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1. Introduction
This article is concerned with a relatively straightforward research question: how do attitu- 
des toward the formerly Thomson Reuter’s Impact Factor (IF) affect the reliability of the re-
view process? Consistent with the literature (e.g., Callaway 2016; Frey & Rost 2010; Moed & Van  
Leeuwen 1996; Seglen 1997), the angle with which we tackle the issue is the assumption that 
 IF has no relation with the quality of either a journal nor the articles published in it. Given 
this assumption, we study cognitive and psychological biases (e.g., Gigerenzer & Selten 2001; 
Kahneman 2003) related to the perception that quality is represented by IF, held by some re-
viewers. In addition to that we also attempt to understand the influence that reviewers receive 
from professional academic communities with stronger or weaker conviction on IF as a quality  
measure.

Consistently with a recent article on the perception of scientific value and IF (Secchi & Cow-
ley 2018), we develop an agent-based simulation model to reason on some of the critical aspects 
of peer review. In the following pages, we introduce a theoretical framework that is rooted in 
cognitive biases and offer a distributed cognition perspective. We then introduce our simulation 
model and analyse a selection of results before offering some concluding remarks.
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2. Theoretical framework

The influence of IF on the reviewing process is analysed here through a quick overview of some 
of the issues that afflict it. The index is then compared to some of the biases that affect judge-
ment and decision making. Some of these mechanisms are socially construed and are support-
ed by socially-binding cognitive processes. By the use of a distributed e-cognition approach – a  
perspective that considers cognition not solely limited to a functioning brain but to a system of 
interacting resources internal and external to the brain (Cowley & Vallée-Tourangeau 2017) – , 
we outline how organisations may play a role in reinforcing the use of IF as a bias.

2.1 Issues concerning the Impact Factor
According to its creator, “[a] journal’s impact factor is based on 2 elements: the numerator, 
which is the number of citations in the current year to any items published in a journal in the 
previous 2 years, and the denominator, which is the number of substantive articles (source 
items) published in the same 2 years” (Garfield 1999: 979). Every year, the Journal Citation  
Report provides this calculation for a selection of journals from a number of different fields. 
When the index is considered to represent journal reputability or it is used to judge the quality  
of specific articles (Garfield 2003), several issues arise (Callaway 2016; Vanclay 2011). We men-
tion three: reliability, disciplinary specificity, and distribution.

Reliability. The IF is sometimes used to assess whether an article has some inherent quality.  
This is because high IF journals are supposed to be more restrictive in their assessments, hence 
articles appearing in their volumes and issues are believed to be tied to higher scientific stand-
ards (Garfield 2003: 365). However, this does not mean that any specific article will be cited, as 
also Garfield noted. But, if this is the case, then the high IF of that journal is unreliable as far as 
single articles are concerned.1 In a noticeable analysis, Seglen (1997) indicates how individual 
articles’ citations do not correlate consistently with the IF of the journal they are published in. 
The implication is that one should not use IF to assess scientific research outcomes (Osterloh &  
Frey 2020). Along these lines but from a different perspective, it is worrisome that some journal 
editors may develop the tendency to skim papers having possible citation counts and IF in mind 
rather than scientific quality, hence affecting reliability quite significantly.

Disciplinary specificity. The two-year horizon of the original IF index may be well suited to 
some disciplines as opposed to others. For example, those tied to high-tech and, traditionally, 
medicine and biology, might have citation scores that reflect quickly on a two-year time span. 
It may take a much longer time for the number of citations to increase for articles in other disci-
plines—such as economics and business. For this reason, a five-year IF has been introduced by 
Thomson at a certain point in the history of the index. However, it is unclear how this five-year 
index compares to the two-  and when one or the other should be used. The two-year reference 
index remains the most commonly used standard. This uncertainty has been highlighted at  

1	 A clarification remark is necessary here. The idea that a journal with higher scientific standard is more likely to 
publish, on average, higher standard articles may sound logically consistent. However, even if we could agree 
on what higher scientific standards are in each discipline—and we do not—there is no known metrics to identify 
them. In the text, we use expressions such as “supposed to” and “believed to” to highlight this issue.
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various times, by denouncing that the two-year time span is arbitrary (Walter et al. 2003) and 
that adjustments by discipline may lead to changes in the journal rankings (Curry 2012).

