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1 INTRODUCTION

Modern peer review is a remarkable institution. It is anonymous, external, and reliant on millions of
hours of unpaid academic labor each year and organized largely outside the boundaries of scientists’ formal
employers. Yet it enacts outcomes across an entire global community of scientists by harnessing decentralized
actors. This is an extraordinary institutional response to perennial problems in science: how to allocate scarce
resources, validate knowledge claims, maintain standards, ensure fairness, while conferring credibility to both
science and the peer review gatekeeping process, itself. Peer review simultaneously seeks to identify the most
promising proposals and papers, weed out flawed or infeasible work, signal quality and legitimacy to the wider
scientific community, and uphold norms of transparency, rigor, and collective responsibility. In doing so, it
allocates resources and prestige, polices standards of evidence and method, maintains efficiency and feasibility
in execution, reinforces disciplinary norms, and—at least implicitly—underwrites the broader social contract
that scientific knowledge will ultimately yield returns for society. Remarkably, anonymous external peer review
does these things while only having become a global standard well into the twentieth century. It is a recent
innovation that continues to be buffeted by new pressures, forces, and technologies (e.g., rising submission
volumes, reproducibility crises, open science initiatives, growing digital infrastructure and artificial
intelligence)—and continues to evolve (see Section 2). Classical accounts of the “republic of science”
emphasized peer review only indirectly—as part of broader institutional mechanisms by which science
organizes itself without central authority (Merton, 1973; David, 1994; Stephan, 2012). These perspectives
highlighted norms, incentives, and communal governance, but offered little systematic mapping of peer review’s
detailed operations. This chapter takes stock of the institution’s history and performance with special attention
to detail and then considers how randomized controlled trials (RCT') can provide new insights into its workings
and guide its future design.

In practice, modern peer review follows a broadly recognizable pattern. External experts, working
anonymously and largely without pay, are asked to assess the originality, validity, and significance of work
proposed or completed by their peers. Their judgments are then synthesized by editors, program officers, or
panels into consequential decisions—judgements. While there is variation in procedures—scoring systems,
deliberation formats, or editorial structures—the essential process is remarkably consistent across scientific
venues (see Section 4). This chapter considers in particular how the institution operates in two of its most
influential domains: the evaluation of research proposals by grant agencies and the evaluation of completed

research by scholarly journals.
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An especially wide body of scholarship studies the workings and performance of modern scientific
peer review spanning papers published in journals within medicine (e.g., Rothwell & Martyn, 2000; Pier et al.,
2018), the natural sciences(both general and field-specific) (e.g., Eyre-Walker & Stoletzki, 2013; Siler, Lee &
Bero, 2015), psychology (e.g., Mahoney, 1977; Peters & Ceci, 1982), cognitive science (e.g., Ceci & Peters,
1984), economics and management (e.g., Blank, 1991; Boudreau et al., 2016), sociology (e.g., Cole, Cole &
Simon, 1981), political science (e.g., Nielsen et al, 2021), computer science (e.g., Bravo et al,

2019), engineering (e.g., Squazzoni, Bravo & Takacs, 2013), and information systems (e.g., Sarker et al., 2024).

Among many issues studied, most popular questions include: Is #he peer review process usefil and reliable? Specifically,

do reviewers tend to come to similar or divergent assessment—or, somewhat less commonly, how strongly do

review outcomes correlate with longer-term outcomes (e.g., citations)? Is zhe process biased? Specifically, are

characteristics of those submitting (e.g. institutional affiliation, gender, nationality, career stage, common

characteristics with reviewers) correlated with evaluator scores or overall judgments? Is #he process skewed in what

1t selects? Specifically, are the characteristics of submissions themselves—such things as conventionality versus
novelty in topic, scope across fields, or methods—systematically associated with review outcomes?

As reviewed in Section 3, the accumulated claims of existing research paints a dour picture. For
example, evidence presented in multiple contexts suggest large differences among evaluations and inter-rater
reliability often only slightly above chance (Rothwell & Martyn 2000; Cole, Cole & Simon 1981). Many studies
claim bias, presenting higher acceptance rates for those from prestigious affiliations, U.S.-based authors (Peters
& Ceci 1982; Blank 1991; Tomkins, Zhang & Heavlin 2017), disparities by gender and nationality (Murray et
al. 2019; Squazzoni et al. 2021), and probability of acceptance related to type of research performed (Cole, Cole
& Simon 1981; Lamont 2009). Meanwhile, multiple papers report growing strains evidenced in growing review
times, with a large concentration of reviews performed by a small minority of scholars (Kovanis et al. 2016;
Fox et al. 2017).

Of course, these patterns are informative and should be taken seriously. At the same time, important
gaps in our knowledge of peer review suggest proceeding with some caution. First, peer review remains an
endogenously chosen institutional response, adopted and retained across fields despite its flaws—suggesting it
may still function better than feasible alternatives. Second, in my reading, there is a striking lack of theoretical
benchmarks against which to judge empirical observations, leaving us to assess performance only against
intuitive notions of what constitutes a “large” or “small” effect. Third, while many observed patterns are
meaningful on their face (e.g., large discrepancies among referees), the predominance of descriptive and
correlational research limits our ability to draw more discriminating inferences. This may be especially important
given the potential for a highly nuanced set of behavioral, incentive, and cognitive mechanisms to explain such
patterns (Section 5). Certain empirical patterns, by their nature, are difficult to interpret without clearer causal
identification. Greater use of causal research—and particularly of clear empirical benchmarks and control
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groups—could help substitute for the absence of theoretical benchmarks in this literature. Forth, added caution
might also be warranted when considering how maladapted patterns at one stage of the review process could
also be at least partially somewhat offset by other steps and institutional arrangements in peer review. For
example, differences across referees will typically be subject to editorial synthesis and judgment. Again, this is
not to suggest there should be considerable scope for improvement; only that the existing research and
understanding is not yet sufficient to wholly calibrate the opportunity for improvement.

Randomized controlled trials (RCTs) have the potential to substantially advance our understanding
here. Even in the absence of more fully developed theory, RCTs can generate empirical benchmarks against
which performance can be more meaningfully judged, allow us to identify clear causal relationships, to directly
observe potential performance impacts of institutional reforms. Of course, RCTs on their own cannot close
the theory gap, as I will review herein, their use can move us steps closer to identifying the determinants of
performance and, in some cases, toward understanding the mechanisms shaping evaluator behavior. Thus, we
might begin to develop a more disciplined framework for interpreting whether apparent shortcomings represent
true institutional failure or the natural limits of peer review as an information-processing system.

Considerable progress has already been made in applying RCT's to peer review across several fields
(Table 1). These include audit studies, such as resubmitting identical papers under altered institutional
affiliations to test for bias (e.g., Peters & Ceci 1982; Tomkins, Zhang & Heavlin 2017). They include blinding
experiments, masking or revealing author identities (e.g., Blank 1991; McNutt et al. 1990; Godlee, Gale &
Martyn 1998; van Rooyen et al. 1999). Other studies have relied on randomized assignment of referees to
submissions, for instance varying the intellectual distance between reviewers and submissions (e.g., Boudreau
et al. 2016). A further set of experiments has introduced variation in institutional practices and tools, including
reviewer training, the requirement to sign reports, the addition of statistical review, or changes to panel
deliberation rules in grant settings (e.g., Goodman et al. 1998; Schroter et al. 2004; Schroter et al. 2006; Pier et
al. 2018). Laboratory experiments have also been used, for example varying incentives to review (e.g.,
Squazzoni, Bravo & Takacs 2013). In addition, there are complementary studies that, while not RCTs,
nonetheless provide causal interpretation, such as designs exploiting reviewer fixed effects or quasi-
experimental variation in reviewer assignment (e.g., Li 2017). Therefore, the use of RCTs and cansal designs in peer
review is therefore not merely prospective; the question now is where this mode of research might go, and what paths would be most
productive for progress.

The way this chapter proceeds is to first carefully review peer review as an institution—its history,
practices, and performance—while weaving in key findings from prior research as essential foundation and
context for advancing perspectives on ways forward. A first step in the analysis here is to carefully detail the
institution itself. Classic works have broached this task—whether in broad sketches of the “republic of science”
(Polanyi, 1962; Merton, 1973; David, 1994; Stephan, 2012) or in sociological and historical treatments of

scientific judgment (Lamont, 2009; Csiszar, 2018). Building on these, I offer a more systematic map of peer
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review’s organization, practices, and variation across venues. This is a thick description meant to show how

strikingly recent peer review is, how it evolved across venues, and how profoundly it is shaped by ongoing

pressures of digitization, rising submission volumes, political accountability, and now artificial intelligence.

Understanding these institutional details matters for understanding that peer review did not arise from timeless

scientific ideals per se, but rather from practical struggles of scale, specialization, and credibility. What has

emerged today is a quite complex and extensive set of practices that work together to allocate scarce resources,
establish credibility, and sustain trust in science under conditions of extraordinary growth and specialization.

At the same time, this very complexity creates frictions, inconsistencies, and vulnerabilities that are often only

partially understood. Reviewing the institution and existing research thus not only clarifies how peer review

functions, but also reveals the abundant whitespace where evidence is thin and opportunities for improvement
are great. On this foundation, the chapter then turns to how randomized controlled trials, embedded in journals
and grant agencies, can both deepen our understanding of peer review and help chart possible paths for its
refinement.

On that foundation, the chapter then turns to several perspectives on how RCTs embedded in journals
and grant agencies can advance understanding and improve practice:

1. Constant Institutional “Tinkering” with RCT's: A High-Return Opportunity. Peer review is a system
of practices continually adjusted under pressures of scale, specialization, and credibility. RCT's can provide
a disciplined way to map this variation, test reforms, and identify which adjustments genuinely improve
outcomes—turning constant tinkering into cumulative learning and improvement.

2. Peer Review as Information Processing & Multi-Criteria Decision-making: Framing RCTs to
Probe Mechanisms. At its core, peer review is an information-processing system for making complex,
multi-criteria decisions. Framing it this way highlights behavioral, incentive, and cognitive mechanisms,
guiding RCTs toward experiments that probe how these mechanisms shape performance. Here, we
categorize opportunities while noting that, despite the limitations of any research method in studying
mechanisms, RCTs may have advantages. It is also crucial to advance more systematic theoretical
understanding of peer review by some manner or another.

3. Potential for Bigger Leaps: Experimenting with Digital Infrastructure and Al. Digitization
and Al are transforming submission platforms, reviewer assignment, and evaluation tools. These
technologies create opportunities for institutional redesign, and RCT's can serve as the testing ground to
evaluate whether such innovations truly enhance efficiency, fairness, or legitimacy.

4. A Recipe for RCTSs in Peer Review: Making Experiments Workable in situ. Embedding experiments
in live review systems is challenging but feasible. Drawing on prior examples, this section outlines practical
strategies—from journal and funder partnerships to design choices—that can make RCTs in situ workable

and productive paths forward.
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2 HISTORICAL CONTEXT OF SCIENTIFIC PEER REVIEW

Although often treated as timeless, the practice of blinded external peer review is strikingly recent—a
20th-century invention.! For most of history, knowledge evaluation looked fundamentally different. Legitimacy
rested on reputation, lineage, and performance rather than anonymous external review.

Different traditions developed sophisticated but personal evaluation systems. In the Islamicate world,
hadith studies relied on chains of transmission (isnad), while education was validated through licensing from
teachers (ijazah) (Makdisi 1981; Gutas 1998). South Asian monastic universities institutionalized public
disputation ($astrartha, vada) as mechanisms of adjudication and prestige (Bronkhorst 2011; Pollock 20006).
China's keju examination system and the kaozheng movement emphasized mastery of canonical texts and
factual precision (Elman 2000, 2013). In medieval Europe, authority came through oral disputations, scriptural
commentary, and the licentia docendi (Rashdall 1895; de Ridder-Symoens 1992). Across all these contexts,
evaluation was deeply institutionalized—but personal, performative, and tied to social authority, not
anonymized manuscript review.

Early modern Europe continued these traditions. Galileo's ties to the Medici illustrate how courtly
reputation and public demonstrations validated claims (Biagioli 1993; Shapin 1994). The "Republic of Letters"
circulated manuscripts for comment, but judgments were grounded in trust and reputation rather than
systematic procedures (Goodman 1994; Goldgar 1995). Even the earliest scientific journals maintained this
approach. The Philosophical Transactions (1665) and the Académie des Sciences' Mémoitres occasionally
sought colleague input, but evaluation remained editor-centered, reputational, and rarely anonymous (Csiszar
2018; Baldwin 2015; Moxham & Fyfe 2018). Before the mid-twentieth century, scholarly evaluation was
established and consequential, but profoundly different from today's peer review.

The decisive shift came only in the twentieth century. For most journals, editorial discretion and name
recognition had sufficed—eminent authors expected acceptance on reputation alone. A vivid illustration
occurred in 1936, when Albert Einstein and Nathan Rosen submitted a paper on gravitational waves to Physical
Review. Editor John Tate, uneasy about the papet's claims, quietly sent it to an anonymous referee (later
identified as Howard Robertson). Einstein responded furiously, writing that he had "not authorized" such
review and immediately withdrew the paper, never submitting to Physical Review again (Kennefick 2005). This
episode was shocking precisely because anonymous review was so unusual—it was used only sparingly, when
editors felt suspicious of a manuscript.

The decisive institutionalization of peer review came after World War 1I, driven by converging
pressures. Explosive growth in research output, fueled by government investment, overwhelmed traditional

editorial judgment (Larsen & von Ins 2010; Bornmann & Mutz 2015). Increasing subspecialization meant no

! For historical perspectives on the development of peer review see, for example: Baldwin (2015, 2018), Csiszar (2018),
Fyfe et al. (2022), Kennefick (2005), and Moxham & Fyfe (2018).
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single authority could assess work across rapidly narrowing subfields, creating demand for external experts.
Public funding and Cold War competition heightened accountability demands—governments and taxpayers
wanted transparent processes to justify resource allocation (Baldwin 2018). The U.S. National Science
Foundation's establishment of external peer review for grant proposals in the 1950s created powerful incentives
for journals to follow. By the 1970s, as scientists defended their autonomy against skeptical legislators, peer
review was cast as the crucial safeguard of science's credibility.

Even the wotld's most prominent journals adopted systematic external review surprisingly late. Nature
relied largely on personal networks and author reputation through most of its first century. Only in 1973, under
editor John Maddox, did Nature begin requiring routine consultation with anonymous referees—prompted by
rising submissions, increasing specialization, and demands for transparency (Fyfe et al. 2022). The adoption
was not driven by abstract ideals of objectivity, but by practical needs to manage volume and defend decisions
against accusations of favoritism.

The near-universal expectation that manuscripts and proposals undergo anonymous review by multiple
external experts emerged only since the 1970s. The system did not evolve gradually from timeless principles—
it consolidated rapidly as a pragmatic response to scale, specialization, and political pressure. Its very recency
underscores why its workings are not fully understood, and why experimental evidence is needed to evaluate

whether the institution achieves its aims.

2.1 Contemporary Forces Continuing to Shape Peer Review

If the late twentieth century consolidated anonymous peer review as a global standard, the early twenty-
first century has brought new waves of pressure that continue to pressure and transform the institution. These
include digitization and new submission platforms, the surge of submissions and reviewer burden, political and
funding pressures, reforms toward openness and accountability, and most recently, automation and artificial
intelligence. Each of these forces has altered and continues to exert pressure on how peer review operates.

Digitization & Platforms. Beginning in the 1990s, digitization reshaped the infrastructure of peer
review. Electronic submission systems replaced postal mail, enabling near-instant global circulation of
manuscripts and reviews and sharply lowering transaction costs (Meadows 2000; Tenopir & King 2000; Weller
2001). Platforms such as ScholarOne and Editorial Manager allowed editors to coordinate much larger volumes
of submissions with new efficiencies (Ware 2008). Automated tools—plagiarism detection software, formatting
checks, and preprint servers like arXiv and later bioRxiv—introduced new channels for dissemination and
upstream evaluation (Bourne et al. 2017). Digitization expanded the reach and speed of review, but also
removed frictions that had once slowed submission and resubmission cycles.

International Submission Growth. These infrastructural changes coincided with growing academic
incentives to publish, producing a sustained surge in submissions. Industry surveys estimate annual growth

rates of journal submissions at over 6% since 2013 (Johnson, Watkinson & Mabe 2018; Publons/Clarivate
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2019). Multiple factors contribute: rising co-authorship, the global expansion of research systems (particularly
in Asia), and the proliferation of specialized and open-access journals (Xie, Zhang & Lai 2020). The numbers
are striking. In biomedicine alone, annual output indexed by MEDLINE rose from roughly 300,000 articles in
1990 to over 900,000 by 2015, generating demand for an estimated 15 million reviews annually and consuming
more than 60 million hours of reviewer labor (Kovanis et al. 2016). The burden is highly uneven: while the
median researcher completes only about one review per year, the top 10% of reviewers perform roughly half
of all reviews. In grant funding, declining success rates mean ever more applications per award (Guthrie, Ghiga
& Wooding 2018). Survey data confirm the mounting strain: nearly three-quarters of reviewers report heavier
workloads, with one in three declining more invitations than they accept (Clarivate/Publons 2019). Many
describe a sustainability problem marked by reviewer fatigue, slower turnaround, and massive duplication of

effort through cycles of rejection and resubmission (Squazzoni, Grimaldo & Marusi¢ 2020).

