.

Second, these conventions define spe-
cific criteria against which reviewers should
judge new scientific works. Classically (Kuhn
1977), such values in science include the
following: Accuracy: Does the theory agree
with the results of experiments and observa-
tions? Consistency: Is it consistent with itself
but also with other currently accepted theo-
ries applicable to related aspects of nature?
Fruitfulness: Does it reveal new phenomena
or previously unnoted relationships among
those already known? Scope: Does it extend
far beyond the particular observations, laws,
and subtheories it was initially designed to
explain? Simplicity: Does it bring order to
phenomena that would otherwise be isolated,
confused, or incoherent?

These values are deduced from the episte-
mological theories and rationales that distin-
guish modern science (Becker 2008; Laudan
1984; Longino 1983; Steel 2010) from other
fields in its aim to validate new knowledge
claims (Cetina 1999). As such, we call these
criteria epistemic values and emphasize their
constitutive role in defining scientific culture
and legitimating the peer review process (Lee
et al. 2013; Longino 1983; Searle 2018).

Third, although abstract and ubiquitous—
and despite being “the shared basis for the-
ory choice” (Kuhn 1977:322, emphasis in
original)—these conventionalized values are
neither monolithic in meaning nor uniformly
practiced among individuals within and
between scientific cultures (Lamont 2015).
Instead, they vary in their salience among
scientists, in the epistemic priority scientists
give them when attributing value to new
works, and in the power they have to sway
the judgments of others and ultimately to
determine the outcome of peer review.

Salience

A core insight from the literature on theory
choice is that epistemic values are “impre-
cise,” “vague” (Kuhn 1977:322, 335), and
variably salient (Guetzkow et al. 2004; Lee
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2012). For example, in grant panels, “excel-
lence” or “beauty” might mean rigorous
causal inference to an economist, but inci-
sive and elegant prose to a literary theorist
(Kagan 2009:5; Lamont 2015). Empirical
work shows that scholars cite some values
more or less frequently, and their meaning
depends not only on fields but also on indi-
viduals and the social context of evaluation
(Lamont 2015). Salience, in other words, is
the relative expression of scholarly qualities
that differentiate how epistemic cultures are
practiced in peer review.

There is less conclusive research on the
salience of particular values in STEM fields
and none on the peer review of engineering
and life sciences (see, e.g., Marsh and Ball
1989; for psychology, see Scott 1974). From
the empirical work that does exist and from
more conceptual accounts, we have reason
to expect there are distinctive STEM subcul-
tures. For example, Snow ([1959] 2012:31—
32) argues that “pure scientists and engineers
often totally misunderstand each other,” and
whereas basic scientists focus on abstract
and causal explanations, engineers are more
“absorbed in making things” and solving
problems. Kuhn (1977:335) states that “such
values as accuracy, scope, and fruitfulness
are permanent attributes of science,” but they
nonetheless vary by time and field. Cetina
(1999) finds that molecular biologists focus
on direct observation and exogenous manipu-
lation, whereas high-energy physicists rely
on indirect observation. Empirically, there
is suggestive evidence of variability among
STEM fields along the applied—basic science
continuum (Barlosius 2019; Terama et al.
2017).

We reason that criteria can vary meaning-
fully between subfields within STEM peer
review because they express differences in
subfields’ respective theoretical and research
problems, sources of evidence, and the
degrees to which they intervene in society
(Kagan 2009:2-3). We expect “applied” engi-
neering fields, such as deep learning and data
science, to show an epistemological style
more oriented toward new tools and methods

that reliably solve problems in ways that
improve on agreed-upon benchmarks. Life
science subfields, such as neuroscience and
genetics, tend to have more basic research.
So, we expect causal accounts that provide
new mechanistic explanations and thorough
falsifications are more salient. Formally, we
expect these dispositions to lead to differ-
ences in the relative salience of epistemic
values:

Hypothesis 1: The relative salience (presence)
of epistemic values varies between engi-
neering and life sciences.

Valuation, Commensuration,
and Partiality

In reviewing submitted works, reviewers are
critics tasked with writing evaluations that
consider a full range of criteria, draw out
positive and negative aspects, and present
balanced accounts that ultimately justify to
the editors the value they see or do not
see (Glonti et al. 2019; Sizo et al. 2019).
If salience describes the epistemic criteria
commonly held among reviewers of differ-
ent fields, then valuation is the social act of
ascribing discrete value to works based on
those criteria.

To justify their recommendations, review-
ers must apply and then construe such cat-
egorically distinct values as “fruitfulness,”
“consistency,” and “scope” on a single latent
scale that summarizes the work’s overall
quality. At stake here is the relative weight
or priority reviewers apply to commensurate
their various value judgments to come to
a reasoned and justifiable recommendation
to the editor (Espeland and Stevens 2008;
Hsieh and Andersson 2021; Lee 2015). From
both classic and contemporary philosophical
accounts of epistemic values in science, we
argue there is important variation between
and within epistemic cultures in these acts
of commensurated valuation. For example,
Kuhn (1977:322-23) relates that some values
are more or less “decisive,” emphasizing that
accuracy may be most indicative of theory
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choice. Yet he emphasizes that other values,
such as consistency and simplicity, also play
prominent roles, depending on the field and
its state of the art.

As a result of commensurated valuation,
all criteria are not equally decisive. We reason
that such partiality in applying these criteria
and attributing value to works is “normatively
appropriate” and not necessarily an indication
of unreliability or bias (Lee 2012). Differ-
ent reviewers have different expertise that
may lead them to different interpretations
of the work and to differential weightings
of criteria. Tangibly for sociologists, editors
may assemble a tableau of reviewers with
complementing expertise in theory, meth-
ods, and knowledge of the subfield to piece
together a composite view of the work under
consideration. Such eclectic constellations of
expertise are a hallmark feature of interdis-
ciplinary panels (Lamont 2015). In settings
where no one reviewer has complete authori-
tative knowledge over all claims made in a
work, it is appropriate that reviewers draw
on their own relevant expertise to present
partial and commensurate recommendations.
Moreover, if criteria were overdetermined
rules (instead of vague values), then any and
every reviewer could arrive at the same deci-
sion; there would be perfect consensus and,
ultimately, no scientific debate or controversy
or need for scientists. Such ‘“algorithmic”
assumptions about choice and values in sci-
entific induction are widely understood as
untenable (McMullin 1982:17). Not only is
this partiality appropriate, but it is necessary
to science.

Much work investigates either review-
ers’ ratings or their evaluative text, but less
sociological analysis has been devoted to
studying both jointly. Some work looks at
semantic variation within criteria, such as
“impact,” and traces whether different defini-
tions lead to higher reviewer scores (Terama
et al. 2017). Other work looks at the sen-
timent of reviewer judgments on various
aspects of research (e.g., “results,” “theory,”
“style”) but is inconclusive about which are
most indicative of reviewers’ overall ratings

(Bakanic, McPhail, and Simon 1989). Other
work explores correlations between criteria
and outcomes in psychology, showing “clar-
ity” is the weakest correlate, and “signifi-
cance of conclusions” the strongest (Marsh
and Ball 1989:159). To our knowledge, no
study analyzes and compares between dif-
ferent fields the value reviewers attribute to
works based on their commensurations. We
argue that not all criteria will be equally rel-
evant to reviewers as they attribute value to
new works, and the priority reviewers place
on different criteria will reflect their own
interpretations of the work.

Hypothesis 2: Reviewers differently commen-
surate epistemic criteria in their ratings.

Power, Plurality, and Uncertainty

Editors play a distinctive yet interdependent
role as gatekeepers (Crane 1967; Siler, Lee,
and Bero 2015). Their decisions depend on
reviewers’ independent and private critiques
and recommendations. But they face uncer-
tainty in these decisions when reviewers
make divergent recommendations based on
differently commensurated value judgments.

Ordinarily, the most expeditious strategy
for editors is to align with reviewer consensus
on a manuscript. In these cases, a unanimous
recommendation from a panel of independ-
ent expert reviewers is a strong signal to the
editor about the manuscript’s quality. But
reviewers are famously “unreliable,” with
many studies finding they rarely agree when
following the same directions to evaluate the
same work (Bornmann et al. 2010; Jayasin-
ghe, Marsh, and Bond 2003; Miller 2006;
National Research Council 1978).

In cases where reviewers’ evaluations and
recommendations diverge, who has the power
to persuade the editor to their side? If the
editor goes against the majority opinion of
acceptance to side with the reviewer who
recommends rejection, they can more easily
maintain the fairness and validity of the eval-
uative process (impartiality, Lee et al. 2013).
Skepticism (Merton 1973) and discretional
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modesty are a ready-made rationale editors
can effortlessly draw on in most cases: “while
there is optimism about the manuscript, there
is also cause for serious concern which makes
this manuscript unacceptable in its current
form.” Conversely, if the editor goes against
the majority opinion of rejection to side with
the odd reviewer who recommends accept-
ance, they face difficulty maintaining the
fairness and validity of the evaluative pro-
cess, even though the reviewers’ positions
are relationally identical. It is more difficult
because the editor needs to actively muster
a convincing, case-specific justification to
go against the majority opinion so as not to
appear arbitrary or partial: “even though there
is a preponderance of doubt and concern,
this particular work shows exceedingly rare
promise because of X, Y, and Z, and there-
fore merits further consideration.” As a result
of this conventionalized imbalance between
equally weighing all views and a skepticism
that errs on the side of caution (and rejec-
tion), the classical adage applies— “When
in doubt, reject” (Zuckerman and Merton
1971:78)—and the editor sides with the nega-
tive reviewer against the positive majority,
but not with the positive reviewer against the
negative majority.

Such asymmetry in the relative power
reviewers have over editors’ decisions has
empirical support and entails mechanisms
beyond the norms and customary rules that
maintain the fairness, validity, and therefore
legitimacy of peer review. One such mech-
anism is the mundane exigencies of pub-
lication in selective STEM journals where
space is scarce: a doubt raised is sufficient
to justify rejection, given there are more
and higher-quality works than space per-
mits. One empirical study of peer review
in cardiology, for example, shows that edi-
tors aggressively exercise this prerogative,
rejecting 99.6 percent of manuscripts when
two of three reviewers recommended doing
so0; yet they still rejected 88.6 percent when
two of three reviewers recommended accept-
ance (see Bornmann and Daniel 2010; Coro-
nel and Opthof 1999). Another mechanism

is conservatism (Luukkonen 2012), which
entails a proclivity to disfavor potentially
novel or groundbreaking works that do not
conform to editorial expectations (Brezis and
Birukou 2020), instead focusing on potential
flaws (Hug and Ochsner 2022; Lane et al.
2022). Still another mechanism is generalized
risk-avoidance (Carson et al. 2022), which
protects the reputation of both editors and
journals.

We argue that all such mechanisms indi-
cate a preponderance of editorial concern
with maintaining the legitimacy (Johnson,
Dowd, and Ridgeway 2006:58; Lee et al.
2013:3) of the peer review process in the
face of divergent recommendations. For most
manuscripts, no individual reviewer has a
commanding influence over the outcome
because the editor either aligns with the full
consensus, when present, or with the par-
tial consensus to reject the work. Yet, if a
reviewer is ever to pull an editor away from
full or partial consensus toward their own
contrarian position, we argue it is only by
making negative value judgments, because
editors, as gatekeepers, treat negatively eval-
uated criteria (“negative modalities”) as cause
for doubt and therefore compelling evidence
to summarily reject (Latour 1987).

