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Abstract: Simulation models have proven to be valuable tools for studying peer review processes. However,
the e�ects of some of thesemodels’ assumptions have not been tested, nor have thesemodels been examined
in comparative contexts. In this paper, we address two of these assumptions which go in tandem: (1) on the
granularity of the evaluation scale, and (2) on the homogeneity of the grade language (i.e. whether reviewers
interpret evaluation grades in the same fashion). We test the consequences of these assumptions by extending
awell-known agent-basedmodel of author and reviewer behaviourwith discrete evaluation scales and review-
ers’ interpretation of the grade language. In this way, we compare a peer review model with a homogeneous
grade language, as assumed inmost models of peer review, with amore psychologically realistic model where
reviewers interpret the grades of the evaluation scale heterogeneously. We find that grade language hetero-
geneity can indeed a�ect the predictions of a model of peer review.
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Introduction

1.1 Authors and reviewers are central actors in the peer reviewprocess. Several simulation studies have focused on
their respective roles to explore how they could influence the peer review process in science funding and jour-
nal publication. Results indicate many ways in which author and reviewer cognitive features or behavioural
patterns can be detrimental to (or beneficial for) the performance of peer review systems. For instance, some
studies have explored what happens if all (or some) reviewers decide not to commit to their task and return
inaccurate reviews (e.g., Righi & Takács 2017; Roebber & Schultz 2011; Thurner & Hanel 2011; Wang et al. 2016).
Other studies have explored the consequences of deliberate reviewer strategies, such as reviewers systemati-
cally overrating or underrating submissions in order to outcompete the authors (Cabotà et al. 2013; Sobkowicz
2015, 2017) or as a response to their own past experiences as authors (Bianchi & Squazzoni 2016; Squazzoni &
Casnici 2013). Some of these studies also explored the consequences of author strategies such as minimizing
the e�ort and resources invested in the preparation of their submission (Squazzoni & Casnici 2013) or, similarly,
prioritizing the quantity of submissions over their quality (Roebber & Schultz 2011).

1.2 Crucially, many of these studies are directly based on, or have been heavily influenced by, a few so-called ‘root
models’, with whom they share fundamental assumptions (Feliciani et al. 2019). Some of these assumptions
relate to the evaluation scale. For example, while most of these models1 define the evaluation scale as a real
number within a finite range, the actual evaluation scale in peer review processes is typically a coarse-grained
Likert scalewith fewcategories (e.g. a progressive range from“Very poor”/”Reject” to “Outstanding”/”Accept”).
Secondly, all these models implicitly assume that all peer reviewers interpret the scale in the exact same way.
However, in reality reviewers may di�er in defining and assessing what exactly qualifies, for example, as an
“outstanding” submission (Wardekker et al. 2008).

1.3 Some research has tried to relax these assumptions. For instance, Paolucci & Grimaldo (2014) ran a simulation
study comparing an evaluation scale with 10 categories with one with a binary one. In the former, reviewers
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return their evaluation in the form of an integer between 1 and 10; with a binary scale, reviewers can only rec-
ommend a paper for acceptance or rejection. More recently, Morreau & Lyon have also proposed a formal and
computational model where the evaluation scale is discrete; in addition, reviewers may di�er in how they in-
terpret the categories of the evaluation scale (Lyon & Morreau 2018; Morreau & Lyon 2016).

1.4 Morreau & Lyon have introduced the concept of grade language in simulation models of peer review. A grade
language is defined as a set of symbols (i.e., the grades of an evaluation scale) and their interpretations (i.e.,
how good a submission has to be to deserve a certain grade by a peer reviewer). Thus, a grade language can
vary in terms of its heterogeneity, depending on how di�erently these grades are interpreted across reviewers.
For example, the presence of reviewers with very di�erent grading standards signals a highly heterogeneous
grade language.

1.5 Empirical research suggests that reviewersmay di�er in how they understand evaluation grades, lendingmore
importance to understanding grade language heterogeneity (Morgan 2014; Wardekker et al. 2008). Further-
more, simulation research has shown that, counterintuitively, heterogeneity is not necessarily detrimental to
the quality of a collective judgement (Lyon & Morreau 2018). A collective judgment made by a group of re-
viewers with di�erent grading standards can, under some circumstances, bemore accurate than the collective
judgement by a homogeneous group. These findings can have practical consequences for editorial policies.
To give one example, if the editor of an academic journal wishes to standardise reviewer evaluations (e.g., by
training reviewers thereby homogenizing reviewers’ grading language), the editor would be better informed if
they could know inwhichways andunderwhich circumstances standardised reviewers aremoredesirable than
reviewers with heterogeneous grading standards.

1.6 In this paper, we study the e�ects of grade language heterogeneity in an agent-based model (ABM) of peer-
review from the literature. It is important to note that discrete scales and grade language heterogeneity are two
related assumptions. Since the set of symbols in a grade language is finite,modelling grade languages implies a
discrete evaluation scale. That is, one cannot be studiedwithoutmaking assumptions about the other. For this
reason, we study grade language heterogeneity by implementing both grade languages anddiscrete evaluation
scales into anexistingmodel. Themodelwe revisit is thewell-knownmodel of journal peer reviewbySquazzoni
& Gandelli (2012a,b); Squazzoni & Casnici (2013), herea�er: ‘SG’.

1.7 The SG model examines the peer review process in academic publishing vis-à-vis author and reviewer be-
havioural strategies. The reasons we chose this model are its relevance and simplicity: in fact, this model
emerged as influential in the literature of simulation models of peer review, and served as a basis for (or in-
spired) several follow-up simulation studies on reviewer and author strategies (Feliciani et al. 2019). Showing
that grade language heterogeneity a�ects the dynamics of the SG model would demonstrate the point that
work building on the SG model should not overlook this assumption. This also applies to the more general
modelling literature on peer review. Thus, by adding both discrete evaluation scales and grade language het-
erogeneity to the SG model, our approach tackles the following research question: how do results change in
peer review modelling when introducing more realistic assumptions about reviewer behaviour (i.e., discrete
evaluation scales and grade language heterogeneity)?

1.8 In the following sections, we outline the rationale behind (plus functioning of) the SGmodel and introduce the
concept of grade languages (Section 2). We then outline our simulation experiment (Section 3); results and
discussion follow.