Political & Funding Pressures. Alongside structural and workload pressures, political and funding
dynamics have grown more salient. Competitive grant systems with low success rates have encouraged strategic
framing of proposals, while funders increasingly emphasize criteria such as societal impact, interdisciplinarity,
and translational relevance (Guthrie, Ghiga & Wooding 2018). In the U.S., NIH and NSF review criteria now
explicitly include “broader impacts,” reproducibility safeguards, and—in some programs—requirements for
data sharing (NIH CSR 2024; NSF PAPPG 2023). In Europe, the European Research Council (ERC) and
Horizon programs similarly foreground interdisciplinarity and societal impact, often directing reviewers to
weigh policy relevance and collaboration potential (European Commission 2023). At the same time, peer review

has become more firmly organized by publishers, platforms, and agencies rather than universities, reflecting a

modest shift in institutional authority (Csiszar 2018). Episodes of political contestation—ranging from disputes
over climate science and COVID-19 policies to high-profile challenges to scientific institutions during the

Trump administration—might also indirectly place peer review under pressure, given its role for allocating

credit, credibility, and resources. Public scrutiny more generally has intensified: media coverage of retractions,
fraud, and reproducibility controversies has made peer review more visible beyond academia. The effect has
not been a wholesale erosion of credibility, but rather heightened contestation and closer attention to whether
review practices can sustain trust in science (Oransky & Marcus 2016; Nature 2023).

Automation & Al. Most recently, automation and artificial intelligence have emerged as
transformative forces. Building on digitized workflows, publishers now use Al for plagiarism detection,
statistical screening, and reviewer—manuscript matching (Checco et al. 2021; Feng et al. 2022). Reviewer-
matching algorithms have grown more sophisticated, incorporating semantic and bibliometric data (Squazzoni
et al. 2020; Zhang et al. 2022). These tools promise efficiency gains, but they also introduce new vulnerabilities.
Editorial guidelines caution against uploading confidential manuscripts into public large language models, while
commentators warn that generative Al may fuel low-quality or fraudulent submissions, facilitate paper mills,
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and complicate plagiarism detection (COPE 2021, 2023; Doskaliuk et al. 2025). Moreover, current evidence
suggests Al cannot substitute for human judgment on novelty, significance, or broader contribution (Lo
Vecchio 2025). In this sense, Al both streamlines peer review operations and amplifies existing strains of
volume, quality control, and legitimacy—underscoring the broader need for systematic evidence and

experimental evaluation.

3 INSTITUTIONAL PERFORMANCE—AND QUESTIONS RAISED

While we should interpret the evolution of peer review as an institutional response to adapt while
meeting its goals, a number of claims have been made to suggest that performance of this institution may be
suboptimal.2 The now relatively large body of research on this topic across medicine, psychology, economics,
sociology, education, and the natural sciences teds to emphasize weaknesses in performance rather than
strengths and proficiencies—focused particularly on reviewer scoring.

Differences Across Reviews—and Meaningful Signals in Distinguish Good from Bad. One
most basic question raised in prior research is whether evaluations contain much signal at all—particularly if
reviewers disagree and differ in their assessments. Meta-analyses and single-journal or grant studies alike report
strikingly low agreement between independent reviewers of the same manuscripts or proposals (Bornmann,
Mutz & Daniel, 2010; Rothwell & Martyn, 2000; Pier et al., 2018). As Bornmann, Mutz and Daniel (2010, p. 5)
put it in their meta-analysis, “the inter-rater reliability of peer assessments is quite limited, which means that the
outcome of peer review is to a large extent a matter of chance.” Boudreau et al. (2016) note that agreement is
sometimes “barely beyond chance” (Kravitz et al., 2010, p. 1) and “perilously close to rates found for Rorschach
inkblot tests” (Lee, 2012, p. 862). Also indicative of variance in reviews, Siler, Lee and Bero (2015) tracked a
cohort of medical papers and found that 14 of the 15 most-cited articles were initially rejected by top journals.
In economics, Gans & Shepherd (1994) surveyed 140 economists with papers in the field’s “Top 5” journals
and reported that roughly one in three of those articles had first been rejected at another journal before
acceptance.

A series of audit and re-review studies document many instances of high variance across evaluations.
Cicchetti (1991) reported that about half of NIH mental health proposals received consistent funding
recommendations upon re-review, with the other half changing outcome. Nylenna, Riis and Karlsson (1994)
sent the same two short, methodologically flawed manuscripts to 180 referees: only 8% recommended
acceptance, 48% revision, and 44% rejection. Schroter et al. (2008) at the BMJ gave reviewers three test
manuscripts deliberately seeded with nine major errors each; on average reviewers spotted only two, and

recommendations ranged from rejection to acceptance with minor revision. Pier et al. (2018) re-ran NIH

2 For broad overviews of research evaluating the performance of peer review, see for example: Bornmann (2011), Tennant
et al. (2017), Squazzoni et al. (2021), Jefferson et al. (2007), and Lee et al. (2013).
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oncology grant reviews so that multiple reviewers scored the same proposals and found roughly zero correlation
in reviewer scores. Fogelholm et al. (2012) compared two independent panels reviewing the same set of grant
proposals and found no improvement in reliability through discussion. More recent studies echo the same
pattern: Grimes et al. (2020) found large variation in reviews of identical seeded manuscripts; Grimm et al.
(2020) found low concordance across German funding panels. At the same time, it is possible to observe
variation even in simple description of review-level data. For example, at the U.S. National Science Foundation,
Cole, Cole and Simon (1981) found that reviewers disagreed to the point that the score a proposal received
from one set of reviewers was often more different from another set’s score than the average differences
between proposals themselves.

Yet, despite these suggestions of inconsistency, other lines of research suggest that reviewer scores are,
at the same time, hardly meaningless. Bornmann and Daniel (2008), in a meta-analysis of 26 studies spanning
elite journals (Nature, Science, American Economic Review) and major funding agencies (NSF, NIH), found
that correlations between reviewer judgments and later citation impact were positive but modest, typically
around r = 0.2-0.3. Li and Agha (2015) analyzed more than 130,000 NIH RO1 grants and found that proposals
with better review scores went on to produce more publications, more citations, and more high-impact work.
A one-standard deviation worse score was associated with about 15% fewer citations, 7% fewer publications,
19% fewer top-decile papers, and 14% fewer patents among funded grants. Li (2017) showed that reviewers
who were closer in subject-matter expertise provided evaluations that were more predictive of which projects
would later yield high-impact results. In related work, Li (2018) demonstrated that “higher-quality” committees
— defined as panels made up of reviewers with stronger publication records and broader expertise — produced
scores that were substantially better at forecasting future scientific impact than committees composed of weaker
Of NArrower experts.

The body of prior studies suggests that reviewers tend to generate more reliable signals and scoring in
identifying and distinguish poor work relative to distinguishing among very best submissions. Cole, Cole and
Simon (1981) found reviewers often agreed on which proposals were clearly weak, but disagreed much more
about those in the middle range. Cicchetti (1991) reached the same conclusion, arguing that peer review is good
at rejecting inadequate studies but unreliable for ranking strong ones. Jayasinghe, Marsh and Bond (2003)
reported that Australian Research Council panels could consistently weed out weak proposals but showed little
agreement in ranking the top quartile. Graves, Barnett and Clarke (2011) found a similar pattern in Australian
medical research grants: reviewers agreed more on weak applications than on strong ones. Siler, Lee and Bero
(2015) showed that many papers which later became highly cited had received mixed early reviews, highlighting
the same problem. Taken together, this evidence suggests that peer review gives useful signals when screening
out poor-quality work, but is inconsistent when judging among the very best.

Submitter and Submission Characteristics—and Bias? Another prominent claim across the

multiple literatures studying peer review is that correlations between evaluation outcomes and observable
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attributes of authors or characteristics of their submissions indicate bias in peer review. On the submitter side,
for example, studies report disparities by gender, institutional prestige, and career stage (Gilbert, Williams &
Lundberg, 1994; Ceci & Williams, 2011; Lee, Sugimoto, Zhang & Cronin, 2013; Helmer et al., 2017; Walker,
Barros & Conejo, 2015). On the submission side, claims focus on topics such as how highly novel or
unconventional papers and proposals are less likely to succeed, that interdisciplinary work faces systematic
disadvantages, that “mainstream” topics and methods are favored, and that positive or statistically significant
results are more readily published than null or negative findings (Langfeldt, 2006; Bromham, Dinnage & Hua,
2016; Gans & Shepherd, 1994; Laband & Piette, 1994; Fanelli, 2010; Dickersin et al., 1992).

Several studies attempt to take step towards greater control group comparisons, with methods such as
audit-style resubmissions and blinding experiments. Peters and Ceci (1982) conducted the classic audit
experiment in psychology, resubmitting 12 already published articles with fictitious low-prestige affiliations;
only 3 were accepted while 9 were rejected, even though the content was identical. Blank (1991) ran a
randomized blinding trial at the American Economic Review, finding that under single-blind review, submissions
from prestigious institutions were significantly more likely to be recommended for acceptance than under
double-blind, with prestige roughly doubling the odds of a favorable recommendation. Tomkins, Zhang and
Heavlin (2017) tested the same mechanism at a leading computer science conference by assigning 500 papers
simultaneously to single- and double-blind reviewers, showing that single-blind reviewers were about 1.8 times
more likely to recommend acceptance for famous authors and elite institutions. Witteman et al. (2019) exploited
a policy shift at the Canadian Institutes of Health Research: when evaluations emphasized applicants rather
than projects, women’s success rates fell by 4 percentage points (22.5% vs. 26.0%), whereas shifting focus back
to the science narrowed the gender gap. Boudreau et al. (2016) ran a triple-blind randomized review of
biomedical proposals and found that evaluators gave lower scores to more intellectually proximate and novel
submissions, even though these were later rated more favorably by broader expert audiences. Wang, Veugelers
and Stephan (2017) analyzed patterns of journal placement and citation impact, showing that highly novel
articles were more likely to appear in lower-impact journals at first publication, despite eventually receiving
substantial recognition. Bromham, Dinnage and Hua (2016) demonstrated that Australian grant proposals
spanning more disciplines had significantly lower success rates. Gallo et al. (2022) further observed that
reviewers tended to prefer proposals they perceived as lower risk and more feasible. Large meta-analyses of
publication outcomes also confirm a pervasive “file drawer” pattern in which positive results are more likely to
be published than null or negative findings (Fanelli, 2010).

Other Measures of Peer Review Performance. Beyond reliability and bias, research has evaluated
peer review against several other criteria. These include, for example, effort, efficiency, and reviewer burden,
with reviewing found to be heavily concentrated among a minority of scholars—20% account for 69-94% of
reviews in biomedical journals (Kovanis et al., 2016). Mulligan, Hall and Raphael (2013), in an international

survey of over 4,000 authors, reviewers, and editors, found that respondents cited long delays as a leading
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frustration. Clarivate’s Global State of Peer Review (2018) similarly estimated that individual reviews take about 19
days on average, with end-to-end publication lags stretching to a year or more, consuming tens of millions of
hours annually. Delays are especially pronounced in the social sciences, where economics and management
often require years due to multi-round revise-and-resubmit cycles (Ellison, 2002; Heckman & Moktan, 2020).
Another performance indication that has been studied is whether peer review helps shape submissions. In
journals, referees suggest changes to clarity, methods, or framing (Bornmann, 2011); in grant review, feedback
has been documented to be typically shorter and more standardized, with applicants reporting mixed
assessments of its usefulness (Pier et al., 2018).

Some Caution in Interpretation. Of course, there is considerable “signal” in these seemingly quite
negative results, and they should be taken seriously. At the same time, several additional observations can help
provide a little further context and point toward directions for future research—and, in turn, possible
innovations and refinements in the practice of peer review.

Modern peer review remains an endogenously chosen institutional response. However negative the indications from
existing studies, the system has been adopted and retained across fields and countries as the dominant
governance mechanism of science. This persistence suggests that, despite flaws, it might still function better
than the available alternatives.

There is an absence of theoretical benchmarks for performance. Just as engineers compare actual engine efficiency
to the Carnot limit, or meteorologists measure relative humidity against saturation, we would benefit from
analogous benchmarks for peer review. Without them, it is difficult to judge whether observed shortcomings
reflect institutional failure or simply the limits of the task—in this case, one of information processing to
evaluate a submission and render judgment. By analogy to economics, even if peer review falls short of a
theoretical first-best solution, it may still represent a second-best institutional arrangement that persists because
it performs better than feasible alternatives under real-world constraints. Thus, we might be left to judge
performance relative to perfection or perhaps only intuitive notions what is a “large” or “small” effect.

Many claims based on descriptive rather than causal evidence. The bulk of empirical research on peer review is
based on descriptive evidence and we might therefore also practice some caution in interpreting results. Of
course, many claims are based on direct observation — such as direct observation of significant discrepancies in
evaluation or high workloads —however, a combination of more discerning theory, as above, perhaps combined
with more discerning causal tests might produce greater insights on the extent, nature, and possible solutions
to any problems. Causal evidence often too comes in the form of expressing observed patterns in relation to a
control group—an empirical benchmark. Empirical benchmarks might be especially valuable, especially in the
absence of theoretical benchmarks, as mentioned above.

Interpretation of patterns is complicated by many possible mechanisms. Interpreting patterns such as differences

among referees or evaluation outcomes correlated with submitter attributes may be especially complicated not
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just by usual problems of empirical inference, but also by a complex web of interesting factors, from
institutional design (Section 5), to a range of behavior, incentive, and cognitive mechanisms shaping evaluators,

acting within a complex institution (Section 4).

3.1.1 The Recent Public “Credibility Cresis.”

After peer review performance had been studied for several decades acxross multiple literatures and
disciplines with questions and claims of problems or at least limitations, by the 2000s these issues—and more—
began to spill into the public sphere and media. Stories of fraud, failed replications, and retractions shifted what
had been technical debates into headlines, and with them emerged the language of a broader “credibility crisis”
in science. The term first gained traction in psychology in the early 2010s, where scholars wrote of a “crisis of
confidence” after prominent replication failures and fraud cases (Pashler & Wagenmakers, 2012), and reformers
called for a “credibility revolution” (Nosek, Spies & Motyl, 2012). In medicine, influential essays argued that
structural features of research design and incentives meant that many published findings could not be trusted;

Toannidis (2005) famously contended that most claimed research findings are likely to be false. By the mid-

2010s, the same language had entered general news media, with The Economist (2013) describing reproducibility
failures, retractions, and fraud as symptoms of science’s growing “credibility crisis.”

The first sparks came from spectacular frauds. In the mid-2000s, two Science papers on stem cell
breakthroughs by Hwang Woo-suk were retracted after fabricated results were uncovered. The episode was
covered worldwide and pointed directly at failures of editorial and peer review oversight. Retraction statistics
reinforced the impression of a system under strain: Fang, Steen and Casadevall (2012) showed that of more
than 2,000 biomedical and life science articles retracted through 2012, roughly two-thirds (67.4%) were due to
misconduct rather than honest error. Retractions remained rare compared to the volume of publications, but
their sharp rise was widely cited as a warning sign that peer review was not catching major flaws.

The early 2010s then brought replication projects that moved the conversation from scandal to
systemic doubt. In preclinical cancer biology, Begley and Ellis (2012) reported that only 11% of landmark
findings could be reproduced. In psychology, the Open Science Collaboration (2015) found that just 36% of
studies replicated successfully. In economics, Camerer et al. (2016) replicated 18 experimental papers: 61%
reproduced, but with effect sizes only about three-quarters as large as the originals. Studies of publication bias
added to the picture: Brodeur et al. (2016) showed that too many results in top economics journals cluster just
over the 5% significance threshold, consistent with selective reporting; follow-up work (Brodeur et al., 2020)
confirmed that null results are systematically under-reported. These projects suggested that peer review was not
reliably filtering the highest-quality science and, in some cases, was reinforcing incentives to prioritize

“publishable” significance over robustness.
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At the same time, striking cases drew headlines. In 2013, John Bohannon, a science journalist then

working as a contributing correspondent for Science, published an investigation in which he submitted a
deliberately flawed paper on a lichen-derived cancer drug to more than 300 open-access journals. The
manuscript listed fictitious African researchers at invented institutions as the authors, but Bohannon himself
acted as the submitting author. The paper contained obvious flaws—uncontrolled experiments, misused
statistics, and conclusions that could not follow from the data—yet more than 150 journals accepted it or
invited revisions, sometimes after only cursory review. The story went global and left the impression that “peer

review” could be gamed or faked. In 2014, the “stimulus-triggered acquisition of pluripotency” (STAP) cell

papers in Nature were hailed as a breakthrough, only to be retracted months later amid replication failures and

evidence of data manipulation. These episodes underscored the perception that peer review was unable to catch
even obvious problems before publication.

