@° PLOS | ONE

Check for
updates

G OPEN ACCESS

Citation: Wong TE, Srikrishnan V, Hadka D, Keller
K (2017) A multi-objective decision-making
approach to the journal submission problem. PLoS
ONE 12(6): e0178874. https://doi.org/10.1371/
journal.pone.0178874

Editor: Christos A. Ouzounis, Centre for Research
and Technology-Hellas, GREECE

Received: March 15, 2017
Accepted: May 20, 2017
Published: June 5, 2017

Copyright: © 2017 Wong et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: The journal data set
is available from Salinas and Munch (2015; DOI:
10.1371/journal.pone.0115451; their S1 Table). All
model and analysis codes are available at [https:/
github.com/tonyewong/paperpointer].

Funding: This study was supported by the
Pennsylvania State University Center for Climate
Risk Management. The funders had no role in
study design, data collection and analysis, decision
to publish, or preparation of the manuscript. There
was no additional external funding received for this
study.

RESEARCH ARTICLE
A multi-objective decision-making approach
to the journal submission problem

Tony E. Wong'®*, Vivek Srikrishnan®®, David Hadka®, Klaus Keller'"*°

1 Earth and Environmental Systems Institute, Pennsylvania State University, University Park, Pennsylvania,
United States of America, 2 Department of Energy and Mineral Engineering, Pennsylvania State University,
University Park, Pennsylvania, United States of America, 3 Department of Computer Science and Engineering,
Pennsylvania State University, University Park, Pennsylvania, United States of America, 4 Department of
Geosciences, Pennsylvania State University, University Park, Pennsylvania, United States of America,

5 Department of Engineering and Public Policy, Carnegie Mellon University, Pittsburgh, Pennsylvania, United
States of America

@® These authors contributed equally to this work.
* twong @psu.edu

Abstract

When researchers complete a manuscript, they need to choose a journal to which they will
submit the study. This decision requires to navigate trade-offs between multiple objectives.
One objective is to share the new knowledge as widely as possible. Citation counts can
serve as a proxy to quantify this objective. A second objective is to minimize the time com-
mitment put into sharing the research, which may be estimated by the total time from initial
submission to final decision. A third objective is to minimize the number of rejections and
resubmissions. Thus, researchers often consider the trade-offs between the objectives of (i)
maximizing citations, (ii) minimizing time-to-decision, and (jii) minimizing the number of
resubmissions. To complicate matters further, this is a decision with multiple, potentially
conflicting, decision-maker rationalities. Co-authors might have different preferences, for
example about publishing fast versus maximizing citations. These diverging preferences
can lead to conflicting trade-offs between objectives. Here, we apply a multi-objective deci-
sion analytical framework to identify the Pareto-front between these objectives and deter-
mine the set of journal submission pathways that balance these objectives for three stages
of a researcher’s career. We find multiple strategies that researchers might pursue, de-
pending on how they value minimizing risk and effort relative to maximizing citations. The
sequences that maximize expected citations within each strategy are generally similar,
regardless of time horizon. We find that the “conditional impact factor"—impact factor times
acceptance rate—is a suitable heuristic method for ranking journals, to strike a balance
between minimizing effort objectives and maximizing citation count. Finally, we examine
potential co-author tension resulting from differing rationalities by mapping out each re-
searcher’s preferred Pareto front and identifying compromise submission strategies. The
explicit representation of trade-offs, especially when multiple decision-makers (co-authors)
have different preferences, facilitates negotiations and can support the decision process.
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Introduction

Researchers often face the decision problem of where to submit a manuscript. In addition to
potential professional benefits, the quick publication of papers where they are likely to be
widely read improves the public good obtained by the generation and dissemination of scien-
tific knowledge.

Some authors and institutions focus on the impact factor of the journals in which a re-
searcher publishes as a measure of the reach of the researcher’s work [1,2]. This is motivated
by the fact that a journal’s impact factor is intended to correlate with the average number of
times per year a paper in a given journal is cited [3]. The use of impact factors is often criti-
cized, however. For example, impact factor is a journal-level metric, not author-level, so their
usefulness for evaluating the productivity of an individual researcher is limited [2,4]. Addition-
ally, impact factors fail to take into account numerous non-citation considerations in deter-
mining an author’s scientific reach (such as social media activity, media interest, page and
article views, influence in policy documents and general interest outside the core scientific
community) [4,5]. Impact factors also tend to overemphasize a small number of highly-cited
papers [6] and they do not compare well across disciplines due to different field characteristics
such as size and publication rates [1,6-9]. Nevertheless, impact factors are often viewed as a
rough estimate of the expected number of times an article in a given journal will be cited in
other peer-reviewed work in a one-year period. We—noting the caveats listed above—follow
the example set by previous work and use impact factor as an estimate of how influential a
paper is likely to be when published in a particular journal [10]. We discuss this assumption
further in Methods.

However, researchers may not only select journals to maximize the potential impact of a
publication. Researchers may also seek to minimize the time length of the review process (as
well as the frustrations and extra time commitments stemming from multiple revisions and
resubmissions), helping to ensure that new knowledge reaches its audience as quickly as possi-
ble. The “journal submission decision” problem was introduced by ref. [11] and more recently
formalized and expanded along these lines [10]. In this framework, the researcher(s) must
select a sequence of journals to which to submit the manuscript. This submission decision
problem features multiple objectives, including: (i) the expected number of citations the article
to-be-submitted will accumulate over a given time horizon (ii) the expected number of (rejec-
tions and) resubmissions; and (iii) the expected length of time from submission to acceptance
[10]. The submission decision problem was expanded by ref. [12], who incorporated a repre-
sentation of the uncertainties and complications inherent in the process of ranking journals
beyond impact factor.

