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ABSTRACT

The fixation of the research community on the prestige of journals harms research quality as some
researchers focus on where to publish instead of what. We examined researchers’ publication
preferences using a discrete choice experiment in a cross-sectional survey of international health
and medical researchers. We asked researchers to consider two hypothetical journals and decide
which one they would prefer. The hypothetical journals varied in their impact factor, formatting
requirements, speed of peer review, helpfulness of peer review, editor’s request to cut results and
whether the paper would be useful for their next promotion. These attributes were designed using
focus groups and interviews with researchers, with the aim of creating a tension between personal
and societal benefit. Our survey found that the researchers’ strongest preference was for the high-
est impact factor and the second strongest for a moderate impact factor. The least important
attribute was a preference to make changes in format and wording instead of cutting results. Some
respondents were willing to cut results in exchange for a higher impact factor. Despite interna-
tional efforts to reduce the importance of the impact factor, it remains a driver of researchers’
behaviour. The most prestigious journals may have the most partial evidence, as researchers are
willing to trade their results for prestige.
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Introduction

Peer-reviewed publications are academic currency (Génova et al., 2015). Having sufficient publica-
tions in the bank is important for recruitment, promotion and funding (Schimanski and Alperin,
2018; Rice et al., 2020). Publications are also a vital record of evidence that can improve policy and
practice, and direct future research (Dawes et al., 2005). Ideally, publications could be both useful
as academic currency and sources of evidence for scientific progress. However, the value of publi-
cations as a currency may be trumping their main purpose to provide reliable evidence (Smaldino
and McElreath, 2016). The intrinsic motivation of a ‘taste for science’ (described by Merton and
Storer, 1973) may have been superseded by the extrinsic motivation of a ‘taste for publications’
(Binswanger, 2013). In the ‘publish or perish’ world, researchers may ‘prefer popularity to intrinsic
value’ and hence focus on where to publish instead of what to publish (Génova et al., 2015; Rushforth
and de Rijcke, 2015; Miiller and de Rijcke, 2017).

Most researchers regularly make considered decisions about which journal to submit to and
how to navigate peer review (Rowley et al., 2022). Factors include the journal’s prestige (often
defined using the impact factor), the target audience, the article processing charges, the required
formatting, and the journal’s rejection rate and turnaround times. The perfect home for a paper is
rare (Maggio et al., 2024), and researchers often need to make compromises to be successful
(Anderson et al., 2007). We aimed to study some of the important compromises that researchers
make and thus examine how researchers publish their research. We were especially interested in the
trade-offs that researchers make in personal benefits and wider benefits for society. We aimed to test
trade-offs between earning academic currency and creating an accurate record of the evidence.

Methods
Designing the discrete choice experiment

We used a discrete choice experiment to examine researchers’ publication preferences as this is
well-suited to testing the multiple trade-offs that researchers make when publishing papers. We
used a mixed methods approach (Bohorquez ef al., 2024b; Galéarraga et al., 2020) in which the rig-
orous development of the qualitative component informed the attribute list for the discrete choice
experiment survey and the interpretation of the quantitative results. After gathering the quantitative
results, we referred back to the results of the qualitative component, specifically verbatim quotes
related to attributes, to identify possible explanations for the quantitative results. This triangulation
is used in our discussion section.

We used multiple stages to design and implement the discrete choice experiment (see
Figure 1 and Appendix 1 for details). With the aim of considering a wide range of attributes, we
started with a review of the literature that examined one or more potential attributes. The review
collected 77 potential attributes about publications, with most concerning the journal (e.g., impact
factor), the impact (e.g., social media discussion) and the characteristics of the article (e.g., article
with novel findings).

We used focus groups and in-depth interviews with health researchers from Australian aca-
demic institutions to explore the most important attributes, collect new attributes and test potential
trade-offs. We recruited participants from our networks and maximized the variation in career stage,
gender and research field. We conducted focus groups in clinical sciences (eight participants), pub-
lic health and health services research (eight participants), and used interviews for the two
participants in fundamental science as there were too few people for a focus group. The focus group
was piloted with nine participants from health services research. The sample sizes for the focus
groups and interviews were arbitrarily determined by the number of interested participants.