By the mid-2010s, the debate was out of specialist venues and into the mainstream press. The
Economist (2013) called peer review “slow, expensive, prone to bias, easily abused, and poor at detecting
traud.” Nature (2016) editorialized that the system was “perilously overstretched, yet no alternative has proved
more credible.” Such coverage crystallized peer review as the symbol of science’s credibility problems as
essential, but also flawed. The COVID-19 pandemic then pushed the issue further. Preprints spread at
unprecedented speed, illustrating both the power of rapid dissemination and the weakness of traditional peer
review to vet urgent results. High-profile retractions followed, including two widely cited COVID-19 treatment
papers in The Lancet and NEJM that collapsed when their underlying data proved fraudulent. By 2020-2021,
mainstream outlets such as The New York Times and The Guardian were running regular stories questioning

whether peer review could keep pace with a global crisis of trust in science.

4 TODAY’S ORGANIZATION OF PEER REVIEW

Having traced its historical evolution and the forces that have shaped it, we now take stock of how
peer review is organized at the present moment. This section provides a systematic overview of its institutional
architecture—covering governance and structure, the division of labor and roles, core process steps, and
supporting infrastructure. In documenting this series of arrangements and practices, we can then begin to
understand peer review as essentially an information processing organ, taking inputs from submissions,
generating assessments, and aggregating them into judgments. We highlight key dimensions along which
practices vary and review existing empirical evidence that examines these features. By clarifying how peer review
currently operates, and where it diverges across contexts, we establish the necessary groundwork for later
discussion of opportunities to apply randomized and experimental methods to evaluate and improve the system,

as well as to advance our understanding of it.
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4.1 Peer Review Governance & Structure

A notable feature of peer review is that it largely operates as a para-organizational system with some
remove from universities. It demands substantial labor and wields significant authority over careers and
knowledge, yet it is mostly organized outside the scientist's formal employers—universities, research institutes,

and laboratories (Csiszar 2018; Baldwin 2018).

4.1.1 Journals

Scientific journals are governed in three broad ways.

Society Journals. Society journals are owned and operated by disciplinary associations or academies,
including high-profile examples such as Science (American Association for the Advancement of Science),
PNAS (U.S. National Academy of Sciences), Journal of the American Medical Association or JAMA (American
Medical Association), and the Journal of the American Chemical Society (American Chemical Society). These
journals finance themselves through subscriptions, membership dues, Article processing charges, and
conference surpluses (Fyfe et al. 2017). Academic editors—typically active faculty appointed by the society—
select referees, synthesize reports, and make final publication decisions. Referees are also academics, who
provide expert peer reviews assessing novelty, rigor, and contribution; they are unpaid and motivated by
professional norms of reciprocity and service (Rennie & Smith 1996; Smith 2006). Administrative staff support
this process by managing submission systems, performing conflict-of-interest checks, handling
correspondence, and ensuring deadlines are met. Because their governance rests with disciplinary associations,
society journals tilt strongly toward serving members, enhancing disciplinary prestige, and advancing fields of
study (Baldwin 2015). These journals typically serve more specialized disciplinary communities, with circulation
and readership concentrated within specific academic fields, creating strong incentives to maintain rigorous
standards that reflect well on the discipline.

University Press Journals. University press journals, such as the Quarterly Journal of Economics
(Oxtford University Press) or the Review of Economics and Statistics (MIT Press), are formally owned by
presses attached to universities but typically operate as semi-autonomous publishing arms with their own
budgets and staff (Guédon 2017). Editorial authority is delegated to academic editors or societies, who—Iike
their counterparts in society journals—make the substantive evaluative decisions. Press-employed editorial
assistants or coordinators provide administrative support. This semi-autonomous status creates a dual
accountability: editors must satisfy both academic quality standards and the press's financial sustainability
requirements, often leading to more conservative editorial decisions that balance intellectual risk-taking with
market viability. University press journals typically have smaller circulations than commercial publishers but
often maintain higher prestige within specific disciplines, particularly in humanities and social sciences where
they dominate the most respected outlets. Their governance within universities tilts them toward maintaining

academic credibility and reputational standing while also ensuring financial sustainability for the press.
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Commercial Publishers. Commercial publishers such as Elsevier, Springer Nature, and Wiley

represent a third model, with flagship titles that readers will recognize: Elsevier’s Cell, The Lancet, and Journal of
Financial Economics; Springer Nature’s Nature, Nature Medicine, and Scientific Reports; and Wiley’s Adpanced

Materials, EMBO Journal, and the Journal of the American Chemical Society (co-published). In these journals, salaried
professional staff editors triage submissions, select referees, and make the final acceptance or rejection
decisions; academic editors are usually absent apart from advisory boards (Lariviere, Haustein & Mongeon
2015; Fyfe et al. 2022). Referees are again unpaid academics, providing expert reports as part of their
professional obligations. Large administrative teams support the process by handling reviewer recruitment,
chasing late reviews, coordinating production and typesetting, and ensuring ethical and reporting compliance.
Corporate governance tilts commercial publishers toward objectives of scale, efficiency, and profitability,
reflected in heavy investment in staff editors, large portfolios, and aggressive pursuit of subscription and APC

revenues (Baldwin 2018). The market concentration among commercial publishers is substantial: Elsevier (with

~2,900 titles, including Celand The Lanced), Springer Nature (Nature, BMC seties, Scientific Reports), Wiley

(Adpanced Materials, EMBO Journal), Taylor & Francis (~2,500 journals), and SAGE (~1,000 journals in social
sciences) collectively control over half—and by some estimates nearly 70%—of the global output of published
journal articles, giving them significant negotiating power with universities and enabling aggressive pricing

strategies that have outpaced inflation for decades (Lariviere et al. 2015; Johnson, Watkinson & Mabe 2018).

4.1.2 Fund Granting Bodies

Like journals, grant peer review is organized largely outside universities and takes three main
institutional forms.

Government Agencies. Governmental agencies—such as the U.S. NIH and NSF, the European
Research Council (ERC), UK Reseatch and Innovation (UKRI), and China's National Natural Science
Foundation—dominate in both scale and formality. Professional staff (scientific review officers, program
managers) design review processes, recruit referees, convene panels, manage conflicts of interest, and enforce
compliance (NIH CSR 2024; European Commission 2023). Academics provide written reviews and participate
in panel discussions, assessing merit, feasibility, and potential impact; they are usually unpaid, or occasionally
compensated with modest honoraria (Stephan 2012). Final award decisions are made by program officers and
governing councils, who must balance peer review judgments with programmatic priorities, budgetary limits,
and national accountability requirements (Guthrie et al. 2018). Because they are accountable to legislatures and
taxpayers, government agencies tilt toward missions of scientific merit combined with national policy objectives
and equitable resource distribution. Their operating budgets far exceed those of journals: the NIH's Center for
Scientific Review spends US$300—400 million annually, NSF devotes about US$450 million to program
management, and the ERC and UKRI operate at comparable scales—an order of magnitude greater than the
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largest journals. Beyond these operating costs, their grant allocations are vastly greater: NIH distributes
~US$47.7 billion, the ERC ~€2.2 billion, and UKRI ~/8 billion annually. The competitive intensity these
budgets support is reflected in success rates: NIH RO1 grants typically have success rates around 20%, NSF
around 25%, and ERC Starting Grants approximately 13%, creating fierce competition that shapes how
researchers design projects and institutions allocate internal resources (NIH 2023; NSF 2023; ERC 2023). Note
too that standing review panels are periodically rotated, which distributes influence but also creates challenges
of consistency and institutional memory (Siler et al. 2015).

Philanthropic Foundations. Philanthropic foundations such as the Wellcome (formerly Wellcome
Trust), the Gates Foundation, and the Howard Hughes Medical Institute operate in a similar fashion, albeit on
a smaller scale (Viergever 2016). Program officers design competitions, recruit reviewers, and integrate advisory
input, while trustees or boards retain final authority. Academics again serve as reviewers and advisors, generally
unpaid. Staff coordinate the process much like in government agencies, but philanthropic governance by
trustees and donors gives greater discretion to tailor peer review to mission priorities: Wellcome emphasizes
frontier science, Gates global health, and HHMI long-term career development. These governance differences
translate into distinct review criteria and processes: the Gates Foundation emphasizes measurable impact
metrics and translational potential more heavily than traditional academic metrics, while HHMI's investigator-
focused model evaluates people rather than specific projects, leading to longer review timelines but potentially
greater intellectual freedom for recipients (Nicholson & loannidis 2012). Philanthropic agencies are also in
many cases less bound by transparency requirements than government funders (Viergever 2016). Their
operating budgets remain substantial—Wellcome reports ~£88 million annually—even if smaller than those of
national agencies (Wellcome 2023).

University Seed Grants. University grant competitions, by contrast, tend to operate on much smaller
scales and remain closely embedded in the academic community. In addition to providing non-competitive
institutional support (faculty salaries, start-up packages, lab space), universities also run peer-reviewed
competitions for seed, bridge, or pilot grants (Stephan 2012). Virtually every major research university operates
some form of internal seed grant program—from University of Georgia's Faculty Research Grants (up to
$25,000), to Florida State University's Seed Grants (up to $100,000), to University of Utah's college-specific
competitions funded by their Vice President for Research. Columbia University offers multiple tiers, from
$10,000 awards for doctoral students to $150,000 interdisciplinary grants, while Utah State University runs two
competitive cycles annually. These competitions, which at large research universities may collectively distribute
several million dollars each year, are primarily geared toward seed funding that enables preliminary studies,
proof-of-concept work, and pilot data collection to strengthen future external proposals. The decentralized
nature of these programs creates remarkable variety in organization and orientation: some universities
emphasize interdisciplinary collaboration (UGA's Presidential Interdisciplinary Seed Grants), others focus on

specific cateer stages (Columbia's junior faculty diversity grants), while still others target particular research
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themes (precision agriculture, global health, aging research) or methodological approaches (computational
research, community engagement). This diversity reflects local institutional priorities, donor interests, and
strategic research directions rather than the standardized criteria of national agencies. National academies such
as the U.S. National Academy of Sciences and the UK's Royal Society administer comparable fellowship and
prize schemes. In these settings, administrative staff provide minimal support, while academics themselves
review, deliberate, and make the final decisions. Success rates for internal university competitions are often
substantially higher than national competitions—frequently 30-50%—reflecting their role as stepping stones
rather than ultimate funding destinations. Governance within the academic community tilts these competitions
toward nurturing capacity, advancing disciplinary prestige, and helping researchers progress toward more
substantial external funding.

Corporate Research Programs. Large technology firms such as Microsoft, Google, LinkedIn, and
Meta also operate competitive research grant schemes. These programs mimic academic peer review in form—
soliciting proposals through open calls, recruiting panels of company researchers and external academics, and
evaluating submissions on novelty, rigor, and contribution—but governance and final decision-making remain
tirmly under corporate control. Review criteria blend scientific merit with alignment to strategic priorities such
as artificial intelligence, digital health, or labor market analytics. Awards are typically smaller than those of
government or major philanthropies (often US$25,000-250,000) but may include privileged access to
proprietary data or infrastructure. While program descriptions indicate the use of panels and external referees
[Microsoft Research 2024; Google Research 2024; Meta Research 2022; LinkedIn 2019], independent scholarly
analysis of how these review systems function remains scarce. Existing research on industry sponsorship
suggests that such programs can shape research agendas toward corporate interests (Fabbri et al. 2018;

Hirschhorn & Bialous 2001).

4.2 Obijectives & Submission Selection Criteria

Journals, funding agencies, and other evaluative venues articulate their objectives in different ways, but
certain themes recur. (See The Appendix for examples to complement the discussion here.) In considering the
institution of peer review as an information processing organ, these objectives influence the kinds of signals
evaluators are asked to extract.

Quality & Scientific Merit. The most universal of criteria emphasized by peer review bodies
is general soundness and contribution—which we might think of as general scientific merit and
“quality.” Across contexts, reviewers are expected first to check that work is methodologically valid and
appropriately reported. Yet validity alone is rarely enough: most venues also expect a judgment of
contribution—whether the work adds something non-trivial to existing knowledge. Nazure specifies that papers
should “represent an advance in understanding likely to influence thinking in the field” (Nature, 2023),

and Sciencerequires authors to motivate the significance of their findings, signalling that mere correctness is
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insufficient (Science, 2023). Clinical flagships like The Lancet and NEJM set the bar as “practice-changing” or
policy-relevant research (The Lancet, 2023; NEJM, 2023). Among funders, the NSF explicitly instructs
reviewers to assess “Intellectual Merit”—defined as the potential to advance knowledge—while NIH reviewers
score “Significance” as a separate criterion from “Approach” or “Innovation” (NSF, 2023; NIH CSR, 2024).
The exception is mega-journals such as PLOS ONE and BM] Open, which deliberately bracket contribution
away: they instruct reviewers to evaluate “technical soundness, not significance,” ensuring that validity alone
determines acceptance (PLOS ONE, 2023; BM]J, 2023).

Feasibility. A second recurrent objective is feasibility and execution. Feasibility is fundamentally a
prospective criterion: it asks whether proposed research can realistically be carried out if funded. Granting
agencies make this explicit. At the U.S. National Institutes of Health, reviewers must score not only the
proposed methods but also the Investigators and Environment, considering “the institutional support, equipment,
and other physical resources available to the investigators” as part of the Overall Impact score (NIH CSR,
2024). UK Research Councils likewise list “Resources and Management” among their main assessment criteria
(EPSRC, 2023), and Horizon Europe devotes one of its three review pillars to “Quality and efficiency of the
implementation,” requiring evaluation of work plans, risk management, and team capacity (Buropean
Commission, 2021). Mission-oriented programs elevate this emphasis even further. DARPA, ARPA-H, and
BARDA all require applicants to specify detailed milestones, deliverables, and credible transition strategies,
treating executional capacity as co-equal with scientific merit (DARPA, 2022; ARPA-H, 2023; BARDA, 2023).

By contrast, feasibility does not normally apply to journals, where the research has already been
completed at the time of review. The closest analogue is an assessment of the adequacy of execution after the
fact. Reviewer guidelines for [ANM.A emphasize whether “methods are appropriate and sample size adequate”
(AMA, 2023), and BM] directs referees to judge whether “the study design and statistical analyses are
appropriate to the research question” (BMJ, 2023). Even general guidance from COPE on journal reviewing
identifies “soundness of study design” as a central responsibility for referees (COPE, 2017). A further
innovation is the registered reports format, in which feasibility is assessed prospectively at the journal stage:
protocols are peer-reviewed before data collection, with acceptance conditional on methodological adequacy
and practical viability rather than results (Chambers & Tzavella, 2022). In sum, while funders assess feasibility
as the likelihood of successful execution, journals assess whether execution was adequate to support claims

once the research is complete.

Novelty. A third common dimension is novelty and potential for path-breaking advance. At selective
generalist journals, reviewers are asked to determine whether findings are original and consequential enough to
warrant broad attention. Nature’s criteria emphasize advances “likely to influence thinking” across disciplines
(Nature, 2023), while Science places significance at the center of its editorial gatekeeping (Science, 2023).

Clinical journals translate importance into practice-changing potential (The Lancet, 2023; NEJM, 2023). In the
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funding domain, NSF directs reviewers to assess originality, NIH maintains “Innovation” as a separate criterion,
and the ERC defines “scientific excellence” (its sole criterion) in terms of ambition, originality, and feasibility
of the scientific approach (NSF, 2023; NIH CSR, 2024; ERC, 2023). Other funding schemes are even more
explicit in prioritizing novelty: the NIH Pioneer Awards and New Innovator Awards require reviewers to
evaluate “high-risk, high-reward” potential; DARPA solicitations routinely call for “revolutionary” or
“disruptive” advances with step-change impact (DARPA, 2022); and the U.S. Department of Energy’s ARPA-
E similarly mandates “transformational” innovation criteria (Bonvillian & Van Atta, 2011). By contrast, broad-
scope soundness-only journals such as PLOS ONE and BM] Open explicitly reject novelty as a criterion,
focusing on technical validity and transparency alone (PLOS ONE, 2023; BM]J, 2023). The spectrum here
ranges from maximizing novelty at selective journals and frontier “high-risk, high-reward” programs to

eliminating it altogether in soundness-only venues.