Distribution. IF users also tend to associate all articles published in a journal to the “reputa-
bility” of that journal. This is usually a conspicuous mistake because there are only a few articles 
that attract a high-to-very-high number of citations while the vast majority attracts much less 
citations. For example, as Callaway (2016) shows in his study, only a very limited number of arti-
cles published in Nature attract a number of citations that are up to or more than the journal’s IF. 
In other words, there are only a very limited number of articles that appear to be the “drivers” 
of IF (Colquhoun 2003). Other issues have been raised such as the limited number of journals in 
the ISI Thomson database (Bloch & Walter 2001), the influence of self-citations (Seglen 1997), 
and the assumption that all citations carry a positive assessment of the cited material (Walter et 
al. 2003). However, the three concerns above are probably the most relevant to the topics of this 
article, because they are more tightly related to judgemental biases.

2.2 The bounded rationality of reviewing
From what written above, an attempt to attach the perception of research quality (or perceived 
scientific value; PSV in our model) to IF lies on shaky grounds. And yet, it seems that govern- 
mental agencies, research institutes, and universities are very much likely to employ IF as a 
shortcut towards more fine-grained judgement of research. The ABS list in the UK, the ABDC 
ranking in Australia, or the Danish BFI list are  all examples of some use of the IF, or of a com-
bination of IF and its surrogates. As indicated in a recent study (Osterloh & Frey 2020), these 
decisions affect thousands of academics and their careers, with effects that are beyond just a 
poor assessment of research. In order to understand why (and how) the use of IF as a proxy for 
decision making is particularly problematic, we turn our attention to the limitations of human 
decision making.

The literature on biases and limits of decision making originated from the work of Simon 
(1955, 1997) when he posited that the rational decision maker is limited from a set of cognitive 
internal bounds and from access to external information. Cognitive limitations are due to the 
ability to process a set amount of information, while external limitations relate to how much 
information is available on any decision topic. To overcome these limits, decision makers ex- 
ploit heuristics (e.g., Gigerenzer & Selten 2001), are subject to biases (e.g., Kahneman & 
Tversky 1979), and use the surrounding social environment to adjust their judgement (e.g., Si-
mon 1993; Secchi 2011).

If we take a step back to the cognitive mechanisms affecting these three strategies, we may 
refer to the so-called logical fallacies (Woods 2004). One that applies to the case of IF is the com-
position and division, where an argument is made by attributing the system’s characteristics to 
each one of its parts.  When a journal has a high/low  IF then all of its articles are necessarily of 
high/low quality.  This assumes that IF is  a measure of quality (characteristic of the system...) 
and that this quality is inherent  to each and every published article (...reflected in its parts). A 
biased reviewer might evaluate a submitted paper based on the IF of the journal it was submit-
ted to. This reviewer’s perception of scientific value will be reflected in the way the assessment 
is performed, probably by stricter requirements as IF goes up.
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The second fallacy applied to our case is the ad verecundiam that is the attribution of value 
to something because of the authority it represents (Woods 2004; Secchi 2011). This “appeal to 
authority” is used every time one claims that an argument is good because of the outlet in which 
it appears as opposed to the logical soundness of it. A sentence such as “it appeared in Nature, 
hence it must be excellent!” is a logically flawed argument because its only strength is a very 
weak connection to the content of the article. The perception of scientific value is, for a biased 
journal reviewer, reflected on to the journal by force of its IF. Of course, given institutional con-
straints it is rational in a social sense for scholars to follow the conventions that surround IF for 
career purposes and/or for one’s own survival in contemporary academia. A relatively recent 
stream of literature building on Bayesian models (e.g., Hahn et al. 2013; Harris et al. 2016) indi-
cates that this strategy is successful when the credibility of the source can be established (e.g., 
Bovens & Hartmann 2003). And yet, this does not rule out the fact of IF’s unreliability. We can 
call this the Oracle of Delphi effect. The majority believed the Oracle (IF for us here) was a relia-
ble and credible source of information, and it made sense for most to perceive it as such, because 
it would have been awkward to go against the social conventions of that time. But, the fact is that 
the Oracle (IF) was not credible neither reliable.

