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Abstract
Little is known whether peer reviewers use the same evaluation criteria and how they inte-
grate the criteria into their overall judgment. This study therefore proposed two assess-
ment styles based on theoretical perspectives and normative positions. According to the 
case-by-case style, referees use many and different criteria, weight criteria on a case-by-
case basis, and integrate criteria in a complex, non-mechanical way into their overall judg-
ment. According to the uniform style, referees use a small fraction of the available criteria, 
apply the same criteria, weight the criteria in the same way, and integrate the criteria based 
on simple rules (i.e., fast-and-frugal heuristics). These two styles were examined using a 
unique dataset from a career funding scheme that contained a comparatively large number 
of evaluation criteria. A heuristic (fast-and-frugal trees) and a complex procedure (logistic 
regression) were employed to describe how referees integrate the criteria into their over-
all judgment. The logistic regression predicted the referees’ overall assessment with high 
accuracy and slightly more accurately than the fast-and-frugal trees. Overall, the results 
of this study support the uniform style but also indicate that the uniform style needs to be 
revised as follows: referees use many criteria and integrate the criteria using complex rules. 
However, and most importantly, the revised style could describe most—but not all—of the 
referees’ judgments. Future studies should therefore examine how referees’ judgments can 
be characterized in those cases where the uniform style failed. Moreover, the evaluation 
process of referees should be studied in more empirical and theoretical detail.
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Introduction

In academia, the attribution of value and worth as well as the allocation of reward usually 
involves peer review processes (Hamann & Beljean, 2017; Zuckerman & Merton, 1971). 
Peer review is thus seen as central to the practice of research (Baldwin, 2020; Johnson & 
Hermanowicz, 2017) and pervades modern scholarship.1 For example, peer review is used 
in grant funding, scholarly communication (journal articles, books, conference contribu-
tions), preregistration of studies, hiring and promotion processes, institutional evaluations, 
or in the conferral of awards and honors. Given the ubiquity and centrality of the process, 
it is not surprising that a large literature on peer review has been published (Batagelj et al., 
2017; Grimaldo et al., 2018). But despite more than 50 years of research, our theoretical 
understanding of peer review remains very limited (Bornmann, 2008; Chubin & Hackett, 
1990; Gläser & Laudel, 2005; Hirschauer, 2004; Hug, 2022; Reinhart & Schendzielorz, 
2021). For instance, we have made little progress with respect to the following broad ques-
tions: Why and how has peer review evolved? What are the causal mechanisms that pro-
duce peer review phenomena, most notably the many supposed or confirmed biases? How 
are peer review and the broader contexts in which it is embedded interrelated (organiza-
tions, scientific communities, science, society, economy, government)? Why and how does 
peer review work, and what are its effects? Which interventions and innovations improved 
peer review, how did they work, and for whom?2 Due to this theoretical deficit, Hug (2022) 
encouraged peer review researchers to be more theoretically engaged and to theorize the 
many aspects of peer review.

The current study focuses on the broad question of how peer review works and, more 
specifically, on the evaluation process employed by reviewers/referees.3 With respect to 
this process, little is known about whether referees use the same evaluation criteria (Arvan 
et al., 2022; Hug & Ochsner, 2022). Moreover, recent research has raised the question of 
how referees convert scores along heterogenous evaluation criteria into an overall scale of 
value (Erosheva et al., 2020; Heesen, 2019; Lee, 2015), or more generally, how referees 
integrate evaluation criteria into their overall judgment. In this study, I therefore focused 
on the following research questions: Do referees use the same criteria in their evaluation 
process? How do referees integrate the criteria into their overall judgment? Specifically, 
I linked these two questions with theoretical perspectives and normative positions, that 
is, the three-phase model of editorial judgment, the ideal of impartiality, commensura-
tion bias, and fast-and-frugal heuristics. From these perspectives and positions, I derived 
antithetical propositions, grouped them into two judgment styles, and tested the two styles 
empirically using data from a career funding scheme.

1 The central role of peer review has been re-emphasized in a widely supported European initiative to 
reform research assessment practices (European CoARA, 2022; European Commission, 2021).
2 There are many other questions on which we have made little progress, for example: How can we com-
pare and contrast the many facets of peer review across contexts (disciplines, purposes, regions, etc.)? What 
are the purposes and roles of peer review, and how do peer review processes (not) achieve them? How can 
we define and conceptualize peer review, given that it is a highly diverse practice, is institutionalized in 
various ways, includes many different procedures, serves different purposes, and evolves through time?
3 I use the terms reviewer and referee interchangeably. A referee is a researcher who contributes an inde-
pendent and external evaluation of the work of fellow researchers (e.g., a research proposal, a  registered 
report, a manuscript) to a peer review process.
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The three‑phase model of editorial judgment

Hirschauer (2005, 2010) introduced the three-phase model of editorial judgment based on 
an empirical analysis of the process used by individual editors who read and assess a man-
uscript before the editorial meeting. The three phases are characterized by different social 
frames of reference: The first phase refers to the editor’s research community that shares 
expectations about specific types of texts or genres. The second phase refers to the editor’s 
spontaneous impression, or judgment, that she/he has developed over the course of read-
ing the manuscript. And the third phase represents the editor’s written, rationalized judg-
ment on the manuscript by which she/he aims to persuade the other editors. Although the 
three-phase model focuses on editors, I suggest that it can be generalized to the evaluation 
process of reviewers because the three phases are similar to the typical process of external 
refereeing in which peers read and assess, for example, a grant proposal or a manuscript 
and then provide written reviews to the editor or funding committee.

Hirschauer made several claims related to the second phase of the model that are rel-
evant to the two research questions of this study. Specifically, Hirschauer (2004, 2015) 
claimed that there is a consensus on evaluation criteria among peers (i.e., in the first phase) 
but that this consensus quickly dissolves when criteria are practically applied (i.e., in the 
second phase). As his other claims related to the second phase (Hirschauer, 2004, 2015, 
2019) echo Scarr (1982), I present her original position here. According to Scarr, review-
ers’ and editors’ judgments are similar to other complex judgments, for example, those 
about wine, floral scents, or perfumes. Scarr argues that these judgments are based on com-
plex weightings of many criteria and that the weights are adjusted for the criteria that apply 
especially to an individual case and the priorities of the referee. Accordingly, she notes 
that the weightings of criteria can be only partially specified and that judgments are not 
the result of a simple sum of component parts nor of a simple list of criteria that were 
combined mechanically. In line with this, Scarr (1982) refers to a referee’s evaluation as 
a “complex human judgment” and Hirschauer (2010) as a “spontaneous impression” and 
a “spontaneous expression of taste”. Based on Hirschauer and Scarr, the following prop-
ositions can be derived with respect to the research questions of this study: referees use 
different evaluation criteria; they use many criteria in their assessment; and they weight, 
or integrate, the criteria in a complex, non-mechanical way and on a case-by-case basis. 
The next two sections present theoretical perspectives and normative positions that stand in 
opposition to Scarr and Hirschauer.

