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There is growing interest in introducing rating systems that could encourage publication
and improve the performance of research-oriented institutions. Such systems are com-
monly used in many countries and universities in the hiring of new faculty members and

promotion decisions, although this is usually done informally or indirectly. Rating grades
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are often labeled as 4-star, 3-star, 2-star and 1-star, or in other countries, may be A+, A,
B, C, and occasionally D. These grades are typically awarded for quality and number of
publications at the individual, departmental or university level. Such systems have long
been used in many countries, usually at the level of individual universities, and are often
subject to analyzes and comparisons between countries or disciplines.

These ratings, which can be more or less varied and detailed, are also used by re-
searchers as an unofficial support tool when looking for the most appropriate place to
publish their academic output, and by universities when assessing the performance of
their current employees before promotions or potential employees before hiring them. In
many countries, particularly the US, UK and Australia, there is a tendency to officially
avoid such rankings as part of regular reviews of universities and faculties. Unofficially,
however, they are still used to quickly assess the quality of researchers’ output.

In countries that use the Performance-Based Research Funding Program (PBRF) met-
ric, these ratings are no longer indicative, but have become more directive as university
funding is allocated based on rankings of journals in which articles by affiliated researchers
are published. The rating lists for journals consequently achieve official status in the met-
ric scheme, and some countries have then upgraded the role of the rating lists for journals
even further. Many universities in Poland, for instance, have used a publication bonus or
a reward scheme that entitles the authors to receive a financial reward that is proportional
to the rank of the journal they have published in.

Although the rating lists for journals are popular, relatively little attention has been
paid in the literature to a formal characterization of the optimal journal rating, to the
associated reward schemes or to the institutional context that explains some key differ-

ences observed between the systems applied in various institutions or countries[l] Such

!The few exceptions include papers describing and analyzing PBRF funding schemes, e.g. [Abramo
et al.| (2024)); [Adam/ (2020)); Baccini and De Nicolao| (2022)); [De Boer et al.| (2015); /Thomas et al. (2020);
Viiu and Paunescu (2021)); [Vogel et al| (2017)); Zacharewicz et al.| (2019) or Smit and Hessels| (2021)) at a
more general level. See also recent contributions by [Mogstad et al.[ (2022) analyzing journal ranks that
aims to minimize the statistical uncertainty associated with the indexes of journal citations and Kosyakov
and Pislyakov| (2024) studying journal quartile distributions across subject categories and topics. We
also refer the reader to |Abramo et al.| (2020) for a recent study of a relative performance of Italian vs.
Norwegian professors or [Korytkowski and Kulezycki| (2019)); Kulczycki et al.| (2018)) analyzing, how the
country-level science policy shapes publication patterns.



characterization might help answer some reasonably obvious questions. Do rating schemes
and the associated reward schemes encourage researchers to publish in journals that best
match authors’ potential? Should the optimal system incentivize researchers to publish a
smaller number of articles in top journals only, or should it instead incentivize researchers
to produce a high number of lower-quality publications? Why do some universities, coun-
tries or even academic fields seem to use rankings that are steeper at the top, while others
have schemes that are more lenient at the top and steeper at the bottom? Given how
competitive the academic market is nowadays, the answers to these questions may be
important for institutions aiming to stimulate academic research performance and for

researchers looking to maximize the rewards for their work output.

Main goals: With these questions in mind, the paper has three aims. The first is
to propose a parsimonious theoretical model that allows us to address some of the key
trade-offs that arise in designing the optimal reward scheme for journals. The second is
to propose a tractable algebraic example of this model that has a closed-form solution
(i.e. the optimal journal ranking), and thus allows comparative statics with respect to
model parameters. And the third is to apply this solution to compare a few well-known
journal rating schemes by matching the implied distribution moments of the researcher
population for which the ratings were designed.

Any evaluation of academic reward systems should be preceded by the construction
of a theoretical reward model and a characterization of an optimal publication reward
mechanism. With these in mind, we propose a simple principal-agent model of hidden
informationE] Agents in such a mechanism, that is, the researchers, identified by their
ability level (which is understood as a summary expression of their skills, education,
experience, networking, willingness to work, and anything else that is needed to publish
in high-quality journals), aim to maximize their reward from publications by choosing
which journal they submit their research to. The rewards may be direct or indirect but

are always related to the rank of the journal. The principal, which is here called the

2See |Laffont and Martimort, (2001)) for a textbook exposition and MacLeod and Urquiolal (2021) for a
recent application of principal-agent models in related problems.



Research Supervisory Body or RSB (a ministry in some countries or research councils or
panels of experts in others), knows the distribution of the levels of ability in the population
of researchers and aligns the reward scheme with this distribution in the best way possible.
The system is constructed to encourage researchers to allocate their output to journals
with the highest possible qualityE]

We formalize the objective for the RSB and characterize the optimal reward scheme.
In doing so, we consider a number of specific issues. Firstly, the RSB would like to set up a
system that leads to a large number of quality publications. Secondly, the RSB must take
into account the probability of acceptance by the journal. An ambitious system that only
rewards publications in top journals where the probability of acceptance is low may be
inefficient, as the expected number of publications will be small. Thirdly, the number of
distinct journal categories is typically limited, so the RSB must decide how to group jour-
nals into different categories, and how to reward the journals in these categories. Fourthly,
the RSB must adapt the reward system to the distribution of abilities in the researchers’
population. In a population of very good researchers, the reward system is likely to be
very steep at the top, meaning it will distinguish between very good and exceptionally
good journals and so encourage researchers to submit their papers to journals that are
closer to their potential. If such a system is adopted in a population where the general
level of ability is low, however, many researchers will become discouraged and will choose
journals that do not live up to their potential.

Finally, basing on the insights gained from studying the optimal solution to the RSB
problem, we propose a method of retrieving information on the distribution of researchers’
abilities implied by the observed journal rating schemes. Before presenting the details,
we consider a simple example that illustrates the key insights of our method and some

key intuitions that underline our results.

A motivating example: We consider two journal rating schemes that are used to
incentivize researchers working in the broad field of business and economics. One is the

Academic Journal Guide (AJG) rating, which is published by the Chartered Association of

3See |Card and DellaVignal (2020) for a discussion on modelling and estimating the quality of papers.



Business Schools in the UK, and the other is the rating of the Polish Ministry of Education
and Science (PL).E| Both rating schemes assign economics and business journals to one of
several classes, with AJG using 4*, 4, 3, 2, and 1, and PL using 200, 140, 100, 70, 40,
and 20, both in descending order of prestige. Table [1] lists six selected journals and their

rating scores in the two schemes. It may be noted that the PL scheme seems to be flatter

Table 1: Ratings for selected journals according to the two rating schemes.

Journal PL AJG
Econometrica 200 4*
Theoretical Economics 200 4
AEJ: Microeconomics 200 3
Dynamic Games and Applications 70 1
Journal of the Economic Science Association 40 1
Quarterly Journal of Austrian Economics 20 1

at the top than the AJG, and steeper at the bottom. This is reflected in PL being more
sensitive to differences in the quality of journals at the lower end of the quality scale,
and AJG to differences at the higher end. To understand why these two ratings differ,
we will make some simplifying but intuitive assumptions. First, the purpose of AJG and
PL ratings is to encourage researchers from a given population, which is also designated
AJG or PL, to submit their work to journals with the highest expected quality. Second,
researchers from both populations only care about their country rating of the journal
in which their work will be published. Third, higher-ability researchers should optimally
publish in higher-quality journals. Moreover, for a given researcher, the higher the quality
of the journal, the more difficult it is to get the article accepted.

Based on these assumptions, formally introduced later in the article, we can apply the
same scale to a researcher’s ability and the level of journal quality that that researcher
would choose in the social optimum. Figure[I]shows the division of the journal quality level
(and corresponding level of researcher ability) into categories according to the two ratings
(the scale has been changed for visibility, but the relative position of the categories reflect

the actual ratings). We have added one extra class for each rating scheme in addition to

4We combine rankings for two disciplines in the Polish rating: Economics & Finance, and Management.



the official journal categories,“<1” for AJG and “<20” for PL, and these contain journals
that are not assigned to any class by the respective scheme and are deemed to be of lower

quality than any of the journals that have a class assigned.

Figure 1: Journals ordered by quality and assigned to classes of increasing prestige. Re-
searchers with higher ability should publish in higher-quality journals.
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In our simple model, researchers only care about the journal’s rank, so they rationally
choose the “cheapest” journal in the class of journals containing their socially optimal
choice. According to our assumptions, it is the lowest quality journal in this class, because
it gives the highest probability of acceptance and the same prestige as other journals in this
class. Researchers with a high level of ability, such as researcher ay shown by the dashed
line in Figure [1, would aim for the cheapest ‘4*’ journal under the AJG scheme, which is
much closer to their socially optimal choice than the cheapest ‘200’ journal (marked x on
the appropriate scales) that they would aim for under the PL program. Similarly, lower
ability researchers, e.g. ap, in the AJG scheme will aim for the cheapest ‘1’ journal, while
in the PL scheme they will aim for the cheapest ‘70" journal (both marked with * on their
respective scales). The latter choice is much closer to their socially optimal choice and
thus leads to smaller losses.