Other Priorities. Review systems also sometimes embed further objectives that reflect institutional
identity and policy environments. Some are highly idiosyncratic. Clinical journals often stress immediate practice
relevance—whether results are likely to change treatment or policy (The Lancet, 2023; NEJM, 2023). Public
health and disease-focused foundations (e.g. the Michael ]. Fox Foundation) direct reviewers to translational
potential for specific conditions (Sampat, 2012). U.S. mission agencies such as DARPA, ARPA-H, and BARDA
explicitly equate success with credible transition to adoption, national security, or public-health payoff, and
require proposers to articulate milestones and end-user engagement (DARPA, 2022; ARPA-H, 2023; BARDA,
2023). Funders also introduce political and societal priorities: NSE’s Broader Impacts stresses education, diversity,
and inclusion (NSF, 2023); NIH’s UNITE initiative integrates equity considerations into review (NIH, 2021);
Horizon Europe ties calls to missions on climate neutrality, cancer, and digital transition (European
Commission, 2021). Universities and foundations align internal schemes with strategic themes, such as
Harvard’s Climate Solutions Fund or Stanford’s Impact Labs, both of which embed community and policy
engagement into their evaluation (Harvard University, 2024; Stanford University, 2023). Open-access
soundness-focused journals such as PLOS ONE and BM] Open adopt their own distinctive mission by
bracketing out novelty and importance and instead requiring only technical validity, transparency, and data

availability in review (PLOS ONE, 2023; BMJ, 2023).
Another example of a particular objective emphasized by at least some venues is interdisciplinary or

multidisciplinary research. The European Research Council states under its Scientific Excellence criterion that
proposals are expected to show “ground-breaking nature, ambition and feasibility, including where relevant
novel concepts and approaches, and interdisciplinary proposals” (ERC, 2023). Horizon Europe makes
interdisciplinarity explicit by requiring reviewers to assess “extent to which the proposed work is beyond the

state of the art, novel, and where relevant interdisciplinary’ as part of Excellence, and by embedding cross-
o] bl f} > y g
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disciplinary collaboration in its mission-oriented calls (European Commission, 2021). UK Research and
Innovation similarly lists interdisciplinarity as a priority in its strategic plan and calls, instructing applicants to
“demonstrate contributions across disciplines and sectors” (UKRI, 2023). In the United States, NSF and NIH
encourage it mainly through cross-cutting programs (e.g., NSF’s “Convergence Research”; NIH’s “Common
Fund”) rather than as a default review criterion (NSF, 2023; NIH, 2020). Universities and philanthropic seed
funds also promote it by requiring or rewarding cross-school collaborations in internal competitions (Stephan,
2012). By contrast, most journals are structurally organized around fields and disciplinary communities. At
journals, research that crosses disciplinary boundaries can be disadvantaged, with evidence of difficulties in
assigning referees and higher risks of rejection (Rhoten & Parker, 2004). Related analyses of grant review also
suggest consistent penalties, with interdisciplinary proposals showing lower success rates and slower review
processes (Bromham, Dinnage & Hua, 20106), patterns that echo the structural challenges of journal peer review.

Another example of an objective outside the big three of quality, feasibility, and novelty is demographic

diversity. At the U.S. National Science Foundation, the requirement to assess Broader Impacts was introduced

in 1997; at first this was loosely defined, but in the 2007 Grant Proposal Guide reviewers were explicitly instructed

to consider how projects would “broaden participation of underrepresented groups” (NSF, 2007). Since then,

every proposal has been scored on this dimension alongside Insellectual Merif, making NSF the earliest funder to
institutionalize EDI in review. At the National Institutes of Health, the five scored criteria (Significance,
Innovation, Investigators, Approach, Environment) remained unchanged from the 1980s through 2020, with
no explicit reference to EDI. In 2021, however, NIH launched the UNITE initiative and simultaneously began
issuing RFAs that required reviewers to evaluate attention to health disparities and diversity in research teams
(NIH, 2021). In Europe, Horizon 2020 (2014-2020) introduced gender balance as a “cross-cutting issue” but
did not make it a scored element; with Horizon Europe (2021-2027), the European Commission went further
by requiring every applicant institution to have a Gender Equality Plan as an eligibility condition for most calls,
and by embedding EDI into the Impact pillar of review (European Commission, 2021). UKRI promoted
diversity rhetorically from around 2017, but only in 2022 did it adopt a formal EDI Strategy requiring applicants
and reviewers to account for equality and inclusion in the evaluation process (UKRI, 2022). Journals have only

moved recently, and mainly through editorials rather than referee guidance: The Lancet launched its Gender

Equity in Research series in 2019, and Nature and Science announced diversity pledges covering editorial boards,
reviewer pools, and authorship policies in 2020.

A final observation on objectives is that the expectation of returns to scientific work—whether societal
or economic—is rarely an explicit criterion in mainstream journal or grant review. Instead, the link from new
knowledge to downstream impact is generally treated as an implicit social contract: advancing fundamental
understanding is presumed to yield benefits over time, even if the pathway is uncertain and indirect. Exceptions
arise in mission-driven contexts, where agencies such as DARPA, ARPA-E, ARPA-H, and BARDA make
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transition to practice central to their review criteria, requiring applicants to specify milestones, adoption
strategies, and potential end-users (Bonvillian & Van Atta, 2011; DARPA, 2022; ARPA-H, 2023; BARDA,
2023). In Europe, Horizon Europe embeds “Impact” as one of its three review pillars, explicitly extending
evaluation beyond intellectual merit to include economic, social, and policy relevance (European Commission,
2021). In the broader peer review system, however, “returns” remain a background justification rather than an
overt evaluative standard, reflecting recognition that downstream benefits typically unfold over longer horizons

than reviewers can credibly assess.

4.3 Peer Review Process

Across contexts, peer review proceeds through a recognizable sequence: intake and prescreening,
triage, reviewer assignment, reviewer evaluation, deliberation and judgment, aggregation and decision, and
feedback and iteration. This process divides across multiple roles: submitters (authors, principal investigators),
editors or program officers, academic reviewers, administrative staff, and digital infrastructures (increasingly
with Al tools) such as journal platforms ScholarOne and Editorial Manager; and grant management systems
including NIH's eRA Commons (Electronic Research ~ Administration), NSF's Research.gov, the
ERC's ESub electronic submission system, and UKRI's Je-S (Joint Electronic Submissions system) (NIH CSR
2024; NSF PAPPG 2023; European Commission 2023).

4.3.1 Submission Intake & Requirements

A first step in any review is submission. Historically, authors mailed paper manuscripts to journals and
thick proposal packets to funders, where clerical staff manually logged, stamped, and routed them. Today,
intake is almost universally digital, with the submitter—an author in journals, a principal investigator (PI) and
team in grants—entering information into online portals. The shift to digital platforms has created a far greater
level of standardization. For journals, systems such as ScholarOne and Editorial Manager require standardized
tields for titles, abstracts, affiliations, keywords, conflict-of-interest statements, funding acknowledgments, and
sometimes suggested reviewers. For grants, portals like NIH's eRA Commons, NSF's Research.gov, and the
ERC's ESub demand far more extensive inputs: budget justifications, biosketches, compliance certifications,
and institutional assurances, alongside project narratives (NIH CSR 2024; NSF PAPPG 2023; European
Commission 2023). Across both journals and grants, digital intake forces information into structured fields—
minimizing missing elements and creating standardized datasets for later prescreening, reviewer matching, and
compliance checks.

Despite this standardization, different journals now impose different additional requirements, with a
general trend toward expanding demands. Perhaps most consequentially, journals vary dramatically in their
requirements for open materials—data, code, and other research outputs. A 2019 survey found that 31% of
journals had mandatory data sharing policies, with considerable variation by field: 85% of journals in genomics
require data deposition, compared to just 15% in psychology (Tedersoo et al. 2021). Science and Nature require
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data availability statements and may mandate deposition in recognized repositories, while PLOS journals require
underlying data for all figures and tables to be made available (PLOS 2020). Some journals, particularly in
computational fields, now require code availability—for instance, Nature Machine Intelligence mandates that
"custom code that is central to the conclusions must be available" (Nature Machine Intelligence 2024). These
requirements can impose substantial additional costs and time burdens: preparing datasets for public release,
documenting code, and ensuring compliance with privacy regulations can require weeks of additional work and
potentially expensive data management infrastructure (Christensen et al. 2019).

Journals also vary substantially in their fee structures. Many journals charge no submission fees, but
others impose charges that vary by field and publisher type. Economics, finance, and accounting journals
commonly charge submission fees (Elsevier 2024). Society journals often tie submission fees to membership
(dues): the Econometric Society charges $125 for regular members and $50 for student members for
Econometrica submissions, and requires membership for first-time submissions (Econometric Society 2024).
The Royal Economic Society charges £75 for submissions to The Econometrics Journal, with reduced rates
for RES members (Royal Economic Society 2024). Beyond submission fees, journals impose various
publication-related charges: traditional subscription journals may charge page fees of $100-250 per page and
color figure fees up to $1,000 per image, while some society journals like Econometrica charge publication page
fees at $12 per page. Open access journals charge substantially higher Article Processing Charges (APCs)—
Nature Communications charges $5,200 and PLOS ONE charges $1,895 for publication (Nature Portfolio
2024; PLOS 2024). Additionally, some journals require costly formatting, professional language editing, or
specific image resolution standards that can add perhaps hundreds to thousands of dollars in preparation costs.
Beyond data sharing and fees, journals increasingly impose additional credentialing and verification
requirements: many now mandate ORCID identifiers for authors, detailed biographical statements, extensive
ethics declarations covering everything from Al tool usage to institutional affiliation verification, and clinical
trial registration numbers where applicable. Grant applications, in contrast to journals, typically involve no
submission fees in the case of major funding agencies.

Grant applications face particularly extensive requirements, given a need to evaluate prospective,
uncertain research that has yet to be completed and associated investigator capacity, and significant financial
commitments in projects (Guthrie, Ghiga & Wooding 2018; Stephan 2012). Unlike journal submissions where
reviewers can assess completed results, grant evaluations must predict success based on detailed documentation
of investigator qualifications, institutional resources, and research plans. This has created a marked shift from
carlier eras when applications consisted primarily of a research proposal and basic budget to today's
comprehensive packages requiring: research narratives, detailed budgets with line-item justifications, principal
investigator and co-investigator biosketches, institutional facilities and resources descriptions, letters of
collaboration, compliance certifications for human subjects or animal research, detailed project timelines with

specific milestones and deliverables, and data management and sharing plans—now mandatory for all NIH
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applications regardless of funding amount as of 2023, a significant departure from previous policies that applied
only to large grants, while NSF requires such plans for all proposals requesting more than $500,000 (NIH 2023;
NSF 2023). In addition, requirements now often include broader impact statements detailing societal benefits,
diversity and inclusion plans, research integrity training certifications, and plans for public engagement and
knowledge transfer activities, with the European Research Council mandating open access publication as part
of its Horizon Europe program (European Commission 2021). These data management requirements alone
can demand 10-20 pages detailing data types, storage protocols, sharing mechanisms, and long-term
preservation strategies. In the case of NIH RO1s, Wellcome Trust Investigator Awards, European Research
Council grants, and many Department of Defense research programs, pilot study results demonstrating
feasibility are required, including proof-of-concept experiments, feasibility studies showing methods work, or
pilot data from small-scale versions of proposed studies.

These extensive requirements typically imply considerable investment for grant applications, beyond
designing the research itself. NIH RO1 applications typically require 100-200 hours of PI time plus additional
effort from co-investigators and administrative staff (Jacob & Lefgren 2011), while smaller grants may still
demand 20-40 hours of preparation time. In large or complex applications, universities may provide pre-award
or grants-management staff to help investigators navigate these digital systems, though this support is uneven
across institutions and not universal (Chubin & Hackett 1990; Stephan 2012). The availability and quality of
this institutional support can significantly affect both submission success rates and the true cost of proposal

preparation, with well-resourced universities enjoying considerable advantages (Danthi et al. 2014).

4.3.2  Pre-screening

Once submitted, manuscripts and grant proposals pass through automated portal checks and basic
administrative pre-screening before any external review. Journal systems (e.g., ScholarOne, Editorial Manager)
verify required metadata, file types, declarations, and word/page limits, and route missing items to staff (Fyfe
et al.,, 2017; COPE, 2017). Grant portals (NIH eRA Commons, NSF Research.gov, ERC ESub) automatically
flag missing forms, budget elements, or ethics attestations for correction before referral to review (NIH CSR,
2024; NSF PAPPG, 2023; European Commission/ERC, 2023).

Most large publishers also run text-similarity screening (e.g., Crossref Similarity Check/iThenticate) at
submission as a triage signal; editors then manually adjudicate whether flagged overlap reflects legitimate reuse
(methods, quotations, self-overlap) or potential plagiarism (Aries Systems/Editorial Manager, n.d.; Crossref,
2023; COPE, 2019). Evidence from audits and method comparisons underscores this point: raw similarity
percentages are not determinations of misconduct and require human review (Foltynek et al., 2020); in one
medical-journal audit, ~17% of submissions were initially flagged as “unacceptable” overlap at a chosen
threshold, with a smaller fraction judged serious after editorial follow-up (Higgins, Lin & Evans, 20106). In

parallel, submitters complete identity/COI and policy-compliance statements (e.g., ORCID, conflicts,
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data/code availability, clinical-trial registration where applicable), which are checked administratively at intake

(COPE, 2017; Nature Portfolio, 2024).3

4.3.3  Initial Rejections and Triage.

Editors or associate editors in journals perform desk rejections, eliminating 50-80 percent of
manuscripts before external review (Baldwin 2015). This gatekeeping function serves the crucial institutional
objective of scalable filtering—managing volume while directing the limited time and attention of expert
reviewers toward the most promising submissions. As submission volumes have grown exponentially, triage
has become a central institutional safeguard, combining scope assessment, completeness checks, ethical
screening, and tools like plagiarism detection to protect integrity before expert judgment is even sought. In

commercial publishing, professional staff editors make these calls, sometimes with the support of systems

like ScholarOne ot Editorial Manager, which can automatically flag missing metadata, formatting errors, or
obvious scope mismatches. But the decision to desk reject remains predominantly human, relying on expert
judgment rather than automation. Program officers at grant agencies rely less on desk triage, filtering instead
through stage-one reviews or preliminary reviewer scores (NIH CSR 2024; European Commission 2023). The
workload here often allocates highly trained academics or staff to repetitive low-value filtering, justified as
necessary to protect scarce reviewer capacity. Al-driven triage has been piloted — for example, by Elsevier and
Springer Nature, which have tested machine-learning models to flag low-quality submissions — but these tools

remain proprietary, limited in uptake, and far from displacing human editorial judgment (Checco et al. 2021).

4.3.4 Reviewer Selection and Invitations.

At journals, reviewer assignhment (more accurately: identifying and inviting) is a multi-step process:
editors or associate editors identify potential referees (traditionally through professional networks and
judgment), issue invitations, and await confirmations. Because many invitations are declined, editors typically
contact more candidates than needed before securing two to four reports. Administrative staff track invitations,
chase responses, and enforce conflict-of-interest declarations (Bornmann, Mutz & Daniel 2010). In commercial
publishing, staff editors increasingly rely on recommender systems embedded in submission platforms, such as
Elsevier’s Reviewer Recommender or Clarivate’s Reviewer Locator, though editor judgment remains central (Feng et
al. 2022). Journal assignment is therefore largely one-off and asynchronous: each submission is matched to
reviewers individually, with separate invitation and acceptance cycles.

Grant agencies employ more formalized approaches to finding and assigning reviewers. NIH uses

its Reviewer Finder to identify referees based on bibliometric similarity, then assigns them to study sections, which

3 Atleast today, data-integrity and computational reproducibility retraction checks are typically performed after acceptance
during production quality control and are treated in the (separate) verification section, if they are performed at all (Thorp,
2024; Taylor & Francis, 2022).
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may include 20-30 standing members plus additional ad hoc experts recruited for a given cycle (NIH CSR
2024). NSF assembles large ad hoc panels from its reviewer databases, while ERC panels are drawn from central
rosters designed to balance expertise and geography (Buropean Commission 2023). Here, assignment
means constructing whole rosters or panels that review dozens of proposals together during a single meeting
cycle. Administrative staff and review officers coordinate invitations, enforce COI policies, and ensure coverage
across disciplines.

Reviewer assignment serves several institutional objectives simultaneously: to ensure evaluations are
carried out by individuals with relevant subject-matter expertise, to reduce the influence of idiosyncratic biases
through multiple independent assessments, and to spread the evaluative burden across the community

(Bornmann, Mutz & Daniel 2010; Pier et al. 2018).

4.3.5 Review and evaluation.

Academic reviewers carry out the substantive evaluation, reading submissions, writing critiques, and
scoring against specific criteria. Editors or program officers provide guidance, while administrative staff enforce
deadlines and platform compliance. Journal reviewers typically receive manuscripts (PDF plus source files),
associated data and code repositories, and venue-specific guidance through platforms like ScholarOne or
Editorial Manager. Anonymization practices vary substantially across disciplines: single-blind review
predominates, double-blind review is standard in certain fields (notably economics and management), while a
growing minority of journals now publish reviews alongside accepted articles (Baldwin 2015). In most cases of
journal reviews, the identity of reviewers is also masked from other reviewers. Analogously, grant reviewers
access comprehensive proposal packets—including research narratives, investigator biosketches, budgets, and
institutional resources—through centralized portals such as NIH's Internet Assisted Review system, NSF's
Research.gov, or the European Research Council platform. Unlike journal submissions, grant proposals
typically identify applicants, though NIH has piloted anonymization procedures in select programs (NIH CSR
2024; BEuropean Commission 2023).