Complex decision problems often feature deep, or Knightian, uncertainties, in which deci-
sion-makers cannot agree on the set of possible outcomes, the consequences of those out-
comes, and/or the associated probability distributions [13-15], as well as multiple decision-
maker rationalities [16]. For example, the trade-offs between objectives for co-authors on the
same manuscript may not always be aligned due to the co-authors’ different career stages. The
co-authors may also have conflicting prior assumptions regarding the probability that their
manuscript will be “scooped” (that is, a journal article of similar scope is published prior to
their manuscript being accepted for publication, potentially reducing the novelty and impact
of the manuscript). This perceived “scooping” probability is an example of a deeply uncertain
parameter even for the single-author case, as it is mostly based on (often diverging) subjective
estimates. Furthermore, differing objectives and prior assumptions between authors illustrate
the importance and difficulty of balancing multiple decision-maker rationalities. Previous
analyses of the submission decision problem have illustrated the development of optimal
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submission strategies for a single researcher, but has been silent on the issues of (i) finding
strategies to compromise between the interests of multiple decision-makers and (ii) the
impacts of deeply uncertain factors in the decision problem [10,12,17].

Here, we expand upon previous studies and offers a formal method to navigate the con-
cerns that result from deep uncertainty and multiple decision-maker rationalities. We employ
a Many-Objective Robust Decision-Making (MORDM) approach, using a set of tools designed
to inform decision-making through transparency [18]. Decision-making in cases of deep un-
certainty can be informed by explicit and transparent representation of the trade-offs. This
representation can then help to identify solutions that are acceptable to the different decision-
makers that often have diverging preferences [19]. We evaluate the impacts of deeply uncertain
factors (e.g., perceived scooping probability). We focus on introducing the MORDM method-
ology to the journal submission decision problem and demonstrating how to discover and
navigate the tensions brought on by deep uncertainty. A full Many-Objective Robust Decision-
Making approach would include a “stress test” of the proposed submission strategies to dis-
cover scenarios in which the strategies might perform poorly. This is beyond the scope of this
study, although we note that recent work has proposed and demonstrated a framework for
endogenizing the “scenario discovery” within the MORDM approach [20]. We explicitly rep-
resent the trade-offs inherent in the submission decision process, and illustrate the impacts of
deep uncertainties such as contrasting co-author views of the probability of their manuscript
being scooped and the length of time needed to make revisions. This quantitative formulation
of the journal submission decision problem, both in the present work and as it was originally
formulated [10], is accompanied by many caveats, and should not be taken as a blanket endor-
sement of one journal or set of journals or a prescription of a particular submission sequence.
However, we defer additional discussion of these caveats until the section Discussion and
Caveats.

Methods
Representing the journal submission decision problem

We adopt as a starting point the insightful model of the journal submission decision problem
described in ref. [10]. In this model, a researcher has finished a manuscript and must decide to
which journal to submit. This decision, when viewed as an optimization problem, can have
many objectives. We focus here on three objectives: (i) maximize the expected number of cita-
tions the paper will accrue over a fixed time period; (ii) minimize the expected number of
times the manuscript will be rejected (and consequently revised and resubmitted); and (iii)
minimize the expected amount of time from initial submission to final acceptance (or rejec-
tion, in the event that the manuscript has been rejected from all journals to which it was sub-
mitted). The following problem formulation is based on ref. [10], with several modifications
described below. We provide an overview of the problem set-up and key equations. A detailed
mathematical construction of the model is provided in greater detail in Supplementary Text.

Let T represent the time horizon over which the researcher wishes to maximize citations. T
might be the duration of a postdoctoral appointment (say, three years) for a junior researcher
who is interested in applying for tenure-track jobs. Alternatively, T could represent the time
until a final decision is made regarding tenure (say, seven years), or the projected remainder of
a tenured researcher’s career (say, 20 years).

The impact factor (IF) of a journal is calculated as
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where Q is the number of citations in the current year to items published in the journal the
previous two years and M is the number of items published in the journal during the same two
years [3]. Let g; represent the number of citations in the current year to items published in the
previous two years for publication i = 1, 2, . .., M in the journal in question, where i enumer-
ates the items published in the journal over the previous two years. Then Eq (1) becomes

1
IF = Mz,ﬁ]% (2)

which is the mean number of citations in the current year for an item published in the journal
during the past two years. In light of the lack of journal-specific data regarding a probability
distribution for the number of citations per article per year, we use the impact factor as a point
estimate for the expected value (in the mean sense) of the number of citations per year for an
article published in that journal. Furthermore, we make the assumption that the impact factor
remains constant over the time period considered, which is almost certainly not the case in
reality.