The ideal of impartiality and commensuration bias

According to Lee et  al. (2013), the ideal of impartiality implicitly underlies quantitative 
research on bias in peer review and requires that, among other things, referees “interpret 
and apply evaluative criteria in the same way in the assessment of a submission” so that 
they arrive at identical evaluations (pp. 4–5). In line with the ideal of impartiality, For-
scher et al. (2019) and Arvan et al. (2022) presuppose that referees apply the same criteria 
when assessing the same manuscript or grant proposal. In particular, Forscher et al. (2019) 
argue that if referees do not agree on criteria and use different criteria, this will result in 
arbitrary and unreliable judgments. And Arvan et al. (2022) contend that only if referees 
and potential readers of a paper agree on what constitutes quality, the judgments of referees 
are useful to readers when deciding how to allocate their reading time among papers. In 
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contrast to Scarr and Hirschauer, these authors state that referees are supposed to use the 
same evaluation criteria.

Building on the ideal of impartiality, Lee (2015) proposed commensuration bias as a 
new type of bias. Lee conceptualizes commensuration as the process by which referees 
convert “a submission’s strengths and weaknesses for heterogeneous peer review criteria 
into a single metric of quality or merit” (p. 1272) and defines commensuration bias as ref-
erees’ “deviation from the impartial weighting of peer review criteria in determinations of 
a submission’s final value” (p. 1273). Lee argues that the deviation from impartial weight-
ing can have three sources, one of which, referee idiosyncrasy, is relevant to the present 
study.4 Referee idiosyncrasy means that referees use their own, idiosyncratic weightings 
and vary weightings across proposals or contexts. Idiosyncrasy is consistent with the way 
Scarr and Hirschauer characterize the evaluation process employed by referees (see 1.1). 
According to Lee, however, referees are supposed to integrate evaluation criteria into their 
overall judgment with the same weightings (i.e., the same weightings as the other referees 
and the same weightings across proposals) to avoid commensuration bias.

Fast‑and‑frugal heuristics

Heuristics are generally defined as strategies that enable decision makers to process infor-
mation in a less effortful manner than one would expect from an optimal decision rule 
(Shah & Oppenheimer, 2008). More specifically, in the research program on fast-and-fru-
gal heuristics, a heuristic is defined as a procedure for making decisions under uncertainty 
that ignores a part of the available information in order to make decisions more quickly, 
frugally, and/or accurately than complex procedures (Gigerenzer et al., 2022).5 Four con-
cepts in this definition need further clarification: uncertainty, frugality, speed, and complex 
procedures. Uncertainty refers to “situations in which perfect foresight of all future events, 
their consequences, and probabilities is impossible” and in which “the optimal decision 
cannot be determined” (Gigerenzer et al., 2022, pp. 172 and 174). The focus on uncertainty 
makes fast-and-frugal heuristics particularly useful for studying decision-making in grant 
funding and peer review because the outcomes of proposed research are unpredictable and 
judgments on research quality are associated with a high degree of uncertainty (Bornmann, 
2015). Frugality refers to the number of cues a heuristic uses. The less cues a heuristic 
uses, the more frugal it is (Gigerenzer et al., 1999). In the present study, evaluation crite-
ria represent cues. Speed refers to the number of operations that need to be performed to 
make a decision. The less computation a heuristic needs, the faster it is (Gigerenzer et al., 
1999), and more frugal heuristics enable faster decisions (Wegwarth et al., 2009). Complex 
procedures assess and use all available information (i.e., they are lavish and not frugal) and 
integrate all information in an optimal and computationally expensive way (i.e., they are 

4 In addition to referee idiosyncrasy, Lee (2015) mentions two other sources for commensuration bias. 
First, referees weight criteria according to social characteristics of the applicants or authors. Second, refer-
ees undervalue criteria that promote truth and innovation in science (e.g., methodological soundness, nov-
elty).
5 The research program on fast and frugal heuristics should not be confused with the heuristics and biases 
approach (Gilovich et al., 2002; Tversky & Kahneman, 1974), which, in contrast to the fast-and-frugal pro-
gram, favors a skeptical attitude towards human judgment (Kahneman & Klein, 2009) and has identified 
heuristics as a source of biases and errors (Gilovich et al., 2002; Tversky & Kahneman, 1974).
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slow and not fast) (Gigerenzer & Goldstein, 1996). The literature on fast-and-frugal heuris-
tics often mentions regression models, Bayesian models, and artificial neural networks as 
examples of complex procedures.

To illustrate how fast-and-frugal heuristics work, I briefly describe one such heuristic. 
The take-the-best heuristic (Gigerenzer & Goldstein, 1996) decides between two alterna-
tives by using the cue with the highest cue validity. Martignon and Hoffrage (1999) defined 
cue validity as the accuracy with which a cue predicts a judgment. If no discrimination 
can be made, the next best cue is used, and so on. In numerous studies, the performance 
of this and other fast-and-frugal heuristics has been compared to the performance of com-
plex procedures using empirical data or simulations. For example, Czerlinski et al. (1999) 
compared the performance of the take-the-best heuristic to the performance of multiple 
linear regression across 20 real-world environments using cross-validation (training, test-
ing). They found that the heuristic was slightly more accurate in the testing set than the 
regression (71 vs 68% correct results), while using considerably fewer cues (2.4 vs 7.7 cues 
on average).6 One of the key findings of this research is the less-is-more effect: less infor-
mation and computation can lead to more accurate judgments than more information and 
computation (Gigerenzer & Goldstein, 1996; Gigerenzer et al., 2022). The findings from 
the fast-and-frugal programm have the following implications for the research questions 
of this study: referees use a small number of the available criteria in their assessment, and 
they integrate the criteria into their overall judgment based on simple rules that are compu-
tationally inexpensive.