Background

2.1 The premise of the work by SG is that reviewers are “unreliable”, meaning they incorrectly evaluate author
submissions (Bornmann 2011; Cicchetti 1991). Even if reviewers were completely reliable, peer review would
still not necessarily promote good quality submissions and filter out poor ones (Stinchcombe & Ofshe 1969).
This led SG to inquirewhat incentivises scholars to be gatekeepers of good quality science (Squazzoni & Casnici
2013; Squazzoni&Takács2011). In turn, theSGmodel focusesonhowauthorand reviewerbehaviour can impact
di�erent aspects (such as e�icacy, e�iciency, and inequality) of the peer reviewprocess for an academic journal
publication.

2.2 In SG, the process of peer review is simplified to some essential components. One important simplifying as-
sumption is that submissions have an objective level of quality (herea�er: ‘true quality’), a real number ranging
between the theoretical minimum and maximum quality levels. Furthermore, only authors and reviewers are
considered as agents involved in the peer review process (thus ignoring other roles, such as editors). Further,
SG assumes that eachmanuscript is reviewed by only one reviewer. Lastly, this journal publication peer review
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only consists of one round of review, where authors submit manuscripts for publications, reviewers evaluate
the submission, and the best-rated manuscripts are published.

2.3 At the core of the SG model (and other follow-up work, e.g. Bianchi & Squazzoni 2016; Cabotà et al. 2013 lies
the idea that scholars constantly face a trade-o� when they have a finite amount of resources (e.g., time) that
theymust allocate to two competing tasks: to work on their ownmanuscript or to review someone else’s. How
resources are invested in each task is dependent onmotives of the reviewers and authors: as we will illustrate,
scholars’ sense of fairness and reciprocating attitude influences the resources that they invest in authoring and
reviewing.

Overview of the SGmodel

2.4 Sinceour study implementsSGas itwasoriginallydefinedandcoded in thoseearliestpublicationsof simulation
of peer review systems/processes, wewill henceforth refer to Squazzoni &Gandelli (2012a); Squazzoni &Casnici
(2013) for the formal definition of the model. A discussion of our implementation of SG, along with pointers to
the original code (Squazzoni & Gandelli 2013), our scripts and documentation, is included in Appendix A. Here
we provide an overview of the original model scheduling and relevant entities, attributes and processes.

2.5 Scholars are the main entities in the system, and their most important attribute is the amount of resources
they have (assumed to be zero at the start of the simulation). Resources are spent in authoring and reviewing
submissions and are gained at a fixed rate as time progresses. Scholars can further increase their resources by
getting their own submissions published.

2.6 At every time step of the simulation, each agent either plays the role of a reviewer or of an author; the role
is drawn with a uniform probability. Once roles are assigned, each author produces a submission of a given
quality and a randomly chosen reviewer evaluates the submission with some degree of accuracy2.

2.7 The quality of the submissions and the accuracy of the reviews are key in SG. “Quality” is assumed to be the in-
trinsic, unobservable trueworth of a submission. Thus, a submission of high quality is a submission that highly
deserves publication. Furthermore, accuracy is a property of reviewers, which determines the magnitude of
the error the reviewer canmakewhen reviewing (i.e. when estimating a submission’s quality). In the SGmodel,
quality and accuracy are endogenously determined. So authors should produce high quality submissions in
order to maximise their chance of being published. To increase the submission quality, authors must invest
more of their resources in authoring. In similar fashion, the amount of resources available to reviewers deter-
mines both the accuracy and the costs of their review, so thatmore resources invested in review result in higher
quality reviews.

2.8 Each simulation step endswith thedeterminationofwhich submissions get published. Submissions are ranked
based on the review they received. The ones ranking higher than the baseline are published, and their authors
rewarded with extra resources. The baseline is determined by the acceptance rate of the journal (i.e., the pro-
portion of proposals that are to be published at each time step).

Reviewer and author strategies in SG

2.9 In SG, scholars have onebehavioural choice: to be reliable, orunreliable. Reliable authors invest their resources
fully to produce and submit a good quality submission; likewise, reliable reviewers make the largest resource
investment in order tomakeaccurate reviews. By contrast, unreliable behaviour consists of low resource invest-
ments and poor-quality submissions (by authors) and inaccurate reviews (by reviewers). A set of rules, named
‘scenario’, determines how scholars will behave. We build on the scenarios introduced in SG:

• No reciprocity. In this scenario, reviewer behaviour is based on chance: with a probability of 0.5 review-
ers behave reliably (thus, making a high investment of resources and returning an accurate review); with
a complementary probability, they behave unreliably. Author behaviour, by contrast, is assumed to be
always reliable (i.e., a constant combination of high investment and high-quality submissions).

• Indirect reciprocity. Reviewers only behave reliably if their own most recent submission was accepted
for publication. Authors are assumed to be always reliable.

• Fairness. Reviewers calculate how fairly their ownmost recent submission was evaluated. If their previ-
ous submissionwas given a grade close to what they believe was its true quality (regardless of whether it
was eventually published), they behave reliably. Authors are assumed to be always reliable.
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• Self-interested authors. Reviewers behave similarly as in the indirect reciprocity scenario (i.e. reliable
only if their most recent submission was published). Authors are assumed to be reliable only if their pre-
vious submission was published (and unreliable otherwise).

• Fair authors. Reviewers behave similarly as in the fairness scenario (i.e., reliably is assumed only if their
most recent submission was evaluated fairly). Likewise, authors are assumed reliable only if their previ-
ous submission was evaluated fairly.

2.10 These scenarios revolve around fairness and reciprocity as guides for scholars’ reliability and are a subset of
the possible combinations of random, consistent, fairness-inspired and reciprocating behaviour of authors and
reviewers. These scenarios are studied across di�erent levels of acceptance rate (namely 0.25, 0.5, 0.75). Ac-
ceptance rate is an important input parameter defining the percentage of author’s submission accepted for
publication, thus representing high- or low-competitive environments in the model.