We used a semi-structured interview guide with an adapted nominal group technique with-
out consensus (Bohorquez et al., 2024b). Participants were asked to imagine they had written a
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Figure 1. The stages of designing and deploying the discrete choice experiment to elicit researchers’ publi-
cation preferences

paper and were now thinking of submitting it to a journal. They were asked about the attributes they
consider most important when submitting to a journal. Each participant talked through up to ten
attributes with the group and explained their choices. The attributes mentioned were then added to
an online survey and participants voted for the most important attributes, explaining the rationale
for their choices. We analysed and selected the attributes using the five steps of attribute develop-
ment with a distilling approach (Bohorquez ef al., 2024a). Qualitative data analysis using a distilling
approach involves identifying attributes of importance by coding verbatim transcriptions and index-
ing quotes from participants in the resulting codebook or attribute matrix (Bohorquez et al., 2024a).

An initial design of eight attributes was tested using a thinking-aloud exercise with ten
researchers (Leighton, 2017). Researchers were shown a choice task and were asked to discuss their
thoughts aloud on whether:

* they had any comments on the content or wording

» there were any levels they struggled to understand or that seemed unrealistic
» the gaps between any levels were too jarring or obvious

» there was anything missing.

This exercise identified that an attribute on journal prestige was sometimes contradictory to
an attribute on journal ranking, and hence the prestige attribute was removed.

Attribute and level selection

The final attributes and levels are in Table 1. In this section, we explain the choices behind the attrib-
utes and levels, and explain the perceived importance of some attributes and why some attributes were
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Table 1. The six attributes and their levels for the discrete choice experiment

Label Attribute Level
Ranking In your field the journal’s impact factor is - the highest
- moderate
- not available
Formatting  To fit the journal’s style requirements your paper - major formatting
will need - minor formatting
Speed Colleagues say that the journal's decisions are usually - fast
- slow
Reviews Colleagues say that the journal's reviews will often - help you improve the paper
- be contradictory and unhelpful
Editor After peer review the editor has indicated the paper - make changes in format
will be accepted if you and wording

- cut a table and analysis to reduce
the word count to 3,000
Promotion Considering your next application for promotion or a - useful
fellowship, this paper will be - not useful

Note: The first column is a short label used to refer to the attributes.

excluded.The impact factor of the journal was the most common attribute in the literature review and
was also frequently mentioned in focus groups and interviews. Participants suggested that its impor-
tance relied on self-serving purposes, such as job promotions, grants and funding, but it was also
perceived as a reflection of the excellence of the researcher and a way to quantify the worth of their
work. Related to the impact factor was the idea of predatory journals, which raised strong feelings of
aversion due to reputational damage; e.g., ‘I avoid them like the plague’. For the levels, we decided
against numeric impact factors because these numbers vary by field (Althouse et al., 2008). Therefore
we used a relative field ranking of the highest, middle and a journal without an impact factor, which
could represent a new journal or a potentially predatory journal.

Formatting was often considered as a ‘painful’ process. Concerns were mentioned about the
time needed to fit a journal’s style requirements, and respondents wanted to avoid onerous systems.
We used two simple levels of minor and major formatting. Peer review was widely discussed with
researchers interested in the speed and quality of reviews. We framed both of these attributes by
what their colleagues had told them, as colleagues were an important source of information about
prospective journals. We used the relative labels of ‘slow’ and ‘fast’ rather than numeric review
times (e.g., 30 days) because average times vary by field (Publons, 2018).

The focus group discussions uncovered a new issue as some researchers raised experiences
of being asked by a journal editor to cut results from their paper at the peer-review stage. There were
multiple potential reasons including the need to reduce word count, maintain a ‘clean story’, make
the story ‘digestible’, remove results that contradicted previous findings, or remove findings that
were not of interest to journals or colleagues. We included this as an attribute as it suited the tension
we were aiming to test, being a trade-off between the loss of evidence from presenting an abridged
version of the work against the potential benefit of earning a publication. A difference between this
attribute and the others is that it occurs post-submission.