The current study

The antithetical propositions presented in the previous sections can be grouped into a 
case-by-case and a uniform style of assessment/judgment. According to the case-by-case 
style, referees use many and different evaluation criteria, weight criteria on a case-by-case 
basis, and integrate criteria in a complex, non-mechanical way into their overall judgment. 
“Case-by-case basis” means that referees use a distinct weighting of criteria for every pro-
posal. According to the uniform style, referees use a small fraction of the available criteria, 
apply the same criteria, weight the criteria in the same way (i.e., same weightings as the 
other referees and the same weightings across proposals), and integrate the criteria based 
on simple rules (i.e., fast-and-frugal heuristics).7 These two styles have not been examined 
in research on peer review, but some studies on grant funding contain evidence for the 
uniform style. Specifically, studies that regressed the referees’ overall assessment scores 
on the criteria scores found that most or all criteria are positively related to the overall 
scores (Eblen et al., 2016; Erosheva et al., 2020; Lindner et al., 2016; Rockey, 2011; Würth 

6 The results, however, were the other way around in the training set: the regression was slightly more 
accurate (77% correct) than the heuristic (75% correct). This very pattern is often observed in studies on 
fast-and-frugal heuristics: complex procedures overfit, while heuristics avoid overfitting due to their sim-
plicity and thus outperform complex procedures in the testing set (Artinger et al., 2022; Gigerenzer et al., 
1999, 2011). The robustness and generalizability of fast-and-frugal heuristics is thus often higher than that 
of complex procedures.
7 The case-by-case style and the uniform style resemble Meehl’s distinction between clinical and statisti-
cal judgment (Meehl, 1954). Note that the case-by-case and uniform style are both conceived as human 
judgments, while Meehl only sees clinical judgment as a judgment that is formed “in the head” of humans 
(Grove & Meehl, 1996, p. 293). From Meehl’s perspective, both styles would be considered clinical 
because they are formed by humans (Grove, 2005; Meehl, 1954).
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et al., 2017). Moreover, a subset of these studies reported that the criteria scores explain 
the variability of the overall scores to a large extent (Eblen et al., 2016; Erosheva et al., 
2020; Lindner et al., 2016). The results of these studies suggest that referees use the same 
criteria, weight them in the same way, and integrate them mechanically using a complex 
procedure (i.e., linear regression). However, these studies have not investigated whether 
referees make fast and frugal judgments (i.e., whether they use a small fraction of the avail-
able criteria and integrate the criteria based on simple rules). And the studies analyzed 
data from funding schemes that employed a low number of evaluation criteria (i.e., three to 
five), which might have concealed that referees use many and different evaluation criteria, 
as suggested by the case-by-case judgment style.

The current study therefore examined the case-by-case and uniform style of judgment 
using a unique dataset from a career funding scheme that contained a comparatively large 
number of evaluation criteria. A heuristic (fast-and-frugal trees) and a complex procedure 
(logistic regression) were employed to describe how referees integrate the criteria into their 
overall judgment. Based on the case-by-case judgment style, I expected that a fast-and-
frugal tree or regression equation could not be identified—or if they could be identified, 
I expected that the criteria scores would predict the overall judgment with very low accu-
racy—because referees use many different criteria and integrate them in a non-mechanical 
way and on a case-by-case basis. Based on the uniform style, I expected that a fast-and-fru-
gal tree and regression equation could be specified and that the criteria would predict the 
overall judgment with high accuracy because referees use the same criteria and integrate 
them using the same mechanical rules and the same weightings. If a tree and regression 
could be specified, I expected, based on the fast-and-frugal literature, that the tree would 
use a small number of the evaluation criteria and deliver more accurate predictions of the 
referees’ overall judgment than the regression that includes all evaluation criteria. In line 
with the fast-and-frugal paradigm, I assessed the performance of the tree and regression in 
a cross-validation design in which the data was split into a training set and testing set.

Many fast-and-frugal heuristics are available, and this study employed one particular 
heuristic, fast-and-frugal-trees, for the following reasons.8 Unlike the class of one-clever-
cue heuristics (Gigerenzer et  al., 2022), fast-and-frugal trees are flexible in terms of the 
number of cues included because they can be created with just one cue or expanded to 
include more cues (Martignon et  al., 2003). They are therefore suited to examine the 
research questions of this study. Moreover, fast-and-frugal trees are lexicographic and thus 
non-compensatory, that is, the cues are used in order of their cue validity and later cues thus 
cannot reverse the decision made by an earlier cue (Gigerenzer et al., 1999). For example, 
if a grant proposal is considered unoriginal (first cue) and therefore rejected, its methodo-
logical strength (second cue) or feasibility (third cue) cannot compensate for this because 
later cues remain unconsidered in a fast-and-frugal tree. In contrast, complex procedures 
such as regression models can compensate unoriginality by methodological rigor or fea-
sibility because they integrate all cues. Fast-and-frugal trees thus use a markedly different 

8 Naturally, there are also many different complex procedures available. However, this study employed 
logistic regression because regression models are a popular method and benchmark in studying human 
judgment, including peer review. For example, regression models have been used for decades to directly 
study and describe human judgment and behavior in a variety of contexts (Beckstead, 2007; Gigerenzer 
et  al., 2011), including peer review (e.g., Lindner et  al., 2016; Porter & Rossini, 1985; Reinhart, 2009). 
Moreover, regression models are often used as benchmark in fast-and-frugal studies (Gigerenzer et  al., 
2011) and sometimes serve as benchmark in peer review studies (e.g., Devyatkin et al., 2018; Kang et al., 
2018).
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type of integration logic than complex procedures, which might be useful for understand-
ing peer review judgments in a novel way. Lastly, fast-and-frugal trees have been studied in 
a variety of contexts, including medical, legal, financial, and managerial decision-making 
(Phillips et al., 2017), but not in the domain of peer review.9

Methods

Data

The data consisted of 474 rating forms on 237 proposals that were submitted to a funding 
scheme for doctoral students and postdocs in two consecutive years. The purpose of the 
scheme is to support outstanding early career researchers from all disciplines who need 
funding to start or complete their research project. The unnamed funding organization 
relies on a small and stable pool of referees representing all disciplines to assess the appli-
cations; the referees are thus well acquainted with the evaluation procedure and the use of 
the rating form. From this pool, 31 referees rated the 237 proposals. The review load was 
unevenly distributed. Six referees each contributed more than 5% of the total reviews and 
accounted for 45% of all reviews; thirteen referees each contributed between 2 and 5% of 
all reviews, accounting for 41% of all reviews; twelve referees each contributed less than 
2% of all reviews, accounting for 14% of all reviews. Every application was assessed by two 
referees (a first referee and a second referee). The referees rated an application on 13 crite-
ria and provided an overall assessment (see Table 1). The majority of the evaluation crite-
ria were scored on a five-point scale (1 poor, 2 average, 3 good, 4 very good, 5 excellent). 
However, the criteria “career potential” (i.e., a combination of academic potential, resil-
ience, and long-term academic interest) and “overall assessment” included an additional 
scoring option (6 outstanding), while the criteria “applicant belongs to the top-5% in the 
field” and “proposal is highly innovative” had binary response options (yes/no). A unique 
feature of the present dataset is the high number of evaluation criteria, which makes it par-
ticularly suited to test the research questions. In comparison, NIH referees score proposals 
on five criteria (Erosheva et  al., 2020), while proposals in the EU’s Marie Skłodowska-
Curie Actions are scored on three criteria (Pina et al., 2021), and project applications at the 
Swiss National Science Foundation are rated on three criteria (Würth et al., 2017).