A crucial distinction in peer review systems lies between scoring-focused versus recommendation-
focused evaluation approaches, which reflect different institutional philosophies about the role of expert
judgment. In terms of guiding evaluation via frameworks and rubrics, journals often request narrative

assessments alongside categorical recommendations (accept/revise/reject), anchored by broad critetia such as

nn - nn

novelty," "methodological rigor," "

"quality, significance," and other categories, depending on the venue. The
extent to which structured parameter-by-parameter evaluation may vary considerably. For example, journals
such as Nature and Science instruct reviewers to give particular weight to dimensions like novelty and broad
significance, but they do so through general guidance rather than formalized scoring rubrics; reviewers provide
narrative comments and an overall recommendation, with no standardized weighting across criteria (Baldwin

2015). Importantly, many journals prioritize the reviewer's explicit recommendation (accept, revise, ot reject)
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as the primary input for editorial decision-making, treating numerical assessments, when present, as secondary
to expert judgment about the manuscript's ultimate fate.

Funding agencies, by contrast, typically mandate highly structured scoring systems that often carry
more weight than explicit recommendations. NIH requires reviewers to provide bulleted strengths and
weaknesses across three domains (Significance; Investigator and Environment; Innovation/Approach) using
standardized 1-9 scoring scales, while the ERC evaluates proposals on Excellence, Impact, and Implementation
with mandatory written justifications (NIH CSR 2024; European Commission 2023). Platform constraints
enforce this standardization—for instance, NIH's system will not accept reviews in which these scoring fields
are not completed. These numerical scores become the primary basis for funding decisions, with applications
ranked by their overall impact scores and funded in strict numerical order until budgets are exhausted. While
reviewers may offer general assessments of a proposal's merit, their explicit recommendations about whether
to fund or not fund carry less institutional weight than their numerical evaluations.

To a greater degree than journals, funding agencies tend to more strictly impose standardized rubrics
within mandatory digital frameworks, producing structured, quantifiable assessments suitable for comparison
and aggregation (NIH CSR 2024; European Commission 2023; Guthrie, Ghiga & Wooding 2018). These more
structured and standardized outputs can then be more easily assimilated and understood during the judgement
and decision-making stage of the process, which typically involves a multitude of perspectives and voices—
rather than, say, a single editor's synthesis and discretion. This scoring-versus-recommendation distinction has
profound implications for how expert judgment operates: journal systems preserve more space for holistic,
contextual evaluation where a reviewer's overall assessment can override concerns about specific criteria, while
grant systems channel expert judgment into standardized, quantifiable metrics that enable systematic
comparison but may constrain the expression of nuanced professional judgment. By contrast, journals generally
rely on narrative reports with minimal formal rubric guidance, leaving reviewers greater interpretive discretion
and preserving flexibility in editorial judgment (Rennie & Smith 1996; Baldwin 2015; Lee et al. 2013).

Some systems occupy a middle ground, asking reviewers for both detailed scores and explicit
recommendations, though institutional practice varies in which input receives greater weight in final
decisions. NSF, for instance, requests both categorical ratings and written assessments but emphasizes the
integration of both rather than strict numerical ranking, while some journal systems collect numerical scores
primarily for editorial guidance rather than as binding inputs to accept/reject decisions.

To date, the review process has been little automated or using digital tools. However, eatly-stage pilots
have explored the use of Al-assisted manuscript summarization and automated detection of methodological
deficiencies, though implementation remains experimental and uneven across publishers and disciplines
(Checco et al. 2021; Doskaliuk et al. 2025). Recent guidance from the Committee on Publication Ethics
mandates that reviewers disclose Al usage and prohibits uploading confidential manuscripts to public language

models (COPE 2023).
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4.3.6 Deliberation and judgment.

At journals, deliberation is typically concentrated in the editor’s office. Editors (in commercial houses,
professional staff editors) weigh referee reports, assess fit and contribution, and make the final call, sometimes
consulting boards or senior editors (Siler, Lee & Bero 2015). Outcomes are not mechanically derived from
reviewer recommendations: editors routinely synthesize arguments, override split recommendations, or invite
multiple rounds of revision when a paper appears promising (Bornmann & Daniel 2008; Heckman & Moktan
2020). Digital submission systems such as ScholarOne and Editorial Manager document the decision trail and
correspondence. Some publishers are piloting Al-assisted summaries of reviewer input to support decision
letters (Checco et al. 2021).

At grant institutions, deliberation is more collective and procedurally codified than in the case of
journals. Panels discuss proposals after designated reviewers present critiques; review officers enforce COI
rules and manage meetings; and specialized digital infrastructures (e.g., NIH’s Internet Assisted Review system,
NSE’s Research.gov, the ERC’s ESub platform) handle voting, scoring, and audit trails, ensuring transparency
and compliance at scale (Pier et al. 2018; European Commission 2023). These systems typically record score
changes, link critiques to reviewers, and generate standardized outputs such as panel summaries, which both
guide funding councils and provide formal feedback to applicants.*

The mode of aggregation of scores in the deliberation process varies by agency: NIH converts
preliminary and post-discussion scores into an Overall Impact score; NSF panels provide ranked or tiered
recommendations with bounded program officer discretion; the ERC compiles consensus-based ranked lists
(NIH CSR 2024; NSF PAPPG 2023; European Commission 2023). Despite these structures, evaluation and
aggregation often blur or are arguably not quite as distinct and separate steps even in relation to journals for
several reasons. Designated reviewers both evaluate and sit on decision-making panels, so their critiques directly
feed into the aggregation stage. Oral presentations can sway unassigned scorers who had little prior exposure
to a proposal (Pier et al. 2018; Lamont 2009).

Several practices and trainings have been attempted to increase agreement and efficacy of the judgment
stage in collective judgments within grant review process. For example, calibration exercises at the Austrian

Science Fund (Sattler et al. 2015) train reviewers to apply scoring scales more consistently. Cross-review, as

* The details of these the enabling digital infrastructure can also imply procedural differences. For example, at the NIH,
preliminary scores are “locked in” before the panel meeting, but reviewers may revise them after discussion; both the
original and final scores ate recorded in the Internet Assisted Review system (NIH CSR 2024). By contrast, at the ERC,
external reviewers submit written evaluations in advance, but panel members are free to revise their individual assessments
during the consensus meeting in Brussels (European Commission 2023). Interfaces also control whether panelists see only
their own scores or the distribution of all panelists’ scores: at the Austrian Science Fund (FWF), reviewers submit 0—100
scores individually without seeing others’ inputs, whereas in many NSF divisions, panelists can view the spread of
preliminary ratings before deliberation begins (Mutz, Bornmann & Daniel 2012; NSF PAPPG 2023). In some agencies,
scores cannot be submitted without filling in structured fields—for example, NIH requires bulleted strengths and
weaknesses in three mandated domains (Significance, Rigor/Feasibility, Expertise/Resources)—effectively structuring
deliberation within standardized categories (NIH CSR 2024).
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used in ERC panels and in computer science conferences such as NeurIPS, require reviewers to comment on
each other’s reports, making reasoning more visible. When reviewers cannot agree and many proposals are
judged to be of similar quality, some agencies have experimented with using randomization to break ties. The
Swiss National Science Foundation, for instance, now places proposals that meet a minimum quality threshold
but rank just below the funding line into a lottery. In this system, chance—not further debate—determines

which of these “gray-zone” proposals receive funding (Bieri et al. 2021).

4.3.,7 Feedback and iteration.

Feedback is a core but unevenly developed part of peer review. In journals, feedback usually comes via
referee reports and decision letters, with revise-and-resubmit cycles common in many fields. Economics and
management appear to have strong incentives related to journal prestige that can lengthen publication timelines
(Heckman & Moktan, 2020), though direct data on numbers of revision rounds across disciplines are limited.
In medicine and the natural sciences, decisions are often more binary: many manuscripts are rejected outright,
and resubmission may happen to different outlets rather than after multiple rounds at the same journal.
Editorial management systems like ScholarOne and Editorial Manager help standardize correspondence, but
the nature of feedback and revision varies sharply by discipline.

Grant agencies follow a different model. Applicants typically receive panel summaries, numerical
scores, and sometimes percentile rankings (e.g. NIH via eRA Commons) (Pier et al., 2018). Feedback in grant
review is often viewed by applicants as inconsistent or only partially helpful (Gallo et al., 2021). There is little
systematic evidence that feedback leads to improved outcomes upon resubmission.

Studies do suggest that journal review improves manuscripts, helping clarify framing or strengthen
methods, but results are mixed regarding whether these improvements lead to higher citation impact. Variation
in tone, constructiveness, and usefulness of reviews has been documented (e.g. Squazzoni et al., 2021).

Digital and Al tools are at an early stage. COPE has discussed Al-assisted decision-letters and feedback
summaries. Some journals / publishers report piloting systems to streamline letters and structure reviewer
feedback, though publicly documented examples are rare. In 2025, Nature moved to publishing anonymized
peer review files alongside accepted articles, increasing transparency in the iterative exchange (Nature Editorial

Policies, 2025).

4.3.8 Verification Processes prior to Final Acceptance

For most of its history, peer review relied on the discretion of referees and the wider community to
verify research claims. Problems discovered after publication could trigger corrections or retractions, but
systematic checks at review or acceptance were rare. That has begun to change. In recent years, publishers and

funders have institutionalized verification steps in editorial workflows, extending the process beyond novelty
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or importance to include technical validation. These efforts span computation, statistical reporting, data
integrity, references, researcher credentials, and compliance.

Computational verification is the most ambitious but least widespread. A 2021 survey by Stodden et
al. found only a handful of journals—most prominently Journal of Statistical Software and Biostatistics—with
formal policies requiring editors to run code prior to acceptance, while most simply required code and data
availability statements without testing them. PLOS ONE piloted code-execution checks for computational
biology in the mid-2010s but never scaled the practice. eLife’s “Executable Research Articles” remain a flagship
experiment, limited to fewer than 100 papers between 2020—2023 (eLife, 2020a; 2020b). In short, while high-
profile pilots exist, systematic computational verification is still absent in most journals.

Statistical and data-integrity checks are further advanced, especially in psychology. Nuijten et al. (2016)
found roughly half of psychology articles contained at least one inconsistency between reported test statistics
and p-values. Journals such as Psychological Science and Behavior Research Methods began trialing automated
statcheck in the late 2010s. By 2024 adoption remained modest—dozens of journals rather than hundreds—
but the matched-journals study showed a large impact where implemented. In medicine, Carlisle’s (2017)
statistical methods for detecting fabricated baseline characteristics have been piloted in anesthesiology but
remain resource-intensive and contested. Image-forensics software is used by some large publishers (e.g.,
Elsevier, Wiley), yet still touches only a small fraction of submissions; a 2020 STM survey estimated less than
20% of biomedical submissions were screened. In their follow-up, Nuijten et al. (2024) analyzed more than
7,000 articles across four psychology journals, extracting 147,000 tests. Two journals had introduced statcheck
(Psychological Science and Journal of Experimental Social Psychology), while two had not (Journal of
Experimental Psychology: General and Journal of Personality and Social Psychology). After adoption, the share
of papers with at least one inconsistency fell from about half to under one-third, while error rates in controls
remained flat. In short, when journals used the tool, authors stopped making so many basic statistical mistakes.

Reference verification has diffused more widely through centralized infrastructure. By 2022, over
18,000 journals were depositing references with Crossref, enabling automated matching against DOlIs.
Integration of Retraction Watch data in 2023 made it possible to flag citations to retracted work. Still,
implementation remains uneven: COPE (2024) noted that while many publishers have the technical capacity,
only a minority systematically screen for retractions before acceptance.

Credential verification is now routine at the level of identifiers but remains shallow. ORCID reported
16 million registered researchers by 2024, and major publishers (Elsevier, Springer Nature, Wiley) require
ORCID iDs for corresponding authors. Most journals stop there; they do not verify CVs, positions, or records.
Funders such as NIH and NSF, by contrast, cross-reference applications with PubMed, Scopus, and
institutional databases, rejecting non-compliant or unverifiable proposals outright (NIH CSR, 2024; NSF
PAPPG, 2024).
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Compliance checks show the sharpest contrast between grants and journals. In grant review they are
comprehensive: NIH and NSF state that applications missing IRB approvals or budget documentation will not
be reviewed, and agencies return thousands per year as “non-compliant.” Journals rarely go beyond requiring a

statement of IRB or ethics approval, with little independent verification.

4.4 Division of Labor & Capital

Peer review constitutes one of the largest global systems of knowledge work, involving tens of
thousands of editors, hundreds of thousands of reviewers, and billions of dollars in both direct expenditures
and uncompensated academic labor. It follows a recognizable sequence—intake, prescreening, triage, reviewer
assignment, evaluation, deliberation, and feedback—but distributes labor across distinct roles with divergent
qualifications, incentives, and working conditions.

Submitters initiate the process through digital platforms, providing increasingly extensive structured
data. Administrative staff coordinate intake, enforce compliance, run plagiarism and metadata checks, and
manage reviewer invitations, with responsibilities ranging from part-time clerical support at society journals to
highly trained scientific review officers in government agencies. Editors exercise decision-making authority,
either as volunteer academic faculty appointed by societies (a prestige-based but unpaid role) or as full-time
professional staff at commercial publishers with doctoral training and career pathways. Reviewers contribute
the core intellectual evaluation—unpaid, often fatigued, recruited through networks or algorithmic
recommender systems.

Journals and grant agencies diverge in how this division of labor is organized. Journals rely on narrative
reports with high editorial discretion, while grant agencies impose standardized rubrics, numeric scores, and
panel deliberation. Journals operate through dispersed volunteerism, while agencies rely on large-scale, federally
funded infrastructures such as NIH’s ¢eRA Commons and NSEF’s Research.gov. This yields sharp contrasts in both
labor models and decision mechanisms.

Underlying all of this is the capital investment required to sustain peer review. Commercial publishers
devote tens of millions annually to proprietary platforms and Al-assisted tools; government agencies commit
hundreds of millions to manage compliance and transparency at scale; society journals operate with the leanest
resources, dependent on member dues and shared infrastructures like ScholarOne. These disparities in funding
and organization produce uneven system capacities—sophisticated automation and audit trails at some

institutions, basic manual processes at others.
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1. Intake

2. Prescreen - -
3. Triage -

4. Assignment --

5. Review -

6. Decision -

7. Feedback -

Staff Infrastructure

Figure 1 Illustration of the Peer Review Process Steps & Division of Labor

4.5 Incentives, Motivations, and Norms

Peer review governs careers, allocates scarce resources, and legitimizes knowledge, yet it operates
outside scientists’ primary employers. Its durability depends on mobilizing vast unpaid labor through norms,
prestige, and professional identity rather than direct pay. Understanding these drivers helps explain both the
resilience of the institution and recurring strains—timeliness, uneven reviewer supply, and inconsistent
evaluation.

For authors, incentives are straightforward: publication and funding are the currencies of academic
careers (Merton 1973; Stephan 2012). Administrative staff and publisher platforms are salaried or capitalized,
with professionalized incentives tied to reliability and efficiency (Resnik & Elmore 2016; Hames 2012). The
puzzle lies in editors and reviewers, who provide the evaluative core. Editors average 10—-20 hours per week of
work (Ware & Monkman 2008), while reviewers spend 5—70 hours per report, with median reviewers handling 6—
8 manuscripts annually (Warne 2016; Publons 2018). Because 20—50% of invitations are declined (Fox et al. 2017),
securing two reports often requires multiple solicitations. The estimated value of this unpaid labor exceeds §7.5
billion globally each year (Publons 2018).

Financial and Material Incentives. Editors and reviewers in many cases receive financial or
otherwise material compensation, but this is almost always symbolic relative to the time and opportunity cost
required. For editors at society and university press journals, compensation may take the form of light stipends,
course relief, or travel support. For example, the Seismological Society of America specifies “a modest honorarium
(8500 per year)” for associate editors, while the American Geophysical Union offers “an honorarium and a travel
stipend, [plus| free access to all AGU journals, and complimentary registration to AGU annual meetings.” In medical physics,
calls note that “some academic journals offer a nominal honorarium (< $10,000) ... others offer a stipend more commensurate
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to a full-time position.” In contrast, commercial publishers employ full-time salaried editors, whose incentives are
tied to efficiency, rejection rates, and journal impact (Ware & Monkman 2008; Resnik & Elmore 2016).

For reviewers, journals usually provide no pay. Some offer modest tokens such as vouchers for journal
article processing charge vouchers (for reviewers who are later submitters in another instance): the Royal Society
provides credits “equivalent to [200/§254/€233” per review, and MDPI, publisher of open access journals,
offers discounts for “timely and substantial” reports. Grant agencies typically provide small honoraria and
reimbursements. For example, the NIH standard schedule specifies “One day meeting: $200 honorarium, $§80 per
diem ... $§235 for miscellaneons expenses.”

Career Concerns, Status, and Recognition. Beyond modest material compensation, review and
editorial service matter because they can shape careers—mainly as signals of expertise, networks, and
stewardship rather than as direct, countable outputs. For reviewers, verified records of service can now be
included in promotion, tenure, and funding applications, turning what was once invisible labor into an auditable
contribution. This is the logic behind systems like Publons and ORCID that “record, verify, and showcase”
peer-review work (Publons Global State of Peer Review 2018; da Silva 2015). Agencies also frame reviewing as
explicit career development: the U.S. NIH Early Career Reviewer (ECR) program is designed to “help eatly
career scientists become more competitive as grant applicants” by giving first-hand study-section experience
and training (NIH/CSR 2015).