Hypothesis 3: Negative reviewer value judg-
ments most influence editors’ decisions.

Each opposing reviewer recommendation
is systematically adduced by a full range of
critically evaluated criteria. When these judg-
ments amount to markedly pluralistic (“unre-
liable” or “inconsistent”) positions among
reviewers of a work (Lamont and Mallard
2005), editors must make their decisions in a
context of epistemic uncertainty. This uncer-
tainty arises because the opposing reviewer
recommendations (reject versus accept)
are warranted with an array of differently
interpreted, weighed, and judged standards
and concerns. For example, a reviewer may
recommend the manuscript proceed to revi-
sion because the empirical design is remark-
ably novel, even if some additional tests and
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controls are wanting; yet, a different reviewer
may recommend just the opposite for the
same reasons, or they may bring in additional
criticisms, perhaps its failure to engage with
the appropriate literatures. The opposing rec-
ommendations, revise versus reject, are thus
underdetermined by the evaluations and may
be considered “on a par” for the editor (Chang
2002; Hsich and Andersson 2021). In other
words, the manuscript’s quality and therefore
the editor’s decision are uncertain.

We argue that epistemic uncertainty is a
structural feature of peer review that intensi-
fies skepticism and correspondingly increases
editors’ proclivity to reject. We argue that edi-
tors do not fully consider and equally weigh
the expanded and pluralistic range of value
judgments that reviewers present to them in
these contexts. Instead, editors double down
on negative evaluations of the work. After
all, manuscripts of truly uncertain quality
likely have a sundry mix of both positive
and negative value judgments. This height-
ened uncertainty elevates the risk of making
a Type I error (publishing problematic sci-
ence), threatens the aims of peer review, and
therefore opens the opportunity for a critical
reviewer to have amplified power over an
editor’s decision.

Hypothesis 4: In contexts of epistemic uncer-
tainty, negative judgments are more influen-
tial on editors’ decisions.

Bias

To the extent that factors outside the epis-
temic content of scientific work drive review-
ers’ and editors’ decisions, peer review will
be biased (Bornmann et al. 2010; Lee et al.
2013). Classic sources of bias include sta-
tus, country of origin, gender, nepotism,
and homophily (Demarest, Freeman, and
Sugimoto 2014; Krieger, Myers, and Stern
2023; Merton 1968; Nielsen et al. 2021;
Smith et al. 2023; Squazzoni et al. 2021;
Teplitskiy et al. 2018; Travis and Collins
1991; Wenneras and Wold 2010). Findings
are notably mixed but suggest bias plays

some role in the peer review process. Addi-
tionally, empirical research overwhelmingly
explores the bias evaluators (reviewers and
editors) have toward the evaluated (authors).
Early work suggests editors may be biased
in their selection of reviewers (Bakanic et al.
1987) and against certain reviewers (Chubin
and Hackett 1990). But based on the lit-
erature concerning bias in peer review and
other decision-making domains, we expect
that bias may play a mixed or marginal role
among reviewers and editors in evaluating
new works (Eagly and Karau 2002; Eagly,
Makhijani, and Klonsky 1992).

Hypothesis 5: Social biases are related to re-
viewers’ ratings and editors’ decisions.

Past work also suggests that uncertainty
in science evaluation and theory selection
perturbs or even disrupts normal, rules-based
evaluation in science (Longino 1983; Macha-
mer and Osbeck 2004; McMullin 1982). For
example, scientists may draw more informa-
tion from the broader social context of scien-
tific practice to aid in decisions and selection.
In the case of peer review, when faced with
a plurality of epistemological positions and
epistemic concerns raised in reviews for and
against acceptance, editors may respond to
cues about who the reviewers are, their own
past experiences collaborating with them, and
reviewers’ expertise and status in the field
in deciding whose recommendation to give
more credence to. Epistemic uncertainty and
ambiguity would not only drive editors to
angularly focus on negative evaluations all
the more (Hypothesis 4), but social biases
would have more of an impact on editors’
final decisions.

Hypothesis 6: In contexts of epistemic uncer-
tainty, social biases are more related to edi-
tors’ decisions.

RESEARCH DESIGN

We conceptualize “scientific advance” in our
study of peer review as whether scientists
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decide manuscripts should be accepted,
revised, or rejected. These value-laden judg-
ments have further downstream effects on
future work and whether science, as a whole,
advances.

Peer Review Data

Our peer review data come from the proceed-
ings of two prestigious venues and represent
one of the most comprehensive datasets of
STEM peer review. These datasets are ideal
because they allow us to look across multiple
disciplines within science and engineering
across time. Such variation enables us to
systematically explore important differences
in epistemic cultures, which likely condi-
tion whether and how value judgments play
a role in the advancement of new scientific
work at various decision junctures. The life
science journal data are particularly ideal
because they enable us to study whether and
to what extent social biases, such as nepotism
and homophily, may shape the peer review
outcome.

Our first source of peer review data comes
from a single-masked, interdisciplinary jour-
nal in the life sciences, which we name “life
sciences journal” (LSJ). Fields within the
scope of LSJ include ecology, biology, global
health, and genetics, among others. These
data contain all identifying information of all
authors, reviewers, and editors, as well as the
text of every review (n = 36,868) of every
manuscript both rejected and accepted (n =
16,096).

LSJ is considered a high-status and selec-
tive journal and has a desk-reject rate upward
of 60 percent; 42 percent of the remaining
submissions are rejected after a first round
of review. Peer review begins after a senior
editor decides to assign a manuscript to a
reviewing editor, who along with one or more
other reviewers then independently write
evaluations of the work distributed across
“major” and “minor” comments. When there
is consensus among reviewing scientists that
the work should advance, they consult to
define a consistent set of required revisions,

which is then shared with authors as an
editorial letter accompanying the individual
reviews. During the period we investigate
(2012 to 2022), the peer review proceedings
were closed, although reviewers were asked
to provide public summaries of the works in
addition to their private evaluations shared
with the authors and editors. We exclusively
analyze the private reviews (both major and
minor comments) before consultation for
manuscripts that have three or more review-
ers, including the reviewing editor. All edi-
tors and reviewers are professional scientists
and well-socialized in their respective fields
as experts. Because of the sensitive nature
of these data, analyses were conducted only
after IRB review and are subject to strict ano-
nymity requirements in reporting through our
data-use agreement with the journal.

The second corpus comes from the Inter-
national Conference on Learning Representa-
tions (ICLR), a double-masked peer-reviewed
computer science conference focused on the
field of representation learning, which is a
branch of artificial intelligence.* The confer-
ence’s scope includes fields from data science
and statistics to speech recognition, robot-
ics, and machine vision. These data contain
the texts of every review (n = 43,785) of
every manuscript (n = 12,626) rejected or
accepted. Area chairs give about 63 percent
of submissions the equivalent of rejections;
the remaining submissions get revised during
a discussion period and allocated to different
parts of the proceedings, with talks represent-
ing the highest “accept” decision (see Part A
of the online supplement).

ICLR is considered a prestigious and
selective conference for Al engineering. Peer
review of submissions is conducted by confer-
ence participants, with area chairs (reviewing
editors) responsible for the final decisions.
Peer review unfolds over distinct phases.
The first is private: reviewers independently
assess the work generally and along dimen-
sions that are varyingly requested from con-
ference to conference. The second phase is
the rebuttal period: authors are offered the
opportunity to respond to reviewer comments
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and requests with a revised submission.
After the rebuttal ends, reviewers and area
chairs consult to make a final decision, with
reviewers sometimes changing their scores in
response to the consultation and revisions.’
Reviewers tend to be much more diverse in
their training and experience compared to
area chairs because they are recruited from
the ranks of submitting participants. ICLR’s
peer review proceedings are fully open and
hosted on OpenReview.net.

We attained permission from the program
chairs and ICLR board members of each con-
ference year to access and analyze the pre-
discussion data, which include unchanged
reviewer ratings and written evaluations.
These data had been open and publicly
available through the API, but they were
subsequently deleted and replaced with the
post-discussion versions. We collaborated
with the OpenReview system administrators
to systematically identify and collect the last
logged version of reviews and ratings before
the opening of the discussion period, which
were remotely stored on an OpenReview
server. Thus, we analyze the pre-discussion
reviews and ratings that reflect reviewers’
independent evaluations.®

Outcomes of Interest: Reviewer
Ratings and Influence

Reviewer ratings. For each corpus, our first
outcome is a reviewer’s quantitative judg-
ment about whether the manuscript should
advance, falling on the ordinal scale of 1
= most probably reject, 2 = revise and
resubmit (probably reject), 3 = revise and
resubmit (probably accept), and 4 = most
probably accept (Bakanic, McPhail, and
Simon 1987:633).

Ratings are explicitly requested from
ICLR reviewers (see Part A of the online sup-
plement). In contrast, LSJ makes no explicit
request for ratings. Instead, LSJ editors
rely on the texts of reviewers’ evaluations,
which often include explicit recommenda-
tions whether to advance the manuscript. To
proxy an ICLR-commensurate score for each

review in the life science journal, we took a
machine learning approach. First, we elected
to use a RoBERTa-based sequence classifica-
tion model (Liu et al. 2019).” RoBERTa is an
open-sourced improvement on the influential
BERT language model (Devlin et al. 2019).
RoBERTa and other transformer models have
been pretrained on millions of publicly avail-
able texts, including the BookCorpus, Wiki-
pedia, and CC-News datasets, to learn rich
language representation. Because our use
case is predicting an ordinal rating on a scale
of 1 to 4 based on evaluative texts, we chose
RoBERTa for Sequence Classification with a
regression head on top. By adding a regres-
sion head, we adapt RoBERTa so that it learns
to map evaluative texts directly to continuous
scores between 1 and 4.

Second, we fine-tuned the pretrained
RoBERTa model using a dataset of ICLR
reviewer evaluations paired with their explicit
ratings, allowing the model to learn the map-
ping from peer reviews to reviewer ratings.
Finally, we predicted LSJ reviewer ratings
with this model. To evaluate its performance
before prediction, we computed several
standard benchmark metrics from qualitative
coding and machine learning. For example,
the high correlation coefficients (» = 0.87 for
ICLR and » = 0.84 for LSJ) indicate a strong
linear relationship between the predicted
and true ratings, and the low RMSE values
(RMSE = 0.55 for ICLR and RMSE = 0.63
for LSJ) demonstrate the model’s accuracy in
predicting ratings close to the actual values.®
We provide more context on how we coded
the LSJ test set in Part A of the online supple-
ment. We also conduct sensitivity analyses to
assess the effects of measurement error on our
results, finding that our conclusions remained
robust despite potential inaccuracies intro-
duced by the classifier (see Part R1 of the
online supplement). We discuss measurement
error and noise introduced by classifiers in
the limitations section.