In the fast-and-frugal paradigm, decision rules are assessed using cross-validation to 
reduce overfitting and to increase generalizability (Czerlinski et  al., 1999; Gigerenzer & 
Gaissmaier, 2011; Gigerenzer et al., 1999; Wang et al., 2022). In line with this approach, 
the data was split into a training set consisting of the ratings from the first referees (n = 237) 
and a testing set consisting of the ratings from the second referees (n = 237). The descrip-
tive statistics of the training and testing set are shown in Table 1. As fast-and-frugal trees 
are designed for binary classification and decision tasks (Martignon et al., 2003; Phillips 
et al., 2017) and as no suitable binary dependent variable was included in the dataset, the 
“overall assessment” was binarized (not outstanding = scores 1 to 4; outstanding = scores 
5 or 6). This binarization can be supported by two arguments. First, the scores 5 and 6 are 

9 While the present study is the first that models peer review judgments using fast-and-frugal heuristics, 
fast-and-frugal heuristics have already been employed in the domain of research evaluation to describe and 
prescribe the use of bibliometric indicators (e.g., Bornmann & Hug, 2020; Bornmann & Marewski, 2019; 
Bornmann et al., 2022; de Abreu Batista Júnior et al., 2021).
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referred to as “excellent” and “outstanding”, respectively, when used as separate scores in 
the rating forms. However, they also have a common, superordinate meaning in the evalua-
tion procedure and signify “absolutely necessary to be funded”. Second, the funding rate of 
the funding scheme was 51.8% in the analyzed two years, which is almost identical to the 
binarized “overall assessment” of the those acting as first referee (50.6% outstanding) and 
somewhat higher than the binarized “overall assessment” of the those acting as second ref-
eree (45.6% outstanding). The difference of 5% between the first and second referees might 
be a coincidence, or it might be due to the selection procedure of the funding organiza-
tion, which appoints the referee who has the most subject-matter expertise on a proposal as 
first referee. However, the latter explanation is unlikely as the few empirical studies on this 
topic suggest the opposite: the closer a referee is to a proposal, the harsher the evaluations 
(for a discussion, see Gallo et al., 2016).

Statistical analysis

Fast-and-frugal trees consist of cues sequentially ordered by cue validity (i.e., from high to 
low) and binary decisions based on these cues (Martignon et al., 2003, 2008). A tree can be 
represented graphically as a decision tree or described verbally by a series of if–then-else 
statements. For example, if a grant proposal is considered unoriginal then reject it; other-
wise, examine whether it is methodologically sound. If it is not sound, reject it; otherwise, 
examine whether it is feasible. If it is not feasible, reject it; otherwise, fund it. In the cur-
rent study, fast-and-frugal trees were constructed and assessed in R 4.1.2 (R Core Team, 
2021) using the FFTrees package 1.6.6 (Phillips et  al., 2017). The dataset generated by 
the first referees (training set) was used to fit fast-and-frugal trees with one to six cues (six 
is the maximum number of cues the FFTrees package can fit). The 13 evaluation criteria 
served as cues and the binarized “overall assessment” as criterion variable. In line with 
the requirement to ignore conditional dependencies between cues when building fast-and-
frugal trees (Martignon et al., 2003), the ifan algorithm was used to create the trees. From 
the trees created by the ifan algorithm, those with the highest accuracy were selected. For 
cross-validation, the performance of the resulting six fast-and-frugal trees was tested using 
the dataset generated by the second referees (testing set). In addition to the fast-and-frugal 
trees, a logistic regression was computed. Specifically, the binarized “overall assessment” 
was regressed on the 13 evaluation criteria in the dataset generated by the first referees 
(training set) using the glm function and the binomial family implemented in R 4.1.2 (R 
Core Team, 2021). The cutoff probability to classify the overall judgment as “outstanding” 
and “not outstanding” was determined using the argument “misclasserror” in the optimalC-
utoff function from the InformationValue package 1.2.3 (Prabhakaran, 2016), which mini-
mizes the misclassification rate. Collinearity was assessed exploiting the vif function from 
the car package 3.1.0 (Fox & Weisberg, 2019). For cross-validation, the resulting regres-
sion model was then applied to the dataset generated by the second referees (testing set). 
In addition to regressing all 13 criteria on the overall judgment, two regressions with the 
most important criteria only were computed to assess how “frugal” regressions perform. 
The most important criteria were selected in two ways. On the one hand, the same criteria 
were used in the regression as in the best performing fast-and-frugal tree (i.e., the criteria 
with the highest cue validities). On the other hand, the “significant” criteria from the full 
regression were included using a traditional frequentist statistics cutoff of p = 0.05 (i.e., the 
criteria with the highest log-odds).



1239Scientometrics (2024) 129:1231–1253 

1 3

The performance of the trees and regression models was evaluated based on five met-
rics. Absolute frugality (#Frug) is the average number of cues a decision rule integrates 
to reach a decision. For example, a heuristic that consists of two cues and uses one cue to 
reach a decision in 40% of all decisions and two cues in 60% of all decisions has an abso-
lute frugality of 1.6. Relative frugality (%Frug) represents the share of cues that are ignored 
and equals 1 minus the absolute frugality divided by all available cues. For example, a 
heuristic ignores 88% of the cues if 13 cues are available and the heuristic uses 1.6 cues on 
average.10 In addition to the frugality metrics, three metrics based on the confusion matrix 
were used. Accuracy (Acc) is the sum of true positives and true negatives divided by the 
number of all cases or decisions. It is the most widely used metric in research on fast-and-
frugal heuristics. Sensitivity (Sens) is the number of true positives divided by the sum of 
true positives and false negatives. Specificity (Spec) is the number of true negatives divided 
by the sum of true negatives and false positives.