The final attribute was a direct appeal to personal benefit, as it concerned whether the paper
was useful or not for their next promotion or fellowship application. An example of a good quality
paper that researchers might not use in a fellowship application is a ‘negative’ study, where, for
example, a new intervention or treatment did not work (often judged by the arbitrary statistical sig-
nificance threshold of p < 0.05). ‘Negative’ studies can be less cited and receive less publicity than
‘positive’ studies (Koren, 1991; Greenberg, 2009), highlighting their reduced value as academic
currency.
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Article processing charges (APCs) were often discussed, but we excluded them as an attrib-
ute because they could often not be traded; for example, when researchers had no budget to pay
APCs. Using ‘charges’ could have introduced a hypothetical bias, as researchers mostly do not
personally pay the APCs and therefore the choices would not be as meaningful (Hensher, 2010).
Citations were a common attribute in the literature review, but focus group discussions revealed that
they were considered beyond the control of the researchers and somewhat subject to chance. Hence,
it would not be plausible to use varying citation numbers as attribute levels. Supporting this deci-
sion, a prospective study of journal editors finds that citation counts are difficult to predict (Schroter
etal., 2022).

Scenario

The scenario in Box 1 was shown at the beginning of the survey and was repeated in every choice
task. The scenario framed the choice tasks and included some attributes of journal choice relevant to
decision-making where (1) they could not be measured independently as they overlapped with other
attributes, or (2) their importance was relative across participants or deterministic. For example, the
scope and readership of the journal were often mentioned in focus groups as one of the most impor-
tant attributes. However, as researchers were strongly unwilling to submit to journals outside their
scope, we added it to the scenario. The two scenario endings were created because in the focus groups
some researchers mentioned how they could change behaviour after experiencing rejections. To test
this potential difference in the survey, the researchers were randomly assigned to view one or the
other scenario ending in a 1:1 ratio. Some focus group participants mentioned that their previous
experiences with a journal, good or bad, would strongly influence their choices. To avoid this con-
cern, the scenario stated that the researchers did not have any experience with the journal. Similarly,
we stated that they did not know the editorial staff, as this also influences researchers’ journal choices.

Box 1. Scenario for the discrete choice experiment

Imagine you have written a paper and are now trying to get it published in a journal. Your paper
contains original research and is around 4,000 words long with tables and figures. Your paper is
relevant to your field and you believe it is good quality. You will only consider journals that fit
the scope of your paper and are read by your target audience. You have no previous experience
of the journals (good or bad). You do not have any personal or professional relationships with the
journal editors or publishers. You are the first author and will make all decisions on behalf of
your co-authors.

Scenario 1 ending: Your paper has not yet been submitted to any journal.

Scenario 2 ending: Your paper has been submitted and desk-rejected (rejected without peer
reviews) by two journals.

Dominant task

An example of a discrete choice task is shown in Figure 2. The choice tasks were unlabelled as the
hypothetical journals were A and B. This example is the dominant choice task where journal A is
clearly the most desirable. It was used to examine whether the respondents understood the task. It
was shown as the first task to warm up respondents and was not used in data analysis. In Figure 2,
journal A has the levels we assumed most respondents would prefer.

Survey of discrete choice tasks

The online survey started with a link to the participant information sheet (Appendix 2) and
asked the researchers to indicate their consent. Fourteen respondents did not consent. Those who
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Figure 2. Example discrete choice task showing the attributes and levels

consented were shown the scenario (Box 1) and dominant task (Figure 2). The respondents next
answered eight choice tasks. The final task was a repeat task of one of the eight. This was used
to assess the stability of the participants’ responses based on the percentage of respondents who
gave the same answer as the original task (Ozdemir et al., 2009). Differing answers could be a
result of learning effects or fatigue. The repeat task was not used in the analysis.

The final section of the survey asked respondents if they found the choice tasks easy or dif-
ficult. We also gathered the following information from the respondents: their broad research area,
gender, years of experience in research, number of published papers, country, and their perceived
publication pressure. Lastly, respondents could add optional comments. Respondents could skip
any question. The complete survey is available in Appendix 2.

The NGene software (version 13.0) was used to select 24 pairwise choice tasks based on the
D-error to give an efficient fractional design. This D-efficient design was developed using the
Modified Federov algorithm to estimate a multinomial logit model. For the final D-efficient design,
the weights were selected from the pilot test. The 24 choice tasks were divided into three blocks of
eight. Using a fractional design maximized the statistical efficiency of the design, while giving a
manageable number of choice tasks of ten (eight plus the dominant task and retest).