Reviewer influence. The second out-
come we seek to explain is the relative influ-
ence a reviewer has over an editor’s decision.
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Whereas the first outcome concerns what
goes into a reviewer’s own valuation, this
second outcome concerns the extent that edi-
tors are relatively persuaded against the con-
sensus (i.e., the average opinion of the others)
by what an individual reviewer voices in their
review.” With this second outcome, we try
to observe how value judgments and epis-
temic culture can be consequential for shap-
ing real outcomes in peer review. To measure
a reviewer’s relative influence, we proceed in
three steps.

First, we compute the absolute difference
between each reviewer’s rating and the aver-
age reviewer rating for each manuscript. This
difference indicates how closely a reviewer
aligns with other reviewers. A smaller abso-
lute difference indicates greater similarity
among the reviewer and the other reviewers,
whether they all agree to reject or accept. Cor-
respondingly, a reviewer’s similarity with the
other reviewers indicates their lower potential
to influence the editor, relative to the other
reviewers. In this step, we essentially observe
the distinctiveness of the focal reviewer from
the others in terms of their valuation of the
manuscript.

Second, we compute the absolute differ-
ence between the reviewer’s rating and the
editor’s decision. A smaller absolute dif-
ference indicates that an editor’s decision
is closely aligned with a given reviewer’s
recommendation. Correspondingly, greater
alignment indicates greater potential that the
editor was influenced by the reviewer; in con-
trast, editors who made a decision opposite
from what the reviewer recommended are
less likely to have been influenced by that
reviewer. In this step, we essentially observe
the alignment of the focal reviewer with the
editor.

Finally, we take the difference between
these two absolute differences and standard-
ize it to have a mean of zero and a standard
deviation of one. This final measure captures
how much a reviewer’s own recommenda-
tion pulled the editor’s decision away from
the consensus of the other reviewers’ recom-
mendations. In this final step, we constrain

the measure of influence to be negative or
zero when the focal reviewer’s rating is the
same as the consensus or when it is opposite
the editor’s final decision. Conversely, we
constrain it to be positive when the focal
reviewer’s rating is different from the consen-
sus but similar to the editor’s final decision.
In summary, our influence measure expresses
an individual reviewer’s influence, netting
out consensus.

Predictors

Epistemic value judgments. Our main
argument concerns the epistemic value
judgments reviewers bring to bear in their
evaluations of a manuscript, and how these
judgments influence editors’ final decisions.
Historically, observing such judgments has
been empirically untenable due to the hidden
character of peer review. Empirically, observ-
ing these judgments demands a machine
learning approach due to the sheer size of
our corpora (millions of sentences). Because
we have the text data corresponding to all
evaluations, we can computationally dis-
cover, observe, and measure these judgments
and study their relationship with review out-
comes. To do so, we first defined an epistemic
value judgment as a composite of (1) an
evaluative statement (i.e., positive or nega-
tive) and (2) the epistemic criterion or value
being evaluated (e.g., novelty).

We consulted the philosophical and soci-
ological literature on theory selection and
scientific (e)valuation to identify a set of
canonical epistemic values (Kuhn 1977;
Lamont 2015; McMullin 1982). Then, we
drew on previous work in natural language
processing (Kennard et al. 2021; Yuan, Liu,
and Neubig 2022) to identify training data
(i.e., DISAPERE and ReviewAdvisor) with
labels of the epistemic criteria and the sen-
timent/polarity with which they are cited
in reviewer evaluations. Table 1 shows the
reviewer criteria labeled in the training data
as they proxy Kuhn’s epistemic values.

Generally, we can loosely proxy each
of Kuhn’s epistemic values, although with
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Table 1. Kuhn’s Epistemic Values for Theory Selection as Proxied by the Review Criteria

Available in Training Data Sources

Example Review

Proxy Label*  Epistemic Value® Merit Criterion® Sentence!
Accuracy Accuracy Soundness/Correctness
Does it agree with the Are the claims, conclusions, and “However, I also believe that
results of experiments interpretations in the paper there are some significant
and observations? convincingly supported by the data and ~ flaws in the experimental
(experimental) design? Is the approach design and interpretation
soundly executed? that weaken the study.”
Clarity Simplicity Clarity
Does it bring order For a reasonably well-prepared reader, is “The quantification of X in
to phenomena that it clear what was done and why? Is the terms of hours post-Y is
would otherwise be study explained clearly? Is the paper somewhat confusing.”
isolated, confused, or well-written and structured?
incoherent?
Consistency Consistency Meaningful Comparison
Is it consistent with itself ~Are the comparisons to prior empirical ~ “Please justify why X was
but also with other and theoretical work sufficient? Are these  given in Y once per day
currently accepted comparisons carried out well and fair? instead of continuously
theories applicable in Z per the standard
to related aspects of paradigm in the field.”
nature?
Novelty Fruitfulness Originality
Does it reveal new Are there new topics, technique, “This is a big topic of interest
phenomena or methodology, or insights? to many groups studying
previously unnoted development and cell
relationships among biology.”
those already known?
Scope Impact
Does it extend far Does the paper address an important
beyond the particular problem? Are other people
observations, laws, (practitioners or researchers) likely to
subtheories it was use these ideas or build on them? Is the
initially designed to paper a good fit for the venue?
explain?
Replicability Replicability
Are there sufficient details to verify “In fact, the entire
the correctness of the procedures? Is description of the surface
the supporting dataset or software area calculation is a single
provided? Is it easy to reproduce/ sentence at the end of the
replicate the results? methods, providing no
details, making it difficult
for others to replicate the
methods.”
Thoroughness Substance

Does the paper contain substantial
experiments to demonstrate the
effectiveness of proposed methods? Are
there extensive analyses and rigorous
controls? Does it contain meaningful
ablation or sensitivity studies? Have
authors considered alternative
explanations?

“Such data would strengthen
the authors’ conclusion
that ‘X specifically controls
local Y’ (line 144).”

aFor each criterion, we chose a proxy label that jointly expresses its epistemic and merit definitions, hewing more
closely to merit definitions, which guided human annotation of the training data.
"We adapted Kuhn's (1977:321-22) definitions following his discussions of epistemic values for theory selection.
¢Annotation guidelines for the ReviewAdvisor (Yuan et al. 2022) and DISAPERE (Kennard et al. 2021) training data are
adapted from the Association for Computational Linguistics (ACL) 2018 reviewer rubrics and further adapted here as

we generalized to the life sciences.

dExamples are drawn from the human-labeled ICLR and LS]J training datasets to illustrate the focal value judgment.



Smith et al.

891

qualifications. First, his notion of simplicity,
which best represents adductive parsimony,
is closest to but still conceptually distinct
from our measure of clarity. Nonetheless, we
treated clarity as a proxy because, when anno-
tating, we often observed that “unclear” or
“not clear” jointly indicated reviewers’ judg-
ments of the coherence and elegance of the
research design and its written presentation.
In the actual data and in the criterion’s defini-
tion, this distinction is underspecified. Sec-
ond, we combined notions of scope/impact
with fruitfulness/originality because “ground-
breaking” work was often defined by both its
novelty and its ability to define new research
avenues and applications; in other words,
reviewer judgments of the scope and impact
of a work (or lack thereof) were warranted by
assessments of its fruitfulness/originality.

The ReviewAdvisor and DISAPERE data
together contain over 273,992 peer review
sentences from ICLR, each labeled for the
presence of these various epistemic crite-
ria. Because these represent only engineer-
ing, we augmented these training data with
an additional 8,500 sentences from LSJ
that we labeled using a standardized cod-
ing protocol after iteratively calibrating our
judgments. This was essential for domain
adaptation from machine learning to the
life sciences. Table B1 in the online sup-
plement reports our Cohen’s kappa among
human annotators for each criterion. We
augmented these training data with an addi-
tional 5,000 review sentences generated by
prompting OpenAl’s GPT-4 with domain-
specific cues. Table B2 depicts examples
from GPT-simulated review sentences,
which we closely read in conjunction with
authentic human sentences in both of our
corpora. We validated these augmented data
by having a human annotator choose labels
for a set of blinded simulated sentences
based on the GPT-4 prompts, and we then
compared human labels with GPT labels
(f1 = 0.86). These data also contained labels
for the sentiment of the evaluative sentence:
positive, negative, or neutral (see Parts B
and R7 of the online supplement).

Finally, to measure value judgments in
our data using these two training corpora, we
fine-tuned RoBERTa models on the two tasks
(average F1 for values across both corpora =
0.800; for polarity = 0.880; see Table B4 in
the online supplement). Then we used each to
predict both components of the value judg-
ment in each sentence. Finally, we combined
components and aggregated up to the review-
level by summing the total sentences of each
value judgment per the definition in Table 1.

Editorial Uncertainty

We measure editorial uncertainty using the
epistemic content of reviewers’ written evalu-
ations, not variance in their ratings. This is
for technical and substantive reasons. Tech-
nically, our measure of reviewers’ relative
influence on editors already nets out the rela-
tive alignment (consensus/dissensus) among
their recommendations. If we were to mea-
sure editorial uncertainty based on variance
in reviewer ratings, we would be selecting
manuscripts based on our outcome of influ-
ence, thereby upwardly biasing our estimates.
Substantively, the sociological and philo-
sophical literature underscores that variance
in ratings is principally driven by review-
ers’ pluralistic epistemic viewpoints in their
evaluations (Lee 2012:865). From the editor’s
perspective, these divergent positions make
any recommendation divergent from the con-
sensus underdetermined and thus elevate the
uncertainty about quality. Therefore, to mea-
sure this uncertainty, we focus on the evalu-
ations, not the recommendations themselves.

To do this, we measure the epistemological
positions each reviewer takes on a given man-
uscript and represent their review as a multi-
dimensional vector comprising the 12 distinct
value judgments (6 criteria X 2 for positive
and negative). The value of each dimension is
the observed number of sentences in which a
reviewer takes the respective position in their
evaluation. Then, using cosine similarity, we
compare each pair of reviewers’ epistemo-
logical positions, rendered as review vectors
projected into this 12-dimensional epistemic
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space, and then average these pairwise cosine
similarities to create a summative statement
of the degree of alignment among reviewers’
epistemological positions on the manuscript.
We define consensual manuscripts as those
whose reviewers’ evaluations are in the top
quintile of similarity; these represent relatively
more certain, determined cases for the editor.
We define dissensual manuscripts as those
whose reviewers’ evaluations are in the bottom
quintile of similarity, and these represent rela-
tively uncertain, underdetermined cases for the
editor (see Part C of the online supplement).

Social Biases

Social bias is a persistent concern in peer
review. We measure bias in LSJ reviewer-
author and editor-reviewer relations. These
are not observable in ICLR because it is fully
anonymized.

Gender. Authors and reviewers may
write differently based on their gendered
socialization and professionalization, and
this may systematically lead to variation in
how work is reviewed (Flaminio et al. 2022).
Editors may also place different weight on
reviewers’ input due to reviewers’ gender—
or because of their own gender (Eagly and
Karau 2002). We use genderize.io to clas-
sify the gender conventionally signaled by
the pen-names of scientists. Importantly, this
classifier was trained on a polyglot corpus
of names, so there are no systematic biases
introduced when names are not overtly from,
for example, Anglo-American contexts. Prob-
abilities that fell within the range of 0.35 to
0.65 we treated as gender neutral. We use
dichotomous measures indicating the review-
er’s first name is conventionally female (see
Parts D and R3 of the online supplement).