The expected loss of quality is consequently greater in the PL scheme than in the
AJG scheme for high-ability researchers like ay, and lower for lower-ability researchers
like a;. This is true on the individual level. However, the best rating scheme with a
certain number of classes should determine journal classes in such a way that the total

loss of quality is as small as possible. Since AJG accepts losses at the lower end of the



ability /quality scale, while PL accepts losses at the higher end, the AJG population must
have a larger mass concentrated in the higher ability levels than the PL population has.

Our strategy in the empirical part of the paper for deducing the unobservable distri-
bution from the observable rating scheme is to reverse engineer the optimal solution for
the RSB objective. We take rating schemes like those shown in Figure [I] as input and ask

what distribution of ability levels the scheme is optimized for.

Structure of the paper: The rest of the article is organized as follows. The general
model and its key assumptions are presented in Section [2} In Section [3] we use a simpli-
fied model allowing a closed-form solution. Section 4] shows how to reverse engineer the
optimal solution, particularly the one obtained in Section , to calibrateﬂ the distribution
of ability within the population. In Section [4, we compare several well-known journal
ratings using this method. Section [5| contains further discussion of the limitations and
possible expansion of the model.

The supplementary material includes Appendix [A] with the proofs of the propositions
from Section [2]and [3] Appendix [B] where we discuss possible extensions of the basic model,
and Appendix [C] containing the results of the robustness analysis of the case presented in

Section [l

2 The model

The model consists of an RSB and a continuum of researchers. Each researcher, inter-
preted as a single author or (more loosely) as a group of co-authors, is identified by a
private type a € A = [0, 1], which is referred to as the ability level. Abilities are dis-
tributed in the population according to a strictly increasing CDF denoted by F. Each

researcher has a singleﬁ paper and must decide which journal it should be submitted to.

SWe use the term calibration in an economic rather than a statistical sense, meaning we select the
parameters of the theoretical model so that the model fits best with the empirical data and various
simulation scenarios (see, e.g. [Foster} 2011]).

50ur model easily encompasses a generalization to more papers. A researcher producing m papers
in the evaluation period is represented, in our model, by m agents (with the same ability levels) each
writing a single paper.



Journals are uniquely identified by the quality index ¢ € ® = [0, 1] and have a conditional
probability of acceptance p : & x A — [0, 1], where p(a, ¢) is the probability that an article
by researcher a will be accepted by journal ¢ if it is submitted there. It is assumed that
p is common knowledge. We also assume that p is continuous and that the following

assumption holds whenever probabilities are strictly positiveﬂ

Assumption 1 (Monotonicity of journals). The ratio pldha) o increasing in a for any

p(¢,a)
¢ <.

The RSB does not know the individual abilities of researchers, but it knows their
distribution in the population. It sets up a reward system R : & — R, which is assumed
to be upper semicontinuous. As usual, problems of this kind are solved backwards, starting

with the researcher’s problem.

2.1 The researcher’s problem

For greater clarity, we assumeﬁ that researchers are risk-neutral and maximize expected
reward, with the payoff for not publishing anything normalized to 0. The researcher’s a

problem is thus:

max 12(¢)p(¢, a). (1)

P
Let ®(a) denote the set of optimal solutions. It is nonempty by the standard arguments
for any upper semicontinuous reward scheme. The next proposition expresses the journal

monotonicity assumption in an equivalent observable form.

Proposition 1. If the researcher’s objective is given by , then the following are equiv-

alent:

i) monotonicity of journals holds.

“This property is similar to the monotone likelihood ratio property. The difference is that in the
present context, the monotone likelihood is a property of two density functions on the binary outcome
space, i.e. accept or reject, while journal monotonicity is a condition of p(¢,a), that is the probability of
acceptance with respect to two parameters.

8That these assumptions can be relaxed without changing our qualitative results is shown in Supple-
mentary Material, Online Appendix @



i) for any reward scheme R, ability levels a; < ag and journals ¢1 < ¢, if researcher

a1 weakly prefers ¢o over ¢1 then as strictly prefers ¢o over ¢y.

Since journal quality and researcher ability are not directly observable, the monotonic-
ity of journals and other properties of p can be used to define one quantity relative to
another. Assuming, for example, that ¢ is a good measure of journal quality, Proposition
implies that a can be understood as a researcher’s ability to publish in a journal with
a high ¢. A direct corollary of this result is that researchers with greater ability choose

higher-quality journals.

Corollary 1. Given any reward scheme R, each selection ¢r from ®r is non-decreasing

on A.

2.2 The RSB problem
First-best policy

The RSB maximizes the total expected quality of the papers published in the population
of researchers by setting a policy R for some measurable selection ¢g(a) from ®g(a). This

implies incentive compatibility of the journal selection. The RSB problem is then:

max / or(@)p(én(a), a)dF (a). @)

For greater clarity, we assume there are no participation or budget restrictionsﬂ The first
best solution under incentive compatibility is therefore to establish a reward system that

is proportional to the RSB’s preferences and therefore linear in journal quality ¢:

Proposition 2. For any a > 0, the reward scheme given by R(¢) = a¢ for any ¢, solves

problem .

The reward scheme given by Proposition [2| is actually a unique maximizer (up to

normalization by «) if for each ¢ there is a such that ¢p(¢p,a) > ¢'p(¢’, a) for each ¢'. If

9In the Supplementary Material, Online Appendix |B| we show that these assumptions do not qualita-
tively affect our results.



there are some dominated journals where this is not the case, there is no loss of generality
in setting their reward to 0 in the optimal solution.

Observe that the first-best solution does not depend on the distribution of the re-
searchers’ abilities. Since only relative, not absolute, rewards matter for optimal decisions,
from now on we will assume that o = 1. Let the researcher’s solution under the first-best

reward scheme be denoted by ®(-) and a single selection from it by ¢(-).

Second-best policies

The first-best solution given by Proposition [2] implies a unique reward for each level of
journal quality, but such solutions are not actually used in practice. The commonly used
measures of journal quality are only stochastic indicators of the underlying quality, so
a reward system that is linear in ¢ would create an unwarranted sense of precision (see
Konig et al., 2022, p.2).H Instead, the existing reward systems divide journals into a
small number of classes, so that journals in different classes receive different rewards, but
journals within a single class are treated equally. Journals with similar measures of quality
are therefore combined into one class. We call this the second-best solution. Consequently,
in our model with a continuum of journals, we restrict the reward schemes in to those
that allow only n > 1 distinct non-zero rewards, where n is given exogenouslyﬂ The
question is then how to partition the journals into categories and what reward levels

should be set for each category. We start with the following result.

Proposition 3. For any distribution of abilities F', the set of reward schemes R maxi-

mizing the second-best RSB objective contains a non-decreasing R.

So from now on, we will consider non-decreasing R. Combined with the conditions

that R takes only n distinct non-zero values and that it is upper semicontinuous, this

0Differences in opinions and personals interests of the members of the RSB may result in problems
when designing a continuous journal ranking. As a result, researchers affected by it, may not regard such
a continuous ranking as fully legitimate. Using finitely many categories is hence a solution to soften these
designing and legitimacy problems. For more discussion on measuring the quality of journals and how it
impacts the optimal reward scheme see Section

" The optimal number of classes in a journal rating scheme is a separate issue. See Mogstad et al.
(2022) for the latest contributions.
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results in the following family:

(

0 for ¢ € [0,¢1),

fi c ) ,
Foprona () = 4 0 O E10102) 3)

L (079 for gb € [Qbm 1]7

where oy < g < ... < ayand 0 =g < P < P < P3 < ... < O < Opy1 = 1, n > 1.
The RSB problem then boils down to setting the boundary journals (¢;); and the reward
values («;); that will maximize . The following assumption, although not crucial to

our main findings, will help in identifying the parameters of the model.
Assumption 2 (Better journals are more expensive). p(¢,a) is decreasing in ¢.