Table 1  Descriptive statistics of the proposal ratings (training set, n = 237; testing set, n = 237)

Evaluation criteria (cues) Training set Testing set

M SD Mdn min, max M SD Mdn min, max

Applicant
 Education 4.4 0.7 4 2, 5 4.3 0.8 4 1, 5
 Track record 4.1 0.9 4 1, 5 4.1 0.9 4 1, 5
 Career plan 4.1 0.9 4 2, 5 3.9 1.0 4 1, 5
 Career potential 4.5 1.1 5 1, 6 4.3 1.0 4 2, 6
 Top 5% in the field (% yes) 14% 13%

Project
 Clarity of project goal 4.5 0.7 5 2, 5 4.5 0.7 5 2, 5
 Clarity of research plan 4.4 0.8 5 1, 5 4.3 0.9 5 2, 5
 Own research question 4.4 0.8 5 1, 5 4.2 1.0 5 1, 5
 Methodological approach 4.4 0.8 5 1, 5 4.3 1.0 5 1, 5
 Feasibility 4.2 0.9 4 1, 5 4.1 1.0 4 1, 5
 Highly innovative proposal (% yes) 19% 11%

Environment
 Cooperation, network 4.4 0.8 5 2, 5 4.5 0.7 5 2, 5
 Recommendation letter 4.4 0.7 5 1, 5 4.5 0.7 5 2, 5

Overall assessment 4.4 1.0 5 1, 6 4.2 1.2 4 1, 6

10 I use the same two metrics as Phillips et al. (2017) (i.e., mean cues used; percent cues ignored) but name 
them differently (i.e., absolute frugality; relative frugality). Moreover, I interpret the metric “mean cues 
used” differently. While Phillips and colleagues refer to “mean cues used” as a speed measure, I interpret 
it as a measure of frugality (i.e., absolute frugality), which is line with Czerlinski et al. (1999) who defined 
frugality as the “average number of cues looked up” (p. 103).
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Results

The cue validities of all thirteen evaluation criteria, which were calculated from the ratings 
in the training set (n = 237), are shown in Fig. 1. Cue validity is defined as the accuracy 
with which a cue predicts a judgment; a cue is informative and valid for making a judgment 
if its accuracy is > 0.5 (Martignon & Hoffrage, 1999). According to Fig. 1, the accuracy of 
all cues is > 0.5, which indicates that all cues are valid and, more broadly, that all evalua-
tion criteria are related to the overall judgment. The “career potential” of the applicant has 
the highest cue validity (0.87), while the criterion “applicant belongs to the top-5% in the 
field” has the lowest cue validity (0.63). Figure 2 shows fast-and-frugal-trees describing 
the referees’ overall judgments in the training set (n = 237) with one, two, and three cues 
(i.e., evaluation criteria). According to these trees, the “career potential” of the applicant is 
the most important evaluation criterion for referees, which is consistent with the goal of the 
funding scheme to promote outstanding early career researchers. The two other evaluation 
criteria, “methodological approach” and “letter of recommendation”, are placed at lower 
levels of the trees due to their lower cue validity.

The tree with two cues (Fig.  2b) indicates that a referee assesses a proposal as out-
standing only if the applicant’s career potential is excellent or outstanding (scores 5 and 
6, respectively) and the methodological approach is excellent (score 5). The tree thus rep-
resents a conjunctive decision rule and should minimize false positives (Einhorn, 1970; 
Gigerenzer et al., 2022). In fact, the tree demonstrates high specificity and lower sensitiv-
ity (Table 3) and generated a total of 14 false positives and 49 false negatives (N = 474). 
In contrast, the tree with three cues (Fig. 2c) represents a zigzag pattern and should thus 
minimize both false positives and false negatives (Gigerenzer et al., 2022; Martignon et al., 
2003). As Table 3 demonstrates, sensitivity and specificity are more balanced in this tree 
than in the two-cue tree. More specifically, the tree with three cues produced a total of 29 
false positives and 37 false negatives (N = 474). The tree indicates that a referee does not 
evaluate an application unfavorably if the methodological approach is not sufficient (scores 
1–4), but she/he considers further information, the letter of recommendation, to make the 
final judgment (Fig. 2c). As research on fast-and-frugal heuristics prefers results from the 
testing set to results from the training set due to greater generalizability (Gigerenzer et al., 
1999; Wang et al., 2022), the tree with two cues in the testing set and an accuracy of 0.85 
can be considered the one that best describes the judgment process of referees although it 
is only marginally more accurate than the other trees in the testing set (Table 3). This tree 
uses on average 1.4 cues in the testing set to predict the referees’ overall judgment and 
thus ignores 89% of the available cues (training set: #Frug = 1.6, %Frug = 0.88). A verbal 
description of the trees consisting of four, five, and six cues is provided in the Appendix 
(Table 4).

Table  2 shows the results of the logistic regression, in which the referees’ overall 
judgments in the training set (n = 237) were regressed on all thirteen evaluation criteria 
(AIC = 123.95; X2 (13, N = 237) = 232.56, p < 0.001; pseudo-R2: McKelvey–Zavoina = 0.90, 
Veall–Zimmermann = 0.85, McFadden = 0.71). According to the estimates in Table 2, all 
evaluation criteria are positively related to the overall judgment, suggesting that referees 
use a broad range of criteria to evaluate an application and integrate the criteria in a lin-
ear, additive way. However, the confidence intervals of the estimates are wide, likely due 
to collinearity. Rules of thumb for identifying collinearity suggest that a VIF < 4, < 5, or 
even < 10 indicates low collinearity. The VIFs reported in Table 2 could thus be considered 
unproblematic. Johnston et al. (2018), however, argued that even low levels of collinearity 
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Rank Evaluation criterion Threshold Sens Spec Acc 

1 0.93 0.81 0.87 
2 0.88 0.79 0.84 
3 0.88 0.79 0.84 
4 0.73 0.91 0.82 
5 0.87 0.76 0.81 
6 0.93 0.68 0.81 
7 0.78 0.80 0.79 
8 0.83 0.74 0.79 
9

Career potential 
Methodological approach 
Recommendation letter 
Career plan 
Cooperation, network 
Clarity of project goal 
Education 
Clarity of research plan 
Track record 0.69 0.87 0.78 

10 Feasibility 0.73 0.84 0.78 
11 Own research question 

> 4
> 4
> 4
> 4
> 4
> 4
> 4
> 4
> 4
> 4
> 4 0.82 0.73 0.77 

12 Highly innovative proposal = yes 0.33 0.97 0.65 
13 Top 5% in the field = yes 0.28 0.99 0.63 

2
3

Fig. 1  Cue validities of the thirteen evaluation criteria in the ROC space (training set, n = 237). Acc accu-
racy, Sens sensitivity, Spec specificity

Fig. 2  Fast-and-frugal-trees describing the referees’ overall judgment (outstanding, not outstanding) with 
one, two, and three cues (training set, n = 237)
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(VIF < 2.5) can lead to unreliable regression coefficients. Moreover, Lindner et al. (2016) 
regressed the overall assessment of NIH referees on five evaluation criteria and found that 
the correlated criteria render regression coefficients unreliable. Caution should therefore be 
exercised when determining the importance of individual evaluation criteria based on the 
log-odds and p-values reported in Table 2. Although Table 2 does not provide conclusive 
evidence that referees use all criteria, the estimates, the superior accuracy (Table 3), and 
the better goodness-of-fit statistics of the regression model including all cues (see statistics 
of the “frugal” regressions below) suggest that referees do so.