Let an enumeration of journals be indexed by j, and suppose the authors of a manuscript
only intend to submit to N journals total. Suppose the authors intend to submit the manu-
script, in order, to journal j=1, 2, ..., N. Let o, Aj, and 7; denote the acceptance rate, expected
number of citations for an article in the journal over the course of a year, and the expected
time from submission to publication for journal j, respectively. Let s denote the probability
(per day) of an article being scooped and tz denote the time (in days) required to make revi-
sions and resubmit a manuscript. Following previous work, we adopt the assumption that a
manuscript that has been “scooped” is essentially worthless and receives no citations, and that
the probability of being scooped is constant in time [10]. As in previous work [10], the per-
ceived probability of scooping (s) is a function of the preferences and perceptions of the indi-
vidual decision-makers. Different fields, research topics, and decision-maker perceptions will
suggest higher or lower values for s are appropriate for different applications. Decision-makers
may want to examine the cumulative probability of scooping, (1-s)* (where ¢ is time in days), to
decide what values of s are realistic for their application. The total probability of a manuscript
being rejected from all N journals in a submission sequence is

p,=1- Zjilaj (1 —a)(1— )™ 3)

Thus, the total probability of acceptance at a journal in the submission sequence is 1-p,. We
include this in the results as a quantity to help navigate trade-offs, but do not include it explic-
itly as an objective because the acceptance rate for each journal is included in the other objec-
tives. The expected number of citations for the manuscript is then

C= Zjilaj;“j[T —( ];::1171') -(- 1)tR]+ ]1;11(1 — o) (1 - S)TkﬂR +p, %0, (4)
where the superscript + on the term in square brackets in Eq (4) implies that negative values
should be replaced with zero. The p,*0 term in Eq (4) accounts for the fact that a manuscript
which has been rejected N times earns zero citations. In practice, authors may submit such a
manuscript to journals with subsequently higher acceptance rates to reduce the probability of
overall rejection, rather than worrying about citations.

There are several simplifying assumptions in the formulation of Eq (4). First, the impact
factor of each journal is assumed to be constant over the time horizon. Second, the “impact” of
a paper is time-invariant: the rate of citations does not change with time. Finally, as a conse-
quence of the available data, we assume that the time a paper is under review at a particular
journal is precisely the mean time for that journal.
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The expected total number of submissions of a manuscript is

R =320 o[ T [(1 = o) (1= )"
+jmax(1 - jmﬂla ]k;ll[(]‘ - OCk)(]' - S)Tk+[R])7

=1 %

(5)

where j,,.x is the expected maximum number of submissions within the time horizon T along
a given submission sequence. That is, j,... is the largest index j along the submission sequence
such that the following expression is true.

T - Z];:ffi - (] - 1>tR >0 (6)

The formulation of Eq (5) differs from that in ref. [10], in that we limit the maximum num-
ber of submissions based on the expected revision and review time of the proposed journal
submission sequence instead of using a Heaviside function to assign zero probability to sub-
mission numbers exceeding the time limit.

The expected total time spent under review along a given journal submission sequence is

P = 3oy (30 T+ (= D)L — o) (1= )"

j=17j

o min (T, 75, 4 (e — Dt (1= o IT (1 = ) (1 - 7).

j=1 7]

(7)

This can be interpreted as the expected time until the final decision, which occurs at one of
three points: (i) acceptance by one of the N journals, (ii) rejection by all N journals, or (iii)
expiration of the time horizon before the manuscript could be accepted. This time includes
the manuscript revision time t; between each resubmission. If the time horizon T expires
before the review process can be completed at all N journals along the submission sequence,
then the final decision occurs at time T. The parameters s, tp, and T are considered uncertain
factors that depend on the perspectives and preferences of the authors of the manuscript.

The quantities oy, A, and 1, are properties of the journals to which the manuscript might be
submitted.

Data

The model of Eqs (4), (5) and (7) requires the mean acceptance rate (o), impact factor (&),
and mean time from submission to final decision (1;) for each potential journal the researchers
might submit to. We use the data set from ref. [10], which permits a transparent comparison
of methodologies from that work and the results presented here. This data set contains the
required information for a set of 61 journals that either specialize in Ecology or are general
journals that publish ecological research. The data set spans a wide range across the impact fac-
tor spectrum and is available from ref. [10] (see S1 Table in [10]).

In the original formulation [10], Eq (4) is normalized to ensure that the probability of being
accepted to a particular journal forms a probability distribution. This normalization implicitly
assumes that the manuscript will be accepted to one of the journals along the sequence (i.e., p,
=0). When all 61 journals in the data set are included in each submission sequence, this is a
reasonable assumption; the probability of being rejected from all 61 journals is about 2x10™"°
(neglecting scooping). Here, we consider only journal submission sequences of length N = 5.
This parameter choice reflects the authors’ experience that many researchers try to limit the
number of revisions and resubmissions. As a (convenient) side effect, this choice also keeps
the computational demands within a reasonable scale. With this assumption, there is a non-
negligible chance that a manuscript will be rejected from all five journals in a given submission
sequence.
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relationships (R) and the performance metrics (M) in the formulation of the journal submission decision problem [10].

https://doi.org/10.1371/journal.pone.0178874.9001

XLRM framework

The “XLRM” framework is a simple approach to synthesize the formulation of a decision anal-
ysis [21] (Fig 1). This framework casts the decision problem in terms of external factors that
the decision-maker must take into account in the decision process (X), levers the decision-
maker may manipulate that constitute the actual “decision” (L), the system relationships (R),
and the performance metrics on which the optimality of the decision is based (M).