On the editorial side, board membership and editorship operate as prestige signals and expand
networks. Editor and board roles are widely described as recognition of a scholar’s standing and as positions
that influence a field’s trajectory and visibility (Fox & Petchey 2010; Lee et al. 2013; University Affairs 2017,
SAGE 2019). Editorial board representation is also interpreted as a measure of institutional influence and
visibility within a discipline (Lamont 2009). Qualitative accounts highlight the gatekeeping and stewardship
responsibilities associated with these roles as central to professional identity (Karhulahti 2021).

At the university level—the direct employer of reviewers and editors—most promotion and tenure
frameworks prioritize research and teaching, with service, including peer review and editorial work, treated as
a third criterion that is expected and valued but typically secondary to research outputs. Promotion and tenure
guidance generally treats review and editing as evidence of standing and contribution, rather than as a primary
basis for advancement (Stephan 2012).

More broadly, service as an editor or reviewer confers prestige and visibility. Editors gain authority and
influence over their field’s trajectory, often describing their role in terms of stewardship (Fox & Petchey 2010;
Lee et al. 2013). SSH editors emphasize fairness and legitimacy: “double-blind. .. the most fair way of selecting what gets
published” (Karhulahti 2021). For reviewers, invitations to evaluate manuscripts signal expertise and standing,
Recognition schemes—annual acknowledgment lists, “outstanding reviewetr” awards, Publons/ORCID
credit—formalize this status. Advocates for open peer review argue that “reviewers are recognised becanse they are

openly helping improve each other’s work” (Ross-Hellauer et al. 2017). Evidence from randomized studies in select
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journals (e.g., Bravo et al. 2019) suggests that transparency and recognition can increase reviewer willingness
and in some cases improve report quality, without reducing participation.

Intrinsic Rewards, Learning, and Intellectual Stimulation. Reviewers often describe reviewing as
intellectually rewarding: an opportunity to learn, stay current, and sharpen their own scholarship (Ravetz 2004;
Squazzoni et al. 2013). Engaging closely with manuscripts exposes reviewers to new methods and literatures
ahead of publication, while the act of formulating critiques can deepen their own analytical skills. Recent
empirical evidence shows that reviewers measurably learn from evaluating others’ work, improving their own
subsequent research output (Ayoubi, Dumlao, & Teplitskiy 2023).

The learning dimension is increasingly recognized in how institutions and publishers structure review.
Studies show that exposing reviewers to co-reports and editorial feedback strengthens these intrinsic benefits,
improves review quality, and helps reviewers benchmark their own judgments (Gropp et al. 2017). Many
participants describe this feedback loop as one of the most valuable aspects of reviewing, particularly for early-
career researchers. Open peer review practices can reinforce these motives by making reviews visible, fostering
dialogue among reviewers and authors, and providing accountability. As one study concluded, “acconntability and
Jeedback improve the review experience” (Ross-Hellauer et al. 2017).

Academic Norms, Professional Identity, and Culture. Norms and cultural expectations generate
some of the most powerful non-pecuniary motivations for participating in peer review. The most
straightforward of these is reciprocity: reviewers and editors commonly describe their service as “doing their
fair share” or “giving back.” Surveys confirm that many scientists view reviewing as part of their professional
duty, a way of reciprocating for reviews they themselves receive (Ware & Monkman 2008; Publons 2018). Grant
panelists echo this ethos, emphasizing fairness, stewardship, and community obligation (Guthrie et al. 2018).
NIH even appeals directly to these motives in its recruitment campaigns, urging reviewers to “help shape the
future of science” (NIH 2015). Reciprocity thus supplies a moral obligation and a practical mechanism for
sustaining reviewer labor.

A related source of motivation lies in professional identity and service expectations. Editors frequently
describe their role as integral to academic life, akin to mentoring or committee work. Some universities provide
course release, administrative assistance, or symbolic stipends to support editorship (Resnik & Elmore 2016).
As one editor reflected, “I£’s not so much about the pay, it’s about being part of the conversation, being visible, doing what onr
discipline expects of us” (Karhulahti 2021). Professional editors in commercial publishing and review officers in
grant agencies operate under somewhat different logics — efficiency, impact, and compliance — but their
mdotivations are likewise rooted in professional role expectations rather than material incentives (Chubin &

Hackett 1990; NIH CSR 2024).

> As one editor explained, “I#’s not so much about the pay, it’s abont being part of the conversation, being visible, doing what onr discipline
expects of us” (Karhulahti 2021). Professional editors in commercial publishing and civil servants in grant agencies operate
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Beyond reciprocity and recognition, peer review also offers scholars a way to shape the direction of
their fields and take part in the collective conversation of science. Editors often frame their responsibilities in
terms of stewardship: ensuring fairness, guiding journals toward inclusivity, and influencing intellectual
trajectories (Fox & Petchey 2010; Lee et al. 2013; Schultz et al. 2025). Reviewers likewise report that evaluation
connects them to the ongoing dialogue of their discipline and provides a sense of visibility and belonging. NIH
appeals to the same ideals when it invites reviewers to “help shape the future of science” (NIH 2015). These
perceptions turn peer review into more than a gatekeeping exercise: it becomes a direct mode of influence and
participation in the collective enterprise of science.

These non-pecuniary motivations are further reinforced by codified professional rules that make
cultural ideals actionable. Editorial and funding bodies require confidentiality, disclosure of conflicts of interest,
timeliness, civility, constructive tone, and scope discipline (COPE 2017; ICMJE 2019). NIH requires reviewers
to sign legally binding confidentiality agreements (NIH CSR 2024). Blinding policies similarly operationalize
cultural values: single- and double-blind review aim to reduce bias and embody universalism, while open-
identity models emphasize accountability and transparency (Ross-Hellauer et al. 2017).

Seen in this light, participation in peer review is not just another academic task but also a way of living
out the ethos of science. Merton (1942) described communality, universalism, disinterestedness, and organized
skepticism as central norms of scientific life, and peer review is perhaps the most direct means by which they
are instantiated. To review is to contribute to collective knowledge (communality), to judge work on its merits
(universalism), to set aside personal gain (disinterestedness), and to subject claims to critical scrutiny (organized
skepticism). Peer review thus functions as a ritual of belonging — a practice in which scholars embody the

values of science and affirm their membership in its collective enterprise.

5 PERSPECTIVES ON OPPORTUNITIES FOR RCT’S

The preceding review of the history, workings, and performance of peer review highlighted several
important themes. First, modern peer review is a relatively recent and evolving institution—Iess a perfected
gold standard than a pragmatic response to pressures of scale, specialization, accountability, and now
digitization and artificial intelligence. Second, prior research consistently documents strains and limitations:
weak inter-rater reliability, modest predictive validity, and susceptibility to various forms of bias. Yet the
accumulated literature is largely descriptive and correlational, often emphasizing negative statistics without clear
theoretical or empirical benchmarks. Third, peer review persists as the central governance mechanism of science
despite these weaknesses, suggesting it may still function better than available alternatives, and that

opportunities for improvement lie in targeted refinements rather than wholesale replacement.

under different logics—efficiency, impact, compliance—but their motivations are likewise rooted in professional role
expectations rather than material rewards (Chubin & Hackett 1990; NIH CSR 2024).
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Against this backdrop, randomized controlled trials (RCTSs) offer a distinctive way forward. As
Harrison & List (2004) famously put it, field experiments are “the only method that allows economists to
generate data with known statistical properties in naturally occurring environments,” while Banerjee & Duflo
(2017) emphasize the “plumber’s” role of experiments in diagnosing institutional failures and testing
incremental fixes. Randomization strips away many confounds, generates credible counterfactuals, and makes
it possible to learn directly about causal mechanisms and the effects of design choices. Of course, experiments
are no panacea: they cannot by themselves close the theory gap, nor can they capture every dimension of
institutional complexity. But they can move the literature steps closer to identifying the determinants of
performance and, in some cases, to tracing the mechanisms shaping reviewer behavior.

A growing set of RCT's and experimental interventions have already been conducted within peer review
systems. These include audit resubmissions (Peters & Ceci 1982; Tomkins, Zhang & Heavlin 2017), blinding
experiments (Blank 1991; McNutt et al. 1990; Godlee, Gale & Martyn 1998; van Rooyen et al. 1999),
randomized referee assignments varying expertise and distance (Boudreau et al. 20106), and institutional
treatments such as reviewer training, statistical checks, and panel deliberation rules (Goodman et al. 1998;
Schroter et al. 2004; Schroter et al. 2006; Pier et al. 2018). Laboratory experiments on incentives (Squazzoni,
Bravo & Takacs 2013) complement this body of work. Table summarizes these studies by type of intervention
and main findings.

<Table 1>

Taken together, these experiments show that embedding RCT's in journals and grant agencies is feasible
and informative, but also scattered and incomplete. The remainder of this chapter develops four perspectives
on where the most promising opportunities lie for future RCTSs, beginning with the domain of institutional

variation and constant “tinkering.”

5.1 RCT Opportunities for Institutional “Tinkering”

One of the central contributions of modern experimental economics has been to demonstrate the
power of randomized field experiments for uncovering institutional dynamics in complex social systems.
Harrison and List (2004, p. 1010) famously argued that field experiments are “the only method that allows
economists to generate data with known statistical properties in naturally occurring environments,” their force
lying in stripping away confounds and allowing clean identification of causal relationships. Banerjee and Duflo
(2017, p. 9), in the Handbook of Economic Field Experiments, emphasized that experiments should be seen
not only as hypothesis tests but also as diagnostic tools—ways of uncovering frictions, failures, and institutional
mechanisms that prevent markets and organizations from functioning as theory might predict. Glennerster and
Karlan (2017, p. 8) similarly describe the rise of RCTSs as a ““workhorse methodology” that offers unusually

credible identification of causal effects in settings where observational inference is bedeviled by endogeneity.
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Taken together, these perspectives present a vision of field experiments as a methodological high ground, one
that provides clarity, credibility, and institutional diagnostics in messy real-world settings.

From this vantage, peer review is a natural candidate for experimental inquiry. As we have seen, it is
not a single uniform procedure but a sprawling, multidimensional institution, organized differently across grants
and journals, and with substantial variation even among venues of the same type. Journals diverge in their
governance structures, editorial discretion, and evaluation rubrics. Granting agencies vary in scale, panel
processes, and the weighting of feasibility versus novelty. Within each class, practices differ again across
particular venues, and in some cases within the same publisher or agency. Moreover, new practices are
continually imagined and piloted—statistical checks, signed reviews, randomization to break funding ties—
showing that peer review is not a fixed tradition but an evolving set of institutional parameters.

This richness makes peer review an ideal target for what one might call “plumbing-style” experiments:
careful, targeted interventions that open up institutional black boxes and trace how small changes in process
reverberate through outcomes. Table 2 sketched some of the potential levers. These examples are of course
only illustrative. The point is not that every item listed must be tested, but rather that the institution contains
any number of features that could plausibly be varied—even on an ongoing basis—to shed light on how peer
review functions. The parallel here is with digital platforms, which routinely run hundreds of simultaneous A/B
tests to fine-tune algorithms and interfaces. Peer review, too, could in principle adopt a posture of continual

learning and incremental refinement through experimentation.

It is telling, however, that the experiments conducted so far map unevenly onto this institutional
landscape. Most randomized trials have focused on the reviewer scoring stage—for example, testing whether
blinding changes scores, whether signed reports affect tone, or whether intellectual distance between reviewer
and submission alters evaluations. These studies have generated valuable insights but rarely distinguish scoring
from the subsequent stages of judgment and decision-making, where editor synthesis or panel deliberation may
shift outcomes in different directions. Even fewer experiments reach into upstream or downstream elements
of the process such as intake requirements, triage thresholds, deliberation protocols, or verification checks. If
one were to lay the existing body of experiments against the institutional map set out in Section 4, large swaths
of the terrain remain unstudied. This gap underscores both the opportunity and the necessity of broadening
the experimental agenda beyond the narrow band of scoring to encompass the wider machinery of peer review.

Another advantage of this “plumbing” perspective is that it naturally aligns the interests of researchers
with those responsible for operating peer review systems. Editors, funders, and administrators care deeply
about making their processes more reliable, fair, and efficient. Researchers, for their part, want to understand
how institutions function and what causal mechanisms drive observed outcomes. Plumbing-style experiments

sit at this intersection: they yield publishable insights while simultaneously delivering practical evidence to those
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running review processes. In this sense, the approach creates a symbiotic relationship between scholarly inquiry
and institutional improvement.
<Table 2>

Consider just two concrete hypotheticals. A granting agency might randomize whether proposals are
scored using the standard NIH-style 1-9 numerical scale or instead assessed with a more narrative rubric that
explicitly separates novelty, feasibility, and impact. Comparing the resulting distributions could reveal whether
tine-grained scoring yields more agreement or simply creates noise, and whether narrative framing shifts which
proposals rise to the top. Likewise, a journal might experiment with blinding practices: randomly assigning a
fraction of manuscripts to single-blind review, another fraction to double-blind, and a third to open review with
signed reports. Such a design could isolate the extent to which author identity shapes outcomes, and whether
transparency enhances review quality or discourages participation.

Other possibilities are equally straightforward. An agency might resolve gray-zone funding ties with a
lottery rather than prolonged deliberation, to test whether efficiency and applicant satisfaction improve. A
journal could publish referee reports alongside accepted papers for some fraction of articles to study how
transparency affects citation and trust. Or reviewers could be randomly offered ORCID credit or Publons
recognition badges to test whether visible acknowledgment affects acceptance rates or report timeliness.

What makes this agenda especially high-return is the sheer number of dimensions and levers available
for testing—even while keeping intact the basic framework of external, anonymous peer review that underpins
the system today. In that sense, experimentation can proceed without having to rethink or replace the institution
wholesale. The central requirement is to establish practical operating models for how to run such interventions
on live platforms—an issue we take up in the third perspective. Finally, it is worth noting that this agenda can
move forward in a relatively theory-free or theory-agnostic way. The system is in need of much stronger
theorization, but in the meantime there is immense value in simply probing institutional mechanics and

documenting causal effects.

5.2 RCT Opportunities for Advancing Understanding of Theoretical Mechanisms

Whereas the previous perspective emphasized “plumbing” experiments—incremental institutional
tweaks that can proceed even with little formal theory—RCT's may also play a role in advancing theoretical
understanding. This section does not propose a comprehensive theory of peer review, but suggests how one
might proceed despite theoretical limits: by framing peer review as an information-processing and decision-
making system, by recognizing that multiple mechanisms (institutional, cognitive, behavioral, incentive-based)
may operate simultaneously and interactively, and by using randomized experiments to begin to disentangle
their effects. In this way, RCTs may both improve practice and, over time, contribute to the gradual

accumulation of theoretical knowledge about the mechanisms underpinning scientific evaluation.
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A challenge in proceeding, given the still limited theoretical base, is that peer review is an especially
complex institution with multiple mechanisms at work. Beyond the many institutional steps that act in
concert—often complementing, compensating, or interacting in non-obvious ways—_participants may also be
shaped by incentives and motivations (career rewards, reputation, field norms), bounded cognition (limited
attention, overload, time pressure), and a suite of behavioral mechanisms (heuristics, biases, social influence).
The literature suggests these forces are real and consequential, although most studies tend to isolate one
mechanism at a time. For example, much of the bias literature focuses narrowly on prestige (Peters & Ceci
1982; Tomkins, Zhang & Heavlin 2017) or gender (Squazzoni et al. 2021; Fox, Meyer & Aimé 2023), while
other work examines knowledge and expertise matching in isolation (Boudreau, Guinan, Lakhani & Riedl 2016).
Of course, there is nothing wrong with studying one mechanism at a time—indeed, it is essential for causal
inference—but doing so requires acknowledging that multiple mechanisms may be simultaneously in play,
embedded within a complex institutional setup. The real risk is to study an outcome as if it were shaped by a
single channel while ignoring the possibility that a wider set of mechanisms may be interacting, countervailing,
or spanning across institutional steps. A small but growing set of studies begin to take this challenge seriously:
Boudreau et al. (20106) linked intellectual distance (a knowledge mechanism) to reviewer bias; Tomkins et al.
(2017) combined blinding with analysis of institutional prestige; and Li (2024) devised a strategy to explicitly
isolate the joint operation of two mechanisms within a controlled design.

Abstracting Peer Review as Multi-Criteria Decision-Making. The simplest way to frame peer
review within the decision sciences is to distinguish between prediction and scoring(estimating attributes)
and judgment (selecting options). This separation mirrors the two core steps of multi-criteria decision-making
(MCDM) and provides a minimal set of assumptions against which real-world practice can be compared. On
the prediction and scoring side, the assumptions are straightforward: there is a well-defined choice set, known
evaluation criteria, complete information (especially in the form of scores), and quantifiable uncertainty. On
the judgment side, the assumptions are equally simple: decision-makers are presumed to have a known and
stable objective function, to operate with known and compensatory trade-offs, and to optimize rationally under

these preferences.