Extending the SGmodel

2.11 The SG model, along with a series of follow-ups (e.g., Bianchi & Squazzoni 2016; Cabotà et al. 2014; Righi &
Takács 2017), implicitly makes some assumptions about the grade language. For instance, SG assumes that
the evaluation scale is continuous: reviewers, for example, return their evaluation in the form of a real number
between0 and 1. Second, SG assume that the grades of the evaluation scalemean the same thing to all scholars
(i.e., the grade language is perfectly homogeneous).

2.12 However, these assumptions do not necessarily mirror actual peer review processes. Reviewers may not give
grades as precise as a continuous scale would require. Real peer review processes typically ask reviewers to
return evaluations on a discrete scale (e.g., a Likert scale, with categories ranging from “very bad” to “very
good” or other similar labels). There is then an issue of semantic diversity among reviewers. Research has
highlighted that di�erent individuals o�en have di�erent understandings of what those grades mean (Morgan
2014; Wardekker et al. 2008). In other words, the grade language of a real peer review system is more likely to
have some heterogeneity instead of being fully homogenous.

2.13 Recent simulation experiments on the wisdom of crowds (Lyon & Morreau 2018; Morreau & Lyon 2016) show
that grade language heterogeneity has counterintuitive consequences for the performance of a panel of ex-
perts. Assume a panel is tasked with the estimation of somethingmeasurable, like the quality of a submission.
The authors show that the aggregation of the scores by the panel members can be closer to the true quality if
panelmembers havedi�erent interpretations of the evaluation scale. This result has important implications for
peer review, where one o�en does not know if there is consistency between reviewers (i.e., good inter-scorer
reliability) or if such consistency indicates good quality review at all. In sum, the impact of low inter-scorer
reliability is an open problem (Bornmann 2011; Lee et al. 2013).

2.14 To our knowledge, grade language heterogeneity has never been implemented in ABMs of peer review. There-
fore, we do not know how grade language heterogeneity a�ects peer review in repeated interactions between
interdependent scholars. To explore these e�ects, we reimplemented and extended the SG model by adding
grade languages (and thus also discrete evaluation scales) to assess whether, and how, grade language hetero-
geneity interacts with author and reviewer strategies — ultimately a�ecting peer review outcomes.

Implementation of discrete scales and grade language heterogeneity

2.15 As we noted above, in SG the evaluation scale is continuous and the grade language is homogeneous. To test
how the granularity of the evaluation scale and grade language heterogeneity a�ect the SGmodel, we start by
discretizing the evaluation scale. We then compare three levels of discretization: with 5, 10, and 20 categories.
With 5 categories wemimic a typical Likert-style evaluation scale in peer review. And by increasing the number
of categories, we increase the granularity of the scale, where more categories approach a situation where the
evaluation scale is continuous.

2.16 Specifically, the discretization is done bymeans of a list of thresholds in the range of the evaluation scale, [0,1].
An evaluation scale with 5 categories requires 4 thresholds. For example, the discretization thresholds 0.2,
0.4, 0.6, 0.8 partition the continuous evaluation scale [0,1] into five regular intervals. Suppose a submission is
judged to beworth 0,394 on the continuous scale [0,1]. This submissionwill fall in the second interval set by the
thresholds, that is between 0,2 and 0.4: thus, the continuous value 0.394 in [0,1] is discretised into the score 2
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on the discrete scale from 1 to 5. Similarly, a scale with 10 categories will require 9 thresholds 0.1, 0.2, 0.3, etc.,
and 20 categories will require 19 thresholds {0.05, 0.1, 0.15, . . .}.

2.17 We denote a ‘homogenous grade language’ as a situation where the thresholds are spaced evenly, like in the
example above, and all reviewers adopt the same thresholds to discretise their evaluation. When the grade
language is homogeneous, we can state that all reviewers have the same interpretation of the grades. By con-
trast, with heterogeneous grade language, reviewers may have di�erent interpretations of the grades. Grade
language heterogeneity is therefore modelled by giving each scholar a di�erent set of thresholds. Figure 1 ex-
emplifies this by visualizing the discretization thresholds of two scholars under grade language heterogeneity.
For clarity, the discrete scores 1 through 5 are labelled “very negative” to “very positive”: the figure shows how
scholars map these labels di�erently on the underlying continuous evaluation scale via adopting di�erent sets
of thresholds (marked in orange).

Figure 1: Example of discrete evaluation scale with five categories and heterogeneous grade language. The or-
ange marks show the di�erent discretization thresholds for two scholars, A and B. Each of the two horizontal
lines shows how scholars interprets the evaluation scale in di�erent ways. This example shows that, for ex-
ample, a grade of 0.6 on the underlying continuous evaluation scale would be translated into a discrete grade
which would be “positive” (i.e. 4 on a scale from 1 to 5) for scholar A, but only “neutral” (3/5) for scholar B.

2.18 We generate a heterogeneous grade language by drawing, for each reviewer, a set of thresholds from a uniform
distribution in the range [0,1], and then by ordering the sets from its smallest value (first) to the biggest (last)
threshold. The violin plots in Figure 2 show the resulting distribution of thresholds of a 5-categories scale over
the continuous evaluation.

Figure 2: Distribution of the discretization thresholds of a heterogeneous grade languagewith 5 categories. The
orange lines mark the mean of each distribution.

2.19 As Figure 2 shows, the procedure of ordering a set of thresholds drawn from a uniform distribution has two
characteristics. First, the thresholds are noisy. For example, the first threshold tends to assume low values
(0.2 on average), but occasionally takes values> 0.5. A reviewer with such a high first threshold is a markedly
severe reviewer, who would rate 1/5 (i.e., “very negative”) all proposals with a quality lower than such a high
threshold. The second characteristic concerns the average of each threshold distribution. The average is equal
to the corresponding threshold in a regular partition of the continuous scale. To clarify: the thresholds to dis-
cretise the continuous evaluation scale into five regular intervals are {0.2, 0.4, 0.6, 0.8}. Figure 2 shows that
the first threshold distribution has, in fact, mean 0.2; the second, 0.4; and so forth. This distribution makes
for a fair comparison between homogenous grade language (where the partition is regular for all scholars) and
heterogeneous (where the thresholds are distributed around the same average value).
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2.20 Implementing discrete scales and heterogeneous grade languages in SG is straightforward: we discretise the
evaluation score using the threshold derived from a regular partition of the continuous scale (homogeneous
grade language), or using scholars’ own discretization thresholds (heterogeneous grade language). More pre-
cisely, we discretise the scores in two ways. In the first case, whenever a reviewer returns their evaluation of a
submission, the evaluation is transformed into a grade on the discrete scale according to the reviewer’s thresh-
olds. The second occasion only a�ects the scenarios’ ‘fairness’ and ‘fair authors’. In these two scenarios, schol-
ars behave reliably only if theydeem that theirmost recent submission as authorswas evaluated fairly. Fairness
is based on the di�erence between the scholar’s self-perception of the quality of their submission and the re-
viewer’s evaluation of it. Thus, in these two scenarios, not only do we discretise the reviewer’s evaluation, we
also discretise the scholar’s self-perception of the quality of their own work.