Statistical methods

We used the panel mixed multinomial logit (pMMNL) model and the panel Latent Class Model
(pLCM) for the main analysis. We also used the pMMNL model to examine whether preferences
differed systematically on the basis of the characteristics of the respondents. The results are pre-
sented as mean utilities with 95% confidence intervals and the estimated importance of the attribute
(Gonzalez, 2019). Subgroup analyses were performed using the following characteristics: years of
experience, gender, number of publications, having a publication target and the hypothetical paper’s
prior rejection. The pLCM was used to capture non-systematic heterogeneity in preferences among
respondents, assuming that differences in preferences manifest as discrete groups or latent classes
(Greene and Hensher, 2003). The ideal number of classes was determined using the Akaike
Information Criterion (AIC). A pLCM was used to assess the non-attendance of the task, incorporat-
ing a ‘garbage class’ to identify the respondents who provided non-informative responses (Gonzalez
et al., 2024). This approach enabled an evaluation of preference heterogeneity that distinguished
between attentive and non-attentive participants. Our data collection and analyses were pre-
registered in a study protocol (Barnett et al., 2024). The only change from our planned design was
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that we did not use the pre-notification email for most invites, as it did not appear to increase the
response rate. Our R code and data are available on GitHub (Barnett, 2024).

Sample size

Sample size formulae are not available for discrete choice experiments and estimates are often
made using rules of thumb or simulations (Lancsar and Louviere, 2008; Reed Johnson et al., 2013).
We faced uncertainty in selecting plausible model parameters with one to two parameters per dis-
crete choice attribute and no similar previous studies. Hence, our final sample size was based on a
pilot. Pilot testing has been recommended for informing sample size calculations for complex inter-
ventions (Lancaster et al., 2010). We analysed the pilot data of 51 respondents to inform the final
design. The required sample size based on minimizing the D-error was 309. Both the pilot and the
final design had 24 choice tasks in three blocks of eight. The attributes and levels were the same in
the pilot and final design, hence we combined respondents from the pilot and final surveys in our
analyses.

Sampling frame

Our target population was current health and medical researchers. We included authors from any
country as research is a global endeavour, and hence we preferred not to focus on particular coun-
tries. We approached this population by creating a sampling frame of researchers extracted from
papers on the PubMed database, which is a widely used search engine that contains the MEDLINE
database of published papers in life sciences and biomedical topics (Sayers et al., 2021). To cap-
ture current researchers, we restricted the search to the year 2022 onwards. We used the ‘publica-
tion type’ search field to exclude non-research papers such as obituaries. We extracted only
researchers who had an email available. The search was conducted on 11 April 2024. The search
returned more than 140,000 papers, which we randomly reordered and iteratively extracted no
more than one unique email per paper until we had a sample of 9,000 researchers. Randomly
selected researchers from the sampling frame were sent an initial email with reminders one and
two weeks later.

Results
Sample description

The surveys were collected between 26 March 2024 and 30 May 2024 (66 days) (see Appendix 3).
The median time to complete the survey was seven minutes. We received 616 responses from 7,376
invitations, giving a response rate of 8.5% (this excludes 170 emails that were no longer active). A
classification tree found that the response rate varied by email domain, with a higher predicted
response rate of 21% for — amongst others — Australia, Switzerland and the UK, and a lower response
rate of 3% for — amongst others — China, Germany and Japan (see Appendix 4). The questions were
generally well completed, but there was some survey fatigue, with under 1% missing the first choice
task and 15% missing the tenth and last choice task (Appendix 5).

Of the respondents 13% found answering the hypothetical choices difficult or very difficult.
More than 99% of the respondents selected the dominant choice task, indicating an excellent under-
standing of the attributes and levels. The repeat choice task had the same answer as the original for
79% of the respondents, indicating good internal consistency. Summary statistics for the sample are
in Table 2. Respondents had been working in research for a median of ten years and had a median
of 43 peer-reviewed papers; 47% were female. The most popular broad research area was Clinical
Sciences (57%). A personal target for their annual number of publications was noted by 40% of
respondents.
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Table 2. Summary statistics on the respondents’ characteristics

Median
Continuous characteristics (Q1 to Q3)

Years of experience 10 (6, 20)
Number of peer-reviewed papers 43 (14, 100)