In a more pragmatic approach, one may suggest that IF works as an anchor bias (Kahneman 
& Tversky 1979). This happens when individuals refer to a number, a concept, or a process as a—
conscious or, most of the times, unconscious—benchmark for making a judgement. This ends 
up limiting the depth and meaning attributable to alternative choice options and, eventually, 
the final decision. A status quo bias (Silver 1990)may also be seen to play a role in the process of 
using the IF as a proxy to evaluate papers. Depending on the community of scholars in which one 
feels committed to, a peer-reviewer may wish to keep the entry barrier high for new comers in 
the discipline, in order to preserve the established “quality”. This reflects on the lack of innova-
tion or methodological variability present in specific areas of science.

2.3 Applying organisational cognition
From what written above, it is plausible to claim that different dispositions towards IF derive 
from personal attitudes while some others can be tracked down to the professional community 
in which one belongs. Theoretical developments in the area of systemic/distributed e-cognition 
(Hutchins 1995; Cowley & Vallée-Tourangeau 2017) help us define these aspects more clearly.

2.3.1 INDIVIDUAL COGNITIVE MECHANISMS
The distributed cognition approach was developed in continuity with the tradition of bounded 
rationality (Simon 1997; Gavetti et al. 2007) in that it still postulates that there are limits of a 
person’s abilities. However, it also breaks with some of its basic assumptions in that it does not 
demarcate so clearly between internal (brain) and external cognitive resources (Bardone 2011; 
Secchi 2011). The core of this approach is that cognitive processes are not bound to one’s brain 
but expand depending on the interaction between internal (brain) and external (environmen-
tal) resources (Hutchins 1995; Clark & Chalmers 1998; Magnani 2007; Cowley & Valleé-Tou-
rangeau 2017).  This leads to abandon the “internal vs external” dichotomy typical of Simon-like 
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views, and to embrace a more dynamic and open approach where the decision maker may move 
his/her own rationality in co-evolution with the resources at hand (Secchi 2011).

By adapting this approach to the work of a reviewer, the following are examples of elements 
that may be analysed in terms of a distribution of cognitive processes: a socially construed be-
lief that IF represents quality (implemented in the model as agents belonging to intelligence 
unit 2, or IU2); the production of a report that is then shared with an editor (in the mode, each 
agent produces a report per paper assessed); and the eventual discussions the reviewer may 
have with colleagues and/or the editor about intriguing points of the paper under review (this is 
the second—social—evaluation stage in the model).

2.3.2 THE SOCIAL ORIENTATION
In another article (Secchi & Cowley 2018) we argued that most of the interactions happening 
during a review process may be framed in a distributed organisational cognitive view. The fact 
that, in a peer review process, some of these organisations are informal while some others are 
formal sets the case for an even more intriguing and interesting study. In fact, each one of the 
actors of the reviewing process has several belongings, roughly represented by one’s own uni-
versity affiliation, the professional academic group, the editorial board, and the publisher, to 
name a few. All these groups are relevant because they define how cognitive processes that en-
able one to perform the review are distributed and shaped (Secchi & Adamsen 2017). The use of 
socially relevant cognitive resources becomes crucial (Hollan et al. 2000) to understand these 
processes. And a key feature of the individual that is tied to these social processes has been 
called “docility” in recent and past literature (Bardone & Secchi 2017; Knudsen 2003; Secchi 
2011, 2016; Secchi & Bardone 2009, 2013; Simon 1993).

The attitude with which a decision maker leans on others for information, recommenda-
tions, advice, and suggestions that are used to make a decision, goes under the name “docility” 
(Simon 1993). In this respect,  the word is true to its Latin root and  it literally means the “willing-
ness to be taught” (Secchi 2011). By looking at this aspect, some have indicated that this passive 
mechanism could be added to a more active disposition that makes highly docile individuals 
share their points of view with others (Secchi & Bardone 2009). Highly docile individuals would 
be more likely to be affected by information coming from social channels or, in a distributed 
cognitive language, by social cognitive resources (Secchi 2011; Secchi & Bardone 2009).