Outcomemeasures

2.21 Tomeasure howgrade language heterogeneity can impact peer reviewdynamics, we look at the sameoutcome
measures investigated in the SGmodel. The measures devised in SG capture three di�erent dimensions of the
peer review process: e�icacy, e�iciency, and inequality. Broadly speaking, e�icacy of a peer review process
can be defined as its tendency to have the best submissions published. E�iciency refers to the optimal use of
resources by reviewers and authors. Lastly, inequality refers to the resulting unevenness in the distribution of
resources among scholars.

2.22 These three dimensions are captured using the following indicators:
• Evaluation error refers to the percentage of high-quality submissions (i.e. worth being published) that
were not published. A poor review process where considerable numbers of deserving submissions are
not published has a higher evaluation error. This measure operationalises the concept of peer review
e�icacy.

• Resource loss is a measure of peer review e�iciency. It is defined as the percentage of the sum of the re-
sources spent on all publication-worthy submissions that were not eventually published. In other words,
it measures the amount of quality that went to “waste” because deserving submissions were not pub-
lished.

• Reviewing expenses are calculated as the ratio of resources invested by reviewers over the resources
spent by authors. A range from [0,1] is transformed into a percentage.

• System productivity is the sum of the resources of all scholars in the system.

• Gini index captures the concept of peer review inequality. Measured over the distribution of resources
among scholars, it indicates the degree to which resources are unevenly distributed. That is, 0 means
all scholars have the same amount of resources, and 1 means a scholar has all the resources, while the
others have none.

Expected e�ects of grade language heterogeneity on SG

2.23 Generally, we expect to find adi�erencebetween the SGmodel dynamicswith homogeneous vs heterogeneous
grade language. Our thinking is that heterogeneitymakes reviewer evaluationmore noisy. In turn, noisy evalu-
ationsmean less precisionwhich shouldmake harder the identification of themost deserving proposals. Addi-
tionally, noise in the determination of which submissions get published may also hinder the ability of the best
scholars to further concentrate resources in their hands. We expect then that heterogeneity a�ects peer review
e�icacy (evaluation error), e�iciency (resource loss) and inequality (Gini index). The expectations discussed
above can be rephrased as hypotheses:
H1a. Grade language heterogeneity leads to higher evaluation error.

H1b. Grade language heterogeneity leads to higher resource loss.

H1c. Grade language heterogeneity leads to a lower Gini index.

2.24 Furthermore, we need to consider that the implementation of grade languages entails a discrete evaluation
scale. The evaluation scale may have di�erent levels of granularity, which also may a�ect the precision of re-
viewer evaluation. For example, a relatively coarse evaluation scale (e.g., with 5 categories) allows for less preci-
sion than amore fine-grained scale (e.g., with 10 or 20 categories). Since coarser scalesmean higher evaluation
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noise, we expect that the granularity of the scales should a�ect peer review e�icacy, e�iciency and inequality
in the sameway as heterogeneous discretization thresholds. It is therefore important to separate the e�ects of
random thresholds from the granularity of the scale. To achieve this, we test for the e�ects of grade language
heterogeneity for di�erent levels of granularity of the discrete scale.

2.25 Next, we focus on the di�erences between the SG-modelled scenarios (i.e. the rules determining scholars’ re-
liable vs unreliable behaviour). In principle, the reasoning behind H1a, b, c should apply to all scenarios in the
sameway. Finding support for these expectationswould thus not change themost important conclusions from
the original SGmodel on the comparisons between scenarios.

2.26 Anevenmore interestingpossibility is that our treatment a�ects somescenariosmore thanothers, or otherwise
a�ects the ranking of the scenarios under the di�erent outcome variables. If this were the case, we would con-
clude that assuming or not assuming grade language heterogeneity (and a discrete evaluation scale) changes
the prediction of the model about which scenarios perform better than others. It is di�icult to anticipate in
which ways each scenario will be a�ected by granularity and heterogeneity: therefore, we formulate an overar-
ching hypothesis:

H2. The ranking of scenarios based on the five outcome variables varies depending on whether the grade
language is homogeneous or not.

Simulation Experiment

3.1 The SG model was originally implemented in NetLogo and is available in the CoMSES repository (Squazzoni
& Gandelli 2013). Instead of building on the original NetLogo script, we re-implemented the SG model from
scratch in the R language by following the description of the model as provided in the original papers (Squaz-
zoni & Casnici 2013; Squazzoni & Gandelli 2012b) and inspecting the NetLogo scripts. The re-implementation
constitutes an e�ort to inspect and ensure the internal validity of themodel as originally designed and is recog-
nised as a best practice in the simulation literature (Rouchier et al. 2008). The re-implementation of the SG
model brought to light a number of discussion points on the internal validity of the model which would have
otherwise likely gone unnoticed. Appendix A discusses in depth our re-implementation e�ort and the emergent
discussion points.

3.2 The re-implementation allowed us to run a version of the SGmodel where we can specify the granularity of the
evaluation scale and whether the grade language is homogeneous. Specifically, in our simulation experiment
wemanipulate two parameters:

• The number of categories in the evaluation scale: we compare three types of scales, with 5, 10 and 20 cat-
egories.

• Heterogeneity of the grade language. We compare a SG model version where the grade language is ho-
mogeneous with the heterogeneous version.

3.3 We ran 100 independent simulation runs using the samebaseline configuration adopted in SG.We compare the
outcomemeasures at the end of the simulation runs (t=200) between the various sets of conditions. In the next
section, wepresent results assuming themiddle value for acceptance rate (i.e., acceptance rate = 0.5). Appendix
B discusses the results obtained with alternative acceptance rates.