"Simple" Problem Characterization
* Prediction (scoring characteristics)

» Well-defined choice set

» Known evaluation criteria

» Complete information (esp. scores)
* Quantifiable uncertainty

v
+ Judgment (selecting options)
» Known, stable objective function
» Known, compensatory tradeoffs
* Rational optimization

o

o
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By encouraging this abstraction and simplification, some of the complexity of peer review may be
isolated or set aside. The framework may serve as a device to identify relevant steps or issues in the process,
highlight where mechanisms operate, and suggest where interventions might be targeted. It also helps clarify
that certain problems recur across both stages, including misalignment and incentives, overlap between
prediction/scoring and judgment, and bounded rationality and cognitive mechanisms.

Mapping Prediction & Scoring to Evaluation Roles. This framework maps most directly onto the
role of evaluators, who are responsible for scoring manuscripts or proposals along multiple criteria (see Section
4.2, Objectives & Submission Selection Criteria; Section 4.3, Peer Review Process). Yet in practice, the
assumptions of well-defined criteria, complete information, and quantifiable uncertainty may break down in
several ways.

e Misalignment and incentives. Evaluators may interpret criteria differently depending on paradigms,
methodological preferences, networks, or private incentives. Some may closely follow rubrics, while others
may substitute informal cues such as prestige (see Section 4.5, Incentives, Motivations, and Norms),
producing evaluations not fully aligned with institutional goals such as advancing quality, novelty, feasibility,
or significance (see Section 4.2, Objectives & Submission Selection Criteria). Differences in the level of
effort expended may also lead to signals that are incomplete or inconsistent with institutional objectives
(see Section 4.4, Division of Labor & Capital).

e (Non)independence of prediction/scoring and judgment. Reviewers may implicitly apply their own
trade-offs—for example, treating feasibility as a strict gatekeeping criterion or privileging novelty over rigor
(see Section 4.2). In such cases, scoring of attributes may overlap with judgment, as reviewers impose
decisions rather than merely providing signals for later aggregation (see Section 4.3, Peer Review Process).

¢ Bounded rationality and cognitive mechanisms. Under constraints of time, workload, and attention
(see Section 4.4), reviewers may collapse multiple criteria into a single gestalt impression or focus
disproportionately on legible features such as clarity or prior awards. Differences in expertise may shape
what evaluators can reliably assess, leading to variable signal quality (see Section 4.4). At the frontier of
knowledge, reviewers may also struggle with irreducible uncertainty (see Section 3, Institutional
Performance and Questions Raised), which interacts with bounded cognition and produces wide
divergence in scores.

Mapping Judgment & Decision-Making to Editorial or Committee Action. The second stage of
the framework maps onto the role of editors and panels, who must aggregate scores and narrative assessments
into collective decisions (see Section 4.1, Peer Review Governance & Structure; Section 4.5, Incentives,
Motivations, and Norms). Here too, the benchmark assumptions of a stable objective function, explicit trade-

offs, and rational optimization may break down.
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Misalignment and incentives. Objectives may be ill-defined or contested (see Section 4.2), as
committees balance rigor against novelty, or frontier advancement against applied relevance. Panels
may also be influenced by strategic or reputational concerns (see Section 4.5), favoring “safe” projects
or mainstream paradigms over unconventional work.

(Non)independence of prediction/scoring and judgment. Editors and panels may reinterpret or
discount reviewer scores (see Section 4.3), second-guess outliers, or adjust trade-offs in light of
portfolio needs (see Section 4.1). In this way, judgment may feed back into scoring, blurring the clean
sequential model. This overlap may be constructive when editorial synthesis improves decisions, but it
complicates the idea of separate stages.

Bounded rationality and cognitive mechanisms. Committees may rely on heuristics or folk
theories such as “a strong CV signals promise” or “top journals publish the best work,” especially when
objectives are vague (see Section 4.2). Group dynamics may further distort aggregation, as senior voices
dominate, conformity pressures suppress dissent, or reputational incentives shape voting (see Section
4.5). Bounded attention and the limits of collective deliberation (see Section 4.4) may therefore channel
outcomes in systematic, rather than random, ways.

Together, these breakdowns suggest that prediction and scoring and judgment cannot be treated as

cleanly separable, sequential stages. Instead, they may overlap and feed back into one another. This is not

necessarily undesirable—editorial reinterpretation may add value—but it complicates the benchmark model

and underscores the need for designs that acknowledge multiple, interacting mechanisms.

Implications for the Path Forward with RCTs. Framing peer review as an MCDM and information-

processing system highlights not only where assumptions may fail but also where randomized experiments may

be most useful. Experiments can be designed to probe specific mechanisms, rather than just institutional

outcomes, and in doing so may contribute to building cumulative theory.

Addressing misalignment and incentives. RCT's could test whether structured rubrics (see Section
4.2), blinding (see Section 4.3), or reviewer training and incentives (see Section 4.5) reduce reliance on
prestige cues and align evaluations more closely with institutional objectives such as quality, novelty,
feasibility, and significance.

Exploring (non)independence of prediction/scoring and judgment. Experiments may vary how
criteria are bundled or separated (see Section 4.2), or how scores are aggregated in editorial dashboards
(see Section 4.1), to test whether prediction and judgment stages can be better distinguished—or
whether overlap can be harnessed productively. Factorial designs may test interactions, such as whether
blinding reduces prestige bias while also changing how novelty and feasibility are balanced.
Reducing bounded rationality and probing cognitive mechanisms. RCTs might manipulate time

pressure, reviewer load, or rubric complexity (see Section 4.4) to assess how attention is allocated across
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criteria. Calibration feedback or exemplars may improve reliability and predictive validity (see Section

4.3). Experiments may also test how expertise shapes the ability to evaluate specific dimensions under

uncertainty (see Section 3).

In short, abstracting peer review as multi-criteria decision-making provides a benchmark that isolates
steps and mechanisms, makes deviations explicit, and directs attention to new opportunities for randomized
experimentation. RCTs, viewed through this lens, may not only test reforms but also illuminate the mechanisms
that shape how scientific evaluation actually works.

<Table 3>

The entries in the table above illustrate the kinds of questions that could be asked and the kinds of
instruments that might be used. The larger challenge is not only to generate interventions, but to isolate the
effects of each mechanism from others in a system where misalignment, overlap between scoring and judgment,
and bounded cognition may all operate simultaneously. Careful experimental design will therefore be required

to disentangle and accumulate knowledge about how these mechanisms shape the performance of peer review.

5.3 Potential for Larger Institutional Leaps: Novel Organization & Digital Infrastructure

<Draft in Preparation™>

5.4 A Recipe for Realizing RCTs

There may be any number of combinations of practices or “recipes” that work for devising and
implementing RCTs in peer review. The specific approach considered here is 77 situ field experiments embedded
directly in the operations of journals or grant review systems. I will share a set of practices that I have found
work well together. The general challenge is reconciling competing goals, including:

Choosing a site and a sampling frame. This step is not always intuitive, but it is often decisive.
Success comes from identifying a venue and a context—or even a particular moment in time—where it is
possible to observe many observations with desirable attributes. A simple case is a grant cycle that unfolds at a
fixed point, where the full “risk set” of submissions and reviewers can be clearly observed and randomized.
More generally, the most attractive opportunities arise where many observations can be observed in a
centralized position or moment in time, often supported by databases and digital platforms that track
participants and allow controlled outreach at scale.

On the journal side, the logic differs depending on whether one depends on non-random inbound
submissions (“‘steady-state’” operations) or whether it is possible to define a sampling frame through outbound
activity—for example, inviting reviewers or triaging submissions in ways that can be randomized. Inbound
submission flows can be harnessed opportunistically but may present challenges for control and timing, while
outbound activities create clearer opportunities to define and shape the experimental population. Controlling

time is especially valuable in both contexts, as it ensures that treatments and outcomes are measured on a
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coherent basis. Ideally, the venue itself is also attractive—important, representative, and clearly reflecting the
attributes or phenomena of interest—but the central emphasis here is on securing a credible and well-defined
sampling frame.

Prioritizing access and ability to modify digital and physical infrastructure. Experiments only
work where it is possible to directly observe, intervene in, and potentially reconfigure the infrastructure that
mediates review. This can mean partnering with digital platform developers who hold the keys to databases and
interfaces, or extending infrastructure to enable data capture and treatment delivery. In grant review contexts,
researchers may build outreach systems layered onto existing grant office infrastructure; in journal contexts, it
may mean working with submission platforms to insert new reviewer assignment protocols or treatment
instructions. In some cases, building bespoke digital infrastructure for the institution itself is the most reliable
way to guarantee observability of the study population, control over the sampling frame, and the ability to
embed treatments. The common denominator is that experiments work only where researchers can anchor
themselves in the infrastructure—whether digital or physical—that intermediates review.

Aligning with host institutions and choosing high-potential research topics. Of course,
researchers want to choose a good topic—one that speaks to fundamental questions in the study of science.
But it is equally important, perhaps even more so, to choose a topic that yields tangible benefits for the host
institution or partner. Running an experiment almost always requires substantial effort, investment, and
commitment from the host: data access, system modifications, and tolerance for risk. It is only reasonable to
ensure that the questions under study address problems the institution genuinely cares about, such as fairness,
efficiency, timeliness, or reviewer burden.

The encouraging news is that there is “white space” in almost every direction. As earlier sections have
noted, many of the most consequential questions about bias, reliability, incentives, or decision quality remain
open. This means there are ample opportunities to select “big fish” research topics that matter both
academically and operationally. The trick is to find the overlap—questions that connect to central theoretical
debates and to pressing practical issues faced by journals and funders.

Treatments designed around these intersections are most likely to succeed. They can be framed as
natural extensions of existing practices, minimizing disruption while offering the prospect of improvement. For
example, varying reviewer instructions may seem like a small change, but it can provide insight into both
institutional priorities (faster, fairer reviews) and scholarly debates (how framing influences judgment). When
alighment of interests is achieved in this way, experiments cease to feel like impositions on the host; instead,
they become co-produced projects that advance both practice and scientific knowledge.

Thinking carefully about minimum inference and minimum observables. No experiment can
succeed without observable outcomes. From the very beginning, researchers must think carefully about what

phenomena they wish to capture and what outcomes can realistically be measured within the host institution’s
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systems. Randomization only creates leverage if paired with relevant treatment and outcome variables that can
be directly observed. Without this, inference is impossible, no matter how elegant the design.

Of course, a simple treatment and a simple outcome are sufficient to demonstrate an experimental effect.
One could, for instance, change reviewer instructions and observe whether average scores shift. But if there is
any ambition to interpret the effect and attribute it to a given mechanism, this is rarely enough. To move from
“there is an effect” to “this is whythere is an effect,” experiments must be designed with inference in mind:
outcomes, treatments, and tests that can rule in or rule out alternative explanations.

The question to ask is whether the design provides outcomes within the same sample that allow
evaluation beyond the treatment itself. Do we have multiple outcome variables that capture different aspects
of the process? Do we have intermediate outcomes that reflect candidate mechanisms? Is there a series of
treatments sufficiently structured to disambiguate competing explanations? For example, to study bias, one
might vary both author identity signals and reviewer assignment protocols, measuring not only scores but also
variance, deliberation patterns, and reviewer confidence. To study decision quality, one might pair treatments
to reviewer instructions with measures of timeliness, convergence, and later citation impact.

Intermediate outcomes are especially useful in this regard. They allow researchers to go beyond
documenting an effect to testing why the effect occurs, while keeping demands on the host institution
manageable. The key is to enter with an explicit outcome strategy—what minimum set of measures and
treatment contrasts will permit not just identification of an effect, but credible interpretation of the mechanisms
at play.

Minding a heightened feasibility & especially lean effective interventions. Compared to most
social science research, the feasibility threshold for in situ experiments in peer review is unusually high. In
laboratory or survey settings, interventions can often be layered on with minimal disruption—say, students
completing tasks on computers in a controlled setting. In peer review, by contrast, the “laboratory” is a living
organization: journals and funders making consequential, career-defining decisions under tight deadlines and
institutional pressures. This makes feasibility not just a logistical issue but an ethical and institutional one.

Ethical standards raise the bar further. Because peer review experiments involve human subjects,
standard IRB protections apply: confidentiality, informed consent where appropriate, and minimizing risk. But
these alone are insufficient. The principle of equipoise is paramount: no participant should be knowingly
disadvantaged, and each treatment arm must plausibly be as good as or better than the status quo. In fact,
because these experiments unfold inside a living organization, equipoise must be applied more strictly than in
many other social science domains. Risk is only justified if there are clear returns to learning and, ideally,
immediate benefits to the host institution.

The implications of heightened feasibility are that interventions must be lean, simple, and minimally
disruptive. Experiments should impose the least possible burden on the staff of the partner organization (see

Section 4.4 on roles) and be crafted to fit seamlessly into existing workflows. Treatments should be designed
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so that they can be implemented with little additional effort and without risk of slowing or confusing operations.
Modest interventions—such as slight variations in reviewer guidance, changes in framing, or adjustments to
assignment rules—are far more workable than wholesale redesigns of workflow. Anticipating and minimizing
cost, workload, and operational friction must be built into the design from the outset.

Anticipating costs and building capacity. Even with the leanest design, 7z sit# experiments in peer
review entail real costs. Manipulating working infrastructure—digital platforms, submission systems, databases,
and sometimes even physical processes—requires technical capability, institutional buy-in, and continuing
commitment from partners. Some combination of the research team and the host institution must budget and
plan for this capacity from the outset.

These costs go beyond the usual profile of social science research. Historical or observational studies
can often be conducted by a small team of analysts; lab experiments typically involve recruiting students and
running pre-programmed tasks. By contrast, experiments in peer review often require staff who can modify
and monitor live infrastructure, manage relationships with institutional partners, navigate administrative
hurdles, and lead teams that integrate technical execution with research design and writing. Relationship
management, administration, and leadership become as essential as econometric skill.

The risks of such investment are also unusual. Infrastructure may change midstream, institutional
leadership may shift priorities, or implementation may prove more burdensome than expected. To justify these
risks, projects should be designed not only to estimate “treatment effects” but also to generate significant
insights into mechanisms and institutional practice. Embedding multiple orthogonal treatments in a workflow,
or structuring interventions to address multiple questions at once, can improve the return on investment. The
most successful efforts are those where costs are anticipated, roles are explicitly defined, and upside potential—
both in knowledge and institutional benefit—is carefully cultivated.

Abide three universal problems of inference in peer review. A final principle is to anticipate the
boundaries of experimental inference. RCT's are powerful tools, but they cannot answer every question about
peer review. Researchers need to recognize these limits early, and design studies that work within them rather
than overpromising.

Some of the most important limits include:

e True quality is unobservable. No experiment can reveal the intrinsic value or long-term significance
of a paper or proposal. For example, even if a panel assigns high scores to an application, we cannot
know if the research will prove pathbreaking ten years later. Downstream proxies such as citations or
subsequent awards are noisy and missing for most work.

e Submissions and submitters characteristics cannot be experimentally assigned. Treatment
effects can be identified only where variation is randomized. But traits like reviewer experience, author

reputation, or the novelty of a proposal cannot be randomized and are always correlated with other
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features. For instance, an interdisciplinary proposal may simultaneously signal novelty and higher

expected risk; no RCT can fully disentangle these.

e Cognitive processes are opaque. We cannot observe what happens inside the minds of reviewers,
editors, or panelists. Mechanisms must be inferred from observable outcomes. For example, if reviewer
instructions reduce score variance, this may reflect more consistent application of criteria—or simply

more conformity. Without careful design, it is impossible to know which mechanism is at work.

These three problems are not failures of design but structural features of the domain. A sound research
strategy faces them squarely—framing questions around outcomes that can be observed, building inference
strategies that work around the unobservable,s and avoiding claims that exceed what RCT's in peer review can

reasonably deliver.
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TABLES

Table 1 Different Types of Existing RCT's in Peer Review

Category

Basic Idea

Illustrative Exemplars

Audit resubmissions

Re-submit identical manuscripts or proposals
under altered author identities/affiliations or
to new evaluators to test for bias and
reliability

Peters & Ceci (1982, psychology journal
resubmissions); Cole, Cole & Simon (1981,
NSF re-review of proposals); Pier et al. (2018,
PNAS, NIH oncology re-review)

Blinding experiments

Randomize visibility of author or reviewer
identities (single vs. double-blind; open vs.
closed reports)

Blank (1991, AER); McNutt et al. (1990, JAMA);
Godlee, Gale & Martyn (1998, BMJ); van
Rooyen et al. (1999, BMJ); Tomkins, Zhang &
Heavlin (2017, CS conference)

Reviewer assignment

Randomize assignment of reviewers differing
in expertise, intellectual distance, or workload

Boudreau et al. (2016, biomedical proposals,
distance of expertise); Rothwell & Martyn
(2000, Brain neurology manuscripts)

Institutional practices & tools

Randomize procedural changes in editorial or
review processes (training, incentives, signing
reports, statistical checks, workflow features)

Goodman et al. (1998, Annals of Internal
Medicine, statistical review); Schroter et al.
(2004, BMJ reviewer training); Schroter et al.
(2006, BMJ signed reports); Squazzoni, Bravo &
Takacs (2013, lab incentive RCT); Bravo et al.
(2019, cross-publisher open review incentives)

Panel composition &
deliberation (grants)

Vary panel membership (expertise, gender,
seniority) or deliberation/voting rules;
replicate scoring across panels

Cole, Cole & Simon (1981, NSF split panels);
Pier et al. (2018, PNAS NIH oncology re-
review); Fogelholm et al. (2012, Finland
Academy of Sciences)

Quasi-experiments / causal
designs

Exploit natural variation in reviewer
assignment, scoring thresholds, or panel
rotations for causal identification

Li & Agha (2015, NIH grants, downstream
impact); Li (2017, Science, reviewer
expertise/distance); Jacob & Lefgren (2011, J.
Labor Econ., NIH paylines)
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Table 2 Examples of Possible Interventions based on Institutional “T'weaking”

Institutional Dimension

Illustrative Examples of Plausible Treatments

Governance & Structure
(Section 4.1)

Presenting journal identity differently (e.g., society vs. commercial framing in instructions);
signaling whether editors are professional staff vs. academic volunteers; varying transparency
about editorial board composition.