A peer reviewer that shows docility is one who updates his/her own evaluation by discuss-
ing the paper with colleagues. Moreover, such docile individual is more likely to align with the 
academic professional community of reference. There are clear limits to being docile in that 
conformity may be valued more than divergence (Secchi & Gullekson 2016). However, docile  
individuals may also be “inquisitive” and reach outside of their own community to assess  
different standards and sources of information (Bardone & Secchi 2017).
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3. The Model
The simulation is performed by using an agent-based computational model (ABM). This tech-
nique is particularly well suited to model complex adaptive systems such as societies (e.g., 
Edmonds & Meyer 2017), organisations (e.g., Fioretti 2013), and smaller communities such as  
teams (e.g., Secchi 2015), for example. ABM have begun to be used in the social sciences during 
the mid-Nineties (Gilbert & Troitzsch 2005), and have sparked an increasingly wide interest ever 
since, to the point that some have started to indicate simulation as a third leg of science, next to 
empirical and theoretical enquiries (Axelrod 1997). This class of models is centered on specif-
ic entities—called agents—that are defined computationally as they interact with other entities 
and with the environment. Every single aspect of an agent-based simulation can be specified  
to its finest details or kept more abstract (Edmonds & Moss 2005). In addition to  that, random  
components can be always accounted for in ABM, making researchers overcome the typical 
limits of equation-based modeling (Madsen et al. 2019), finding solutions (if any) through the 
means of computational power rather than analytics (for a short introduction, see Gilbert 2008).

In the following pages, we first provide a succinct description of the parameters and some of 
the characteristics of the simulation and then present interaction dynamics by introducing the 
processes implemented in this simulation.2

All parameters of the simulation are shown in Table 1. For this simulation, there are two types 
of agents: papers p and reviewers, leaving editors, publishers, and others affect the process only 
through indirect mechanisms. Reviewers are initially categorised in IF-lovers, IU2, and IF-ag-
nostics, IU1, the first are those whose IF attitude IFa

3 is higher than a threshold level defined by 
the modeller IFt so that IU2 : IFa > IFt and IU1 : IFa ≤ IFt. After assigning attitudes at random to re-
viewers, the threshold IFt is only used to separate those who are more favorable towards high-IF 
journals and those who are not. As it will be explained below, articles are assigned to reviewers 
at random but behavior depends on IF attitudes. 	

Every reviewer is also characterised by a level of docility ~N(md, 0.2)4, where the mean 
md can be allocated through the interface of the model and is currently set to 0.60. As already 
mentioned above, docility is a cognitive mechanism that is socially distributed and it provides 
an overall idea of how much the decision maker uses information coming from peers to make 
decisions (Simon 1993; Secchi 2011; Bardone & Secchi 2017). It is, in this simulation, a measure 
of the malleability with which an agent evolves, modifies, and updates one’s own views. Higher 
values of the parameter correspond to an agent that is more susceptible to listen to other points 
of view while lower values describe a relatively a-social agent.

The third characteristic of the reviewer is the perception of scientific value, or PSV, distributed 
∼ N(0,0.15) for IU1 and ∼ N(0+αp , 0.15) for IU2. The value αp [0,1] is just the different mean 
that an IU1 or an IU2 reviewer have, on average, on PSV. This is the idealistic way with which 
a reviewer approaches science in general and it reflects on his or her actions when behaving as 
a scholar (e.g., writing, reading, reviewing). IU2 reviewers care for IF and believe that journals 
with high IF have higher standards for science, hence their articles have a higher PSV.

2 	 Additional information and the model is available on the OpenABM platform, downloadable for free here:
	 https://www.comses.net/codebases/c913254a-0fdc-4298-b304-13890c6049ab/releases/1.1.0/ .
3	 IFa is allocated randomly on a normal distribution ∼ N(0.5, 0.25); precautions are taken so that 0 ≤ IFa ≤ 1
4	 The symbol for mean docility is represented in Table 1 by d bar.
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TABLE 1: PARAMETER NOTATIONS AND VALUES