Categorical characteristics

Characteristic Level n (%)
Gender Male 264 (51)
Female 242 (47)
Prefer not to say 5(1)
Non-binary/third gender 4(1)
I use a different term 2(0.4)
Broad research Area Clinical Science 297 (57)
Public Health 72 (14)
Other 56 (11)
Health Services Research 49 (9)
Basic/Fundamental Science 38 (7)
Medical Education 11 (2)
Understanding of the hypothetical choices Very difficult 7(1)
Difficult 61 (12)
Moderate 165 (31)
Easy 198 (38)
Very easy 95 (18)
Target number of publications Mandatory target from 26 (6)
department/group
Suggested target from 60 (14)
department/group
Personal target 173 (40)
No target 200 (47)

Note: Whether researchers had a target number of publications was asked only in the final sample; respondents could tick
multiple answers for this question. Q1 = first quartile, Q3 = third quartile. The sample included responses from 63 coun-
tries, with the three most common being USA (15%), UK (11%) and Australia (10%) (table of all countries in Appendix 6).

Researchers’ preferences

The utilities for each attribute are in Figure 3 and Table 3. The Figure also shows the utilities strati-
fied by the respondents’ characteristics and the scenario wording concerning prior rejections.

The strongest preference was for the highest impact factor and the second strongest for the
moderate impact factor. The least important attribute was a preference for making changes in format
and wording compared with cutting a table and analysis. After the impact factor, the next strongest
preference was for a helpful review. The utilities were similar for a fast review and minor format-
ting. Researchers had a clear preference for papers that were useful for their promotion. More
experienced researchers had a stronger preference for the highest impact factor and minor format-
ting. Researchers who had more peer-reviewed papers had a much stronger preference for the
highest and moderate impact factors. Female researchers had slightly stronger preferences for help-
ful reviews and papers that were useful for their promotion. There was little difference in
researchers’ preferences by whether the paper had been previously rejected.

The results of the latent class are in Figure 4. The optimal number of groups according to
the AIC was four. The largest group had the strongest preferences for impact factor, a relatively
small preference for fast results and a slight preference for cutting results over minor formatting.
The second largest group had the strongest preference for a helpful review, with a much reduced —
although still positive — preference for journal impact factor. The third group was not concerned
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Figure 3. Utility estimates and 95% confidence intervals for the six attributes

Note: The dotted vertical line at zero is for no difference in utility. Forty-three publications was the sample
median. JIF = journal impact factor. The upper limit on the utility axis scale varies by panel.

Table 3. Utilities for the journal preferences and attribute importance

Attribute

Attribute and level (Reference level) Mean 95% CI importance (%)
Highest JIF (No JIF) 2.97 2.69 to0 3.25 34
Moderate JIF (No JIF) 1.66 1.45t0 1.86 19

Minor formatting (Major) 0.63 0.46 to 0.80 7.2

Fast decision (Slow) 0.68 0.52t0 0.83 7.7
Helpful review (Unhelpful) 1.36 1.17to 1.55 16
Changes in wording/format (Cut table and analysis) 0.39 0.23 to 0.54 4.4
Useful for promotion (Not useful) 1.11 0.90 to 1.32 13

Note: See Table 1 for the full wording of the attributes and levels. JIF = journal impact factor.
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Note: The percentages in the panel headers are the group sizes. The dotted vertical line at zero is for no dif-
ference in utility. JIF = journal impact factor.

about a helpful review, but strongly preferred minor over major formatting and a paper that was
useful for their promotion. Non-informative responses were provided by 10% of respondents.

Interactions

The five planned interactions are plotted in Figure 5 with the estimates in Appendix 7. When the
journal did not have an impact factor, there was a stronger preference for faster review. The journal
rank had a similar interaction with both the editor’s requests and the style requirements, since there
was no difference in utility when the journal had no impact factor. This could indicate an indiffer-
ence by researchers about their papers in journals without an impact factor. There was an interaction
between the editor’s requests and a helpful review: if the review was not helpful, then there was a
stronger preference for formatting and wording changes over cutting results. However, for helpful
reviews, researchers showed little difference between the editor’s requests, which could be because
they interpreted all requests as helpful. There was a small interaction between a helpful review and
speed, as researchers were more willing to wait for a helpful review.
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Figure 5. Utility estimates for the five planned interactions

Note: The dots are the means and the vertical lines are 95% confidence intervals. The reference group is the
left-most level on the x-axis with the green line.