This assumption implies that among the full set of journals that receive the same
reward, the one with the highest probability of acceptance, or the “cheapest”, will be the
one with the lowest level of quality. So if the reward scheme is specified by then only
the boundary journals ¢1, ¢o, ..., ¢, will be selected. All journals in between, meaning in
the interval (¢;, ¢;11), will be dominated by the ¢; journal, and so will never be chosen.
We will discuss the practical implications of this assumption in Sections [3]and [4] We may
next consider a reward scheme Ry, 4, a1,...an, denoted by R* for simplicity. To determine
®r-(a), we need to find the ability levels a, s, ..., @n—1/5 of the indifferent researchers, which
are these for whom the cheapest journals in subsequent categories are equally good. These

ability levels are obtained by solving the following system of equations:

(¢, Gijig1) _ R*(¢it1)
P(Bir1, @igiv1)  R*(di)

ie{l,..,n—1}. (4)

A solution might generally not exist, but the assumption of journal monotonicity implies
that p(¢ii1, ) R*(¢iy1) crosses p(¢;,-)R*(¢;) only once, and it does so from below. The
RSB can, in consequence, always set the reward scheme so that there is a unique solution
and ¢; is optimal for researchers with a level of ability in the interval [a;_1/;, aijiy1). A

researcher with an ability level of a;/;4, is indifferent between ¢; and ¢;,;, while those

11



below this level prefer ¢; and those above prefer ¢;,;. Having established ®g-(a), we can

now determine the set of optimal weights a; < ... < ay,.

Proposition 4. If the reward schemes are restricted to the family given by , the reward
scheme that satisfies o; = ag;, 1 € {1,...,n} for some a > 0 solves the second-best RSB

problem.

The same argument as in the first-best case also applies here. Any choice of a reward
that is different from the positively-scaled quality of the cheapest journal in a given reward
category would change the allocation decision of the researcher relative to the objective
pursued by the RSB. Proposition , together with equation (4)) allows us to determine
a1/2,0z/3, . - ., Gn_1/n, Which are the types of boundary researchersH From Proposition ,
it follows that ai/; < ag/3 < ... < ap_1/n. What remains to be determined is the set of
boundary journals or the cheapest journals for each class ¢4, ..., ¢,. We state the problem

in the following Corollary, setting, as before and without loss of generality, o = 1.

Corollary 2. The second-best RSB problem can be written as:

Iagfizl / | " b6, a)adidF(a), (5)

A5—1/4

s.t. p(®is Qiig1)Pi = P(GDiv1, Gijig1)Gipr, for each i€ {1,...,n — 1}, (6)

where ag;y = 0 and ayjpqer = 1.

Unlike the first-best solution, the optimal solution here depends on the distribution
of ability F'. This is because there are only n categories available, and so we can fit the
best solution for at most n boundary researchers. The other researchers necessarily incur
a loss from what they had in the first-best solution because of the suboptimal allocation
of papers to journals by the researchers (see Section , and it is the RSB job to decide
how to minimize this loss, given the size of that loss for each type of researcher and the

mass of researchers of that type. Problem is generally analytically complex, so it is

12Let af be such that ¢; = ¢(a}) for each i, so a denotes the type that chooses journal ¢; in the
first-best scheme. Note that these types are not in the optimization problem, only the types a;/; -

12



often impossible to give a solution in a closed form. However, important insights can
be obtained by considering some specific cases. For this reason, the next section first
illustrates the key trade-offs made when assigning four journals into three classes. It then
considers a parameterized family of piecewise linear functions p, for which a solution in

closed form is obtained.

3 The optimal categorization of journals

3.1 Efficiency trade-offs in the second-best solution

Supposing the probability of acceptance p satisfies Assumptions [I] and [2| we consider four
journals with the quality levels ¢1, @2, @3, ¢4 € (0,1), ordered from lowest to highest. If
their rewards are given by R; = a¢; for some a > 0, then each researcher maximizes
part of the RSB objective and so the total expected quality is also maximized. Any other
choice of rewards would give different intersections between expected rewards and so there
would be a different journal choice for some researchers. This would potentially lead to a
loss of expected (publication) quality. Given our assumptions, the choice of the optimal
journal is monotone in ability, meaning researchers with lower levels of ability will never
find it optimal to publish in higher-quality journals.

Suppose that the RSB may set only three reward levels instead of four. With the
continuum of abilities, it is never optimal to have fewer than three categories. Further-
more, Proposition [4] implies that the boundary journals in the second-best scheme receive
rewards that are equal to their first-best rewards. Assumption [2| implies that reducing
the reward of journal ¢; to the level R;_; or below makes it idle because it is dominated
by journal ¢;_1, so it is never selected. Our problem then comes down to finding the
journal that contributes the least benefit, and downgrading its reward to that of one of
the lower-quality journals.

The four panels of Figure [2| show the impact of downgrading each of the four journals
(causing them to become idle) on the researcher’s typical envelope and the boundary

ability levels compared to the first- best case: II(a) := p(¢(a),a)d(a). The RSB compares

13



Figure 2: Second-best with three categories and four journals. Areas shaded in blue
correspond to a loss of expected publications’ quality as compared to the first-best case.
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the efficiency loss (areas shaded in blue) of sacrificing researchers who would optimally
choose journal ¢ in the first-best scheme but who now have to choose a different journal.
If the researchers’ abilities are distributed uniformly on A, the RSB should make journal
no. 3 idle — this entails the least efficiency loss, as is evident by examining the Figure.
The optimal rating is, hence, to group journals 2 and 3 in the middle category (and leave
the worst category with the worst journal and the top category with the top journal only).
For the general distribution, the loss in efficiency for a given level of ability should be
weighted by its density.

Examining all the cases in Figure [2, we notice that the removal of higher quality jour-
nals results in (point-wise) lower researcher’s boundary types (dashed lines in Figure .
So, if the selected reward system is set optimally, it can inform us about the distribution
of researchers’ abilities. If the distribution is left-skewed, we expect higher-quality jour-
nals to be idle, while lower-quality ones would be with a right-skewed distribution. This
means that a second-best reward scheme for a given set of journals that is flat for higher-

quality journals and steep for lower-quality journals indicates a less able population of

14



researchers, while one that is flat for lower-quality journals and steep for higher-quality

ones indicates a more able population.

3.2 A parametric example and a closed-form solution for uniform

distribution of ability

We now consider the general setup with a continuum of journals and a continuum of re-
searchers and assume the following specification for probabilities of acceptance conditional

on the level of ability a. Let £ € [1,00) be a slope parameter:

0, fora € [ ,%gf))
“;¢, for a € [ Lo, (b) (7)
1, fora € [p,1].

p(¢,a) =

In this, p takes the form of a CDF of a uniform distribution on [%(ﬁ, ¢) . Assuming
the set of journals is rich enough and there exists a reward scheme such that optimal
journals for different abilities do not coincide, this interval is also the set of abilities for
which journal ¢ is the optimal choice for some increasing reward scheme. Parameter &
controls the level of segregation so that when & = 1, all researchers of non-zero ability
have a positive chance of acceptance even in the top journals. As ¢ tends to infinity at
the other extreme, only the best researchers have a non-zero chance in the top journals.

The probability of acceptance given by captures some common-sense intuition. As
¢ gets larger, the fraction of types who have no chance of success increases, the fraction
of types for whom acceptance is certain decreases, and higher-quality journals require a
greater increase in ability for the same increase in the probability of acceptance. Given
that neither ability nor journal quality are directly observable, is not as restrictive

an assumption as it seems since it defines one measure relative to another. For example,

13This form of probability of acceptance can be interpreted as follows. Suppose journal ¢ accepts only
one article. If two articles are submitted, the one submitted by the researcher with the higher ability
level will be accepted. Suppose one researcher with an ability level uniformly distributed in the interval

%gf), (;5) submits to journal ¢. Then p(¢,a) is the probability that the article of another researcher
with an ability level of a will be accepted by ¢ if submitted there.
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under the common percentage change in a and ¢ leaves the value of p(¢, a) unaffected,

dlog(a)
dlog(¢) 1.

quantities is given observable meaning. When we calibrate our model to the actual data

meaning This produces testable implications as soon as one of the two
in the next section, we assume that ¢ is well approximated by the invariant method index
proposed by [Palacios-Huerta and Volij (2004)). If this is so, implies that for the chances
of acceptance to remain the same, a given percentage change in the journal index requires
the same percentage change in the ability level.

It is easy to verify that ¢ — p(¢,a) is a non-increasing function and is decreasing
on its support (for a given ¢, we define a support of p(¢,-) as a set of all a for which
0 < p(¢,a) < 1). Moreover, the ratio %, whenever defined, is non-decreasing in a,
whenever ¢ > ¢. Whenever £ > 1, this ratio is also increasinﬂ in a on a joint support
on p(¢’,-) and p(¢,-). As a result p satisfies Assumptions|l|and [2|on its support whenever
¢ > 1. This is sufficient for our conclusions from section [2|

For now we assume that abilities are distributed according to the uniform distribution
on [0, 1]. Proposition [2| in the first-best solution implies that R(¢) = a¢, where o > 0,
for any ¢. Given (7)), the researcher’s problem has a unique solution ¢x(a) = a, which we

can plug into the RSB objective to get the maximum expected total quality of ETQy:

ETQ; = /O 1 adF (a) = Ecﬂ]: = % (8)

Note that the researcher’s problem’s envelope, a — Il(a), is linear in a. We now consider
the second-best, for which we first fix the number of categories n > 1. We know from
Proposition |4/ that the optimal reward scheme has the form of with a; = ag; for a > 0
for each i € {1,...,n}. Since p is decreasing in ¢ and given the reward scheme in , the

cheapest journal in each category is ¢;.