 
Papers have an intrinsic value pv [0, 1] that is the value that the overall community of schol-
ars would assign to a paper if they were  to evaluate it. In other words, it is some sort of antici-
pated scientific value of each contribution to science because it reflects how the community of 
scholars (and society) would react to it once/if published. It is immanent to the review but it is 
almost never clearly visible by reviewers. This does not mean that reviews are meaningless, it 
only means that it is very difficult for reviewers to estimate the possible impact of a paper on the 
scientific enterprise. To use a strange but probably effective analogy, a paper stays to a reviewer 
like a business start-up stays to a venture capitalist. At time zero, it is very difficult to assess 
if a start-up will become the next success story. One may make informed guesses, but there 
is no certainty. This general ambiguity is reflected by the perception of pv in our simulation. 
Each paper is also associated with an Impact Factor (IF) that derives from the journal in which it 
has been submitted. The two characteristics are independent5, one is attributed using a random 

5	 This decision is consistent with the critiques on IF expressed briefly at the beginning of the article.  In order to 
test this assumption further, one could build a model where IF and pv are correlated to each other to understand 
to what extent some of the effects in the simulation depend on the independence assumption or not. We believe 
it would be too much to test it here, but are already considering this option in our work elsewhere. We thank one 
of the reviewers for this suggestion.
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floating number to avoid any particular distribution while IF : ∼ N(2.5, 1). IF is field specific, in 
some disciplines it is very high while in others it has particularly low values; we decided to take 
an arbitrary distribution of values since the simulation is relative to any value set for IF.

Figure 1: The PRIF Model ABM interface

At the start, all agents appear on a 2-dimensional environment at random. Each agent has a 
range (review r[1, 10]) with which it is assigned papers to review. The larger the range, the more 
likely it is that one has more papers to review. The peer-reviewing under the lenses of Impact 
Factor (PRIF) simulation is implemented using the software NetLogo (Wilensky 1999). The 
simulation interface is replicated in Figure 1.
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4. Procedures
In the following pages, we describe the more dynamic aspects of this model, beginning with 
those mechanisms that apply at the setup, then moving to explain how reviewer assessments 
are produced and how an editorial decision is reached. The section ends with the presentation 
of more socially-oriented mechanisms that lead to update a reviewer’s opinions.

4.1 Start mechanisms and uncertainty
At every round (step s) of interaction, every reviewer looks around its review opportunities 
(range r) and connects to papers that are not already under revision. This assures that only pa-
pers that have either been previously “rejected” or not yet submitted anywhere can be reviewed. 
Papers evaluated as “revise and resubmit” stick with the same reviewer. All rejected papers are 
resubmitted to journals with a potentially different IF, higher or lower depending on a randomly 
generated number ~N(0, 1). When a paper is “accepted” it then disappears from the system. At 
the same time, a random number (up to three) of new papers pn are generated whenever one is 
accepted. A paper could have only up to three reviewers but papers with only one reviewer are 
not evaluated; this mimics “desk-rejection”.

In order to represent some of the limitations typical of uncertainty in rational decision mak-
ing (Simon 1997), all agents move in the space following a function of attraction-repulsion to 
each other and their links (Fruchterman & Reingold 1991).

4.2 Production of reviewer reports
A first evaluation—a reviewer’s report—is generated following different rules for IF- lovers and 
IF-agnostics. The basic mechanism is that every reviewer uses some function of PSV to assess 
the value of scientific work. For IU2 reviewers, when the assessment of a paper is made for a 
journal with high IF and intrinsic value pv > PSVIU2,6 then the evaluation is ∈ = pv + |PSVIU2| + e. 
The last term is an error that can be positive or negative and is such that e [0, PSVIU2]. When the 
journal has a high IF and pv ≤ PSVIU2, then the evaluation is ∈ = pv ( |PSVIU2| + e). In the opposite 
case when pv ≤ PSVIU2, the evaluation becomes ∈ = pv + PSVIU2 + e. These evaluative mechanisms 
here represent a reviewer that adopts different standards depending on the journal. Under con-
ditions of high IF, the IU2 reviewer tends to give better evaluations, on average, to papers that 
are perceived to have some intrinsic value pv while harsher evaluations when the paper has lower  
pv. When the agent reviews for low-IF journals then the evaluation is a free-float, in the sense 
that it could be higher or lower than the intrinsic value pv. No clear criterion for being higher or 
lower is set in this case. IU1 always follow this last approach to paper evaluations.