Results

4.1 We proceed by breaking down simulation results following the order of H1a, b, c and H2.

E�ect on peer review e�icacy, e�iciency and inequality

4.2 WithH1a, b, cweare comparinghomogeneous andheterogeneous grade languageswithin eachSGbehavioural
scenario and for each of the explored levels of scale granularity. With few caveats, H1a, b, c are confirmed in
only three of the five scenarios: “no reciprocity”, “indirect reciprocity” and “self-interested authors”, and not for
the scenarios “fair authors” and “fairness”. Since the results from these two groups of scenarios are internally
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consistent, for illustration purposes the main text only shows results for the scenario “no reciprocity” as rep-
resentative of the first group (Figure 3) and “fairness” for the other group (Figure 4). Plots for all scenarios are
found in Appendix C.

4.3 Concerning the first group (exemplifiedby “no reciprocity” in Figure 3,we indeed find that heterogeneous grade
language leads to higher evaluation error (H1a), higher resource loss (1b), and lower Gini index (1c) compared
to the homogeneous counterpart. We note these e�ects appear to bemoderated by the granularity of the eval-
uation scale. Specifically, the e�ect size is larger with coarse-grained scales (i.e., with evaluation scale with
5 categories). With finer-grained scales (i.e., 10 or 20 categories), the e�ect grows smaller and, in a few cases,
the di�erence between heterogeneous and homogeneous grade languages loses significance or disappears en-
tirely. This is particularly evident in the boxplots for the Gini index in Figure 3: in this scenario, with maximal
granularity (20 categories) we find that heterogeneity leads to a higher (instead of lower) Gini index. These re-
sults teach us something important: that the granularity of the scale can hamper the e�ect of grade language
heterogeneity, and sometimes overcome it. For example, the Gini index case in the “no reciprocity” scenario.

Figure 3: Outcome measures for the scenario “no reciprocity”. A Welch t-test tests for significance in the di�er-
ence between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ → p ≥
0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate = 0.5.

4.4 Figure 4 shows results for the scenario “fairness”, selected to represent the scenarios for which we do not find
support forH1a,b,c andalso includes “fair authors”. In these twoscenarios,wemostly findeithernon-significant
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di�erences betweenhomogeneous andheterogeneous grade languages, or e�ectswith a sign opposite towhat
we hypothesised. Thismeans that our simulations identify some conditions (i.e., combinations of scenario and
scale granularity) for which a heterogeneous grade language outperforms a homogeneous one (i.e. producing
less evaluation error and wasting fewer resources). We only find the e�ect in the predicted direction in the sce-
nario “fairness” (Figure 4), for simulation runs with an evaluation scale with 5 categories. Thus, we believe that
this, too, is to be interpreted as an e�ect of the granularity of the evaluation scale. The question arises why the
scenarios “fairness” and “fair authors” yield results somarkedly di�erent from the first group of scenarios. Our
explanation for this finding hinges on the concept of discrepancy: in these scenarios, scholars behave reliably
only if their previousworkwas evaluated ‘fairly (i.e., in case of little discrepancy between the evaluation of their
own previous work and their own self-evaluation). A discretised evaluation scale may reduce discrepancy by
increasing the likelihood that scholars’ self-perceived submission quality is equal to the reviewer assessment.

Figure 4: Outcome measures for the scenario “fairness”. A Welch t-test tests for significance in the di�erence
between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ → p ≥ 0.05;
∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate = 0.5.

4.5 In sum, our results do not fully support H1a, b, c. We do find significant di�erences between homogeneous and
heterogeneous grade languages under most of the simulation conditions. Yet the e�ect is not always in the
expected direction. Some scenarios and finer-grained evaluation scales interact with grade language hetero-
geneity in unanticipated ways, resulting in grade language heterogeneity unexpectedly outperforming homo-
geneity. As discussed in Appendix B, these results are robust to another important model parameter from SG,

JASSS, 23(3) 8, 2020 http://jasss.soc.surrey.ac.uk/23/3/8.html Doi: 10.18564/jasss.4284



the acceptance rate.

4.6 The result that di�erent scenarios are a�ected by grade language heterogeneity in di�erent ways bridges to H2
by means that the ordering of scenarios based on the five outcome variables varies depending on whether the
grade language is homogeneous.

E�ect on the relative performance of scholars’ behavioural strategies

4.7 If our goal is to compare scholars’ strategies (i.e., the di�erent scenarios), we want to ensure that whatever
the predicted di�erences between strategies, these di�erences are robust to di�erentmodel parameterizations
(in our case, robust to the two kinds of grade languages). We have argued that grade language heterogeneity
(and discrete evaluation scales) can add randomness to the measurement of some of the outcome variables
(e.g., evaluation error, resource loss andGini index), and that this e�ectmay be di�erent for di�erent scenarios.
Figures 5 through 9 examine the outcome one by one, allowing us to compare grade languages (homogeneous
and heterogeneous) across scenarios.

4.8 Our first observation is that, compared to homogeneous grade language, heterogeneity reduces the di�erences
between the scenarios on some outcome measures. This is true for evaluation error (Figure 5) and resource
loss (Figure 6). For these two measures, markedly di�erent scenarios are much more similar when the grade
language is homogeneous. A comparison between the scenarios “indirect reciprocity” and “self-interested au-
thors” is an extreme example. Regarding evaluation error (Figure 5), there is a strong di�erence between the
two scenarios with homogeneous grade language, with “self-interested authors” being the scenario with the
higher evaluation error. When the language is heterogeneous, however, not only does this di�erence disap-
pear: “indirect reciprocity” yields, on average, slightly higher evaluation errors.

Figure 5: Evaluation error by scenario: comparing homogeneous and heterogeneous grade language. Evalua-
tion scale = 5 categories; acceptance rate = 0.5.

Figure 6: Resource loss by scenario: comparing homogeneous and heterogeneous grade language. Evaluation
scale = 5 categories; acceptance rate = 0.5.