14See Supplementary Material, Online Appendix for a proof.
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The crossing points are obtained by substituting in @H

Gi—1+ (£ — 1)
f )

ie{l,..,n}, (9)

A;—1/i =

So @ is specified as follows: the researcher with a level of ability in the interval

[@i—1/i, a;ji+1) will optimally choose journal ¢;. Plugging this into we get:

'L/'L+1

ETQ (&) = maXZ/ (Ca+(1—¢ @da—l—z / ¢ida—|—/¢l¢nda.

15777«.

a;—1/4

This function has an interior maximum as verified by SOCs, and its FOCs are (details of

the derivation are given in Appendix |A.2):

8Erl(;(i§1(f) — 0 = ¢ = %’ ie{l,...,n—1}
OETQ(§) _ -1,
Tm =0 < (an (bn—l) f =1 ¢”7

with a convention that ¢y = 0. After rearranging we obtain the following solution together

with the corresponding crossing points:

g

¢i = m, ie{l,..,n},
- &i—1 .
ai—l/i——g(n_i_l)_l, ie{l,..,n}

The optimal boundary journals vary fro
the number of categories, the smaller the difference between the lower and upper bounds.
Figure |3| shows the optimal boundary journals and the resulting envelope for researchers,
which is the maximum expected reward for researchers over the n cheapest journals for
various levels of £ and n. The area below the envelope equals ETQ(§), indicating the
expected total quality or simply efficiency. It may be recalled that 1/2, or the area below
the identity function, is the efficiency of the first-best solution. We observe that as n gets

5Note that ag /1 is technically not a crossing point, but it proves convenient in our example. We
therefore also use a;_1,; instead of a;/;41-
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Figure 3: Optimal solution and selected efficiency values for ¢ = 1.2,2, and 1000 and for
n = 3. The ability is distributed uniformly on [0, 1].
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large, the optimal ETQ(£) value approaches the first-best value. Moreover, efficiency
decreases with £, so that if all the researchers publish in a single journal (n = 1), for
example, the maximum efficiency is 0.25 in the worst case (¢ — oo) and 0.5 in the best
case (¢ — 1). The boundary journals are equally spaced because the distribution of
abilities is uniform. The journals will generally adjust optimally to the distribution of
abilities so that there are relatively more categories in ability regions with greater mass

and relatively fewer where the ability mass is smaller.

3.3 A general distribution of abilities

We now consider a general distribution of abilities, given by the CDF F. We make two
observations. First, the probability integral transform implies that even if abilities a
are not uniformly distributed, the F(a) values are (Casella and Berger} 2002, Theorem
2.1.10, p.54), and so our solution for the uniform case can be applied. Second, Proposition
implies that the optimal journal for a boundary researcher is ¢(a;_; /i) = a;_1/- We thus
apply a change of variables to get the optimal solution for the general case:

&
En+1)—1

&

F(¢;) = =1

or ¢; = F* ( ) , forie{l,..,n}. (10)
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Figure 4: Optimal solution for different distributions of ability levels.
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The same technique can be used to obtain the solution for distributions that have less
than full support. Let F' be any distribution on the support [0, 1], then for any pair

ar, < ay in [0,1], we define Fj,, o) as another CDF where:

0, ifa<ayg,
Flopan (@) = § F (22, ifa € [ar, ap), (11)

1, ifa>ay.
The optimal solution for these distributions satisfies: Fls; 4,1(0i) = g(nfﬁ’ or again
following Proposition ¢i = arp+ (ay —ap)F™? (@ﬁ) , while the objective function

value remains identical for the original distribution F' and the modified one Fi,, 4.

For illustration, we compare two populations of researchers, for which we assume £ = 2
and analyze the optimal solution for two selected distributions of the abilities. Figure [4]
presents the optimal solution, with boundary journals and the researcher’s envelope, for
uniform distributions on a given support and a left-skewed beta distributions. The density
functions of the distributions are superimposed in the pictures, and the support of the

distribution is depicted as the interval between the two black squares.
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4 Distributions of ability induced from journal ratings

We will now show how to use the closed-form solution such as to reverse engineer
the distribution F' from the observable reward schemes used in practice. The following
procedure can be used to compare several journal rating schemes with different numbers
of journal classes. This is done by estimating the distribution of abilities for each journal

rating separately.

4.1 Outline of empirical evaluation

A single journal rating consists of a set of journals J partitioned into n classes Ji, ..., J,.
Each journal j in J is assigned a journal quality measure ¢(j) € R. We assume that
Assumptions (1| and [2| hold, and the probabilities of acceptance are given by . This
assumption conveniently designates ¢ as both the measure of journal quality and the
measure of the ability level of a researcher who optimallyEG] chooses journal ¢ in the first-
best solution. Finally, we assume that the RSB sets the reward scheme R optimally in
the family of , in line with the second-best policy .

Since the reward schemes are typically ordinal but they enter the researcher’s objective
in a cardinal way, as each researcher optimizes the expected reward, we assume that the
ordinal rewards correspond to the cardinal utility of rewards in a way that is consistent
with @, so R(j) = ¢; for j € J;, where ¢; is the boundary or cheapest measure of journal
quality in journal class ¢. Given the above assumptions we can reverse engineer the
implied distribution of the ability levels of researchers from the reward scheme observed.
To do this we determine n values of the CDF of the distribution according to , SO
F(¢;) = anfﬁ ie{l,..,n}.

This solution critically depends on ¢;, the cheapest journal in each class. Taking our

16We are aware that the RSB might have more complex objectives in practice. It may, for example,
artificially upgrade some journals by putting them in a class that is higher than that given by the measure
of quality. This could reflect a policy of promoting some journals that are of particular relevance in the
hope that such inflated grading might attract better papers, meaning those that are frequently cited, to
the journal in the future. This might create the so-called Matthew effect (Drivas and Kremmydas, |2020)).
It is particularly relevant for promoting national journals by ranking them higher, so as to avoid their
downgrading and eventual extinction in the long run.
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assumptions literally, we would set ¢; as equal to the lowest value for journal quality
in class 7. Behaviorally, this reflects the assumption that each researcher knows all the
journals in J and can potentially submit their paper there. In practice, specializations,
incomplete information or simply the desire to avoid journals with a low academic repu-
tation mean that a given researcher only considers a small subset of all journals.
Consequently, instead of setting ¢; as equal to the lowest value for journal quality in
class i, we set ¢; := G ' (k), where G is the empirical distribution of the values for journal
quality in the i-th class, meaning {¢(j) : j € J;}, and k € [0, 1] is the percentile value of
the distribution. This assumption is a simplified version of the idea that each researcher
considers only m journals from each class and that the cheapest journal in class 7 is the
lowest-quality journal among those m journals[l"| Our procedure for finding a distribution

of the ability of researchers F : [0, 1] — [0, 1] is summarized as:

Inputs: the set of journals partitioned into classes J = J; U... U J,, , and a normalized

measure of journal impact ¢ : J — [0, 1].
Parameters: the slope &; the cut percentile k.
Procedure: 1. Set the cheapest journals ¢; := G; ' (k).

¢i
&(n+1)—1"

2. Set the corresponding quantile values F(¢;) =
3. Set the boundary values F'(0) =0 and F(1) =1

4. Complete the graph of the CDF by connecting the points with lines.

Note that the above procedure can be applied separately for each rewar

4.2 Ratings systems for journals

In our empirical example, we focus on four specific, country-oriented ratings of journals

for the disciplines of economics and management. These are:

17So if the ¢ values in class i were distributed uniformly over the interval [a, b] for example, then the

mean of the minimum of samples of size m from this distribution is given by a+ (b — a)n%_l, which is the

n%_l percentile of the original distribution.
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CNRS: Comité National de la Recherche Scientifique journal rating in economics and

management (France),
AJG: Academic Journal Guide published by Chartered Association of Business Schools,

PL: Polish Ministry of Education and Science journal index for the combined disciplines

economics & finance and management,
US: the US economic journals list (A and B journals).

In what follows we will use the above names both to refer to the journal’s rating and
to describe its target population. The CNRS and PL ratings are developed within the
European PBRF program. However, their roles are slightly different, as the French as-
sessment system within the PBRF is primarily based on peer reviews, and so the ratings
of journals have an indicative role, while the Polish system is close to the ideal type of
the metric PBRF (see, e.g. |(Ochsner et al., [2021)), and its rating is official and directive
in that it is part of the calculation for assigning funds to universities and grading their
departments. The AJG rating is widely used as an indicative measure of the quality of
journals by business schools around the world. The US list is used by some economic
departments in the US to support promotion and hiring decisions.