In our formulation of the journal submission decision problem, the external factors consist
of the journal-specific data (acceptance rates (o), impact factors (A;), and time-to-decision
(17)), the scooping probability (s), the time horizon (T) over which the decision-maker wishes
to accrue citations, and the time needed to make manuscript revisions (tz). The scooping prob-
ability, time needed to make revisions, and time horizon are uncertain factors that may vary
from researcher to researcher. The decision lever in this problem is the chosen ordered se-
quence of N journals to which to submit the manuscript. The performance metrics are the
three objectives of maximizing citations, minimizing time in review, and minimizing the num-
ber of submissions (Eqs 4, 5 and 7, respectively).

Multi-objective decision-making

Choosing a strategy in the face of multiple objectives often requires the navigation of trade-
offs among the objectives. In other words, different solutions may perform better than others
with respect to particular objectives. For these types of problems, decision-makers are often
interested in characterizing the entire set of solutions that are non-dominated—that is, for
which no other solution performs better across all objectives (an improvement in one objective
requires a deterioration in another) [22]. Non-dominated solutions are also called Pareto-opti-
mal, and the set of objective values corresponding to Pareto-optimal solutions is the Pareto
front [22]. The identification of the Pareto front prior to decision-making allows decision-
makers to explore preferred solutions based on an understanding of the relevant trade-offs.
This form of optimization is known as a posteriori decision-making (as opposed to a priori
decision-making, in which preferences are specified prior to the optimization process) [23].
For even relatively simple problems, it can be computationally intractable to enumerate all pos-
sible solutions to find the “true” Pareto front. In this relatively stylized example, there are over 700
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million possible permutations of five journals out of the total set of 61 journals; direct identifica-
tion of the exact Pareto front would involve simulating all of these permutations and comparing
their objective values. While technically still feasible (but arguably cumbersome) in this case, we
apply a method to identify high-quality approximations of the Pareto front. One class of these
computational methods are Multi-Objective Evolutionary Algorithms (MOEAs) [23,24]. These
algorithms utilize a population-based search to identify an approximate Pareto front. For this
work, we use the NSGA-II (Non-Dominated Sorting Genetic Algorithm-II) MOEA, which uses
the Pareto-dominance relation to search the lever space for Pareto-approximate solutions [25].
We examine the number of function evaluations required by the MOEA employed here as well as
the Metropolis algorithm used by ref. [10] in order to discover the approximate Pareto front.

In the face of deep uncertainties, MOEAs can be combined with methods from robust deci-
sion-making to form the Multi-Objective Robust Decision-Making (MORDM) framework
[18,24,26]. Solutions from the Pareto front are tested against various states of the world to
identify regions of the parameter space where the solution performs “poorly,” as defined by
the decision-maker. While we do not fully utilize the power of the MORDM framework here,
our analysis can be extended to examine how select submission sequences cope with uncertain
time horizons, revision times, and scooping probabilities. To illustrate this in a limited fashion,
we demonstrate the consequences of multiple decision-maker rationalities, where different
decision-makers have different beliefs or preferences. In particular, we consider the case of a
collaborative paper between a junior author (for example, a Ph.D. student) and a senior author
(say, this Ph.D. student’s advisor). We determine the approximate Pareto front for each co-
author based on their preferred time horizon. A more complex approach, which we do not
employ here but is an interesting avenue for future study, is to include both researchers’ objec-
tives explicitly in the same multi-objective optimization formulation.

Results
Performance comparison

First, we compare the approximate Pareto front from the original Metropolis algorithm-based
method [10] with the MOEA-based method outlined here in Methods for a varying number of
function evaluations (Fig 2). For these experiments, we use a time horizon of T' = 3 years, a
scooping probability s = 0.001, and revision time ¢z = 30 days. The NSGA-II algorithm finds
the basic shape of the approximate Pareto front within 10* function evaluations (Fig 2A). By
contrast, the Metropolis algorithm requires about 10” function evaluations to converge to a
similar approximate front. Even with 10” function evaluations, several solutions on the
Metropolis front are dominated by solutions on the NSGA-II front, suggesting that the
NSGA-II algorithm outperforms the Metropolis algorithm in this case.

Visualization and navigation of multi-objective trade-offs

The overall geometry of the approximate Pareto front is mostly invariant with respect to the
time horizon (Fig 3). This is because the expected total time under review along the approxi-
mate Pareto front remains between about 50 to 250 days for the 3-, 7- and 20-year time hori-
zons. This leaves more time for citation accumulation than is spent under review, even for the
relatively short 3-year horizon. Similarly, the expected number of submissions (Fig 3, dot size)
ranges from just over one to under four submissions, also regardless of the time horizon. How-
ever, the maximum number of expected citations scales approximately with the number of
years in the researcher’s time horizon. The Pareto-approximate sequences appear in clusters
roughly organized by the first journal in the sequence. Sequences with low-submission counts,
review time, and expected citation sequences typically begin with Polar Record. Sequences with
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https://doi.org/10.1371/journal.pone.0178874.g002

high citation counts typically begin with Ecology Letters. Finally, submission sequences with
moderate citation counts, time in review, and numbers of submissions begin with either PLOS
ONE or Molecular Ecology Resources, depending on the balance between the “effort” metrics of
review time and submissions versus the citation count. Note that despite this tendency for the
approximate Pareto front to be organized by the first journal, the subsequent journals in each
approximately Pareto-optimal submission sequence can vary substantially, illustrating the
importance of examining the entire sequence. For these results, we use the MOEA-based
approach with 107 function evaluations, scooping probability s = 0.001 and revision time ¢ =
30 days, unless otherwise stated.