Discussion

Health and medical researchers had the strongest preference for the journal impact factor over any
other attribute tested. This was both a desire for high impact factors and an aversion to journals
without an impact factor. The importance of impact factor for researchers has been called an obses-
sion (Miiller and de Rijcke, 2017; Onstad and Sime, 2024), a mania (Casadevall and Fang, 2014),
and a game that encourages questionable practices (Falagas and Alexiou, 2008). Major international
initiatives have sought to reduce the influence of impact factors, such as DORA in 2012 (https://
sfdora.org/), and RESQUE (Gértner ef al., 2024) and COARA in 2022 (https://coara.eu/). Despite
these initiatives and extensive debate on the negative consequences of using impact factors to eval-
uate researchers, the highest possible impact factor is a target for many researchers.

A focus group participant framed impact factors as useful for ‘quantifying my academic
abilities’, while another survey participant revealed a target threshold, ‘I’ve been told if it isn’t in an
impact factor over 10 it doesn’t matter/count’. Some researchers are using impact factors to verify
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the quality of their work, which was also found in an investigation of how biomedical researchers
use impact factors (Rushforth and de Rijcke, 2015). However, the same study found that other
researchers were more ambivalent about impact factors and our latent class results had two groups
where the impact factor was not the most important (Figure 4). More research on why researchers
prioritize impact factors would be useful for the ongoing debate on improving research culture
(Field et al., 2024).

Journals must be indexed for three years to obtain an impact factor, but some respondents
interpreted a journal without an impact factor as predatory rather than new, as stated by a survey
participant, ‘I would never select a journal without an impact factor as I always publish in journals
that I know and can trust that are not predatory’. This indicates that having an impact factor is a
quality marker for some researchers and is probably why predatory journals falsify impact factors
(Elmore and Weston, 2020). It also has implications for legitimate journals that lose their impact
factor, such as the journal eLife because of its alternative peer-review system (Elifesciences 2024).

Researchers with more publications and more years of experience had a stronger preference
for higher impact factors (Figure 3). This could be because some early career researchers have yet
to understand the importance of impact factors. Another explanation is a survivorship effect, as
researchers with high impact factor publications have an advantage in employment and promotion
(Pitt and Mewburn, 2016; McKiernan et al., 2019), while researchers with papers in less prestigious
journals are outcompeted (Smaldino and McElreath, 2016).

Some survey respondents commented that they could not understand how a paper in a high
impact factor journal could not be useful for their promotion or fellowship, which was a combina-
tion in the discrete choice tasks. This illustrates the power of the impact factor, as it trumps the
content of the paper (Casadevall and Fang, 2014). A recent survey shows how the content of papers
is commonly neglected by grant and hiring committees, since more than half used journal impact
factor to assess quality (Hrynaszkiewicz et al., 2024). When fellowship and hiring committees
make career-changing decisions based on impact factors, a clear signal is sent to researchers to pri-
oritize impact factors over content. A researcher in our interviews appeared comfortable with being
assessed based on impact factors: ‘People have to quantify me by something. So impact factor is a
very important way to do that.” However, a focus group participant recognized that impact factors
are usually meaningless when considering real-world impact: ‘I’ve been working together with
senior executives in the government and federal government. They don’t care about that [journal
impact factor], they only want you to give them a half-page summary.’

A focus group participant gave a perspective on impact factors that was pragmatic and con-
fessional: ‘Considering and admitting for everybody, for various reasons, usually go for a top ranked
journal in its field, and everything, and some of that will be purely mercenary, because that’s what’s
required.” Personal values are ceded to the reward systems that use impact factors and/or journal
ranking. We aimed to distinguish researchers with a stronger focus on system requirements by ask-
ing if they had a target number of publications per year and 53% had a personal and/or institutional
target. However, having a target did not greatly alter the researchers’ preferences (Figure 3).
Potentially, most researchers are ‘playing the game’ and the preference for journal ranking remains
high regardless of the desired number of publications (Chapman et al., 2019).

A surprising result was the lack of difference in researchers’ preferences for papers that are
useful for promotion by experience and publication numbers (Figure 3). This could be because the
competition for funding and promotion never ends and researchers are always looking to earn aca-
demic currency. Tenured or retired professors may be under less pressure (Niles et al., 2020) and a
professor from the focus groups commented: ‘I am the least strategic person when it comes to pub-
lishing, but I think that also comes with seniority as I have no need to ever write a promotion
application again!’