Journals on the PL list are divided into six classes that are labelled by the number
of ministerial points awarded, which can be 200, 140, 100, 70, 40 or 20. AJG partitions
its journals into five ratings of 4*, 4, 3, 2 and 1. The other two lists divide the journals
into four classes; the CNRY™ has four categories from 1 as the highest to 4 as the lowest,
and the US list has four ratings of A+, A, A- and B+. In the US Econ list A+ consists
of the top 5 general-interest economic journals; A consists of 17 top major-field journals
and 4 general-interest journals, A- is composed of 4 general-interest /survey journals and 7
major-field journals, and B+ are 5 general-interest journals and 29 field journals. Further

details and data sources are given in Appendix [C]

18Tn 2021 a wider list incorporating the CNRS was published (the HCERES list, https:
//www.hceres.fr/en/publications/liste-des-revues-et-des-produits-de-la-recherche-
hceres-pour-le-domaine-shsi-1). However, the HCERES list divides journals into only three classes,
which makes it less informative for our purposes.

22


https://www.hceres.fr/en/publications/liste-des-revues-et-des-produits-de-la-recherche-hceres-pour-le-domaine-shs1-1
https://www.hceres.fr/en/publications/liste-des-revues-et-des-produits-de-la-recherche-hceres-pour-le-domaine-shs1-1
https://www.hceres.fr/en/publications/liste-des-revues-et-des-produits-de-la-recherche-hceres-pour-le-domaine-shs1-1

4.3 Recursive impact factor

In our baseline example we use the recursive impact factor (RIF) as the index of journal
quality ¢. This index is obtained using the invariant method proposed by Narin et al.
(1976) and derived axiomatically from a few intuitive properties by Palacios-Huerta and
Volij| (2004) (see also |Palacios-Huerta and Volij, 2014). We use the most recent updated
version, with 319 journals that are listed in the economics category in the Journal Citation
Reports and that have citable items in all of the years 2014-2019 (Konig et al., 2022)@.
This list includes most of the newly established high-quality journals in economics.

A great advantage of the Konig et al. (2022)) ranking is that it recognizes the uncer-
tainty that is inherently present in the measurement of journal quality. Instead of giving
only point estimates for the measures of journal quality and the quality ranks, it reports
the confidence intervals. See also Lyhagen and Lyhagen| (2020) for a related recent study.

We use these intervals for the robustness check of our results

4.4 Empirical results

For the inputs for each of the four selected reward schemes for economics and management
{CNRS, AJG, US, PL}, we define the set of journals, J, as the journals that are assigned
a RIF measure. For each reward scheme, we create an additional class consisting of all
the journals in J that are not assigned a rank by this reward scheme. For each j € J, we
set ¢(j) as equal to journal j’s RIF value. We set the values for the parameters as the
slope £ = 2 and the cut percentile £ = 20.

Figure [ presents the induced CDFs for each reward scheme. For better visibility,
we have transformed the ability values on the horizontal axis with the square root (in
fact any strictly increasing transformation preserves the order). The US distribution

stochastically dominates the remaining distributions (i.e. it is shifted to the right in

19The method was originally applied for a sample of 37 economics journals with citations from 1993-99
(Palacios-Huerta and Volij, [2004]), then extended to 159 journals with citations from 1994-98 (Kalaitzi-
dakis et al., 2003)), 261 journals with citations from 2003-05 (Ritzberger, 2008), and 376 journals with
citations from 2015-2019 (Ham et al.l 2021)). See also |Amir and Knauff| (2008) for an interesting appli-
cation of this method for the ranking of economics departments and a recent axiomatic characterization
of journal rankings by (Csato| (2019).

20See Supplementary Material, Online Appendix
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Figure 5: Induced cumulative distribution functions of researchers’ abilities computed
for four economics and management journal ratings (PL,CNRS,AJG,US). The ability
values on the horizontal axis are scaled using the order-preserving transformation +/a for
better visibility. The values on the vertical axis are the quantiles of the corresponding
distributions.
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relation to them), and the AJG distribution dominates the CNRS and PL distributions.
The CNRS distribution dominates the PL distribution except for quantile values in the
interval 0.75-0.9. Our model indicates that of the four schemes, the US population has
the highest induced ability and the PL and CNRS the lowest, while the AJG is somewhere
in between; the CNRS is actually better than the PL distribution for most quantile values
except the quantile values between 0.75 and 0.9.

The algebraic example we consider allows us to interpret the distribution of abilities
computed through the abilities of the boundary researchers and the best-quality jour-
nals that are within their range. The boundary researcher, that is, a researcher who is
indifferent between choosing the top and the second top rank, according to the US list,
for example, has a positive probability of publishing in all the top five journals apart
from QJE. The boundary researcher publishing according to the AJG distribution has a
chance of publishing in JPE (0.075), RES (0.15) and AER (0.21), but the probability of
publishing in ECTA or QJE is zero. For France, the boundary researcher of the top rank
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has a positive probability of reaching Economic Theory (0.17), J Labour E (0.28) or J
Risk & Uncer (0.18), for example, but the top 50 journals from the RIF list are effectively
out of their range. For Poland, the boundary researcher of the top rank can publish in
RAND J of Economics (0.019), or Review of Economic Dynamics (0.05), but the top 25
journals from RIF are out of range. A similar interpretation can be provided for other
ability levels.

To check the robustness of our results, we examined the impact of different values for
the parameters ¢ and k in the Supplementary Material, Online Appendix [C] Instead of a
mean RIF value, we consider the minimum and maximum RIF values reported by Konig
et al. (2022)). The robustness analysis indicates that our results are stable and do not

change qualitatively due to model misspecification.

5 Discussion

5.1 Measures of journal quality

Our model crucially depends on the index of journal quality. There are clearly no universal
standards for measuring journal quality. The commonly-used journal impact measures,
or JIMs, that are based on the frequency of citations of papers published in a journal
have been regularly criticized, and numerous alternatives have been proposed (see e.g.
Bornmann et al., 2018; Franceschet and Colavizzal, 2017; |Gorraiz et al., [2022; Haddawy
et al.l 2016; Leydesdortt et al., 2019; |Olszewskil 2020; Petersen et al.| [2019; Sjogarde and
Didegahl, 2022; |Wang et al.l 2017 intensive discussion in Scientometrics in 2009-2012; and
many others).

In our baseline example we focus on comparing economics and management journals
for which some alternative measures, such as the RIF, have been proposed and calculated.
The RIF circumvents many common problems with the standard impact factors. In
particular, it weights citations by their importance within the field, and thus is immune
to manipulability through excessive self-citation (Martin, 2016} |Seeber et al., 2019), or

the inclusion of grey journals that inflate citations (Oviedo-Garcia, 2021]).
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However, RIFs are only available for a subset of all the journals that are listed in
the many popular journal rating schemes (see Table in Supplementary Material, On-
line Appendix . We thus also report the results with the Source Normalized Impact
per Paper (SNIP) as the index of journal quality, as SNIP data is freely available for
most journals that operate globallyEr] Our results reported in Online Appendix |C| show
that our qualitative results remain stable with respect to this modification. This further
strengthens validation of our method of reverse engineering the ability distribution from
the observable reward schemes.

However, we are aware that neither RIF nor SNIP perfectly captures the real RSB
objective. Figure [f] plots the distribution of the RIF (left panel) and SNIP (right panel)
values into classes for the example of AJG. The values of the indexes are rescaled and
normalized for better visibility. This does not affect our results, as in the model we are
only interested in the ordinal properties of the measures of journal quality.

Although the means and the medians of the measures increase for the higher-quality
classes, the reward schemes are not fully monotonic in the measures of journal quality.
The problem seems to be more pronounced for the SNIP data, which also contain more
journals; of the 805 journals listed in the AJG scheme, 675 had a SNIP value, and only
206 had RIF data assigned (see Supplementary Material, Online Appendix Table for
more data).

Figure [0] illustrates the problem. For SNIPs, the lower quartile of the box for a
higher class is below the upper quartile of the box to the right, indicating substantial
non-monotonicity. It is much less evident for RIFs, where such overlap is minimal. If a
lower-quality journal is misplaced to a higher category, it causes the calibrated distribution
function to become steeper for low quantiles, as low-ability researchers can reach highly
rewarded journals, which are not necessarily of high quality. If, for one ranking list, such
non-monotonicities are plentiful and, for another one, rare, the distribution function of

the induced ability will be initially steeper than the latter one. Thus, the effect will be

2'We use SNIP 2020 available at https://www.scopus.com/sources. It is described as a metric
that “intrinsically accounts for field-specific differences in citation practices.” For more information on
the metric see https://www.elsevier.com/authors/tools-and-resources/measuring-a-journals-
impact.
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similar to enlarging the upper classes at the expense of lower ones, exemplified in Section

] of the paper.