Place. Authors and reviewers from
places contextually (culturally) more simi-
lar to LSJ’s (i.e., Anglo-American countries)
may, on average, write more conformably and
therefore “better” (i.e., in standard English).
Editors may also place more weight on these
reviewers compared to others because of their

conformability and higher cultural alignment
(Demarest et al. 2014; Smith et al. 2023). The
reverse is likely for the opposite reasons. For
the LSJ corpus, we measure place of origin
dichotomously, with a 1 indicating the scien-
tist (reviewer, editor, or author) writes from
an institution outside the United Kingdom,
United States, Canada, New Zealand, Aus-
tralia, or South Africa (Anglo-U.S. context)
(see Part E of the online supplement).

Reviewer status. Different reviewers
occupy different positions in the global net-
work of science with respect to their relative
scholarly preeminence among other scientists.
Field-theoretic accounts underscore how dif-
ferent positions in this social structure corre-
spond to differences in resources and power,
which in turn enable them to have a com-
manding influence over such matters as deter-
mining who and which work is recognized or
“consecrated” (Lamont 2012). In particular,
reviewers with higher status may evaluate
work differently (Gallo, Sullivan, and Glisson
2016), and editors may trust and be influenced
by such reviewers more than others with com-
paratively lower status. We use two indicators
of reviewer status, measured as their relational
positions in the global field of science. The
first indicator is the extent to which other
scientists cite a reviewer’s published works,
proxying both their renown and their work’s
centrality in the field. To compute this, we
first construct a network graph with scientists
as nodes and draw weighted directed edges
between them, indicating if and how often
they cite each other (see Part F of the online
supplement). We then compute the in-degree
centrality of the reviewer. The second indi-
cator is the extent to which the reviewer is
collaborative with other scientists. To com-
pute this, we draw weighted undirected edges
between scholars, indicating if and how often
they co-author papers together. Then, we com-
pute the degree centrality of the reviewer.
Because these variables are collinear with
variance inflation factors > 10, we create and
standardize a latent factor summarily describ-
ing the reviewer’s status based on these vari-
ables (see Part G of the online supplement).
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Collaborative proximity. We next dou-
ble down on the interrelationships of scien-
tists and how that might have a commanding
influence on the final editorial outcome
(Sandstrom and Haéllsten 2008). We identify
four indicators that proxy the collaborative
proximity (i.e., nepotism) of reviewers and
first authors, as well as between editors and
reviewers (see Part F of the online supple-
ment), and we then create a standardized
composite measure (see Part G of the online
supplement). The first indicator is their total
collaborations. The second is the total num-
ber of shared collaborators, and the third is
the unique number of shared collaborators.
Finally, the fourth indicator is constructed
using the embeddings from the Node2Vec
algorithm on the collaboration graph (Grover
and Leskovec 2016). This indicator measures
how similar the two scientists’ communities
of collaborators are. We create and stand-
ardize a composite measure describing this
collaborative proximity for each reviewer-
author and editor-reviewer dyad as a proxy
of nepotism.

Citation proximity. Next, we measure
the extent to which scientists are intellectu-
ally similar (Travis and Collins 1991), as
self-similarity is highly related to personal
preference and attachment (McPherson,
Smith-Lovin, and Cook 2001). In particular,
reviewers may be partial to work similar to
theirs, and editors may be especially per-
suaded by reviewers who share similar per-
spectives or work in adjacent areas because
they mirror their own understanding, inter-
pretations, and scientific habitus (Bourdieu
1974, 1988). We use four indicators that
proxy the homophily among scientists (see
Part F of the online supplement) to create
a standardized composite measure (see Part
G of the online supplement). The first two
indicators are frequencies one scientist cites
the other’s work and vice versa, indicating
the relative importance of one’s work for the
other (i.e., how many times a reviewer may
cite a first author). The third is the number of
works the scientists co-cite, indicating shared

problem areas. The fourth indicator is the
similarity of scientists’ cited works, indicat-
ing the extent to which they work on similar
research problems and topics.

Additional controls. Epistemic val-
ues expressed in reviewers’ evaluations are
wrapped with textual artifacts. These may
influence an editor above and beyond social
biases. Therefore, we control for the review’s
politeness and readability (see Part H of the
online supplement), although we do not report
these in the main results. Review length is
collinear with frequency of value judgments,
so we controlled for it by dividing each value
judgment by the total number of sentences
in the review to represent them as relative
proportions (e.g., 0.09 means 9 percent of a
review’s sentences).

Analytic Strategy

We approach these observational data through
rigorously controlled analyses and do not
present causally identified parameters. Due
to this design, our estimates are necessarily
correlational, and our controls help us obtain
less biased estimates but do not fully rule
them out.

In terms of both corpora, our construction
of the dependent variable measuring reviewer
influence is, by design, a direct violation
of the independent and identically distrib-
uted assumption of OLS, as values for one
reviewer are systematically related to values
of the others. Moreover, we do not explicitly
measure various dimensions of the submit-
ted manuscripts or ascribed characteristics
of their authors (Bakanic et al. 1987), both
of which are likely to make reviews of any
one manuscript more similar than reviews
of different manuscripts. Additionally, these
manuscript and author characteristics drive
editor decisions. Leaving them out would
bias our estimates of reviewers’ ratings and
influence on editors. Therefore, we account
for the violation of OLS assumptions by
fitting panel regression models with manu-
script fixed effects to our observational data.
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Table 2. Reviewer Valuations (Ratings), Editor Decisions, and Reviewer Influence for All

Manuscripts
ICLR LSJ

Mean SD Min. Max. Mean SD Min. Max.
Reviewer rating 2.390 .660 1.000 4.000 2.580 .960 .980 4.150
Editor decision 1.470 .700 1.000 4.000 1.880 .750 1.000 4.000
Ed. decision = .190 .390 .000 1.000 .180 .390 .000 1.000

Avg(Rev. rating)

Reviewer influence .000 1.000 -3.500 3.810 .000 1.000 -3.540 3.200
N manuscripts 12,626 16,096
N reviews 43,785 36,868
N sentences 1,276,216 1,188,409

Manuscript fixed effects statistically control
for observed and unobserved confounders
related to the manuscript, including the man-
uscript’s content and characteristics of its
authors, as well as reviewers’ evaluations of
its epistemic merit, their ratings, and their
influence on editors. We fit a taxonomy of
nested fixed-effects panel regression models
to test our research hypotheses, which take
the general form

Yim = Oy +ﬂxrm +grm’

where y is either reviewer 7 ’s rating or their
influence on the editor for manuscript m, a
is the manuscript fixed effect, x is a vector
representing question predictors and con-
trols, and € represents the idiosyncratic error
term.'® We standardize all reported regression
coefficients, which can be interpreted as on
average, a standard-deviation increase in
the proportion of sentences a reviewer makes
about <epistemic value judgment> corre-
sponds to a change in their <dependent vari-
able> of <coefficient> standard deviations.

FINDINGS

Reviewer Recommendations
and Editorial Decisions

Table 2 reports statistics on the review out-
comes for ICLR and LSJ; this includes

reviewers’ valuations, editorial decisions, and
reviewers’ influence on those decisions. For
both venues, reviewers’ valuations (ratings)
are higher than editors’ decisions by nearly
a full point, which ordinally corresponds to a
different decision altogether (~2.5 = revise &
resubmit, leaning accept versus 1.5 = reject,
leaning revise & resubmit). This difference
means editors are, on average, more discrimi-
nating and less sanguine about manuscripts
reflecting their role as gatekeepers.

The statistics in Table 2 do show more
variation among reviewer ratings, on average,
in LSJ. Life science reviewers in our venue
tend to diverge in their recommendations
more often than do engineers (0.960 ver-
sus 0.660), suggesting more “unreliability.”!!
The two venues have comparable ranges of
reviewer influence, indicating that editors
tend to be similarly responsive to reviewers’
recommendations. Editorial alignment with
reviewer consensus is relatively rare in each
corpus. The editor’s decision is identical to
the reviewer consensus for only 19 and 18
percent of manuscripts in ICLR and LSJ,
respectively. Such lack of consensus means
there are far more cases where reviewers have
the potential to influence the editor.

The Salience of Epistemic Values

We start descriptively by comparing the
relative salience of epistemic values among
engineers and life scientists in Table 3 and
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Table 3. Describing Salience: Distribution of Epistemic Value Judgments in ICLR
(n = 43,785 reviews) and LSJ (n = 36,868 reviews)

ICLR LSJ]
Epistemic Value Diff. in
Judgment Mean SD Min. Max. Mean SD Min. Max. Means
Accuracy (-) .077 .066 0 .750 .130 .089 0 833  —.053%**
Clarity (=) .083 .091 0 .857 .101 .092 0 .857  —.018%**
Consistency (-) .025 .040 0 571 .023 .036 0 .500 .0027%**
Novelty (-) .070 .068 0 1.000 .025 .045 0 .800 .045*%*
Replicability (-) .016 .031 0 417 .023 .037 0 474 —.007**F
Thoroughness (=) 120 .082 0 714 .169 104 0 833 —.049%**
Accuracy (+) .021 .035 0 400 .022 .039 0 .800  —.001***
Clarity (+) .026 .036 0 429 .009 .026 0 .545 .017%**
Consistency (+) .004 .014 0 .333 .004 .015 0 .333 .000
Novelty (+) .072 .069 0 .800 .048 .058 0 .700 .024%**
Replicability (+) .004 .012 0 .250 .001 .007 0 .200 .003%**
Thoroughness (+) .031 .043 0 .500 .017 .035 0 .667 .014%**
No judgment 451 137 0 1.000 428 134 0 1.000 .023%%*
N sentences 29.147 14.959  4.000 122.000 32.237 17.992 5.000 105.000 -3.090%**

Note. *** differences are statistically different from zero at the alpha = 0.001 level based on
independent two-sample t-tests of differences in means with unequal variance.

Figure 1. For both groups of reviewers, about
half the review is dedicated to epistemic
value judgments (the other half accounts for
text that structures and summarizes the manu-
script without evaluations). These central
tendencies and variation in the evaluative text
highlight the relative salience of value judg-
ments within and between these two venues.
The table and figure illustrate how frequently
reviewers independently cite these concerns.

We note three general features of these
distributions. First, while all ICLR-LSJ dif-
ferences are statistically different from zero,
none are substantially large in terms of the
relative attention given to them. All are less
than 0.100, meaning a difference amount-
ing to fewer than 10 percent of an average
review’s sentences. The most salient and least
salient concerns are the same in ICLR and
LSJ: thoroughness (-), accuracy (—), and clar-
ity (—) versus replicability (+) and consist-
ency (+). The tight distribution of the average
salience of each concern along the y=x
line in Figure 1 (r = 0.889) suggests, over-
all, there is more alignment than divergence
between these venues in terms of the salient

values they frequently raise. These results are
inconsistent with our expectations set out in
Hypothesis 1, which advanced the idea that
the fields would be more dissimilar than simi-
lar. Second, LSJ and ICLR reviewers tend to
raise doubts, questions, and concerns more
than they tend to praise the works. Although
we did not expect this result, it corroborates
past work that finds a preponderance of nega-
tivity in reviews and suggests peer review
in both fields generally skews skeptical and
critical (Bordage 2001). Third, there is great
variance in the concerns reviewers raise. The
standard deviations across the criteria within
and between fields are neither the same nor
very small. This variation suggests reviewers
regularly depart from field norms (the central
tendencies) and are very partial in their treat-
ments of the criteria (Lee 2015).