4.9 Results are somewhat di�erent if we compare scenarios on the basis of other outcomemeasures: reviewing ex-
penses (Figure7), systemproductivity (Figure8) andGini index (Figure9). On theonehand,with thesemeasures
we find more cases where scenarios perform better than others when assuming grade language homogeneity,
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but worsewhen the grade language is heterogeneous. The outcome variable “reviewing expenses” (Figure 7) is
an example: on average, under homogeneity the scenario “no reciprocity” produces fewer reviewing expenses
than “fairness”; however, it produces more with heterogeneous grade language.

4.10 On theother hand, grade languageheterogeneity doesnot reduce thedi�erencebetween the scenarios in these
outcomemeasures (i.e., reviewing expenses, system productivity and Gini index) as it did previously with eval-
uation error and resource loss.

Figure 7: Reviewing expenses by scenario: comparing homogeneous and heterogeneous grade language. Eval-
uation scale = 5 categories; acceptance rate = 0.5.

Figure 8: Reviewing expenses by scenario: comparing homogeneous and heterogeneous grade language. Eval-
uation scale = 5 categories; acceptance rate = 0.5.

Figure9: Gini indexby scenario: comparinghomogeneousandheterogeneousgrade language. Evaluation scale
= 5 categories; acceptance rate = 0.5.

4.11 H2 is about the ordering of scenarios based on the five outcome variables varies depending on whether the
grade language is homogeneous. We have found cases where heterogeneity suppresses di�erences between
scenarios and cases where the relative performance of two scenarios reverses depending on the heterogeneity
of the grade language. Thus, we conclude that H2 is supported by the results. This is an important result, as
it shows that the modeller’s decision whether to assume di�erent grading scales and grade heterogeneity can
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lead to very di�erent predictions about the relative performance of the simulated scenarios. In sum, we have
shown that heterogeneity in reviewers’ understanding and interpretation of an evaluation scale may have an
important impact on thepeer review system in termsof di�erent aspects suchaspeer reviewe�icacy, e�iciency
and equality. To capture this in one sentence, adding extra realism inmodelling the evaluation scale doesmake
a di�erence.

Conclusion and Discussion

5.1 In this paper, we have investigated the consequences of two interrelated fundamental assumptions underlying
most current ABMs of peer review: (1) that the evaluation scale is continuous and (2) that reviewers understand
and interpret the evaluation scale in the same way. Recent work on expert panel evaluation has shown that
relaxing these assumptions can have a remarkable impact on the accuracy of the resulting evaluation (Lyon
& Morreau 2018; Morreau & Lyon 2016). We follow Lyon and Morreau by assuming that (1) evaluations are ex-
pressed as grades on a discrete scale (analogous to a Likert scale); and (2) that individuals may di�er between
one another in how they understand the scale (called ‘grade language heterogeneity’).

5.2 Toassess the impact onexistingpeer reviewABM,we implementeddiscrete evaluation scales into awell-known
ABMof peer review (Squazzoni & Gandelli 2012a; Squazzoni & Casnici 2013—or ’SG’ for short). We have built on
this existingmodel, SG, as it shares the sameassumptionon thegrade languagewithmost simulationmodels of
peer review available in the literature. Many of whichwere derived fromSG. By comparing themodel dynamics
with and without grade language heterogeneity, we have shown that grade language heterogeneity impacts
the dynamics of the SG model in di�erent ways for di�erent parameter configurations. This result suggests
that grade language heterogeneity should be considered as a core ingredient of future ABMs of peer review,
as neglecting it would lead to unrealistic results that are ultimately inapplicable. Our approach is an explicit
endeavour to avoid developing yet another simulation model that could be published and forgotten, which is
a trend that has been already observed in the relevant literature of simulation models (Feliciani et al. 2019).

5.3 Scholars have advocated for the use of ABMs to observe the consequences of relaxing agent-level assumptions
(Axtell 2000; Epstein 2006). Our work has shown that agent heterogeneity matters: when we relaxed a rather
unrealistic assumption for modelling peer review (i.e., that all reviewers interpret evaluation scales exactly in
the same way), we found that diversity in reviewers’ understanding and use of an evaluation scale can lead to
important di�erences in the overall outcome of the peer review process.

5.4 SG is explicit in saying that themodel is “highly abstracted and greatly simplified compared to in-depth empiri-
cal or experimental research” (Squazzoni & Casnici 2013, 5.2). In this paper, we have ‘decreased the abstraction’
(Lindenberg 1992) of the SG model by adding features that more accurately reflect how peer review actually
happens. Our results show that a lower level of abstraction can lead to di�erent predictions and thus highlight
contributions to better understanding peer review through agent-basedmodelling.

Model Documentation

Our simulation results are obtained froma re-implementation of the SGmodel in a di�erent scripting language,
R 3.6.1 (R Core Team 2019), whereas the original model was developed in NetLogo 4.1 (Wilensky 1999). Our re-
implementation, ODD protocol (Grimm et al. 2006, 2010) and all scripts used for this paper are published in the
CoMSES libraryaswell (https://www.comses.net/codebases/35729cf6-9a2b-40ca-b895-1e4e6225f092/releases/1.0.0/).
The original NetLogo code is also available on CoMSES (Squazzoni & Gandelli 2013) and is based on the SG pa-
pers (Squazzoni & Casnici 2013; Squazzoni & Gandelli 2012b).
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Appendix A

Hereby we reference sections and quote text from Squazzoni & Casnici (2013) and the code of the model pre-
sented therein (Squazzoni & Gandelli 2013). For simplicity, we refer to the paper as “SG2013a”, and to the NetL-
ogo scripts as “SG2013b-NetLogo”.

It is important to point out that the goal of our paper is not to replicate a simulation paper from the litera-
ture. Rather, we use a simulation model from the literature to prove the point that an important theoretical
ingredient is being neglected. Nevertheless, we took great care in reproducing the original model with our re-
implementation. To re-implement the model we strictly followed the definitions provided in SG2013a. When
necessary, we also looked into the related conference paper (Squazzoni & Gandelli 2012b) and thoroughly in-
spected SG2013b-NetLogo. This appendix discusses the re-implementation e�ort.