4.3 Decision making
The decision on whether a paper is accepted, rejected, or needs revisions is made through a 
simple mechanism. When the mean of reviewers’ reports are such that  m∈ > pv  and the dis-
tance (standard deviation) in judgement is σ∈ ≤ ka, then a paper  is “accepted”. The constant ka is  

6 	 The two values are obviously harmonised in order to allow comparisons.
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smaller for papers submitted to journals with higher IF as opposed to those submitted to lower 
IF journals—0.01 as opposed to 0.02. A decision to reject a paper is made every time the mean 
evaluations of reviewers is m∈ < pv and the reports diverge so that σ∈ >  kr, where kr  =  0.075 
for high IF journals and kr > 0.05 for the others. A rejected paper severs the links with the re- 
viewers  and is relocated at random in the environment so that it is newly submitted to another 
journal, with new IF and new links. All papers that are not accepted nor rejected are to “revise 
and resubmit”.

4.4 “Publish or perish”
When revisions are requested for a paper, authors are assumed to adjust its contents. As aca-
demics know, this is not, unfortunately and painfully, always going to please reviewers. This 
uncertainty is reflected in a change in pv that adjusts itself by adding a random value from a 
normal distribution ~N(mrc, σrvc) with mean mrc = 0.5 when pv ≤ 0 and mrc = 0 if pv > 0. The standard 
deviation σrvc [0, 1] is a parameter for variability of revision changes that can be determined by 
the modeller. Something similar happens to rejected papers, with a random normal distribution 
~N(mrc, σrjc), where σrjc [0, 1] is the parameter controlling average changes after rejection. Rounds 
of review are also counted in the system with the purpose of limiting them to 3. It is assumed 
that, when a paper still receives a revision "verdict" after three rounds of review, it becomes very 
unlikely that it will improve satisfactorily in the following round(s). This is a somewhat arbitrary 
limit but it mimics an editor’s intervention on a rather difficult situation that appears to be stuck.

4.5 Update mechanisms
All reviewers have a system to update their evaluation preferences. This is based on the cogni-
tive mechanism grounded in Simon’s (Simon 1993) “docility” (Bardone 2011; Secchi 2011; Sec-
chi & Bardone 2009), at the core of organisational cognition (Secchi & Cowley 2018). For high-
ly docile individuals i, with di > md + σd, the difference between one’s own evaluation and the  
mean of the evaluations of the other agents is such that ∈i > m∈ + σ∈, then their own PSVi becomes 
PSVi =  PSVi + ∈adj  × ∈i, where ∈adj [0, 1] is another parameter that updates and conforms the 
highly docile’s assessments to the way the system is heading. If ∈i < m∈ – σ∈ then the adjustment 
is done downwards: PSVi = PSVi – ∈adj × ∈i.

A final adjustment materialises with the “group” option. This makes agents with similar atti-
tudes to IF—allegedly part of the same research community—to adjust their judgment by align-
ing to community standards rather than to the system. When this condition is set to ‘on’ then 
the starting point is similar to what just described in the paragraph above for highly docile indi-
viduals, with the only difference that, in this case, an agent sets its benchmark to other agents 
with the same IF dispositions. In more formal terms, if dIU1 > mdIU 1

 + σdIU1
 , and ∈IU1 > m∈IU1

 + σ∈IU 1
 

, then PSVIU1 becomes PSVIU1 = PSVIU1 + ∈adj   ×  ∈IU1. The same as above happens in the case ∈IU1 <  
m∈IU1 − σ∈IU1

 and the agents in the other group IU 2 behave similarly relative to their own  
community.
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5. Findings, discussion and concluding remarks
We performed a few pilot runs to test code and conditions and identify a factorial design of 
24 × 33  for the simulation settings. These are: αp = [0, 0.05, 0.1], IFt = [0.25, 0.50], αrvc  =  [0.15, 
0.25, 0.50], σrjc  =  [0.05, 0.15], ∈adj  =  [0.05, 0.15, 0.2], group = [true, false], m = [0, 0.05]7. We 
then used statistical power to determine the number of runs (Secchi & Seri 2017; Seri & Secchi  
2017), and settled on 2 runs per configuration of parameters using a formula for regression  
analysis (as explained in Seri & Secchi 2018). In the following pages, we present a summary of 
results, while more detailed findings are available online8.