To illustrate, Figure 2 reproduces two
reviews that highly load on the commonly
salient epistemic values of thoroughness (-),
accuracy (—), and clarity (-). Both reviewers
take issue with the accuracy of the claims
made and the thoroughness of the inves-
tigation, while repeatedly asking for more
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1. Accuracy (+)

2. Accuracy (-)

3. Clarity (+)

4. Clarity (-)

5. Consistency (+)

6. Consistency (-)

7. Novelty (+)

8. Novelty (-)

9. Replicability (+)
10. Replicability (-)
11. Thoroughness (+)
12. Thoroughness (-)

0.20

0.15

ICLR
Frequency of Value Judgment

0.10
8 7
0.05
g ‘%
]
0'0(5).?%) 0.05

Frequency of Value Judgment

r=.889
12

0.10
LSJ

0.15 0.20

Figure 1. Describing Salience: Proportion of Total Sentences (Salience) in which ICLR
versus LS] Reviewers Cite Epistemic Criteria in Their Written Evaluations

Note: Both axes represent the ratio of total sentences that reviewers cite each criterion (1 to 12) in

their evaluations. The diagonal line represents identical salience between fields. The off-diagonal line
represents differential salience. Engineers (ICLR) and life scientists (LS]) find accuracy+ (marker 1)
equally salient, but life scientists find thoroughness— (marker 12) twice as salient (even as it is also most

salient for engineers).

clarification. In the ICLR text, the reviewer
takes issue with the paper’s central claims;
they argue that the experimental results are
not sound evidence, offering alternative inter-
pretations of the reported results. Moreo-
ver, the reviewer states the experiments
were unclear (“puzzling”) and the protocol
“flawed.” In the LSJ text, the reviewer seems
more sanguine (“could enthusiastically be
accepted”), but then itemizes several con-
cerns about whether the reported data warrant
the paper’s main conclusions. Importantly,
these are not framed as unsound evidence,
just insufficient (“there is not a great deal
of evidence to support . . .”). Still, the LSJ
reviewer, like the ICLR reviewer, questions
the soundness of the approach (“Methods and
results seem to conflict”) while also asking
for clarification on key points. Both examples
show the under-specification of “clarity” we
use to proxy Kuhn’s value of “simplicity.”
Here, reviewers draw on clarity to express

a need for coherence in experimental design
(“I find the experimental design puzzling”)
and straightforwardness of the report (“clearly
shown”; “the . . . appearstobe ... + ...+ ...
which one and how much?”).

How Reviewers Commensurate
Epistemic Values

When a reviewer evaluates a manuscript, they
make an array of value judgments and then
prioritize these to make a recommendation to
the editor. Not all possible criteria are applied
in their review, and those that are raised are
not equally weighted in their recommenda-
tion. Which criteria matter most, and do
engineers and life scientists differ in how they
attribute value to works based on these com-
mensurated criteria?

Table 4 reports empirical tests address-
ing these questions. The first column for
each field shows the baseline model with
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ICLR

LSJ

This paper sets up a couple discrete communication games
in which agents must communicate a discrete message in
order to solve a classification task. The paper claims
that networks trained to perform this case show a tendency
to use as little information as necessary to solve the
task.

I vote to reject this paper.

The experiments are not very interesting and I don't at
all agree with the assertion of the paper. The paper
claims the networks use only the entropy necessary to
solve the task, but there are two main problems with this
assertion. (1) their own experiments don't support this
all that strongly, as in the limit of few hidden bits
(left half of the x axis in Figure 1), the networks all
had noticeable excess information, and (2) and perhaps
most damning the paper applies entropy regularization on
the sender during training? Could it perhaps instead be
the fact that the entropy of the sender was penalized as
an explicit regularization term that the entropy of the
senders messages tended to be small?

I also find the experimental design puzzling. Why both
reinforce and the 'stochastic computation graph' approach?
Treating the receiver's output as binary and stochastic
without using the log loss of the bernoulli observation
model is just giving up on a good gradient as far as the
receiver is concerned.

The experiments done are much to simple and the protocol
flawed.

The second set of experiments in Figure 3 were not left to
converge, so I'm not sure how we can derive a great deal
of insight. Additionally, relaxing the gumbel softmax
channel to being continuous rather than discrete
technically ruins any argument that there is an entropy
bottleneck present anymore, as theoretically even a single
dimensional continuous signal could store an arbitrary
amount of information. If the paper wanted to, it could
have upper bounded the mutual information between the
input and the message using a variational upper bound.

This is a very important topic and could be a very exciting
discovery. However, several points should be clarified
before the authors' conclusions could enthusiastically be
supported:

1 - Whilst has been clearly shown here, there is not
reat deal of evidence to support the fact that these
are | rather than (Supp Fig is

particularly surprising). Greater supporting evidence is
therefore needed to show that the is indeed a bona
fide | . I suggest a series of panels with simple
comparisons made between [ and negative controls [11
ever by:

2 - Proof of : A putative could be demonstrated
if the were functionally comparable to gold standard.
Why not try taking ["" and the new -—> subjecting
to same [...] and then evaluating function:

These may help alleviate the unfortunate cracks appearing
in the hypothesis as a consequence of the disappointing
experiments.

3) Clarification on

: Methods and results seem to
conflict ... were all the

derived from or it
?

worked on = too? how about |

4) Clarification on : the appears to be +
+ ——> which one and how much? why so much

and ?

dnhibit [, what happens if you take out ii? how
different is this i o WD - .. see comments at

beginning - are you just ?

Figure 2. Two Reviews from ICLR and LSJ Showing Alignment in the Salience of Accuracy
(=) (Yellow), Clarity (-) (Blue), and Thoroughness (-) (Red)

Note: Text is highlighted in color in the online version.

only manuscript fixed effects. The variation
explained in reviewers’ ratings by these mod-
els is attributable to the manuscript’s unob-
served and unobservable characteristics (e.g.,
its quality). We expect most of the variation to
be explained by the work itself and interpret
high R-squared values as strong indications
that reviewers’ ratings are tightly coupled
with the work they evaluate. The second
column for each field reports the full array
of value judgments present in evaluations, so
the effects of one value judgment are net of
having made the others. The additional vari-
ation explained by these models is specific
to reviewers’ reasoning and interpretations
of the manuscript. The third column for LSJ
includes indicators of social bias.

When we include reviewers’ value judg-
ments, the proportion of overall variation
explained in their reccommendations increases
by 17.2 and 16.9 percentage points, respec-
tively, over the baseline models with just
manuscript fixed effects for ICLR and LSJ.

And we explain about 30 to 36 percent of
the variation in recommendations between
reviewers of the same manuscript (“within
R-squared”). We interpret these values to
mean our models are telling a substantial
part of the story about how reviewers ascribe
value to new works.'?

Unambiguously, reviewers in our two ven-
ues align in their valuative acts. The tight,
linear distribution of coefficients along the
y=ux line in Figure 3A strongly indicates
(r = 0.957) engineers and life scientists in
these venues similarly commensurate vari-
ous criteria. This finding is consistent with
the similarity in the relative salience and
provides further evidence against our expec-
tation that reviewers in different fields would
differ (Hypothesis 1). For engineers in ICLR
and life scientists in LSJ, whether negatively
or positively evaluated, what matters most
is whether the work is sound (accuracy) and
original (novelty), net of all other value judg-
ments. To put the standardized coefficients
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Table 4. Explaining Valuation: Panel OLS Fixed-Effects Regression Results Explaining
Reviewer Ratings as an Outcome of Epistemic Value Judgements and Social Biases among all
Manuscripts for ICLR and a Life Sciences Journal (LS])

ICLR LSJ]

Overall R-squared 426 .598 .531 .700 .700

Between R-squared .000 424 .000 474 478

Within R-Squared .000 .299 .000 .361 .361

N reviews 43,785 43,785 36,868 36,868 36,868

N manuscripts 12,626 12,626 16,096 16,096 16,096

Epistemic Judgments
Accuracy (-) —.134*** (,005) —.237%** (.006) —.238%** (.006)
Clarity (-) —.044%** (,005) —-.007  (.006) —-.008  (.006)
Consistency (=) —.106%** (.005) —.070*** (.005) —.070%** (.005)
Novelty (-) —.219%** (.005) —.217%** (.006) —.217*** (.006)
Replicability (-) —.027*** (,005) —.020%** (.005) —.020%** (.005)
Thoroughness (-) —.056%** (.005) —.047%** (,006) —.047%** (,006)
Accuracy (+) .097*** (.005) .155%** (.006) .155%** (.006)
Clarity (+) .106*** (.005) .101%** (.006) .102*** (.006)
Consistency (+) .044*** (,005) .038*** (,006) .038*** (,006)
Novelty (+) .253%** (,005) .233%** (,006) .232%** (,006)
Replicability (+) .009*  (.004) .014*  (.006) .014*  (.006)
Thoroughness (+) .132*** (,005) .108*** (.006) .108*** (.006)

Social Biases
Author-reviewer citation
proximity
Author-reviewer
collaboration proximity
Non-Anglo-U.S. reviewer
High-status reviewer
‘Woman reviewer

.020*  (.009)
008  (.007)
—.018** (.005)
—.014* (.006)
—.000 (.005)

Note: Models include manuscript (and thereby author) fixed effects; baseline (null) models include only these,
which account for the variation explained. Manuscript-clustered standard errors appear next to standardized
coefficients. Epistemic value judgments are first scaled by the total length of the review (n sentences) and are
proportions. LS] models include the politeness and readability of the review as controls.

*p < 0.05; **p < 0.01; ***p < 0.001 (two-tailed tests).

on novelty (-0.217 and —0.219 for ICLR and
LSJ) in terms of real points: if the reviewer
were to spend one-standard-deviation longer
in terms of review length critiquing nov-
elty, on average, that would correspond to a
decrease in their rating by about 1.1 points
in ICLR and 2.1 points in LSJ."* This is
sizeable: it is more than enough to change
their recommendation from “accept” (= 4) to
“revise & resubmit” (= 3 or 2).