Journal submission strategies. We find three distinct regions that represent different
strategies a researcher could follow in submitting a manuscript (Fig 3). We select the bound-
aries between these regions to roughly correspond to the position of the inflection points on
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the citation count versus time under review Pareto front. The three strategies are: (i) the “Effi-
cient Strategy” (no fewer than 50% of the maximum expected citations and less than 100 days
expected under review); (ii) the “Compromise Strategy” (at least 67-70% of the maximum
expected citations and no more than 150 days under review); and (iii) the “Citation-Maximiz-
ing Strategy” (at least 95% of the maximum expected citations). The shaded boxes in Fig 3A,
3B and 3C depict these strategies for junior (T = 3 years), tenure-seeking (T = 7 years), and ten-
ured (T = 20 years) researchers.

The Efficient Strategy aims to balance the effort the researcher must dedicate to revisions
and resubmissions, while pushing the expected citation count as high as possible before the
upwards inflection in expected time under review (seen in Fig 3A at about 13 citations). The
Efficient Strategy typically requires half the time under review of a Citation-Maximizing Strat-
egy. The Compromise Strategy also avoids the steep increase in expected review time that
accompanies a Citation-Maximizing Strategy. The expected number of submissions is less
than two for all Pareto-approximate submission sequences following an Efficient Strategy, and
less than three for the Compromise Strategy. The increased number of submissions and long
review time relative to a 3-year time horizon may make the Citation-Maximizing Strategy less
attractive than Efficient or Compromise to the junior researcher, in light of the small number
of additional citations to be gained within their time horizon relative to alternative strategies.
The longer time horizons of the senior researchers provide the flexibility to pursue higher cita-
tion counts, particularly as the potential benefits from more expected citations is larger than
for the junior researcher (Table 1). This effect is highlighted by examining expected citations
per year for each researcher (expected citation count normalized by the time horizon; Table 1).

We identify submission sequences for each researcher that maximize the number of cita-
tions under each of the three submission strategies (Table 1). These sequences generally feature
the same set of journals, though there are some differences in the order in which they appear.
It is perhaps surprising that the sequences that maximize citations within each strategy are
quite similar across time horizons: aside from the Compromise Strategy, the first two journals
in each set of sequences are identical, and the remaining journals are rearranged or are
replaced by journals with similar characteristics. The overall Citation-Maximizing Strategies
for all three researchers start by submitting to Ecology Letters, then to Science, and PLOS ONE
last. That Ecology Letters appears before Science is likely a result of the higher acceptance rate
and faster review time of the former. The Compromise Sequence is also quite similar, though
it appears to be more optimal for the researcher with a 3-year horizon to submit to the higher-
impact factor Ecology Letters before Molecular Ecology Resources, while the researchers with
longer horizons should submit to Molecular Ecology Resources first. Numerically, this is likely
related to PLOS ONE, with a high acceptance rate and fast review time, being the third journal
in the 3-year horizon sequence rather than the fourth. We stress that the sequences presented
in Table 1 neglect the effects of varying manuscript quality and content. These considerations
may be examined, for example, by reducing the pool of journals to only those where the manu-
script is appropriate based on content and quality.

Explicit representation of trade-offs. There are strong trade-offs between the citations
objective and each of the two effort objectives, depending on the submission strategy pursued
(Fig 4). These trade-offs follow approximately the same shape, where the only difference is that
longer researcher time horizons allow for proportionally higher maximum citation counts. In
the parallel axis plots shown in Fig 4, each line corresponds to a different journal submission
sequence found to be Pareto-approximate for that researcher. Trade-offs between objectives
are represented as intersections between solutions from one objective’s axis to the next. This
illustrates how a high performance along one objective (near the top of that objective’s axis)
might come at the cost of low performance along another objective (near the bottom of the
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Table 1. Submission sequences to maximize citations under each strategy.

Citation-Maximizing

Strategy

Compromise Strategy

Efficient Strategy

Time
horizon
3years

7 years

20 years

3years

7 years

20 years

3years

7 years

20 years

Submission
sequence

. Ecol Lett

. Science

. Mol Ecol Resour
. Ecol Monogr

. PLOS ONE

. Ecol Lett

. Science

. Ecol Monogr

. Mol Ecol Resour
. PLOS ONE

. Ecol Lett

. Science

. ISME J

. Mol Ecol Resour

PLOS ONE

. Ecol Lett

. Mol Ecol Resour
. PLOS ONE

. Biotropica

. Evol Ecol

. Mol Ecol Resour
. Ecol Lett

. Ecol Monogr

. PLOS ONE

. J Evol Biol

. Mol Ecol Resour
. Ecol Lett

. Ecol Monogr

. PLOS ONE

. Biotropica

. PLOS ONE

. Ecol Lett

. Mol Ecol Resour
. ISME J

. Ecol Monogr

. PLOS ONE

. Ecol Lett

. Ecol Monogr

. ISME J

. Mol Ecol Resour
. PLOS ONE

. Ecol Lett

. Mol Ecol Resour
. ISME J

. Ecol Monogr

https://doi.org/10.1371/journal.pone.0178874.t001

Expected
citations

6.4y

7.0y

7.4y"