Table 3 indicates that the regression that includes all thirteen cues is slightly more 
accurate than the fast-and-frugal tree that best describes the referees’ judgment process 
(i.e., the two-cue tree). More specifically, the regression outperforms the tree in terms of 
accuracy in both training (0.92 vs 0.88) and testing (0.89 vs 0.85). However, in contrast 
to the tree, the regression is lavish because it uses all available cues (#Frug = 13) and 
ignores none (%Frug = 0). Hence, much more information and computation produced 
slightly more accurate judgments than considerably less information and computation.

To assess how “frugal” regressions would perform, two regressions with statisti-
cally significant criteria only (referred to as log-odds model) and the criteria from the 
best performing fast-and-frugal tree (referred to as cue-validity model) were computed. 
Although it was pointed out above that interpreting the log-odds and p-values is prob-
ably not very meaningful, a frugal regression model was defined based on statistical sig-
nificance because blindly using statistical significance is a typical strategy employed in 
judgment analysis studies to identify the cues that judges use (Beckstead, 2007). When 
applying this strategy and using the traditional frequentist statistics cutoff of p = 0.05, 
the two criteria with the highest log-odds in Table  2, “clarity of the project goal” 
(p = 0.002) and “track record” (p = 0.03), would be considered the cues that the referees 
have used. This model, however, is less accurate than the cue-validity model, which 
included the criteria from the best performing fast-and-frugal tree (i.e., “career poten-
tial” and “methodological approach”, the cues with the highest cue validities). More 
specifically, the log-odds model is less accurate than the cue-validity model in both 
training (0.85 vs 0.89) and testing (0.82 vs 0.85; Table 3). This is also reflected in the 
goodness-of-fit statistics of the log-odds model (AIC = 161.94; X2 (2, N = 237) = 172.57, 
p < 0.001; pseudo-R2: McKelvey–Zavoina = 0.78, Veall–Zimmermann = 0.73, McFad-
den = 0.53), which are less favorable than those of the cue-validity model (AIC = 142.09; 
X2 (2, N = 237) = 192.42, p < 0.001; pseudo-R2: McKelvey–Zavoina = 0.81, Veall–Zim-
mermann = 0.77, McFadden = 0.59).

The two frugal regression models provide a baseline against which the performance of 
the regression including all cues can be assessed. While the frugal models both ignore 85% 
of the available cues, their accuracy is not considerably lower than that of the model that 
includes all cues and ignores none (Table 3). In particular, the log-odds and cue-validity 
model are only slightly less accurate than the model including all cues in both training 
(0.85 and 0.89 vs 0.92) and testing (0.82 and 0.85 vs 0.89). Using significantly more crite-
ria in a complex procedure thus increased accuracy only slightly.

Since the cue-validity model and the two-cue tree consist of the same criteria (i.e., career 
potential, methodological approach), the performance of the two decision rules, logistic 
regression and fast-and-frugal trees, can be directly compared. According to Table 3, the 
two-cue tree is slightly more frugal than the cue-validity model because it ignores 88% 
(training) and 89% (testing) of the available cues, whereas the regression ignores 85% of 
the cues. The tree, however, is much faster (i.e., computationally less demanding) because 
it performs a few simple comparisons (i.e., “is less than”, “is greater than”) to make a 
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decision, while the logistic regression needs to execute multiplications and additions plus 
a comparison with a cutoff. In terms of accuracy, the tree and the regression are virtually 
identical in training (0.882 vs 0.890) and testing (0.852 vs 0.848; the respective values are 

Table 2  Logistic regression analysis of the referees’ overall judgments (training set, n = 237)

CI confidence interval, Estimate log-odds, SE standard error, LL lower limit, UL upper limit, VIF variance-
inflation factor

Variable Estimate SE 95% CI p VIF

LL UL

Applicant
 Education 0.26 0.57 − 0.87 1.40 .66 2.2
 Track record 1.42 0.47 0.55 2.40  < .01 2.6
 Career plan 0.53 0.43 − 0.31 1.38 .21 2.7
 Career potential 0.87 0.49 − 0.07 1.86 .07 3.8
 Top 5% in the field 0.73 1.38 − 1.63 4.13 .60 1.4

Project
 Clarity of project goal 1.51 0.68 0.24 2.93 .03 2.4
 Clarity of research plan 0.69 0.54 − 0.36 1.79 .21 2.6
 Own research question 0.49 0.52 − 0.55 1.52 .35 2.1
 Methodological approach 1.01 0.54 − 0.04 2.09 .06 2.9
 Feasibility 0.09 0.41 − 0.74 0.89 .83 2.1
 Highly innovative proposal 0.50 0.74 − 0.90 2.06 .50 1.3

Environment
 Cooperation, network 0.34 0.53 − 0.69 1.40 .52 2.3
 Recommendation letter 0.82 0.46 − 0.08 1.74 .07 2.2

Constant − 36.15 5.99 − 49.49 − 25.81  < .01

Table 3  Performance of fast-and-frugal trees and logistic regressions in the training set (237 judgments) 
and testing set (237 judgments)

#Frug absolute frugality, %Frug relative frugality, Acc accuracy, Sens sensitivity, Spec specificity

Decision rule Training set Testing set

#Frug %Frug Acc Sens Spec #Frug %Frug Acc Sens Spec

Fast-and-frugal trees
 1 cue 1 92% .87 .93 .81 1 92% .82 .80 .84
 2 cues 1.6 88% .88 .83 .94 1.4 89% .85 .74 .95
 3 cues 1.7 87% .90 .90 .91 1.5 88% .82 .77 .86
 4 cues 1.7 87% .90 .88 .92 1.6 88% .84 .77 .91
 5 cues 1.7 87% .91 .89 .92 1.6 88% .84 .77 .90
 6 cues 1.8 86% .91 .89 .92 1.6 88% .84 .77 .90

Logistic regression
 2 cues (log-odds) 2 85% .85 .91 .79 2 85% .82 .91 .75
 2 cues (cue validity) 2 85% .89 .86 .92 2 85% .85 .74 .94
 All cues 13 0% .92 .95 .89 13 0% .89 .88 .90
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rounded to two decimals in Table 3). Hence, when the same few evaluation criteria were 
used, fast-and-frugal trees offered a more parsimonious explanation of the referees’ overall 
judgment than logistic regression.