We also see some concerns are not as
decisive for reviewers’ recommendations: for
example, replicability (—/+) and, unexpect-
edly, thoroughness (—) and clarity (). Recall

that these latter two criteria were the most
salient in evaluations (Table 3), yet they are
the least decisive in recommendations. This
weak effect is also highlighted in Figure 3B:
markers 4 and 12 (clarity— and thorough-
ness—) are among the farthest from the origin
in terms of x (salience) but are substantively
zero in terms of y (effect on recommen-
dations). Holistically, the large variation in
coefficient magnitudes seen up and down
Table 4’s columns is strong evidence that
reviewers commensurate their value judg-
ments, placing far greater weight on some
(accuracy, novelty) over others (clarity). This
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A
0.3

1-Accuracy (+)
2—Accuracy (-)

3—Clarity (+)
4—Clarity (-)
5—Consistency (+)
6—Consistency (-)
7-Novelty (+)
8-Novelty (-)
9-Replicability (+)
10-Replicability () 1
11-Thoroughness (+)

12-Thoroughness (-)

ICLR
Predicted Rating

129

r=.957 7

v1)
o
2

<

ICLR
Predicted Rating
o
°

0301 0.04 0.09 0.14 0.19

LsJ
Predicted Rating
o
°

033 0.0

LSJ
Predicted Rating

0.3 8 2

_0—'-%01 0.04 0.09 0.14 0.19
Frequency of Value Judgment

Figure 3. Explaining Valuation: The Strength of Reviewers’ Value Judgments in Predicting
Their Recommendations in ICLR versus LS] (Panel A) and versus Their Respective Salience

(Panel B)

Note: In Panel A, both axes represent the magnitudes of coefficients from Table 4. The diagonal line
represents identical predictive strength. The off-diagonal line represents differential strength. So,
replicability+ (marker 9) is equally unimportant to engineers (ICLR) and life scientists (LSJ), but
accuracy— (marker 2) is relatively less decisive for engineers and more decisive for life scientists.

In Panel B, the y-axes measure coefficient sizes, and the x-axes measure the ratio of total sentences
reviewers cite each criterion in their evaluations. So, for life scientists (bottom plot), thoroughness—
(marker 12) is cited very frequently but is not decisive in their overall recommendations.

commensuration reveals that salient criteria
are not always decisive and is evidence in
support of Hypothesis 2.

We analyze differences between ICLR and
LSJ in Table 5, where we report the results
of Wald tests comparing coefficient magni-
tudes from Table 4 and Figure 3. Generally,
the differences are neither substantively large
nor significant. Of those that are, most cor-
respond to epistemic value judgments that
are not decisive in reviewers’ recommenda-
tions (clarity—, consistency—). For engineers
in ICLR, clarity— tends to be relatively more
decisive (d = 0.024 points = 0.037 SD X
0.66 points/SD), whereas accuracy— tends
to be more decisive for life scientists in LSJ
(d = 0.021 points = 0.237 SD X 0.089
points/SD). In terms of real points, however,

the differential effect is not large enough to
convince an editor in one venue to choose
differently than an editor would in the other
venue.

Turning to the LSJ columns in Table 4, we
see evidence that reviewers are slightly more
favorable in their evaluations of manuscripts
whose authors are closer to them in cita-
tion networks, a rough proxy of intellectual
homophily. Comparatively, the strength of
this relationship (0.020) compensates for any
concerns raised about the work’s replicability,
but it is an order of magnitude (10x) smaller
than the average hit a manuscript takes when
reviewers are concerned with accuracy and
novelty. We also find evidence corroborat-
ing prior research that high-status review-
ers tend to be, on average, slightly harsher
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evaluators (Gallo et al. 2016). And we find
reviewers outside the Anglo-American con-
text tend to be slightly harsher. Nonetheless,
comparing the second and third LSJ columns,
we see the inclusion of reviewer-author bias
metrics has virtually no effect on variation
explained, nor are the coefficients on their
value judgments markedly different. In Part
R8 of the online supplement, we explore the
interactions between social biases and evalu-
ative acts among reviewers, and we find little
evidence of collider effects. In all, this sug-
gests relational biases among reviewers and
authors play a very slight role in reviewers’
recommendations to editors, which is incon-
sistent with our expectation (Hypothesis 5),
but adds to a growing body of research that
finds peer review remains robust to biases
(Dahlander et al. 2023; Fox, Meyer, and Aimé
2023; Kern-Goldberger et al. 2022).

Together, we find that most of the epis-
temic values we observe in evaluations are
significantly related to reviewers’ ratings, that
both positively and negatively evaluated cri-
teria play a role, even when controlling for
each in the model, and that reviewers tend
to show no relational biases against authors.
Moreover, we see in engineering and life
science reviewers’ discrete acts of valuation
that they commensurate their judgments; the
full range of criteria is relevant, but criti-
cal appraisals of accuracy and novelty are
most decisive in recommendations to editors.
The alignment between engineers and life
scientists in these venues is unexpected and
inconsistent with Hypothesis 2, which holds
that fields differ in the criteria that are most
decisive.

How Reviewers Influence Editors

When reviewers write their evaluations of
manuscripts, they not only provide an account
of their recommendation, but they also seek to
influence the editor. Who is most persuasive?
Which reviewer influences the editor most?
Recall that our measure of a reviewer’s rela-
tive influence on an editor ranges from nega-
tively influential (i.e., the editor is propelled

away from the focal reviewer to side with
the others) to positively influential (i.e., the
editor is pulled toward the focal reviewer’s
recommendation against the consensus). A
reviewer can only have influence, then, when
they make a recommendation opposing the
other reviewers, and the editor sides with
them and not the others. Table 6 (see columns
“All”) and Figure 4 report results of tests that
explain variation in this relative influence.

The general pattern among positive and
negative value judgments in Table 6 indi-
cates that editors filter out positive evalua-
tions when adjudicating peer review reports
to decide whether to advance a manuscript.
Editors are most influenced by the bad and
ugly, even if other reviewers consensually
recommend acceptance. This finding con-
firms Hypothesis 3. In both fields, editors,
who already tend to make decisions that
are lower than reviewers’ recommendations
(Table 2), are usually persuaded away from
the consensus only when a reviewer makes
a case against the manuscript, not vice versa.
As with reviewer valuations, the linear dis-
tribution of coefficients along the y = x line
in Figure 4A strongly indicates (» = 0.956)
that these two fields are more similar than
different.

Some of these value judgments sway edi-
tors more than others. For example, engineer-
ing and life science editors are not persuaded
by reviewers’ positions on replicability and
thoroughness. Instead, they are persuaded to
reject manuscripts when reviewers raise con-
cerns about a work’s accuracy or novelty
(markers 2 and 8 in Figure 4A). Negative
value judgments concerning the originality
and validity of new works are core to the
epistemic cultures of engineers in ICLR and
life scientists in LSJ; they determine the two
most critical, decisive inflection points of the
peer review process in both fields.

These findings also highlight important
variation between the commonly held values
reviewers voice in their evaluations and the
values that exert the most influence on edi-
tors’ final decisions (Figure 4B). Looking at
frequencies alone (Table 3) would suggest
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Figure 4. Explaining Influence: The Strength of Reviewers’ Value Judgments in Predicting
Their Influence on Editors’ Decisions in ICLR versus LS] (Panel A) and versus Their

Respective Salience (Panel B)

Note: In Panel A, both axes represent the magnitudes of coefficients from Table 5. The diagonal line
represents identical predictive strength. The off-diagonal line represents differential strength. So,
replicability+ (marker 9) is roughly equally uninfluential for engineers (ICLR) and life scientists (LSJ),
but accuracy- (marker 2) is slightly more influential for life scientists than for engineers. In Panel B, the
y-axes measure coefficient sizes, and the x-axes measure the ratio of total sentences reviewers cite each
criterion in their evaluations. For engineers (top plot), clarity— (marker 4) is cited more frequently but
does not give reviewers all that more influence over editors’ final decisions.

novelty matters less than thoroughness and
clarity, as it is not as salient. This is not
the case. When reviewers in LSJ critique a
manuscript’s clarity, they are less influential.
Instead, accuracy and novelty again are most
decisive, despite novelty’s comparatively
infrequent presence in reviewer evaluations.
The epistemic culture of engineering and life
sciences seen in these two venues is not sim-
ply salient, frequently held concerns among
participants, but manifests as their relative
authority in determining the outcome of peer
review.

Returning to Table 5, we find many sta-
tistically significant differences between the
two fields in the relative influence criteria
have on editors’ decisions (see right-hand
side columns), but all are substantively
quite small (|8 czr =P Lss |=[0.007,0.085))-

We interpret this as further evidence that the
two fields are more similar than different,
and that divergences are more stylistic than
epistemological.

In Table 6 for the LSJ corpus, we again find
relational biases have little influence on editors’
final decisions. We interpret the non-significant,
small magnitudes of the social bias terms, the
consistency of the value judgment terms, and
the consistency of R-squared across the “All”
models in Table 6 as further evidence against
Hypothesis 5. One counterargument here
regarding reviewer influence, and above regard-
ing reviewer ratings, is that our epistemic value
judgments are colliders: including them in our
models alongside social bias terms creates spu-
rious associations. Our study of collider effects
between biases and value judgments in Part R8
of the online supplement does not bear out this
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counterargument and instead corroborates our
finding that reviewer ratings and influence are
relatively free of relational social biases in the
review proceedings we analyze here.

Overall, these findings are consistent with
our account of peer review in journal science:
reviewers are most influential on editors’
final decisions when they critically apply
core epistemological concerns. Yet the tight
linear distribution of the coefficients around
the y =x line in Figure 4A does not support
our expectation that the two venues would be
markedly different.

How Uncertainty Interacts with
Valuation and Influence

We now explore how epistemic uncertainty
alters reviewer influence on editors’ deci-
sions. In particular, we investigate whether
the factors shaping editors’ decisions shift
when editors face pluralistic and conflicting
comments from reviewers.

In Table 6, the center “All” columns rep-
resent all manuscripts, the left-side “Consen-
sus” represents manuscripts where reviewers’
written evaluations are the most similar, and
the right-side “Dissensus” represents manu-
scripts with the most dissimilar evaluations.
Read left to right, the reviews included in the
analytic subsample are progressively more
pluralistic and therefore more uncertain for
the editor. The column-wise differences in
coefficients tell us how the influence of a
reviewer’s evaluation on the final editorial
decision depends on the uncertainty aris-
ing from the epistemic content of the other
reviewers’ evaluations.'*

What we find is striking. The general
pattern is that reviewers have even more
influence when they make negative epistemic
value judgments in contexts of greater edi-
torial uncertainty. Sometimes the difference
between consensus and dissensus is a factor
of two, as is the case for consistency— in
ICLR (0.057 versus 0.118) and novelty— in
LSJ (0.125 versus 0.280). But other times
the difference is smaller, as is the case for
consistency— in LSJ (—0.059 versus 0.078).
This reveals that although these concerns are

normally decisive for editors (see “All” and
“Consensus” columns), they become even
more so when reviewers bring in a sun-
dry mix of other concerns into their evalua-
tions (“Dissensus”). In these settings, editors
tend not to factor in these other, pluralistic
judgments (especially the positive ones), but
instead double down on the negative cri-
tiques, and especially accuracy, novelty, and
consistency (for ICLR). Unexpectedly, social
biases remain non-significant and small. Edi-
tors do not fall back on social cues when the
decision is underdetermined by the epistemic
value reviewers attribute to a manuscript.