The process of re-implementing and testing the SGmodel highlighted a number of discussion points which can
be d in three classes: (a) bugs or unintended artefacts in SG2013b-NetLogo; (b) incomplete model definition in
SG2013a; and (c) obstacles for the replication of the results reported in SG2013a. Despite these issues, we found
results reported in SG2013a to be robust (with a few caveats explained at the end of this appendix). Next, we list
and discuss the issues within each of these three classes. summarise

Bugs or unintended artefacts in SG2013b-NetLogo

• SG2013a:3.3 describes the fairness scenario, specifically how authors determinewhether the review they
have received is su�iciently accurate (i.e., “fair”). The text reads: “If the referee evaluation approximated
the real value of their submission (i.e.,≥ -10%), they concluded that the referee was reliable and had done
a good job”. The same statement is found in Squazzoni & Gandelli (2012b, p. 3), but is unclear about
the exact condition for a review to be considered su�iciently accurate by the author. Upon inspection of
SG2013b-NetLogo,we learned that the review is considered su�iciently accurate if the absolutedi�erence
between the submission’s true quality and the review score is strictly smaller than a tenth of the true
quality. We interpreted thediscrepancybetweenSG2013aandSG2013b-NetLogoas some text inaccuracy,
and followed the implementation as in SG2013b-NetLogo.

• SG2013b-NetLogo (see e.g., “FairAuthors.nlogo”) can generate negative values for the submission quality.
Negative values fall outside the defined range [0,1], and this has consequences for other parts of the code.
Most prominently, the calculation of the outcome variables. This issue can be replicated by running the
model with the default settings for a few iterations and then entering this command into NetLogo’s con-
sole: ask turtles [ if work−quality < 0 [ print work−quality]]. Our re-implementation corrected this
by replacing a�ected negative values with zero.

• There is an inconsistency between text and original code concerning the calculation of reviewer’s as-
sessment. SG2013a states that the assessment is a function of the submission’s true quality (SG2013a:
2.10). Yet the code shows that the submission quality plays no role. Instead, reviewer assessment is
based on the reviewer’s estimation of the author’s resources (or ‘productivity’). That is correlated yet
it is also something rather di�erent. We attributed this inconsistency to unclear text in SG2013a, so in
our re-implementation we followed exactly the procedure as implemented in SG2013b-NetLogo, where
submission quality plays no role.

Incompletemodel definition in SG2013a

• In the “no reciprocity scenario”, reviewers behave reliably or unreliably with a given probability. SG2013a
does not explain how this probability is defined: it only reads that “agents hada randomprobability of be-
having unreliablywhen selected as referees; this probabilitywas constant over time andwas not influenced
by past experiences” - SG2013a:3.2). Upon inspection of SG2013b-NetLogo, we find that the behaviour
is drawn with a uniform probability, and reviewer behaviour is updated only if the model parameters
“choose-reviewers-by-ranking” and “random-behaviour” are both set “On”. In our re-implementation
we implemented this rule by setting reviewer behaviour to “reliable” with probability 0.5; “unreliable”
otherwise. Following the explanation in SG2013a, we further assumed that the behaviour is updated at
every time point.
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• In SG2013a:2.5 the submission quality is drawn from a normal distribution with mean defined in Equa-
tion 1. The paper is not clear about how the standard deviation of this distribution is calculated. Upon
inspection of SG2013a-NetLogo, we found that the standard deviation adopted is defined as follows: the
product of the expected quality, times a constant (called “author investment”, or simply i), that is set by
default to 0.1.

• SG2013a:2.14 mentions Equation 3, the equation that should show how resources are multiplied in case
of successful submission. However, Equation 3 does not exist in the paper. The resources multiplier is
not defined in the paper. Again, we addressed this issue by following the implementation in SG2013b-
NetLogo.

• The scenarios “self-interested authors” and “fair authors” are unique in that, unlike the other three sce-
narios, they manipulate authors as well as reviewer behavioural choice (SG2013a: 3.4). Reviewer and
authors strategies could be considered orthogonal dimensions. For example, one could simulate a world
with “self-interested authors” and “non-reciprocating reviewers”. However, in the SG model the two au-
thor scenarios are only explored in conjunctionwith one of the reviewers’ scenarios. Specifically, the sce-
nario “self-interested authors” is always combined with reviewers’ “indirect reciprocity”, whereas “fair
authors” are always combined with reviewers’ “fairness”. This is what we extrapolated from SG2013b-
NetLogo, as the text in SG2013a is not clear about the conditions for the experiments onauthor behaviour.
The way the two author scenarios are combined with reviewer scenarios is addressed only in one short
sentence, paragraph SG2013a: 3.4: “[these two scenarios] extended the previous two scenarios by exam-
ining author behaviour in conjunction with reviewer behaviour”.

Obstacles to the replication of the results reported in SG2013a

The outcome variables adopted in this paper are identical to the ones used in the SG model; however, there is
one crucial di�erence. The results in SG are based on the average across the 200 time steps of a single simu-
lation run per condition. By contrast, our results are based on the average of these measures across the final
simulation step (t = 200) of 100 independent simulation runs per condition. The latter is a way of presenting
results similar to the one adopted in follow-up work on the SG model (see e.g., (see e.g., Bianchi & Squazzoni
2016).

This way of measuring the model outcome was selected because it provides two advantages. The first advan-
tage is the reliability of results, which are based onmultiple simulation runs, so are less susceptible to random
noise. The second advantage is that, by not averaging across the whole time series, we prevent highly volatile
results of the first simulation steps (i.e., the so-called ‘burn-in period’) from influencing the outcomemeasures.
The disadvantage of using this method for running simulations and presenting results is that the results from
the replication are not directly comparable to those presented in SG2013a.

To minimise this disadvantage, we performed preliminary analyses where we looked at the results from our
re-implementation using the samemethod as in SG2013a. That is, one run per condition, averaging across the
time series. The results of this exercise are available in the CoMSES repository for this model, and contain a
replication of the results tables and plots as in SG2013a. To summarise, we found that our re-implementation
would typically replicate the results presented in SG2013a; however, we also identified some dynamics which
di�er fromwhat has been originally reported.

With one exception, results reported in SG and based on single runs always fell within the range of values that
we obtained from running themodel 50 times. The only exception concerned the scenarios “fairness” and “fair-
authors”. In these two scenarios, reviewers and/or authors decidewhether or not to invest their full endowment
of resources in producing accurate reviews or high-quality submissions, respectively. This decision is based on
their assessment of how “fairly” their own previous submission was evaluated: if the discrepancy between the
truequality of their previous submissionand the receivedevaluation is belowagiven threshold, then theagents
behave reliably (i.e., invest the full amount of resources in doing a good job).