Figure 6: Box-plots of the values for journal quality for the AJG Business classes; the lines
of the box mark the quartiles and the whiskers mark the minimum and the maximum of
the data points, excluding outliers.
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5.2 Do people follow the incentives provided by the RSB?

Our model crucially depends on the response of researchers to the incentives provided
by the RSB. In this section, we seek empirical confirmation that this is indeed the case,
and in particular that researchers aim for the “cheapest” journals. To what extent this is
true can be checked by observing the change in the publication strategy of researchers in
Poland in response to the introduction by the Ministry of Education and Science in 2019
of the official ranking list of journals@

Among the highly-ranked journals, there are some open-access mass publication jour-
nals that publish a very large number of articles online in each issue and are quite lenient
in their acceptance policy. Of particular note are the journals owned by the Multidisci-
plinary Digital Publishing Institute (MDPT). This makes it likely that such highly ranked

MDPI journals would be regarded as the “cheapest” ones, in the sense that the probability

22See also [Yuret| (2017) for a related study and evidence from Turkey and |Spiewanowski and Talavera
(2021)) from UK.
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of acceptance would be substantially higher for them than for the other journals in this
class. Proposition [d|states that researchers should aim to publish in these journals, as they
are likely to have a higher probability of acceptance than other journals in this class. The
counterargument is that researchers might avoid publishing in mass-publication journals
because of their poor academic reputation (see e.g. (Oviedo-Garcia (2021))). However, the
evidence from Poland overwhelmingly supports the strategy described by our model. In
the ranking of the Polish Ministry of Education and Science, 11 MDPI journals have been
assigned the second-highest of the six ranks, while 35 have the third-highest rank, and 26
have the fourth rank. There are no MDPI journals in the first rank.

Before the first information about the contents of the new list became available in 2019,
the percentage of papers in these 11 MDPI journals that were authored or co-authored by
researchers with affiliation at Polish universities was 3.3%, making 1709 papers. Between
2019 and May 2023, this fraction rose to 9.7%, which corresponds to over 21K papers
published by Polish authors. Official statistics show there were around 45K academics
working at Polish universities between 2019 and 2022, and so it appears that on average,
nearly half of all Polish academics published a paper in one of these journals. Our model
is further supported by the evidence that Polish researchers were substantially less keen
to publish in lower-ranked MDPI journals, and their keenness was further reduced as the
rank assigned to these journals decreased. In 2019-2023, they published 14.5K papers in
MDPI journals that were officially ranked in the third class, which is 4.5% of the total

number of articles, and over 3K articles or 2.1% in the fourth-ranked MDPI journals.

6 Conclusions

Our paper looks into the role of rankings of academic journals in incentivizing the efficient
dissemination of research output through publications. An optimally constructed ranking
of journals and the related reward system should encourage authors to direct their output
to journals that are appropriate to their abilities. This can be done by setting the thresh-
olds for ranks so that they maximize the expected quality for the authors. At the same

time, this choice should contribute to maximizing the expected publication quality of the
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entire population of researchers. Our theoretical model shows how to construct such a
system of rewards, and the algebraic example proves that this is feasible and intuitively
convincing. The model is parsimonious and, hence, based on simplifying assumptions.
Out of the extensions, we plan to work on in the future, the most important is to consider
how the academic journals rankings shape the long run distribution of abilities in the
population by providing incentives to improve ones abilities (especially these of younger
researchers) as well as by selection of agents with most suitable abilities to the academia
(including researchers’ mobility between the countries). Apart from that, allowing for en-
dogenous effort and hence ability to improve the quality of submitted paper (for example
in the revision or resubmission process) or simply increase the quantity of the produced
paper’s in the evaluation window seems to be another important generalization that can
affect the derived optimal academic journal ranking. These extensions require, however,
to model a publication strategy as an outcome of a dynamic game which is beyond the
scope of the current paper.

We have applied reverse engineering to calibrate the model and constructed the im-
plied distribution of the abilities of authors for different populations of researchers. For
economics and management, we have found out that the creators of the Academic Journal
Guide ranking list in the UK see their population as more able, than those who make
the equivalent rankings for France and Poland. The list for Poland is the most lenient,
meaning it is the flattest of all the rankings compared.

The results of our model lead to important direct and indirect policy conclusions.
Firstly, research supervisory bodies should use a good measure of journal quality and
construct the rating that is monotone with this measure. A nonmonotonic increase in
the rating of even few low-quality journals may lead to a massive increase in publications
in these journals and result in a large loss of overall quality. Secondly, due to wide
differences in publication practices and standards, connections with business, trends, and
the popularity of specific areas of scientific research, it is very difficult to identify a measure
of journal quality that is appropriate for all scientific disciplines at the same time. This,
in turn, suggests that separate reward schemes for journals from a given discipline are

better than a large centralized journal evaluation system. Thirdly, comparing the rankings
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applied in various countries by the calibrated distribution of abilities gives incentives to
reevaluate the research policies used. More specifically, estimating and comparing the
abilities through calibration of the indirect distribution functions is also cheaper and less
questionable than the complex evaluation of the academic output of the entire population
of researchers. It also makes it feasible and easy to repeat every time the rankings are
changed. Such repetition facilitates a straightforward evaluation of changes in the position
of the country’s research level in relation to other countries, which could have direct
implications regarding the intensity of the research policy used.

In further perspective, our results can be of use as a starting point to research super-
visory bodies, which can put their efforts into constructing ranking lists that will better
motivate authors to direct their output to journals that maximize the overall publica-
tions’ quality of the discipline. This could be achieved if forward rather than reverse
engineering is applied. This can be done by conducting a detailed analysis of publications
and citations in a given population. A database of publications collected for such an
analysis would also allow to test empirically the publication’ incentives applied in various

countries. This is left for further research.
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A  Proofs

Proof of Proposition

(i. = ii.) Consider any reward scheme R and any researcher a; < 1 such that a; weakly prefers

o p(d2,01) R(¢1) : TR
¢ over @1, i.e. p(¢ia1) > R(¢;). Take any as > ay. By journal monotonicity it follows that

g Eiigi; > ggig, so that researcher as strictly prefers ¢o over ¢;.

(ii. = i.) Consider any ability level a; < 1 and any pair of journals ¢; < ¢2. Let the reward

p(¢2,01) _ R(¢1) q; ) . .
scheme R be such that plbra) = R(da)" Since the researcher’s preferences are given by this

means that a; weakly prefers ¢o over ¢1. Consider another researcher ag such that as > aj.

hence p(p2,a2) p($2,a1)

p(br.a2) péra)” Since a1, as were chosen arbitrarily, journal

By i), Jislan > R

monotonicity holds.

Proof of Proposition

If the reward scheme is the one given in the Proposition, then each researcher will maximize
the part of the infinite sum of the RSB objective. Since this is so at any point of the strictly
increasing distribution F', the total expected quality will be maximized as well. Any other reward
scheme might change the researcher’s decision about allocation, and whenever it does so, it will
entail lower total expected quality unless the rewards are changed only for those journals that

are never chosen (before or after the change) by the population of researchers given by F'.



Proof of Proposition

Consider a non-monotonic reward scheme. Let ¢; < ¢2 and R(¢1) > R(¢p2). Suppose there exists
a researcher ' for whom ¢5 is optimal, i.e. ¢o € ®(a’). This means that ¢op(pe,a’) > dp(¢p,a’)
for all ¢ and particularly for ¢;. To avoid trivialities we assume that this holds with a strict

inequality: ¢op(¢2,a’) > ¢1p(é1,a’). Note that % < ggz;%, so that we have two cases to consider.

. p(d2,a’) R(¢1) b1 R(¢1) p(¢2,0")
Either [ 2 Rig) ~ 62 O Riéa) = plor.a’)

by @' and hence, other things being equal, the total expected quality will not change. In the

> % In the former case, ¢o will still be chosen

latter case, however, ¢; will be chosen by researcher a’ and, as compared to the optimal case,
the total expected quality will decrease by p(¢2,a’)ps — p(p1,a’)p1. Since the distribution F
is strictly increasing, this decrease is non-zero. If ¢o is never chosen by any researcher in the
first-best solution, setting R(¢2) < R(¢1) does not matter for the total expected quality provided
that the rewards for the remaining journals are set optimally. So a non-monotonic R is weakly

dominated by a monotonic one.