Together, these findings support Hypoth-
esis 4: as reviewers bring more and more
diverse value judgments to bear in their eval-
uations of manuscripts, this presents a context
of great ambiguity for editors. The decision
to accept or reject is on a par, underdeter-
mined by the mix of reviewer comments, and
this increases the perceived risk of accepting
a weakly supported and in some measure
questionable paper. In this context, editors
are most influenced by critical reviewers.
In the face of uncertainty, editors rely more
on reviewers’ critical appraisals and not on
social cues. Contrary to Hypothesis 6, bias
matters even less.

Sensitivity Analyses

In Part R of the online supplement, we
include the results of a battery of sensitivity
analyses and summarize the results of inves-
tigating the most consequential threats to our
study’s internal validity.

Measurement errorin ratings. Because
we did not fine-tune our reviewer ratings
classifier on human-labeled LSJ data due to
issues of endogeneity, its performance in that
corpus was not as good as its performance in
the ICLR data, where it was trained (see Part
A of the online supplement), as expected. To
test for robustness, we computed the aver-
age per-label error, adjusted the predictions
accordingly, and then re-ran all inferential
models. Our results are consistent, suggest-
ing noise introduced into LSJ ratings by an
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untuned classifier does not cause inconsistent
or unexpected results (see R1 in the online
supplement). Moreover, in LSJ, because we
use sentences to infer value judgments and
reviews to infer ratings, there may be issues
of endogeneity. We do not observe system-
atically stronger coefficients in LSJ versus
ICLR, which would be clear evidence of
endogeneity. Furthermore, our results after
using a dictionary method to measure values
(R2 in the online supplement) also suggest
endogeneity plays no role.

Measurement error in epistemic val-
ues. Machine learning classifiers, which we
use to infer the epistemic value judgments of
reviewers in ICLR and LSJ, may introduce
noise (see Part B of the online supplement).
To assess the robustness of our findings to
this noise, we substituted the classifiers with
dictionary methods to measure the epistemic
value judgments for both corpora. To do
so, we developed reliable lists of keywords
indicating each epistemic criterion. We then
labeled review sentences based on the fre-
quencies of these keywords and summed
them to describe the review level. Finally, we
reran all the inferential modeling. The results
reported in Part R2 of the online supple-
ment are substantively identical. We interpret
this to be strong, conclusive evidence that
our main findings are robust to measurement
error generally introduced by our classifiers.
Next, we ran 1,000 simulations on boot-
strapped samples and estimated the variance
in the resulting regression coefficients (see
Part R7 of the online supplement). Again,
we find corroboratory evidence that our main
results are not sensitive to natural sampling
variability. Finally, we ran 10,000 simulations
on our performance metrics reported in Table
B4 to assess their reliability; as reported in
Part R6 of the online supplement, the bench-
marks of our RoBERTa classifier in classify-
ing epistemic value judgments are reliable
and not sensitive to sampling error.

Reviewer selection into epistemic
values. A core insight in the philosophical

and sociological literatures of peer review is
that reviewers are partial in their evaluations:
based on their unique and idiosyncratic expe-
riences and expertise, they selectively engage
in epistemic criteria. This means that whatever
concerns they raise and whatever ratings they
give may be confounded by reviewer-specific
unobserved variable bias. To address this, we
reran our inferential models with both manu-
script and reviewer fixed effects. Our results
are consistent and suggest that reviewer selec-
tion into the epistemic concerns they draw
on does not confound our main results (see
Part R4 of the online supplement). We also
explored the extent of collider bias in our esti-
mates: namely, that reviewers raise different
concerns based on who they are evaluating.
To do so, we interacted all bias terms with our
value judgment terms. We find little evidence
that the main results are affected by collider
bias (see Part R8 of the online supplement).

DISCUSSION

Critics and Gatekeepers

Peer review is a hierarchical decision-
making arena, where scientists’ different roles
impinge on the relative meaning and weight
they place on various criteria when deciding
the outcome of review. Reviewers are crit-
ics who make a full range of judgments to
attribute epistemic value to works. Review-
ers also use these value judgments to per-
suade editors to take their recommendation,
thereby seeking to exert influence on editors’
decisions. We find both positive and nega-
tive judgments drive reviewers’ valuation. In
contrast, editors are gatekeepers; they receive
multiple reviewer reports and must decide
whether to advance or discontinue the work
based on recommendations. We find editors
overwhelmingly err on the side of skepticism
and conform with the most critically nega-
tive of reviewers’ comments when making
their decisions, even when there is partial
consensus among reviewers to accept. Thus,
we show that peer review in our two STEM
journals tends to be largely unbalanced and
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partial, with a particular bent for eliminating
works whose merit and value are questioned.

Salience, Valuation,
Commensuration, and Influence

For reviewers, criteria of epistemic value
are neither equally salient in evaluations
nor equally valued. Indeed, a central and
unexpected finding from our analyses is that
the most salient concerns are not the most
decisive for recommendations. If this were
the case, we would have found that accuracy,
clarity, and thoroughness were most decisive
in reviewers’ recommendations. While this is
true for accuracy, it is certainly not true for
clarity and thoroughness, which, although
most frequently raised, are /east consequen-
tial in reviewers’ valuations. Above all other
criteria, accuracy and novelty are the most
powerful indicators of the value reviewers
find in works. This contrast reflects a general
social process, where reviewers differentially
weigh criteria (seen in the variation of coef-
ficients in Table 4). Through this process
of commensurated valuation, we observe
an important aspect of epistemic culture in
action: it is expressed both as commonly
held standards and as a discriminating act of
ascribing value. Without this link to valua-
tion, and without observing how reviewers
commensurate criteria, we would be mis-
guided in our understanding of scientific
judgment and selection.

Valuation—how reviewers independently
and privately arrive at their recommendations
to the editor—is one thing. Reviewers’ influ-
ence on editors’ final decisions is altogether
a different process. Editors must assess a
reviewer’s valuation and their judgments in
relation to the other reviewers’. Yet, these
recommendations are often divergent because
they are adduced by differentially commen-
surated value judgments. We found that if a
reviewer is ever to pull an editor away from
the partial consensus of others in instances of
divergent recommendations, it is by making
negative value judgments about novelty and
accuracy and recommending rejection, not

the reverse. Epistemic culture in peer review
manifests as a range of expressed values and
discrete acts of valuation. But it is still more
than that. It patterns the relative power dif-
ferential among reviewers as they seek to
influence the direction of the editor’s final
decision. We see how such values are not only
a common frame of reference in evaluation
but a resource that empowers actors to instan-
tiate their own judgments as objective facts:
as the value works have and as the recogni-
tion of knowledge claims as valid science.

Social Bias

Unbalanced though it may be, we still find
peer review in our two venues seems fair.
Nepotism, homophily, sexism, and ethno-
centrism play a small role in shaping the
advance of new works. Yet, the coefficients
on these indicators of relational biases are
small and rarely significant, and there is vir-
tually no change in the explained variation
in the review outcome when we add them to
inferential models. Even in our robustness
checks (see Parts R4 and R8 of the online
supplement), we find little role of relational
social biases. This finding corroborates recent
research that increasingly finds bias plays a
marginal role in peer review (Dahlander et al.
2023; Fox et al. 2023). Still, we must also
note that editorial bias against authors based
on their status is absorbed by manuscript fixed
effects and is part of the variance explained in
these models; our research design does not
allow us to fully observe biases based on sta-
tus characteristics of authors independently.
Future work that develops robust independent
variables jointly measuring manuscript quali-
ties as well as author status and attributes
would be a large advance in the field.

Plurality and Uncertainty

Contrary to past work that underscores the
“unreliability” of divergent reviewers and
emphasizes consensus among evaluators,
we foreground that such divergence is rea-
sonable but elevates uncertainty for editors.



Smith et al.

907

Editorial uncertainty stems not only from
opposing reviewer recommendations. It gets
additionally compounded, not resolved, by
the argumentative backings and justifications
of these divergent recommendations (Toul-
min 2003). This heighted uncertainty arises
because reviewers independently draw on a
plurality of standards of epistemic merit and
value, depending on their own interpreta-
tions of the manuscripts, as well as their own
diverse training and epistemological posi-
tions. Opposing recommendations, reject and
accept, are warranted by a different constel-
lation of commensurated value judgments
across a diverse array of standards. Such a
possibility of parity (Chang 2002) in the final
outcome compounds the sense of ambiguity
and uncertainty for editors. Past work suggests
this underdetermination elevates the risk of
“external” factors or bias playing a larger role
in determining the science on hand.

A surprise from our work is that when
editors face uncertainty, the authority of epis-
temic standards expands and the role of biases
is effectively extinguished. We reckon that the
uncertainty for editors induced by reviewers’
epistemic plurality raises the risk of accepting
false or erroneous scientific work, which in
turn cues editors as gatekeepers to fall back
even more on epistemic standards, in particu-
lar the negative evaluations of accuracy and
novelty. Thus epistemic culture, as practiced
in our venues, is heavily inflected by norma-
tive ideals of merit as well as an ethos of
mitigating risk. This relationship may play
out differently in other institutional settings
of peer review. Editors of less prestigious and
less exclusive outlets, for example, may give
the benefit of the doubt to authors when there
is partial consensus on acceptance (Bakanic
et al. 1987; Zuckerman and Merton 1971).

For our two venues, we nonetheless specu-
late the presence of a distinctive custom-
ary rule (Lamont and Huutoniemi 2011) or
convention (Becker 2008:29-30) that aids
reviewers and editors in responding to uncer-
tainty. The rule is to exercise an abundance of
critical skepticism. The candidate truth claim
is neither valid nor new until proven otherwise
and beyond a reasonable doubt (Zuckerman

and Merton 1971). This de facto presumption
that works are not new and not true means
reviewers are far more likely to doubt, ques-
tion, and condemn than they are to confirm,
affirm, or extol. It also means reviewers are
more likely to weigh these critical concerns
much more heavily in their discrete acts of
valuation. And it means, at least for ICLR
and LSJ, that specific values are epistemically
elevated much more than others.

This focus on selecting the most origi-
nal and accurate works may be reflective of
peer review in elite STEM venues tasked
with publishing only the most excellent and
significant works. But we are less convinced
this is the case. There is great variation in the
relative influence of certain criticisms, and
if selectivity were the principal explanation
here, then we would expect any criticism as
equal cause for doubt and rejection (Hypoth-
esis 4). Editors’ focus on these two master
values above all others suggests to us more
cultural alignment than mere exigencies of
peer review.

Engineering and Life Sciences

That judgment in peer review is partial and
reflective of individuals and distinctive
epistemic subcultures across STEM fields
motivated our initial expectation that we
would find meaningful differences between
engineers and life scientists in our two ven-
ues. While engineering fields have a general
epistemological orientation toward advancing
the state of the art in scalable and practical
ways (Hansson 2007), life scientists tend to
be oriented instead toward causal accounts
that are thoroughly controlled (Snow [1959]
2012). We reasoned that this difference would
manifest as different values or criteria being
salient in each field. It was therefore surpris-
ing that peer review between the two venues
unfolds so similarly. For example, we do
not see issues of scalability (replicability)
and benchmarking (consistency) being the
most decisive priorities for Al engineers—
they are not even relatively more decisive
for them compared to life scientists. The
converse is equally true for life scientists’



908

American Sociological Review 90(5)

concern for rigorous controls and falsification
(thoroughness).