The survey participants were randomly assigned to a scenario in which their hypothetical
article had not yet been submitted to a journal or had already been desk-rejected twice (Box 1). This
was raised in the focus groups, with comments including: ‘But then, after many rejections, right?
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You just want to get it out.” However, in the survey, the previous rejections did not have an effect as
the researchers’ preferences were remarkably similar (Figure 3). Researchers’ preferences may be
impervious to rejection, as the logical approach is to continue to pursue the highest impact factor
possible. Preferences may change with more than two rejections or if the rejections were after peer
review rather than desk rejections.

The lowest utility was for an editor’s request for formatting changes, compared with cutting
a table and analysis. On average, researchers preferred not to cut their analysis, but this was less of
a priority than the impact factor, formatting at the submission stage or the speed of peer review. In
the latent class analysis, the group with the strongest preference for the impact factor had a surpris-
ing preference for cutting results (Figure 4), showing a willingness to compromise on their evidence
to be published in prestigious journals (Casadevall and Fang, 2014). This compromise was also
discussed in our focus groups as a likely trade-off during the peer-review process: ‘I certainly have
examples where I have cut things out of papers to try and get something published.’ Cutting results
has also been discussed in the literature; for example, ‘Academics who play the “publish or perish”
game have a strong incentive to ... accept all “suggestions” by the referees even if one knows that
they are misleading or even incorrect’ (Frey et al., 2009), and how during peer review ‘authors ...
remove ideas and insights that they believe in from their work’ (Eisen et al., 2022). To the best of
our knowledge, our survey is the first to show this compromise empirically. An important implica-
tion is that the journals with the highest impact factors potentially have the most partial evidence,
as researchers are more willing to ‘hold their nose’ to satisfy editors of influential journals (Maggio
et al., 2024). One could argue that the journals were correct and that the cuts improved the paper.
However, the scenario we presented to researchers was ‘you believe it [your paper] is good quality’
and the cut was 1,000 out of 4,000 words and included a table. Some researchers potentially ration-
alized this compromise, thinking that the removed results could be included in a supplement, but
this relegates their findings to the whim of an editor (Schmid, 2017). The willingness of researchers
to select results when negotiating with high impact journals may partly explain why papers in high
impact journals have a low reliability (Brembs, 2018).

An interesting finding from the focus groups and the survey is that the researchers showed
arelatively strong preference for helpful reviews and were willing to wait longer for helpful reviews.
For example, an interview respondent said, ‘If there’s something that can improve them [my papers],
I want them to be improved’. The preference for helpful reviews did not change by the researchers’
experience or number of publications (Figure 3), so it was not restricted to early career researchers.
The latent group analysis showed that the second largest group preferred a helpful review (Figure 4).
The relatively strong preference for helpful reviews shows clear support for peer review, as many
researchers value the expertise of their peers. Similarly, an international survey on peer review
found that 93% disagree with the claim that peer review is unnecessary and 85% believe that peer
review benefits scientific communication (Ware, 2008). Another international survey of authors
found that the usefulness of reviewers’ feedback was an important factor for authors’ journal choice
(Rowley et al., 2022).

Related studies

Previous studies have examined researchers’ publication preferences using hypothetical journal
choices. As with our results, the journal’s impact factor dominated preferences, more important than
the journal’s editorial board, the journal’s standing among peers, the quality of reviews, the waiting
time for reviews and the probability of being accepted (Rousseau and Rousseau, 2012). Journal
prestige, described using ‘journal level’, was also the most important attribute for junior authors in
a conjoint analysis that compared the prestige of the journal, the number of authors, the order of the
authors and the investment of time of researchers (Krasnova et al., 2014). A choice-set survey found
that researchers were willing to trade citations for a more prestigious journal (Salandra ez al., 2021).
A discrete choice experiment examined the metrics academics use when choosing papers to read
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(Lemke et al., 2021). There were clear preferences for citation counts, followed by journal impact
factor and download counts.

Limitations

Our discrete choice experiment was hypothetical and examined stated preferences rather than
revealed preferences. Our scenario told the respondents to assume that they would make all the
decisions, but the reality of multi-author teams is that decisions may be a consensus or compromise
of the authors’ competing priorities and experiences.