Proof of Proposition

We argue by contradiction. Suppose the reward scheme is such that there is 4, j with g—; #* %

We have three groups of researchers to consider:

t % > max (g—;, %) These researchers choose ¢; over ¢;

under the first-best scheme and under the reward scheme considered, so there is no change

1. researchers with a such tha

of allocation decisions here;

ii. researchers with a such that f) ((ZZJ Zi < min (%, %) These researchers choose ¢; over ¢;
(2] J J

under the first-best scheme and under the reward scheme considered, so there is no change

of allocation decisions here;

5 o (3.8) o 5.
iii. researchers a such that ey € \min (gr, 5 ) max (o, oo ) ) These researchers choose

differently under the first-best scheme and the reward scheme considered, which entails a

loss of efficiency. Note that if g—; = % was true, this third case would be impossible.

This proves that setting g—; = % is never worse than any other reward scheme.



A.1 Journal monotonicity condition

Suppose p(¢,a) is given by formula . Suppose ¢’ > ¢ and £ > 1. We show that the ratio

Z;(ﬁTI’Z)) is increasing in a on [%QS’, ¢]. To see that observe that on this range:

a—¢’ £ _ ¢
p¢ha) 1485 G-
p(¢,a) 146950 1—¢+5a
Denoting 3’ := g and similarly g := % and differentiating with respect to a we obtain that
1; (((g’s)) is increasing in a if and only if

(1 =&+ pa) = B(B' = p)a’ = (8= B)(1—-¢) > 0.

Since 3’ < 3 the above is satisfied whenever & > 1.

A.2 Derivation of FOCs and SOCs for the analytical example

The objective function is given by:

@i

Q5 /541

n n—1 1
ETQu(©) = max > [ o+ (-9odda+ Y [ oudat [
PEEES) n i:laiil/l i:1 ¢Z n

We now calculate the FOCs using the Leibniz integral rule and substituting for the crossing

points (9):

OET - Py _ Gifitt
(;?JI@:@—@_&W/ <1—5>da—¢ié+¢f—1gsl*‘”é_d’ﬁ/qs da

% a;—1/4 ‘

_(1-9) [@ _ ¢i71+(£s—1)¢i] n [¢i+(£j€1)¢i+l - ¢i] . (12)

OET _ o - 1
e T R e I

n An—1/n Pn

= (1) [ — 2o=HED ] 4 (1 6,),



Setting both to zero and rearranging yields:

¢i = %, i€{l,...,n—1}
1- ¢n = (¢n - ¢n—1)€21'

B Extensions of the basic model

In this section, we discuss a few natural extensions of the benchmark model.

Risk aversion and general utility function In the benchmark model, researchers are
risk neutral. This implies that they linearly weigh the probabilities of acceptance with the reward
for publishing in a journal of a given rank. Researchers who are risk averse may, however, be
willing to choose safer journals that have a higher probability of acceptance rather than risking
long shots with their submissions. We now discuss how the optimal journal reward scheme and
journal ranking are affected by risk aversion in the first and second-best schemes. For this we
suppose that the preferences of researchers are now: u(R(¢))p(¢,a) for some strictly increasing
utility w : R — R. For risk aversion this utility is assumed to be strictly concave, and h := u~!
is set as the inverse of this utility. Without loss of generality, we can now consider an RSB
that chooses not the reward scheme R : ® — R, but the utility values for publishing in these
journals, or ¢ — ug € R. Then the objective of the RSB is still [, ¢*(a)p(¢"(a),a)F(da), where
¢%(a) € arg maxge(o,1] UpP(¢P, a). We observe that the optimal journal rank in the second-best
scheme is unchanged from our baseline model. What does change under this generalization is the
reward scheme for publishing in journal ¢ in both the first and second-best schemes, as: uy = a¢
and so R(¢) = h(a¢). This means that although the optimal reward scheme is affected by the
shape of utility u and particularly by its risk aversion, the calibrated distributions of abilities
importantly are not affected by this generalization. We also assumed in the benchmark model
that the reward for not getting a paper published is normalized to 0. This assumption also does
not entail a loss of generality. Indeed, suppose that the reward system gives each researcher a
flat wage Rp and a bonus R(¢) for a successful publication. Now the researcher’s objective is:
u(R(¢))p(¢,a)+u(Rp) but the choice of the optimal journal is unaffected. Similarly, the ranking

of optimal journals remains unchanged and so do our calibrated distributions of abilities.



Participation constraint We did not have a participation constraint in the benchmark
model, this being a condition that guarantees that some researchers do not prefer an outside
option. Our optimal reward model can be generalized to include the addition of such a constraint
as well. To do this, w(a) denotes an outside option for a researcher with ability a. Here we still use
the general utility function as considered in the previous paragraph. The participation constraint
of researcher a is then: u(R(¢))p(¢,a)+u(Rop) > w(a). Here a denotes the lowest level of ability
of a researcher that decides to publish in the first, non-zero category in the second-best scheme
by choosing journal ¢1. The RSB needs to ensure that the participation constraint is satisfied for
all @ > a. Recall that u(R(¢)) = a¢ and denote f := u(Rp). Then the participation constraint
becomes: agp(¢p,a) + 5 > w(a), and for each a > 0 the RSB can choose /3 such that:

fi= max {w(e) —av(a)}, (13)

where v(a) := maxg, ¢,...6, PP(¢,a) is the maximal utility of the researcher a in the second-best
scheme. As defined by the maximization problem , each researcher with a > a accepts the
reward scheme proposed and stays in the academia market. This analysis clearly abstracts from
the cost of reward or the RSB budget constraint, but as our main goal is to propose and analyze

the optimal system for ranking journals, we leave those considerations for further studies.

Noisy signal of journal quality Journal quality rankings are typically only noisy signals of
the true quality levels of journals. This generalization supposes that the RSB and the researchers
do not observe journal quality ¢ directly, but observe it only through a noisy signal s. Suppose
further that the distribution of the journal quality levels ¢ conditional on receiving signal s admits
a density h(¢p,s). Now p(s,a) is the observed probability of acceptance in a journal with signal
s, and since the true ¢ is unobserved, the conditional probability of acceptance can no longer
depend on ¢. Similarly, the RSB can now set rewards that are based only on the observed signal
s, meaning R is a function of s now. Then the researcher’s objective is given by: R(s)p(s,a)

with the argmax Sgr(a). The RSB objective is

/A (L ¢p(sr(a), a)h(, 8R<a))d¢) F(da)



for some measurable selection si from Sgi. Denoting the expected quality of the journal with
signal s by EQ(s) := [5 ¢h(e, s)d¢, the RSB sets optimally R(s) = aEQ(s), in the first-best
scheme for any & > 0. Then the researcher’s objective becomes: o [3 ¢p(s, a)h(¢, s)d¢, while the
RSB objective is: [, EQ(sr(a))p(sr(a), a)F(da). It is clear that this is the same problem that
we analyzed in the benchmark model with the change of variables from ¢ to EQ(s). However,
in order to recover our main results, both our Assumptions [I] and [2] must be now imposed on
p(s,a), instead of p(¢,a). Under these assumptions the second-best journal rank that is obtained

and the calibrated moments of the distribution of abilities remain unchanged.

Quality vs quantity We assumed in the benchmark model that each researcher, say re-
searcher a, has a single paper and p(¢,a) is the probability of acceptance for this single paper
in journal ¢. Our model can accommodate both a generalization to more than a single paper
per researcher and the choices about quality versus quantitﬂ As the optimal choices of the
researchers and of the RSB depend on the ratio of p, we can easily allow p(¢,a) to be greater
than one for all researchers or only for some of them, and for all the journals or only some of
them. Under this interpretation p(¢,a) is the expected number of publications in journal ¢ in
the period considered, or the evaluation window. To illustrate this point, if the ratio of p for
researcher @ and two journals ¢’ and ¢ is 0.25, it implies that within the period considered,
the researcher and the RSB can get four times as many publications in journal ¢’ as they can
in journal ¢. This is irrelevant for the optimal journal rank and the optimal reward scheme if
we assume that p(¢',a) = 1/8 and p(¢,a) = 1/2 and interpret p as probabilities or if we let
p(¢',a) =1 and p(¢,a) = 4 and interpret p as the expected number of papers published.

Relaxing the “cheapest” journal assumption In the benchmark model, we imposed
Assumption [2] which implies that each researcher deciding to publish in a given category or
rank chooses the same, that is, the “cheapest”, journal. This is clearly a simplifying assumption.
We can relax the assumption that p is decreasing in ¢, and allow the researcher a to choose
¢(a) = argmaxy p(¢, a) within a category or rank that they decide to publish in. The second-
best solution that is obtained, and hence the calibrated distributions of abilities, can then be
interpreted as the worst-case scenario in such case. That is, as the specific journal choices are

unknown to the RSB, the regulator can maximize the objective under the assumption that all

Z3This issues was analyzed empirically; recently in |/Abramo et al.| (2024).



researchers will select the cheapest journal in each category or rank. Here the cheapest jour-
nal, say @cheapest, Within a rank is the journal that comes lowest on the quality index within a
given rank. This can be shown formally by following the inequalities: @cheapestP(Pcheapests @) <
d(a)p(Dcheapests @) < d(a)p(¢(a), a), where the first inequality holds because of the above defini-
tion of the “cheapest” journal and the second inequality holds because of researcher maximization.
Consequently, when we relax Assumption [2] we can interpret the RSB objective that we consider
in the paper as the lower bound of the expected, quality-weighted number of publications within

a class, and so our calibration results can be interpreted as the worst-case or most pessimistic

scenario.