Beyond the exigencies of elite publish-
ing, we speculate a shared cognitive style
could drive the robust overlaps in how values
shape scientific advance. This shared style
is steeped in positivism, which is anchored
on quantitative and experimental techniques
to falsify theoretically deduced hypotheses
(Kuhn 1996; Mallard et al. 2009). This cul-
ture is likely further integrated by shared
implicit assumptions about nature: namely,
it exists, its existence is independent of the
observing scientist, and scientific method-
ologies are optimal tools to understand it
(Chakravartty 2017). We do not claim these
commitments are true; that they are accounts
our subjects consciously deploy; nor that they
make STEM wholly unique (Snow [1959]
2012). Instead, we reckon but do not con-
clusively demonstrate that they constitute an
a priori conventionalized frame that drives
alignment and coherence across the evalua-
tive proceedings of our two venues. Future
work could take our unexpected findings as
a point of departure to explore whether sci-
entists across STEM fields do, in fact, exhibit
such a shared cognitive style.

Functionalism and Constructivism

If science’s expressed aim is the production
of new and valid knowledge, then the review-
ers and editors of ICLR and LSJ appear to
engage works consistent with that aim. We
do not find evidence of relational social bias.
We do not find evidence that reviewers’ valu-
ations and editors’ final decisions are loosely
coupled from the content of evaluations or
that the content of evaluations depends on the
social identities of the participating scientists.
Instead, we find editors and reviewers alike
are chiefly focused on vetting works that are
new and right.

Our findings support the view that the
review proceedings of these two venues
appear to work, but they do not warrant
claims that it is natural; that it reduces uncer-
tainty and fosters consensus; or that social

and external factors do not matter. Our find-
ings also do not warrant claims that scientific
advance can be achieved only when “exter-
nal” or “social” elements are removed. And
they do not warrant claims that scientific
facts produced by the evaluative proceedings
we study are pure, unmediated expressions of
reality. Contrary to these claims, which are
stylized positions in the internalist/externalist
debate in the sociology of science (Shapin
1992, 1995), our findings show the function-
alism we observe in peer review depends on
the contingency and uncertainty that arises
from the social dynamics among scientists.

Peer review solicits independent and
diverse reviewer interpretations of the same
works. Reviewers commensurate their inter-
pretations to justify often divergent recom-
mendations to the editor. Neither the report
under review nor the peer-review process
itself is “objective” in this sense. On the con-
trary, the report cues deeply subjective and
pluralistic judgments. In turn, this “unrelia-
bility” elevates the uncertainty about whether
works are novel and right and results in the
paradox of peer review. First, peer review is a
largely subjective process because of the vari-
ably interpreted and applied “objective” crite-
ria of merit. Second, this subjective character
elevates and generalizes the risk that the work
under consideration may, in fact, be neither
true nor valid, the acceptance of which would
result in a failure of peer review. As a result,
critical reviewers are the most influential, and
even more so when editors are uncertain.

Our results emphasize the plurality of
meaning in standards and works; the role dis-
sensus plays in elevating uncertainty; and the
relative power that some actors have over oth-
ers in determining editors’ decisions. Ours is an
account of social construction; yet our findings
suggest the constructedness of peer review is
not cause to categorically doubt the process
or the works that gain recognition by success-
fully passing through it. This constructedness is
the very mechanism by which our two venues
maintain the legitimacy of peer review by being
“impartial” and selecting works whose novelty
and accuracy are beyond reasonable doubt.
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Limitations and Possibilities

Our work is correlational and based on rigor-
ously controlled analyses of observational
data from the comprehensive peer review
of two selective and prestigious publication
venues (80,000 reviews of 28,000 manu-
scripts). These data do not represent peer
review generally, or STEM fields, or even
their respective fields of engineering and life
science. Our claims are best read and under-
stood as being reflective of these two venues,
not others. This narrow representativeness
was an insurmountable limitation in the cur-
rent study, chiefly because access to private
reviews and identifying information of all sci-
entists for rejected and accepted works is still
extremely limited. Should the current trend
of opening up scientific peer review continue
(Wolfram et al. 2020), then future systematic
work could integrate more venues. Doing
so would offer real advances. For example,
venues could be sampled by their prestige and
selectivity as well as their field. This would
allow more thorough field comparisons while
controlling for differences in the publishing
pressures of different venues.

Another limitation is that our measurement
of epistemic values remains at an abstract
level. “Accuracy +” of what? The conclusions
drawn? The characterization of past literature?
“Novelty — of what? The dataset? The instru-
ment of observation? In other words, the two
venues might emphasize similar criteria at
this level of abstraction but diverge in their
specific targets. Future work could improve
on ours by developing richer criteria of evalu-
ation that may help identify more inter-field
heterogeneity than we are able to do with
our coding scheme. We might conjecture that
when an ICLR reviewer praises novelty, they
are focusing on the instrument proposed. By
contrast, an LSJ reviewer may be praising the
discovery of a new biological mechanism for
a treatment’s efficacy. Criteria measured at
the level of targets or claims would be a real
advantage over our approach, but would likely
be even noisier.

A feature of our design is our use of
machine learning and GPT models to infer
the epistemic content of reviews, which, to
our knowledge has never been done before in
sociological analysis of scientific knowledge-
making. But this feature is not without limi-
tations. The performance of our fine-tuned
RoBERTa classifier is acceptable but not per-
fect. This concern is more relevant to our clas-
sification of ratings in LSJ because, to avoid
issues of statistically induced endogeneity
between our left- and right-sided variables,
we did not fine-tune the classifier on LSJ
texts. Analyzing variation in a variable with a
high noise-to-signal ratio using the variation
in another variable with a high noise-to-signal
ratio leads to depressed estimates of any true
relationships—the “iron law of economet-
rics.” We have little cause to be concerned
about noise, particularly compared to the
inter-rater “reliability” among expert human
evaluators, which meta-analyses have found
ranges from 0.19 to 0.37 and 0.05 to 0.54 for
ratings, and 0.12 to 0.28 for specific criteria
(Cicchetti 1991; Jayasinghe et al. 2003; Lee
2012; Miller 2006). In our measurements, we
observed a 0.84 correlation between predicted
and true ratings (see Table Al in the online
supplement); and we saw an inter-rater reli-
ability among human annotators of 0.53 to 1
and a machine-to-human F1 ranging from 0.6
to 0.84 for criteria (see Table B4 in the online
supplement).

We believe the best way forward is to
apply a relational approach to observe and
represent the arguments reviewers make in
their evaluations. In this study, we relied on
single-label classifiers to identify concerns
within sentences and to aggregate these up
to the review level as frequencies. Future
work might parse these arguments in a way
that honors the hierarchical relations among
claims, warrants, and backings. In so doing,
this work could investigate how variation in
the relational structures of reviewers’ argu-
ments influences reviewers’ valuation and
editors’ final decisions. Indeed, future work
on peer review may even ask a different
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research question altogether based on this
relational representation: how does variation
in reviewers’ argumentative claims about
works relate to whether and how authors
address these issues in their revisions? Such a
question moves beyond the comparatively nar-
rower view of social construction we study here
and gets at scientific co-construction, which
drives the revision manuscripts undergo dur-
ing peer review.
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Notes

1. https://www.scimagojr.com/journalrank.php?
order=h&ord=desc&type=j

2. Following Kuhn’s (1977:330-31) discussion of “val-
ues” versus other terms—“criteria,” “rules,” “maxims,”
and “norms”—we use epistemic values and epistemic
criteria interchangeably. We emphasize, like Kuhn
and philosophers of science dealing with the induction
problem (McMullin 1982:9-18), that values influence
choice but do not algorithmically determine it.

3. For example, Sage, which publishes more than
1,000 scholarly journals across the humanities,
social, natural, and medical sciences, instructs its
reviewers to “be careful not to make judgments
about the paper based on personal, financial, intel-
lectual biases, or any other considerations than the
quality of the research and the written presentation
of the paper.” See “04 Ethics and Responsibility”
(https://us.sagepub.com/sites/default/files/how to
become a reviewer new.pdf).

4. 1In 2018, ICLR switched from a single- to double-
masked policy. Our empirical models account for
this with manuscript fixed effects.

5. ICLR’s peer review is hosted by OpenReview.
net. Under the platform’s standard workflow,
based on ICLR guidelines, reviewers have access
only to their own reviews before the discussion
period. Once the discussion commences, access is
opened to all (https://docs.openreview.net/workflows/
conferences#:~:text=Guide%20based%200n%20
ICLR%20venue).

6. These logged versions are freely available but must
be requested from OpenReview with the permis-
sions of each conference year’s program chairs and
board members.

7. https://huggingface.co/huggingface

8. RMSE is root mean squared error and is a standard
metric typically used to evaluate regression model
performance; it quantifies in the scale of the depen-
dent variable (in this case, ratings) how “off” the
model’s predictions are, averaged across all values
of the predictions. In Part A of the online supple-
ment, we also compute the intraclass correlation
and kappa statistics and clarify what these tell us
when we compare the model to human labels (and
to benchmarks reported on human raters).

9. We study the outcomes of the first round of peer
review. This enables us to focus on the initial evalu-
ations and on the editor’s first, pivotal decision of
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whether or not the work should advance. This first
round occurs after the desk decision and before later
revision rounds. The salience of various values is
likely to vary by review round in complex ways:
first, because different stages may cue different cri-
teria (fit earlier on; perhaps clarity later on); second,
because one stage depends on the exigencies of the
previous one (reviewers’ and editors’ concerns in
round n + 1 are influenced by those in round 7).
We fit this model to each corpus separately using the
PanelOLS method of the Python module linearmodels
(version 6).

In this section, we use “engineers” and “life sci-
entists” as shorthand for “engineers in ICLR” and
“life scientists in LSJ.”

Because these are panel OLS models with manuscript
fixed effects, between-manuscript variation in ratings
is less meaningful by design, as we do not theorize or
test any manuscript-level explanations for differences
in their averaged reviewer recommendations or influ-
ence (i.e., the between-effects estimator).

To convert standardized coefficients into the origi-

« 8D,
nal Y scale, we firstuse f=f x :
SD,
For ICLR:
* SD, i
B=BicLr* <D e
novelty(f)ICLR
.660

=-219x
P .068
B =-219%9.706
B=-2.126
For LST:

D ..
ﬁ — ﬁzs‘] % SD ralmgm
m)velty(—)LSJ
960

=-217x
F .045
B=-217%x21.333
B =-4.629

To compute the expected change in rating due to
15 sentences about novelty(—) added to an average-
length review, we use: Arating = B x Anovelty(-):

For ICLR:

Ax =15sents +29.147 sents
Ax=.515

Ay =-2.126x.515

Ay =-1.095

For LSJ:

Ax =15sents +32.237 sents
Ax =.465

Ay =—4.629x.465

Ay =-2.152

14. Note that our measures of consensus have nothing
to do with their discrete recommendations (i.e., the
dependent variable in Table 4), only their value
judgments (i.e., the independent variables).
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