Objectives & Criteria (Section
4.2)

Adjusting weighting of novelty vs. feasibility in review rubrics; including or removing broader
impacts criteria; emphasizing interdisciplinarity in reviewer prompts.

Submission Intake &
Requirements (Section 4.3.1)

Varying data/code availability requirements; requiring registered reports vs. standard submission;
altering submission fees or formatting demands.

Pre-screening (Section 4.3.2)

Randomizing Al-assisted plagiarism checks vs. human-only checks; varying threshold for similarity
flags; signaling stricter vs. lighter COl verification.

Initial Rejections & Triage
(Section 4.3.3)

Varying desk-reject thresholds (tight vs. loose); testing Al-assisted triage recommendations;
altering transparency of triage rationale provided to authors.

Reviewer Selection &
Invitations (Section 4.3.4)

Randomizing assignment by intellectual distance; varying number of reviewers; including vs.
excluding author-suggested reviewers; algorithmic recommender vs. editor judgment.

Review & Evaluation Mode
(Section 4.3.5)

Randomizing between narrative vs. structured scoring rubrics; single- vs. double-blind; requiring
signed vs. anonymous reviews; exposing reviewers to others’ reports before submission.

Deliberation & Aggregation
(Section 4.3.6)

Varying whether panels use collective scoring vs. rank-ordering; random tie-breaking (lotteries);
calibration exercises vs. no calibration; Al-assisted summaries of reviewer input.

Feedback & Iteration (Section
4.3.7)

Publishing anonymized referee reports vs. not; structured vs. unstructured editorial letters; limiting
vs. extending R&R rounds; providing author response templates.

Verification Processes (Section
4.3.8)

Randomizing use of statistical checks (e.g., statcheck); requiring vs. not requiring code execution;
applying image forensics vs. skipping; flagging citations to retracted work.

Division of Labor & Capital
(Section 4.4)

Varying reviewer workload allocation (2 vs. 3 reviewers per paper); testing light honoraria or
service credits; providing vs. withholding Al-assist tools for editors; offering calibration
training vs. none.

Incentives, Motivations &
Norms (Section 4.5)

Recognition tokens (Publons credit, ORCID badging); randomized open vs. closed
review identity; adding learning-oriented feedback (sharing co-reports); signaling
reciprocity expectations (“your turn to review”).
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Table 3 Examples of Possible Interventions based on Institutional “Tweaking”

Mechanism/ Issue

Prediction & Scoring (Evaluator Role)

Judgment & Decision-Making (Editorial / Pa

Misalignment &
Incentives

private vs. public interests (advancing networks vs. advancing
knowledge) [blinding identity cues, conflict-of-interest
disclosure], monetary vs. non-monetary motivations (prestige
vs. financial reward) [reviewer payment, recognition credits,
public acknowledgment], effort incentives (high vs. low
investment) [effort prompts, gamification, time allocations]

strategic vs. epistemic goals (reputational se
frontier work) [portfolio constraints, randomi
novelty vs. feasibility], institutional vs. field o
(disciplinary coherence vs. interdisciplinarity
implicit goal statements], public accountabi
deliberation [open review formats, transpare

(Non)independence
of
Prediction/Scoring

reviewers imposing implicit trade-offs (feasibility as gating,
novelty as compensatory) [bundled vs. separated criteria,
weighting instructions], score reinterpretation at the individual

panels re-weighting or discounting reviewer
rules: mean, median, trimmed mean], outlie
second-guessing [explicit outlier protocols v:

limitations (expertise vs. unfamiliar domains) [assignment
algorithms, expertise matching, reviewer training]

and Judgment level [anchoring examples, calibration feedback] portfolio balancing (topic mix, demographic

portfolio targets, constrained optimization d
Bounded individual cognitive load (reviewer overload, time pressure) group cognition limits (bounded attention in
Rationality & [workload variation, deadlines, reviewer task size], heuristics in comparison tasks, explicit trade-off exercise
Coghnitive scoring (legibility bias: clarity, CV signals, verbosity) [rubric (conformity, seniority effects) [anonymous v
Mechanisms simplification, exemplars, heuristic prompts], knowledge speaking randomization], folk theories (“top

work”) [alternative framing of objectives, ran
criteria]
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Table 4 A Recipe for Performing Minimally Invasive, Risk-Minimized RCT's in Situ

Step

Practical Actions

1. Identify and define a
sampling frame

Find high-potential sites where many observations occur in a bounded moment (e.g.,
grant cycle, submission pipeline). Define the unit of observation (manuscript, grant
application, reviewer-assignment pair). Specify the risk set exposed to randomization.

2. Align with the host
institution

Ensure the question addresses host priorities (fairness, timeliness, workload). Frame
interventions as natural extensions of practice. Secure leadership buy-in by clarifying
institutional as well as scholarly benefits.

3. Anticipate and plan for
managing relationships and
operations

Build trust and ongoing relationships with journals/funders. Identify staff roles critical
forimplementation (administrators, technical staff, editors). Anticipate the need for
relationship management, administration, and operational leadership alongside
research design and writing.

4. Secure or build
infrastructure

Confirm access to digital/physical systems (submission platforms, databases, panel
meetings). Partner with staff who control existing systems, or build add-ons to enable
observation, randomization, and treatment delivery.

5. Careful research design

Before operationalizing, clear inference needs to be designed, around the many
challenges. This step however is subordinate to earlier steps, which are generally
more difficult and constrained relative to research designed is usually more room to
think your way out of design challenges than to recover from operational missteps.
Use minimum interventions (light-touch changes, not workflow overhauls). Define

a minimum inference strategy that tests. Research design should abide by principles
named earlier: minimum intervention, heightened feasibility, minimum measures,
minimum inferential strategy, abiding the three unavoidable problems of inference

6. Manage risks and costs

Effective division of labor, minimum intervention, multiple orthogonal interventions,
ideally recover investments across protracted relationship
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Domain

Identity & blinding

Audit resubmissions

Reviewer assignment &
workload/noise

Reviewer incentives &
transparency

Editorial triage & workflow

Panelcomposition &
deliberation (grants)

Reform experiments in
situ

Typicalintervention

Toggle visibility of
author identity;
single- vs double-
blind; openvs
closedreports

Re-

submit identicalma
nuscripts/proposals
with altered
identity/affiliation
signals or to new

Randomallocation
toreviewers/panels;
vary reviewer
load/deadlines

Recognition/badges
; payments/charity
donations; open
reports/identities

Desk-reject
thresholds;
structured rubrics;
reporting checklists;
automated
screening;
dedicated

Vary expertise
mix/seniority/gende
r; scoring scales;
discussion order;
votingrules; split-

Registered Reports;
mandatory stats
review; replication
badges; revision
deadlines/decision

Literatures /
settings

Economicsjournals;
CS/IS conferences;

biomedical pilots

Psychology;

econ/policy; biomed

grants

Sci-of-science;
econ/management
ops; biomedical
agencies

Biomedical
journals; cross-
publisher pilots; IS
venues

Multidisciplinary &
biomed journals;
management/econ
pilots

NIH/NSF/ERC and
social-science
funders

Psychology/open-
science;
biomedical;
spreadingto
management/IS

Process stage

Externalreview

Externalreview;
grant scoring

Triage; reviewer
selection

Externalreview;
decision letters

Initial screening;
R&R cycles

Panel scoring &
ranking

Pre-, external, post-
review
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Outcomes

Bias by
prestige/gender/nat
ionality; review
tone/length;
recommendations

Accept/reject;inter-
rater reliability;
prestige effects

Score dispersion;
reviewer fixed
effects; time-to-
decision; noise vs
bias

Willingness to
review; turnaround;
report length/depth;
participation

False-neg/false-pos;
cycle time; quality
proxies

Reliability;
order/composition
effects; stability of
funding decisions;
downstream

Methodological
rigor;
reproducibility;
timelines; author
satisfaction

Examples

Blank (1991, AER ) randomized blinding during
review; Tomkins, Zhang & Heavlin (2017,
WSDM) conference trial on single- vs double-
blind; Van Rooyen, Godlee et al.

(1999/2010, BMJ ) RCTs on openidentities and
effects onreview quality/rec.

Peters & Ceci (1982, Behavioral & Brain
Sciences) classic journal audit; Cole, Cole &
Simon (1981, Science ) NSF re-review of identical
proposals across panels; Pier et al.

(2018, PNAS) independent NIH re-review
exercise.

Rothwell & Martyn (2000, Brain ) on
reliability/noise; Siler, Lee & Bero

(2015, PNAS ) same-paper trajectories across
journals (quasi-experimental view on
inconsistency); panel-allocation designsin grants
(agency reports; see also Pier et al.).

Van Rooyen et al. (1999/2010, BMJ ) open
identities RCTs; Bravo et al. (2019) (cross-
publisher study on open peer review practices and
participation); Ross-Hellauer (2017)synthesis on
open review modalities (context for where RCTs
sit).

Coboetal. (2011, PLOS ONE) RCT adding
reporting-guideline prompts/statistical review to
peer review; Hopewell et al.

(2010, BMJ)CONSORT flow-diagram
interventions; Schroter et al.

(2004/2008, BMJ )randomized editorial process
changes.

Cole, Cole & Simon (1981, Science )split-panelre-
review; Pier et al. (2018, PNAS ) NIH re-review
reliability; Jacob & Lefgren (2011, J. Labor

Econ.) RD on NIH paylines for downstream impact
(quasi-exp context).

Chambers (2013, Cortex ) Registered Reports
model (policy innovation, with subsequent journal-
level adoption studies); Cobo et al.

(2011) and Hopewell et al. (2010) as direct RCTs
on workflow features within review.
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APPENDIX: JOURNAL AND GRANT OBJECTIVES

Venue
Nature

Science

American
Economic
Review

Management
Science

MIS Quarterly

PNAS

The Lancet

New England
Journal of
Medicine
British Medical
Journal

BMJ Open

PLOSONE

Overall Scientific Quality
“advance in understanding...
with strong evidence for
conclusions”

“scientific rigor” and quality of
analysis

“quality of analysis”

“scientific rigor” (sound design,
validinference, consideration
of alternatives)

“methodological rigor”
(replicable, valid design)

“scientific merit,”
“methodology,” “quality”

“peer reviewed by expertsand a
statistical reviewer” (validity,
quality)

“validity and quality of the
research”

“original, important, and
reliable articles”

“methodological soundness
and transparency”

“scientific rigor” (including
compliance with ethicsand
data availability)

Feasibility
n/a

n/a

n/a

n/a

n/a

n/a

n/a

n/a

n/a

Novelty

“novelty...reason why the work
deservesthe visibility ofa
Nature Portfolio journal”

“novelty...indicate whether the

conclusions are novel”

“innovation over the literature”

“broad interest”

“strongtheoretical
contribution”

“originality”

“original”

Novelty not required

Novelty not considered
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Other
“broad significance/interest
beyond specialist journals”

“significance and broad
interest”

“importance of the questions,
clarity of presentation, general
interest”

“relevance to theory or
practice”

“relevance to the IS field”

“objectivity and impartiality”

“likely to change clinical
practice, policy or substantially
change thinking”

“importance to practice /
clinicalrelevance”

Importance to medicine and
public health

“reviewerswill not be asked to
judge importance or breadth of
appeal”

“ethical standards” and “data
availability”

Source

Nature Portfolio — Editorial
Policies, Peer Review
[https://www.nature.com/natur
e-portfolio/editorial-
policies/peer-review]

Science —Information for
Reviewers
[https://www.science.org/cont
ent/page/science-information-
reviewers]

AER — Editorial Policy
[https://www.aeaweb.org/journ
als/aer/submissions]
INFORMS — Management
Science Submission Guidelines
[https://pubsonline.informs.org
/page/mnsc/submission-
guidelines]

MIS Quarterly — Policies &
Reviewer Guidance
[https://misq.umn.edu/pages/p
ublication_policies]

PNAS — Reviewer Information
[https://www.pnas.org/reviewe
1

The Lancet — Peer Review
Policy
[https://www.thelancet.com/p
eer-review]

NEJM — Editorial Policies
[https://www.nejm.org/about-
nejm/editorial-policies]

BMJ —Resources for Reviewers
[https://www.bmj.com/about-
bmj/resources-reviewers]

BMJ Open— Author Information
[https://bmjopen.bmj.com/pag
es/about/]

PLOS ONE — Reviewer
Guidelines
[https://journals.plos.org/ploso
ne/s/reviewer-guidelines]
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Venue
NIH RO1
(US)

NSF Panels
(US)

NHS/NIHR
(UK)

ERC (EU)

Marie
Sktodowska-
Curie
Actions

(EV)

Horizon
Europe (EU)

Wellcome

Trust (UK)

UKRI/
EPSRC (UK)

UKRI/MRC
(UK)

FWF
(Austria)

ARC
(Australia)

NHMRC
(Australia)

CIHR
(Canada)

Overall Scientific Quality
“Significance” and overall
impact

“Intellectual Merit”
(advances knowledge)
“quality of the research
proposed”

“scientific excellence ... sole

criterion”

“Excellence”

“Excellence”

“high-quality research”

“vision” (research
excellence/importance)

“Importance,” “Scientific
potential”

“quality of the proposed
research”

“Project quality and

innovation”

“Scientific Quality”

“Significance and Impact of
the Research” (Concept)

Feasibility
“Approach” (design,
analysis)

Feasibility embedded in IM

(methods, plan)

“feasibility”

“Implementation” (quality
and efficiency)

“Implementation”
(quality/efficiency)

“Quality and efficiency of the
Implementation”

“feasibility,” environment,
team

“approach,” “resources and
cost justification”

“Resourcesrequested”
proportionate

“approach and feasibility”

“Feasibility” (10% weighting)

“Team Quality & Capability”
(delivery feasibility)

“Approaches and Methods”;
“Expertise, Experience and
Resources”

Novelty
“Innovation”

Novelty captured under IM

Originality/ambition under
“Excellence”

»

Novelty within “Excellence

Novelty within “Excellence”

“bold and creative ideas”

Novelty under “vision”

Novelty within

“importance/potential”

“innovation and originality”

“innovation” explicitly
weighted

“Significance ... and/or

Innovation”

Novelty under “Concept”
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Other
“Investigator(s),
Environment”

“Broader Impacts”

“significance and potential
benefit to the NHS and its
patients”

Impact (in panel stage)

“Impact”

“Impact”

Importance; suitability of
applicants

“applicant and team
capability,” “ethicsand
responsible research and
innovation”

Ethics, value for money

Researchers’ qualifications;
ethics/gender

“Investigator(s)/Capability,”

“Benefit”

“Impact”

Relevance (program-
specific)

Source

NIH Peer Review Criteria—
Simplified Framework
[https://grants.nih.gov/policy
/peer/criteria.htm]

NSF Merit Review Criteria
[https://www.nsf.gov/bfa/dia
s/policy/merit_review/]
NIHR Peer Review Guidance
[https://www.nihr.ac.uk/doc
uments/peer-review-
guidance]

ERC Guide for Peer
Reviewers
[https://erc.europa.eu]
MSCA Evaluation Criteria
[https://marie-sklodowska-
curie-actions.ec.europa.eu/]

Horizon Europe Evaluation
Criteria
[https://ec.europa.eu/info/fu
nding-
tenders/opportunities/portal
/screen/expert-area)

Wellcome Written Expert
Review Guidance
[https://wellcome.org/grant-
funding/guidance]

MRC Guidance for Peer
Reviewers
[https://www.ukri.org/counci
ls/mrc/guidance-for-
reviewers/]

FWF PI Projects Guidelines
[https://www.fwf.ac.at/en/re
search-funding/fwf-
programmes]

ARC Discovery Projects
Selection Criteria
[https://www.arc.gov.au/poli
cies-strategies/peer-review]

NHMRC Peer Review
Guidelines
[https://www.nhmrc.gov.au/f
unding/nhmrc-peer-review]
CIHR Project Grant
Adjudication Criteria
[https://cihr-
irsc.gc.ca/e/51645.html]
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