To assess the robustness of the performance of the fast-and-frugal trees and logistic 
regressions reported in Table 3, a second training and testing set was created using strati-
fied random sampling. Specifically, the training set contained 50% of the judgments from 
the first referees and 50% of the judgments from the second referees (total 238 judgments). 
The testing set contained the remaining 236 judgments (50% from the first referees and 
50% from the second referees). The results are provided in the Appendix (Fig. 5). They are 
consistent with the results in Table 3 and lead to the same conclusions.

To examine whether only a sub-group of the 31 referees used the same decision rule, for 
example those referees contributing most reviews, and thus account for the results of this 
study, the share of a referee’s total judgments correctly described by the fast-and-frugal 
tree (2 cues) and the logistic regression (13 cues) were calculated. Figure 3 (training set) 
and Fig. 4 (testing set) show that the tree and the regression describe a large proportion of 
each referee’s judgments and that the regression’s performance is superior to that of the 
tree. More specifically, the tree correctly describes 80% or more of the judgments of 24 ref-
erees in the training set and of 22 referees in the testing set, while the regression correctly 
describes 80% or more of the judgments of 26 referees in both the training and testing set. 
Moreover, the regression describes the judgments of eleven referees more accurately than 
the regression in the training set (referees 2, 3, 5, 6, 7, 8, 11, 12, 16, 19, 25) and of seven 
referees in the testing set (referees 2, 3, 5, 13, 23, 25, 31). In contrast, the tree describes the 
judgments of only four referees more accurately than the regression in the training set (ref-
erees 1, 10, 14, 26) and of three referees in the testing set (referees 1, 14, 18). In Figs. 3 and 
4, the variability of the correctly described judgments increases from left (referees contrib-
uting the most reviews) to right (referees contributing the least reviews), which is likely due 
to the decreasing sample size. Overall, Figs. 3 and 4 suggest that referees mostly use the 
same decision rule as their fellow referees and the same rule across proposals, providing 
support for the uniform judgment style. However, Figs. 3 and 4 also clearly demonstrate 

Fig. 3  Training set: Proportion of a referee’s total judgments correctly described by the two-cue fast-and-
frugal tree and the logistic regression that included all thirteen cues (referees: n = 30, judgments: n = 237)
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that not all referees apply the same decision rule all the time, which is logically consistent 
with the high but not perfect accuracy values reported in Table 3.

Discussion and conclusion

The evaluation process that referees employ in academic peer review is undertheorized. 
With respect to this process, little is known whether referees use the same evaluation cri-
teria and how they integrate the criteria into their overall judgment. This study therefore 
proposed two assessment styles, the case-by-case and the uniform style, based on theoreti-
cal perspectives and normative positions. These styles were tested using data from a career 
funding scheme for doctoral students and postdocs from all disciplines. The results of this 
study suggest that referees use many evaluation criteria, apply the same criteria, weight 
the criteria in the same way (i.e., the same weightings as the other referees and the same 
weightings across proposals), and integrate the criteria mechanically using a complex rule 
(i.e., a linear-additive model). This is generally consistent with the uniform judgment style. 
But, based on the results of this study, the uniform style needs to be revised in two respects. 
The uniform style proposed that referees use a fraction of the available criteria, while the 
results suggest that referees use many criteria. In addition, the complex procedure (logistic 
regression) was more accurate than the simple rule (fast-and-frugal heuristics) proposed in 
the uniform style. However, and most importantly, the revised style applies to most—but 
not all—of the referees’ judgments in this study. The fact that the revised uniform style 
cannot describe all judgments could be due to the following reasons. First, the referees 
sometimes used a case-by-case judgment style, that is, they weighted the criteria on a case-
by-case basis, applied different criteria, or integrated the criteria using other rules. Second, 
the decision rules employed in this study (logistic regression, fast-and-frugal trees) were 
unable to reveal the true rules referees apply. Other heuristics or other complex algorithms, 
such as elastic net regression or support-vector machines, may be better suited to capture 

Fig. 4  Testing set: Proportion of a referee’s total judgments correctly described by the two-cue fast-and-
frugal tree and the logistic regression that included all thirteen cues (referees: n = 31, judgments: n = 237)
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how referees integrate evaluation criteria. Lastly, the referees uniformly used additional 
criteria not covered by the rating form. For example, referees may have systematically 
looked up the citation impact of the applicants in bibliometric databases or based their 
judgment also on bias factors, such as status or gender. Or referees applied universalistic 
merit criteria that were not included in the rating form.

The results from the logistic regression including all cues are consistent with studies 
on grant peer review that regressed the referees’ overall assessment scores on the criteria 
scores. Similar to the present study, these studies found that most or all evaluation criteria 
are positively related to the referees’ overall scores (Eblen et  al., 2016; Erosheva et  al., 
2020; Lindner et al., 2016; Rockey, 2011; Würth et al., 2017) and that the criteria scores 
explain the variability of the overall scores to a large extent but not completely (Eblen 
et al., 2016; Erosheva et al., 2020; Lindner et al., 2016). These studies, however, used data 
from funding schemes in which referees scored the proposals on three to five criteria, while 
the present study analyzed data from a funding instrument that encompassed thirteen cri-
teria. The present study thus extends the results of previous research and suggests that ref-
erees use many criteria in their assessment. This finding, which refers to the second phase 
in Hirschauer’s (2005, 2010) three-phase model of judgment (i.e., the judgment devel-
oped over the course of reading an application), is in line with results from studies that 
focused on the first phase (i.e., the expectations shared in a research community) and the 
third phase (i.e., the written post hoc rationalization of the judgment). More specifically, a 
systematic review identified a broad set of criteria peers refer to in the evaluation of grant 
applications (Hug & Aeschbach, 2020), and empirical studies demonstrated that scholars’ 
notions of research quality and performance are multifaceted (Andersen, 2013; Bazeley, 
2010; Gulbrandsen, 2000; Hemlin, 1993; Hemlin & Montgomery, 1990; Hug et al., 2013; 
Margherita et  al., 2022; Mårtensson et  al., 2016; Ochsner et  al., 2013; Prpić & Šuljok, 
2009). Moreover, the finding is in line with Hren et al. (2022) who showed that almost all 
of the 29 themes (or criteria) identified in the evaluation summaries written by grant panels 
are related to the panels’ decisions.