55y

59y

6.0y

43y

45y

46y

Expected
submissions

3.8

3.8

3.8

2.9

2.9

2.9

1.9

2.0

1.9

Expected time under
review

251.7 days

251.7 days

268.0 days

149.0 days

149.5 days

148.1 days

94.2 days

95.7 days

94.2 days

Acceptance
probability

0.728

0.728

0.716

0.840

0.833

0.841

0.873

0.871

0.873

other objective’s axis). In our three-objective formulation of the journal submission decision
problem, the three-dimensional approximate Pareto fronts of Fig 3 are readily interpretable.
In higher dimensions, however, a graphical representation of all objectives becomes more

complex. For example, we might also consider publication costs as an additional objective to
minimize, resulting in a four-dimensional Pareto surface.
For all three researchers, Efficient and Citation-Maximizing submission sequences that per-
form well on expected citations (i.e., near the top of the axis) tend to perform poorly in
expected number of submissions and time in review, and vice versa. This demonstrates a
strong trade-off between the expected number of submissions (and time in review) and the
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Fig 4. Visualizing multi-objective trade-offs. Parallel axis plots for the (a) junior researcher (T = 3 years), (b) tenure-seeking researcher
(T=7 years) and (c) tenured researcher (T = 20 years). Each vertical axis represents one of the three objectives, with the best simulated
values at the top. Each horizontally-oriented shaded region represents a different journal submission strategy and bounds the range of
Pareto-approximate solutions for that strategy. Red follows Citation-Maximizing Strategies, blue follows Efficient Strategies (moderate
citations and fast publication) and green follows Compromise Strategies. The bold solutions denote the maximum-citation sequence within
each strategy.

https://doi.org/10.1371/journal.pone.0178874.g004

expected number of citations (Fig 4, central and left-most axes). There is little trade-off
between the “effort objectives” of expected total time under review and expected number of
submissions (Fig 4, center two axes). As expected, Citation-Maximizing Strategies have the
lowest total probability of acceptance, while Efficient Strategies tend to have the highest. That
there are some Efficient Strategies with lower total acceptance probabilities than some Com-
promise Strategies, with no analogous trade-offs on the citation axis, may indicate that those
Efficient solutions should be ranked lower than the higher-acceptance probability Compro-
mise solutions, though this depends on the preferences of the researcher with regard to the
effort objectives.
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A heuristic rule to develop a compromise strategy. It may be counterintuitive that Sci-
ence, the journal with the highest impact factor in the data set (31), does not appear as the first
submission option for any of the Citation-Maximizing sequences depicted in Figs 3 and 4.
Indeed, the strategy of submitting to a high-impact factor journal first, then subsequently lower
impact factor journals as a manuscript is rejected, is commonly used in practice [27]. To under-
stand why this strategy might be suboptimal, we order the journals in the data set according to
their impact factor multiplied by their acceptance rate (which we call the “conditional impact
factor”). Then the top five journals are: PLOS ONE (2.82), Molecular Ecology Resources (2.60),
Ecology Letters (2.23), Ecological Monographs (2.18), Science (2.17). This metric expresses the
expected number of citations per year for an article published in a particular journal, conditioned
on the probability that the article will be accepted for publication in that journal. Conditional
impact factors may be more appropriate for finding compromise solutions than the raw impact
factors because this metric considers the fact that a manuscript that has been rejected accrues
zero citations. The three journals with the highest conditional impact factors are the first submis-
sion journals for the majority of Pareto-approximate sequences in Fig 3, and Ecological Mono-
graphs and Science are common later options for submission. Of course, pursuing a submission
strategy wherein a manuscript rejected from lower-impact factor journals is subsequently sub-
mitted to higher-impact factor journals is counterintuitive to most researchers (including the
authors), but has been observed by the authors in some cases. One can interpret these results as
an indication of the importance of publishing rapidly (fast review times and high acceptance
rates) relative to publishing widely (high impact factor). Thus, one heuristic approach for finding
submission sequences might be to select from the journals with the highest conditional impact
factor, with specific choices made to reflect preferences concerning increased raw impact factors
versus increased acceptance rates (for example, opting to begin with Molecular Ecology Resources
instead of PLOS ONE to increase expected citations at the cost of increased review time).

Multiple decision-maker rationalities lead to tensions. Consider a multiple author man-
uscript with a junior author (T = 3 years) and a senior author with tenure (T = 20 years). The
junior author might be a graduate student seeking to publish a chapter from her dissertation,
and her top priority is to strengthen her position on the job market. Meanwhile, her advisor
may want to bolster the overall impact by publishing in a high-impact factor journal. These dif-
ferent time horizons are an example of multiple decision-maker rationalities [16], which may
yield different Pareto-optimal solutions for each author. Our analysis shows, however, that the
overall strategies are comparable across researchers. This is due to the similar geometries of
the Pareto fronts with respect to the time horizon T. These strategies present options to still
publish on a relatively short time horizon (no more than five months)-rapidly enough from
an author’s job applications perspective-but can still substantially increase the citation count
for the senior author relative to an Efficient Strategy (Fig 3C).