Figure 2 shows journal IF for submitted papers per intrinsic value of papers pv, under all con-
ditions of the simulation (group = false). Figure 2a shows all the papers with revisions while Fig-
ure 2b shows those rejected. The number of “revision” papers seem to increase very slightly as 
IF becomes higher at a rate that is not reflected in rejected papers. This is somehow in line with 
expectations, since the cloud of points showing rejected papers (Figure 2b) is more dispersed. 
While we have rejected papers for journal IF of 3.5 and higher, we do not have the same for pa-
pers with outcome “revisions.” Simulation data report that the model works as someone may 
expect, i.e. making it very hard to receive a “revise and resubmit” outcome in journals with high 
IF. These results are partially confirmed by looking at the regression estimates reported in Table 
2, where the number of rejections is affected by an increasing journal’s IF (Model 2: β = 0.09, p 
< 0.05) while this same pattern is not visible for “revision” papers (Model 1: β = 0.10, p = 0.1051).

Figure 2: Journal IF and pv for “rejected” and “revise and resubmit” papers

 
Figure 3 shows papers revised or rejected by PSV from academics affiliated with IF agnostics 
(IU1) or lovers (IU2). As Figure 3b indicates, PSV is slightly higher in reviewers from IU2. Also, it 

7	 The last notation has not been introduced above and it is a movement constant, to make agents move more or 
less away from each other.

8	 Supplementary documentations, findings, technical detailed  description  of  the  procedures,  the  code, data, 
and the full model in on the OpenABM platform, downloadable for free here: https://www.comses.net/codeba-
ses/c913254a-0fdc-4298-b304-13890c6049ab/releases/1.1.0/.
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does grow when IU2 academics review for higher IF journals. In both cases, papers submitted to 
lower IF journals tend to be revised although the distinction between high/low IF submissions 
seem to be clearer for IU2. A paper submitted to a journal with IF ranging between 2.5 and 3.5 
may receive an outcome of rejection or revision by IU1 academics (Figure 3a). Instead,  a pa-
per submitted to a journal with IF ≤ 3.0 is very much likely to receive a “revisions” outcome if 
the reviewer is from IU2 (Figure 3b). Again, these results reflect the assumptions of the model. 
However, they appear more robust than expected in that they hold independent of the different 
configuration of parameters.

Figure 3: Journal IF and PSV (revisions, rejections)

The two groups of reviewers, IU1 (IF-agnostics) and IU2 (IF-lovers), seem to have a similar 
overall behavior when it comes to evaluate papers. Figure 4 shows the perceived scientific value 
(PSV) as a potential explanation for the inherent value of reviewed papers. However, when one 
looks at the differences between Figure 4a and 4b, it is clear that IU2 have much higher PSV 
(up to over 30) while UI1 seem to have more realistic expectations on articles (up to 12). It is 
worth noting that reviewers from the different groups may be reviewing the same paper, with 
a likelihood of producing rather dissimilar assessments. On the left part of the two graphs, it is 
also interesting to notice that there are a number of papers that are either rejected, revised, or 
accepted when PSV is low (and inherent value is also on the lower end of the scale). However, 
IU2 are more conservative: what happens for values between 0 and 2 for IU1, happens for values 
between 0 and 5 for IU2.
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Figure 4: Mean inherent value of rejected, R&R, and accepted papers as predicted by the mean percei-
ved scientific value (PSV)