The results of this study do not support one of the key findings of the research on fast-
and-frugal heuristics, the less-is-more effect, which states that less information and compu-
tation can lead to more accurate judgments than more information and computation (Gig-
erenzer & Goldstein, 1996; Gigerenzer et al., 2022). In accordance with the less-is-more 
effect, Raab and Gigerenzer (2015) as well as Phillips et  al. (2017) emphasize that fast-
and-frugal trees can be as accurate as or more accurate than complex procedures. Empiri-
cal studies, however, show a more nuanced picture. Fast-and-frugal trees were found to 
be more accurate than (e.g., Dhami & Ayton, 2001; Wegwarth et  al., 2009), as accurate 
as (e.g., Aikman et al., 2021; Jenny et al., 2013), or less accurate than (e.g., Woike et al., 
2015) models integrating all cues. This range of results was also obtained by Phillips et al. 
(2017) who compared fast-and-frugal trees to six complex procedures using ten real-world 
datasets. They found that, in the testing set, the accuracy of fast-and-frugal trees (0.83) was 
higher than that of naïve Bayes (0.78) and CART (0.80), comparable to logistic regression 
(0.82), regularized logistic regression (0.83), and random forests (0.83), but lower than that 
of support-vector machines (0.86). Moreover, several studies demonstrated that when the 
size of the dataset for training was small (i.e., 15% of the total data), fast-and-frugal trees 
tended to do best, producing either comparable or slightly better results in the testing set 
than complex procedures (Laskey & Martignon, 2014; Martignon et al., 2008, 2012; Woike 
et al., 2017). When 50% of the data was included in the training set, logistic regression was 
2–3% more accurate than fast-and-frugal trees (Martignon et al., 2008, 2012), which cor-
responds to the design and the results of the current study. The results of the present study 
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are thus in line with previous studies on fast-and-frugal trees but do not support the less-is-
more effect.

The study has the following main limitations. First, it focused on a funding scheme 
for doctoral students and postdocs, and it analyzed data from a relatively small pool of 
referees. It thus remains to be investigated whether the findings can be generalized to a 
larger population of referees, other funding schemes, and other types of academic peer 
review. Second, the study examined the performance of only two decision rules (fast-
and-frugal trees, logistic regression) and thus may not have considered the rule that 
can most accurately describe referees’ judgments. Future studies may therefore include 
a broader range of heuristics and complex procedures. Third, the analysis focused on 
evaluation criteria provided by the funding organization and did not include charac-
teristics of the applications, applicants, or referees (e.g., gender, age, discipline). The 
effect of potential bias factors has thus not been assessed. Future studies should there-
fore include bias factors, such as gender (Cruz-Castro & Sanz-Menendez, 2021; Sato 
et  al., 2021; Schmaling & Gallo, 2023; Squazzoni et  al., 2021), when examining the 
two judgment styles. Fourth, the referees’ ratings were analyzed using a nomothetic, 
group-level approach (Beltz et  al., 2016; Piccirillo & Rodebaugh, 2019), which may 
have favored the uniform judgment style. Future research may therefore employ an idi-
ographic approach and examine the judgments of each referee individually. Fifth, the 
ratings of the proposals were treated as events independent of the referees. As grant peer 
review is inherently multilevel (Erosheva et al., 2020), future research may use multi-
level approaches to examine the two judgment styles proposed in this study. Lastly, the 
study was based on the assumption that criteria scores reported on rating forms allow 
inferences to be made about the referees’ evaluation process and the two judgments 
styles. However, data collected during the assessment process may be more appropri-
ate for examining the two styles. For example, Vallée-Tourangeau et al. (2022) used the 
think aloud method to explore factors influencing the evaluation of grant applications.

The results of this study, if generalizable, have several implications for peer review 
research and practice. First, the results support the practice of many funding agencies to 
score applications on a small number of evaluation criteria. According to Langfeldt and 
Scordato (2016), funding agencies use few criteria for reasons of simplicity, clarity, flex-
ibility, and efficiency. The present study demonstrated that as few as two evaluation crite-
ria can explain the variability of the referees’ overall judgments to a large extent, whereas 
including significantly more criteria improved the explained variation only slightly. This 
suggests that funding agencies using few criteria sacrifice little quantitative information 
in exchange for greater simplicity, clarity, and flexibility. Nevertheless, funders must be 
aware that referees use many evaluation criteria. To complement the quantitative criteria 
in the rating forms, it is therefore reasonable to retain the written assessments widely used 
by funding agencies. Moreover, funding agencies that do not ask referees to provide an 
overall score but calculate overall scores from a small number of criteria or agencies that 
base their funding decisions solely on criteria scores need to be aware that they ignore 
some of the evaluative information referees can provide and thus likely alter the results 
of the peer review process. Second, for modeling peer review judgments, fast-and-frugal 
trees can represent an alternative to more complex statistical methods, depending on the 
research context. When only few data are available or collecting data is costly, fast-and-
frugal trees provide an effective alternative because trees are relatively robust against over-
fitting (Phillips et al., 2017) and produce comparable or slightly better results than complex 
procedures (Laskey & Martignon, 2014; Martignon et al., 2008, 2012; Woike et al., 2017). 
In addition, fast-and-frugal trees have several advantages that can outweigh the slight loss 
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in accuracy found in this and other studies. Trees typically use very little information (i.e., 
cues); they are computationally inexpensive; and they enable fast decisions. They are easy 
to understand, communicate, and apply because they are simple and transparent (Phillips 
et al., 2017). And trees, like other fast-and-frugal heuristics, are designed for studying deci-
sion-making situations characterized by uncertainty (Gigerenzer et al., 2022); peer review 
represents such a situation. Third, the present study has shown that referees mostly use the 
same criteria and integrate the criteria in the same way. This suggests that the disagreement 
effect (i.e., the low inter-rater reliability consistently observed in peer review) is less likely 
to be caused by referees using different criteria and integration rules.

As this study presented evidence that supports the uniform judgment style, future stud-
ies should attempt to falsify this judgment style. Future studies should also examine how 
referees’ judgments can be characterized in those cases where the uniform style fails to 
provide an accurate and proper description. Lastly, and more broadly, peer review research 
should study the evaluation process of referees in more empirical and theoretical detail. 
This would advance our understanding of how peer review works and how we can develop 
it further.

Appendix

 See Table 4 and Fig. 5. 

Table 4  Verbal description of fast-and-frugal-trees describing referees’ overall judgment with four, five, 
and six cues

No. of cues Description

Four cues Like the three-cue tree (Fig. 2c) but replace its lowest level by: If letter of recommenda-
tion <  = 4, decide “not outstanding”; otherwise, assess career plan. If career plan <  = 4, 
decide “not outstanding”; otherwise, decide “outstanding”

Five cues Like the four-cue tree but replace its lowest level by: If career plan > 4, decide “outstanding”; 
otherwise, assess cooperation/network. If cooperation/network <  = 4, decide “not outstand-
ing”; otherwise, decide “outstanding”

Six cues Like the five-cue tree but replace its lowest level by: If cooperation/network <  = 4, decide “not 
outstanding”; otherwise, assess clarity of project goal. If clarity of project goal <  = 4, decide 
“not outstanding”; otherwise, decide “outstanding”
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