Now consider the case of a graduate student who is approaching her Ph.D. defense, with a
research focus that is at the forefront of her field that is also quite crowded. This graduate stu-
dent may assume a relatively high scooping probability s = 0.005. In contrast, her tenured advi-
sor may differ in this assessment and, based on his publishing experience, adopts a probability
of being scooped of s = 0.001. Moreover, the junior author may be more pessimistic about the
amount of time required for revisions than the senior author. She assumes that each revision
can be expected to take tz = 45 days, while her advisor assumes z = 30 days.

The higher perceived probability of scooping (and thus accumulating zero citations) com-
presses her range of possible citation counts (Fig 5); the maximum expected citation rate for
the junior author is reduced from 6.4 citations per year (Table 1) to about 4.3 citations per
year (13 citations total). Thus, while the junior author could still be aggressive about citation-
seeking, the resulting Citation-Maximizing sequences carry with them a high perceived risk
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Fig 5. Multiple rationalities can lead to co-author tension. Pareto-approximate solutions for a scooping-
averse junior researcher (T= 3 years, s=0.005, tz= 45 days) in red and a less scooping-averse senior
researcher (T =20 years, s=0.001, tg = 30 days) in blue. The x-axis (expected citations) is plotted on a log
scale to highlight the different ranges of expected citations. The gold star in the lower-right corner indicates
the target direction for the displayed objectives.

https://doi.org/10.1371/journal.pone.0178874.g005

(of scooping or long review times) with a relatively low increase in reward (citations per year)
compared to sequences that might be classified as Efficient or Compromise solutions. For
example, using the review time cutoffs applied previously, the maximum expected citations
available under an Efficient solution (no more than 100 days under review) is about 10, while
under a Compromise solution (no more than 150 days under review), the maximum expected
citations is only slightly higher (10.7).

These different rationalities require discussion and compromise between the two decision-
makers, so that the senior author’s desire for maximum exposure can be reconciled with the
junior author’s aversion to being scooped. One approach is to look for common Pareto-
approximate submission sequences, though these may not always exist, requiring deviation
from the approximate Pareto front for one or more decision-makers. In this case, three
sequences are non-dominated for both researchers. These sequences and the values for each
objective for each researcher are given in Table 2, and are depicted in purple in Fig 5. The
shared sequences are generally similar, with the first two journals being some combination of
Ecology Letters and Molecular Ecology Resources, the third journal being Ecological Monographs,
and PLOS ONE occurring towards the end.
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These solutions come close to maximizing the expected citations for the junior researcher,
while the senior author can expect more than 75% of the maximum citations he could obtain
(indeed, the third sequence in Table 1 is classified as a Compromise solution by our previous
analysis). The junior author’s concern about revision time and scooping leads to longer
expected review times for her. Thus, from her perspective, these solutions may not be as ideal
as solutions with fewer expected citations but substantially less time under review and fewer
submissions. While the senior author may be reasonably confident of success in publishing
the manuscript in one of the journals (the acceptance probability from his viewpoint is over
81% for all three common solutions), the junior author may be more concerned about re-
ceiving five rejections (the maximum acceptance probability from her perspective is about
58%). However, these solutions can serve as a starting point for negotiations between the two
collaborators.

From the perspective of the conditional impact factor heuristic described earlier, the solu-
tions presented in Table 2 follow a similar ordering. The first three journals consist of three of
the top four (excepting PLOS ONE) conditional impact factors, and PLOS ONE is included as
the fourth or fifth journal in each of these compromise sequences. The positioning of Molecu-
lar Ecology Resources over Ecology Letters for two of the three sequences despite the latter’s
higher conditional impact factor reflects the decreased aggression in citation-seeking required
due to the junior author’s risk-averse preferences regarding revision time and scooping proba-
bility. If the junior author were more optimistic, we would expect to see Ecology Letters appear
first more frequently.

It may not always be the case that these compromise solutions occur across all of the collab-
orators’ Pareto-approximate sets, particularly as the number of coauthors increases. It may
also be the case that the compromise solutions still perform relatively poorly for certain co-
authors (for example, the junior author in our example may not be satisfied with overall accep-
tance probabilities below 60%). In this case, methods such as the Analytic Hierarchy Process
[28] may be used to formulate new objectives that combine the preferences of each stake-
holder. Another approach is to combine an MOEA optimization for a “typical” set of parame-
ter values with methods from robust decision-making to explore the robustness of sequences
to differing combinations of parameter values. The combination of multi-objective optimiza-
tion and robustness analysis forms the so-called Multi-Objective Robust Decision-Making
(MORDM) framework (17,23,25).

Table 2. Solutions that are Pareto-approximate for two authors.