In the following two figures, we express the number of IU2 (IF-lovers) reviewers as a ratio of 
IU1. This means that,  when the number in the x-axis is 1,  the number  of active reviewers from 
the two groups is the same, when it is < 1 then active IU1 are more than IU2 and vice versa, 
when > 1 IU2 are more than IU1. The purpose of Figure 5 is to understand whether article as-
sessments change as more IU2 enter in the reviewing panel. In general, it seems that numbers 
show a slight prevalence of IU2 over IU1 and this, overall, affects the number of rejections and 
revisions. These results require a search for further explanations of the differences observed in 
the previous figures. In Figure 6 we still plot IU2 reviewers as a ratio of IU1 to explain whether 
papers are assessed differently depending on the inherent value pv of the articles. In so doing, 
and since we are discussing IF-lovers (IU2), we have decided to present results by factoring out 
the IF of the journal in which the article has been submitted. This determines an interesting 
scale. Lower negative values indicate cases in which IF is higher than pv, the more negative the 
value the larger the gap. Higher positive values define cases in which the article has been sub-
mitted to a journal whose IF is lower than the article’s pv. While an assessment of revise and 
resubmit is not affected by the number of active IU1 and IU2, both rejections and acceptance 
decrease as IF increases, together with the number of active IU2. This confirms that IU2 reviews 
become harsher as IF increases and, at the same time, they become more lenient towards some 
articles. In short, Figure 6 is particularly revealing because it highlights that both IU1 and IU2 
have biased judgements that depend on a journal's IF. In short, independent of one’s beliefs, IF 
seems to cloud a reviewer’s judgement.
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Figure 5: Number of papers rejected, R&R and accepted compared to the number of IU2 reviewers 
calculated as a ratio of IU1 reviewers

Figure 6: Inherent value (value - IF) compared to the number of IU2 reviewers calculated as a ratio of 
IU1 reviewer (in the last 20% of time when PSV increases)
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In order to reason on a more detailed set of results, we have produced two fixed panel regres-
sions9 where we can study the effect of selected variables and parameters on the number of pa-
pers with outcome “revisions” and “rejection”. Table 2 shows that there is no difference between 
the number of IU1 or IU2 reviewers involved in peer review and the way rejection or revisions 
are affected. Mean PSV of both IU1 and IU2 reviewers have a stronger effect on rejections, as it 
is foreseeable. These results are counterbalanced and overcome by PSV differential, with a very 
strong effect on rejections (Model 2: β = 5.57, p < 0.001). The higher the PSV differential, the 
more likely that a paper is rejected (or revised; see Model 1 also). Changes in a paper decrease 
the likelihood that is revised or rejected. Effects are, again, higher for rejected papers (Model 
2: β = 3.32, p < 0.001). The mean intrinsic value pv of papers is not significant for rejected papers 
while it has an effect for revised papers (Model 1: β = 0.15, p < 0.001). Finally, mean IF of papers 
to which the article is submitted does not affect revised papers while it does affect rejections 
(Model 2: β = 0.09, p < 0.05).

5.1 Implications and conclusions
Overall, it seems that there is an impact of IF on publications. On the one hand, IF-lovers (IU2) 
develop higher PSV and show some problems in the interpretation of inherent value (pv ). This is 
particularly concerning in terms of the fairness and equitability of the review process because 
it makes reviews lean more towards rejections and revisions independent of pv  but in relation to 
a journal’s IF.

On the other hand, we could detect an organizational/community impact on the distortion 
that both groups show in the evaluation of papers. This is an effect that allows individuals from 
both groups, IU1 and IU2, to work as proper intelligence units. In turn, this indicates that most 
of the elements that affect reviewers’ judgement are reinforced by the professional academic 
community they belong to. It is the practice and shared interpretation of what makes science that 
make reviewers identify with a certain stream. And we have shown that this is reflected in their 
understanding of PSV.

9	 We performed Hausman tests to compare them with respective random effects panel regressions; in both cases 
the fixed effects resulted a better fit for the data. We left out the group effects, and the m parameter from this 
one, since they would require more extensive comments.
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TABLE 2: FIXED EFFECT PANEL REGRESSION MODELS

In other words, the way reviewers perceive scientific value is a function of their feeling of be-
longingness to a particular community. Their cognition is shaped by it.

In summary, the article presents an agent-based model (that we called PRIF Model) of how 
IF may be considered among reviewers’ biases during peer-review. Even though they are pre-
liminary, our results show that IF affects reviewers behaviour in a rather unsuspected way in 
that it (a) has similar impact to those who “love” it as well as to those that are indifferent to it, 
and (b) it seems not to affect papers to “revise and resubmit” in a direct way.

More experiments are needed, both from within this model and through the means of dif-
ferent research, to fully disclose the effects of how cognitive limitations influence the review 
process.
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