In our implementation, using the same parameterization as in SG, we found that reliable behaviour fades away
a�er a few simulation steps. This happens because as the simulation run progresses, more and more scholars
deem their previous work to be evaluated unfairly and they respond by submitting poor quality papers and
returning inaccurate reviews. This, in turn, translates into even more agents being evaluated unfairly, and the
cycle repeats. By t=200, most agents behave unreliably. By contrast, in the original NetLogo implementation in
SG, this negative feedback loop does not occur (at least not as o�en), and throughout the simulation run agents
consistently produce more high-quality submissions and fairer reviews.
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We did not investigate further the source of this di�erence as we deemed it irrelevant, given that the goal of
this paper was not to replicate SG, but to test whether more realistic assumption on grading would make a
di�erence. Despite this di�erence in the underlying dynamics between the two model implementations, the
most important results on these two scenarios are qualitatively the same in SG and in the replicated condition.
This di�erence does not a�ect our results. This is as, even though the di�erencemay a�ect results in two points
in the parameter space, our paper shows that heterogeneous grade languages lead to di�erent results across
all other SG parameter configurations.

Appendix B

This appendix reproduces the results we presented in themain text for the other parameter configurations pre-
sented in the SG model. Besides scenarios involving author and reviewer strategies, the original paper only
varied the acceptance rate in the peer review process, where acceptance rate ε{0.25, 0.5, 0.75}. By manipu-
lating the acceptance rate, the authors were modelling varying degrees of competitiveness between authors,
where lower acceptance signifies harsher competition for publishing. In Figures 1-9we show results for themid-
dle value of acceptance rate (0.5). The following Figures 10-14 (i.e., one per scenario), showhowacceptance rate
interacts with grade language heterogeneity. These figures show that, under all three levels of competition, the
assumption of grade language heterogeneity produces the same e�ects that we discussed in our results sec-
tion. We find that homogeneous and heterogeneous grade languages di�er significantly in evaluation error,
resource loss and Gini index under all scenarios and all acceptance rate levels. For most scenarios, this e�ect is
expected (i.e., as in H1a, b, c). In few cases though, the e�ect has the opposite sign, which we attribute to noise
sources such as evaluation scale granularity or scenario-specific features.
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Figure 10: Outcome measures in the “no reciprocity” scenario. Comparing homogeneous and heterogeneous
grade language for di�erent acceptance rates (0.75, 0.5 or 0.25). A Welch t-test tests for significance in the dif-
ference between homogeneous and heterogeneous grade language for each acceptance rate (∗∗∗ → p ≥ 0.05;
∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). The evaluation scale is assumed to have 5 categories.
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Figure 11: Outcome measures in the “indirect reciprocity” scenario. Comparing homogeneous and heteroge-
neous grade language for di�erent acceptance rates (0.75, 0.5 or 0.25). A Welch t-test tests for significance in
the di�erence between homogeneous and heterogeneous grade language for each acceptance rate (∗∗∗ → p ≥
0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). The evaluation scale is assumed to have 5 categories.
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Figure 12: Outcome measures in the “fairness” scenario. Comparing homogeneous and heterogeneous grade
language for di�erent acceptance rates (0.75, 0.5 or 0.25). A Welch t-test tests for significance in the di�erence
between homogeneous and heterogeneous grade language for each acceptance rate (∗∗∗ → p ≥ 0.05; ∗∗ →
p ≥ 0.01; ∗ → p ≥ 0.001). The evaluation scale is assumed to have 5 categories.
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Figure 13: Outcome measures in the “self-interested authors” scenario. Comparing homogeneous and hetero-
geneous grade language for di�erent acceptance rates (0.75, 0.5 or 0.25). A Welch t-test tests for significance in
the di�erence between homogeneous and heterogeneous grade language for each acceptance rate (∗∗∗ → p ≥
0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). The evaluation scale is assumed to have 5 categories.
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Figure 14: Outcome measures in the “fair authors” scenario. Comparing homogeneous and heterogeneous
grade language for di�erent acceptance rates (0.75, 0.5 or 0.25). A Welch t-test tests for significance in the dif-
ference between homogeneous and heterogeneous grade language for each acceptance rate (∗∗∗ → p ≥ 0.05;
∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). The evaluation scale is assumed to have 5 categories.
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Appendix C

This appendix reports all results integratingFigures 3and4. Whendiscussing results for ourH1a, b, c,wedivided
the five scenarios into two groups, and only showed results for one scenario representative per group. One
group comprises the following scenarios: “no reciprocity”, “indirect reciprocity” and “self-interested authors”.
That is, featuring e�ects of grade language heterogeneity generally in linewith our expectations. Another group
comprises of the following scenarios: “fair authors” and “fairness” –wherewe still found significant di�erences
between types of grade languages, but in the opposite direction to what we expected.
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Figure 15: Outcome measures for the scenario “no reciprocity”. A Welch t-test tests for significance in the dif-
ference between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ → p ≥
0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate = 0.5.
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Figure 16: Outcome measures for the scenario “indirect reciprocity”. A Welch t-test tests for significance in the
di�erence between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ →
p ≥ 0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate = 0.5.
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Figure 17: Outcome measures for the scenario “fairness”. A Welch t-test tests for significance in the di�erence
between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ → p ≥ 0.05;
∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate =0.5.
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Figure 18: Outcome measures for the scenario “self-interested authors”. A Welch t-test tests for significance
in the di�erence between homogeneous and heterogeneous grade language for each number of categories
(∗∗∗ → p ≥ 0.05; ∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate =0.5.

JASSS, 23(3) 8, 2020 http://jasss.soc.surrey.ac.uk/23/3/8.html Doi: 10.18564/jasss.4284



Figure 19: Outcomemeasures for the scenario “fair authors”. AWelch t-test tests for significance in thedi�erence
between homogeneous and heterogeneous grade language for each number of categories (∗∗∗ → p ≥ 0.05;
∗∗ → p ≥ 0.01; ∗ → p ≥ 0.001). Acceptance rate =0.5.
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