Submission sequence Expected citations Expected submissions Expected time
under review

Junior author Senior author Junior author Senior author Junior author Senior author

. Ecol Lett 43y 6.4y 3.7 3.1 233 days 164 days
. Mol Ecol Resour

. Ecol Monogr

. PLOS ONE

. Biotropica

. Mol Ecol Resour 42y 6.4y 3.3 3.0 216 days 166 days
. Ecol Lett

. Ecol Monogr

ISME J

. PLOS ONE

. Mol Ecol Resour 41y 6.0y 3.2 2.9 200 days 148 days
. Ecol Lett

. Ecol Monogr

. PLOS ONE

. Biotropica

https://doi.org/10.1371/journal.pone.0178874.t1002
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Discussion and caveats

The analyses of submission decision problem, as the objectives are formulated here and in ref.
[10], are adorned with many caveats. For example, we assume that all manuscripts have equal
probability of acceptance at a given journal. Others have parameterized the acceptance proba-
bility as a function of the manuscript quality [29]. This is arguably more realistic, but requires
a subjective judgment that will differ for each manuscript. Due to the subjectivity of assessing
manuscript quality, it may be more appropriate to treat this as an uncertain parameter in a
robustness analysis, as described earlier. Additionally, not all manuscripts are appropriate for
all publication outlets. The considerations of manuscript quality and content could be incorpo-
rated by reducing the pool of journals to only those in which the manuscript in question could
reasonably be published [10]. Different co-author values for manuscript quality could also be
factored into this analysis through author-specific scale factors (between 0 and 1) that modu-
late the expected acceptance rate in Egs (2), (3) and (5). An optimistic author would set this
scale factor to one and a pessimistic author would set this factor less than one.

We do not intend to explicitly recommend that a researcher should follow some of the
Pareto-approximate sequences (e.g., from Tables 1 and 2). For example, some of the citation-
maximizing sequences submit to higher-impact factor journals after submitting to lower-
impact factor journals, which may seem counterintuitive to some researchers. Indeed, we have
observed that the Pareto-approximate sequences, even those that are aimed at maximizing
expected citations, tend to be ordered more by conditional impact factors than the raw journal
impact factors. Furthermore, the impact factor, acceptance rate, and time-to-decision data set
is from 2012 and is specific to Ecology [10], so decisions regarding contemporary strategies for
journal submission require consideration of the characteristics of the journals along the path-
ways recommended here. Additionally, researchers may decide to submit their manuscripts to
journals in a sequence based on qualitative considerations such as prestige [11], even though
these sequences may appear sub-optimal with regard to the quantitative metrics employed
here. While some of these considerations may be quantified and incorporated into the optimi-
zation procedure, researchers will likely need to make subjective judgments regarding other
factors after optimization.

The results presented here are intended to illustrate a framework for understanding the
trade-offs and the balancing of competing decision-makers’ interests that are inherent in the
journal submission decision problem. These methods show how a general understanding of
the trade-offs can provide insight into non-obvious ways to generate journal submission
sequences that balance researchers’ values (such as in Table 2), and illustrate the value in a pos-
teriori decision-making procedures such as those used in this work. Generating submission
sequences tailored to the preferences of a specific set of co-authors likely requires manual
inspection of the Pareto-approximate solutions presented here, even within a strategy set con-
sistent with the co-authors’ values. For example, the maximum-citation sequences in Table 1
begin with Ecology Letters (impact factor 18) and proceed to Science (impact factor 31), if
rejected. This counter-intuitive behavior is driven by the fact that the time-to-decision for Sci-
ence in the data set is 84 days, with a low acceptance probability of 7%. On the other hand, the
time-to-decision for Ecology Letters is 33 days with a 12.4% probability of acceptance [10]. A
“desk rejection” by the editor at Science, however, is considerably faster (about one week).
Finally, our study-as well as ref. [10]-is silent on the question of whose time is allocated to
making the revisions (tz) and whose efforts go into the resubmissions. These can be important
considerations when honing submission sequences to decision-makers’ particular goals.

The analysis presented here is a limited version of the robust decision-making analysis pres-
ent in the full MORDM framework (16,19,21). Under this analytic framework, after finding
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the approximate Pareto front for expected values of uncertain parameter values (such as revi-
sion time and scooping probability), selected solutions are tested against a variety of states of
the world to determine under what combinations of parameters they perform acceptably well
or unacceptably poorly. This full analysis, which is beyond the scope of this didactic example,
can more fully inform decision-makers about the risks they may face if they have made incor-
rect assumptions about the “true” parameter values [20]. The authors intend to illustrate this
analytic method in a subsequent work.

Conclusions

We use a multi-objective optimization analysis to explicitly illustrate the trade-offs inherent in
deciding on which journal(s) to send a manuscript. Our results expand upon previous work by
representing the tension brought on by multiple rationalities surrounding co-author values
such as time horizon and perceived probability of being scooped. This analysis serves as an
introduction to the more rigorous robust decision-making framework which often accompa-
nies this method of decision analysis. We implement an open source and freely available
multi-objective optimization framework and demonstrate the relative efficiency of our ap-
proach over that of previous work (Fig 2). We show that optimal solutions may be partitioned
into different classes of strategies, though here we focus on three, which we call Efficient, Cita-
tion-Maximizing and Compromise. Citation-Maximizing Strategies are attractive for senior
researchers but may be less suitable to junior researcher. This is because the junior researcher’s
time horizon is not sufficiently long to accrue a substantially larger number of citations as
compared to an Efficient or Compromise Strategy. Furthermore, Citation-Maximizing Strate-
gies also require more time under review and carry a higher risk of rejection from all journals.
We find that the conditional impact factor is a useful heuristic metric to generate Compromise
and Efficient submission sequences. Moreover, we find that this method of analysis can inform
multiple researchers with different interests, assumptions, and perspectives and can help find
starting points for negotiations about submission strategies.
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