Probability of acceptance in the algebraic example The algebraic example presented
in section implies that researchers in the optimal solution choose journal ¢, for which the
probability of acceptance equals 1. This feature of the model is a by-product of the specific form
of the probability of acceptance function given by . Figure |3[ makes it clear that there is a
kink at ¢ for each ¢p(¢,a) so that researcher a = ¢ is the lowest-ability researcher for whom
p(¢,a) = 1. We can relax this assumption by allowing for the possibility that a paper can
be rejected no matter how high the researcher’s level of ability is. This can be done without
departing from the tractable piece-wise linear form of p(¢,-). We can replace p(¢, -) given by
by p*(¢,-) = (p(¢,-) for some ¢ < 1. The optimal solution does not change, and the only change

is that the objective function value at the optimal solution is reduced by (.

C Data and robustness analysis

C.1 Data

In the empirical investigation, we applied data from four rating lists:

1. Rating for economics and management journals published by Centre National de la Recherche
Scientifique, France, abbreviated as CNRS; https://wuw.gate.cnrs.fr/IMG/pdf/categorisation37_
liste_juin_2020-2.pdf.

2. Rating for economic and business journals Academic Journal Guide, published by the
Chartered Association of Business Schools in the UK, abbreviated as AJG; see https:

//charteredabs.org/academic- journal-guide-2021/.

7


https://www.gate.cnrs.fr/IMG/pdf/ categorisation37_liste_juin_2020-2.pdf
https://www.gate.cnrs.fr/IMG/pdf/ categorisation37_liste_juin_2020-2.pdf
https://charteredabs.org/academic-journal-guide-2021/
https://charteredabs.org/academic-journal-guide-2021/

3. Official ratings published by the Ministry of Education and Science in Poland for two
disciplines: economics & finance, and management, combined together, abbreviated as

PL; https://czasopisma.webclass.co/.

4. For the A and B economic journals list from the US we used a list of 71 journals grouped

into four classes of A+, A, A- and B+:

e Class A+ contains top 5 general-interest journals,

e Class A contains 17 top major-field journals: J Econ Theory, J Econometrics, J Labor
Econ, J Monetary Econ, Game Econ Behav, AEJ Macro, Rand J Econ, Econ Theor,
J Public Econ, Theor Econ., Rev Financ Stud, AEJ Micro, J Int Econ, J Financ
Econ, Quant Econ, AEJ Applied Econ, AEJ Policy and 4 general-interest journals:
Int Econ Rev, The Econ J., J. Euro Econ Assoc, Rev Econ Stat,

e Class A- contains 4 general-interest/survey journals: Euro Econ Rev, J. Econ Lit.,
J. Econ Persp., Brookings Pap Econ Activity and 7 major-field journals: J Bus Econ
Stat, J Applied Econometrics, J Hum Resource., Rev Econ Dyn,, J. Econ Growth, J.
Money Credit Banking, J. Econ Dyn Control,

e (Class B+ contains 5 general-interest journals: J. Econ Behav Org, Scand J. Econ.,
Canadian J Econ., Econ Inquiry., Oxford Econ Papers and 29 field journals: J Env
Econ Mgmt, Experim Econ, J Risk Uncertainty, J. Urban Econ, Int J Game Theory,
J Econ Geogr, J. Econ Mgmt Strat., J. Ind Econ., Int J. Ind Org, J. Math Econ., J.
Dev Econ, Ecolog Econ, Soc. Choice Welfare, J. Public Econ Theory, J. Health Econ.,
Amer J. Ag Econ, J. Econ History, J. Law Econ Organ, J Law Econ., Public Choice,
J Bank Fin, Land Econ, Oxford Bull Econ Stat., Econometric Theory, Econometrics
J., Expl. Econ Hist, Quant. Marketing Econ., Reg. Sci Urban Econ., Health Econ.

All these ratings give titles and bibliographical characteristics (ISBNs and e-ISBNs) and ranks
or classes for each journal. We matched the journals with the corresponding JIMs obtained from
external sources. For SNIP, we used data from https://www.elsevier.com/authors/tools-
and-resources/measuring-a-journals-impact/. For RIF, we used data from Konig et al.
(2022). Table gives the main characteristics of the rating lists and their matchings with

JIMs. The total number of journals might be slightly smaller than that reported in the original
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Table B1: Journals ratings and JIMs

Scheme Class No. Jrn No of jrn with JIM>0

RIF SNIP
CNRS 1 107 69 104
2 193 85 158
3 303 68 228
4 231 23 149
Total 834 245 639
AJG 4% 43 9 40
4 93 27 83
3 262 87 215
2 301 74 252
1 106 9 85
Total 805 206 675
PL 200 146 36 131
140 359 63 306
100 587 73 465
70 924 84 731
40 904 50 647
20 1585 13 850
Total 4505 319 3130
US A+ 5 5 5
A 21 21 21
A- 11 11 11
B+ 34 34 34
Total 71 71 71

sources, as there were a few cases where we could not clearly identify journals due to duplications,

improper issns or e-issns, or similar.

C.2 Robustness analysis

We analyze the robustness of results presented in Figure 5] We only consider two schemes, AJG
Business and US econ, for better visibility. Figure presents how the induced distribution
changes with the slope parameter £ (panel a), the cutting percentile k£ (panel b), and the RIF
confidence intervals reported in Konig et al.| (2022)) (panel ¢). To obtain intervals for the induced
distribution in the case of the RIF confidence intervals, we repeated the same analysis that we

did for ¢, defined as the mean RIF value, with ¢ defined first as the minimum and then as the



maximum RIF value. The different parameter values shift the distribution, but they preserve
the order of the AJG and US distribution quantiles. This means that our comparative results
for different reward schemes and populations are remarkably robust to the choice of parameter

values.
Figure B1: Robustness analysis. The values on the horizontal axis are given by +/a.

08r

061

’
04

- === AJG Business k=10

AJG Business k=20

---------------- AJG Business k=30 | 1

US Econ listk=10

US Econ list k=20

---------------- US Econ list k=30
|

02 4

Y4
0 [l 743 1 L L
0 0.2 0.4 0.6 0.8

(b) Different k

(a) Different &

08 = B

06 Y
[ ey

L f
o4t /[ K/

0.2"

AJG Business
US Econ list

0.2

0.4

06

0.8 1

(c) RIF intervals

We also repeated the analysis of the four journal rating schemes for economics and manage-
ment for ¢ defined as the SNIP value instead of the RIF. Unlike the RIF, the SNIP data are
in principle available for most journals that operate globally. Thus, instead of defining J as all
journals with a RIF index, we define the set of journals J? as the journals that are assigned a
class by the scheme g € {CNRS, AJG, ABDC, PL}. Some of these journals do not have SNIP
values, though this is usually a small fraction. We assign those journals a SNIP value of zero.

We are aware that some of these journals are good quality new journals, but they represent only
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Figure B2: Induced distributions computed for four economics and management journal
ratings using SNIP. The values on the horizontal axis are values of a
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a small fraction of the journals with a zero SNIP, and therefore they cannot significantly bias the
overall quality assessment. For each j € J?, we set ¢(j) equal to the SNIP value of j, whenever
it exists, normalized by the highest SNIP value in the dataset, which is that of Quarterly Journal
of Economics, and zero otherwise. We set the parameter values of the slope as £ = 2 and cut
percentile as k = 25. Figure presents the induced CDFs for the four reward schemes.

The results are similar to those in Figure[5] though the number of journals taken into account
is significantly different for some reward schemes. The PL scheme for example covers 1967
journals, all of which were members of JF¥ in the SNIP analysis, and 1308 of which had a non-
zero SNIP assigned. In contrast, there are only 319 journals in the J set in the RIF analysis
(see Table for complete statistics). This implicitly means that many journals in the SNIP
analysis are average-quality journals, whereas those in the RIF dataset are of better quality.
Consequently, the RIF analysis focuses on the population of researchers publishing in journals
that are included in the RIF database, whereas the SNIP analysis focuses on the whole population
of researchers, including those publishing in some lesser-known local journals. Differences are
of course also caused by different definitions of the journal quality index. Particularly so in
the subset of journals assigned non-zero values by both RIF and SNIP, as the Spearman rank

correlation between them is 0.72, and in the subset of journals assigned a RIF measure it is 0.56.
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