The low response rate (8.5%) reduces our ability to generalize and creates a non-response
bias. Our approach email included words such as ‘journal’ and ‘publishing’ and so may have
appeared similar to the nuisance journal requests that researchers regularly receive and may have
been automatically or manually deleted. Our survey respondents could be more engaged with the
publication process than the general population. We found a difference in response rate by country,
hence our results over-represent some countries.

The interviews and focus groups used to select the final attributes were all conducted with
Australian researchers and therefore the wording of the attributes and levels may have been less
meaningful to some respondents. We took an international approach and included researchers from
any country; however, there will be differences among countries in the pressure to publish in high
impact journals. Hence, our average results shown here may not be generalizable to many countries.
However, the ‘publish or perish’ mantra applies across the research world, and the pressure to pub-
lish was commonly cited as a key problem in a recent international survey of biomedical researchers’
opinions on research reproducibility (Cobey et al., 2024).

We included only health and medical researchers, and hence we cannot generalize our
results to other fields of science. Health research is one of the largest in terms of funding (Gibbons,
2023) and number of publications (National Science Board/National Science Foundation, 2024),
and has multiple journals with extremely high journal impact factors (some over 100). Therefore, it
could be relatively competitive compared to other fields, meaning that researchers are more willing
to compromise to succeed.
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Appendices
Appendix 1. Details of the discrete choice experiment design

An additional file includes details on the literature review, focus groups and interviews, and think-
ing aloud exercise. It is available at https://osf.io/gjch7.

Appendix 2. Participant information sheet and survey questions

The online version of the participant information sheet is available at https://osf.io/p9guj/wiki
/home/. A PDF version of the survey is available at https://osf.io/j7mce. The survey was delivered
online using Qualtrics. The survey questions differed by two questions between the pilot and final
survey as we altered the question that aimed to examine researcher’s publishing expectations. This
is because for the original statement — ‘My department’s or research group’s expectations with
respect to publishing are reasonable’ — 81% responded Agree or Strongly Agree, creating limited
variance between respondents. Hence, in the main survey we asked researchers if they had an
annual publication target and what it was.

Appendix 3. Survey responses over time

Figure Al.
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Figure A1. Cumulative number of survey responses over time for the pilot and final design

Appendix 4. Classification tree predicting survey response

We used a classification tree to predict the response to the survey (yes/no) based on the researchers’
email domain (a proxy for the country, for example, au = Australia), and whether the researcher’s
affiliation mentioned the words “Hospital”, “Dentist*” or “University”. The classification tree had
three leaves with a cross-validated error of 0.990 and a standard error of 0.034. The tree used only the
email domain, but found a relatively large difference in response proportions. We present the results
as a table instead of a plotted tree, as the number of email domains makes the plot cluttered (Table A1).
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Table Al. Results of the classification tree for predicting survey response using email domain

Number of Response
Email domains researchers (%) proportion
126, 163, ai, al, alumni.cern, bd, bg, cc, cn, co, cu, cz, 2487 (34%) 0.03
de, ec, ehu.eus, et, eu, for.paris, ge, gh, gm, gr, health.mil,
hotmail, hr, in, iq, ir, is, ivi.int, jp, ke, kr, 1b, It, lv, ma,
mt, mx, net, nhs, om, pe, pt, qa, qq, 18, ru, Sc, sg, si, sina,
sy, tn, tw, ua, us, vn, who.int, yahoo, yuhs.ac
ar, at, be, br, ca, cat, com, edu, e.g., es, fi, fr, gmail, gov, 4109 (56%) 0.09
hk, it, nl, no, org, pk, pl, sa, se, th, tr
ae, au, ch, cl, cy, dk, ee, gu, hu, id, i.e., i, jo, lk, lu, mw, my, 788 (11%) 0.21

ng, np, nz, 1o, to, tropmedres.ac, ug, uk, za

Appendix 5. Item-missing data

The amount of missing data by question number is shown in Figure A2. The missing data patterns
are clustered by similarity. The question numbers are presented in order. There is evidence of survey
fatigue as the percentage of missing answers increases from left to right.
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Figure A2. Item missing data for the 616 survey responses

Note: The column headings show the question number and percent missing. The panel on the right shows

the questions for each question number.
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Appendix 6. Respondents’ countries

Table A2

Table A2. Number and % of responses by country

Country Number % Country Number %
United States 78 15 Bangladesh 3 1
United Kingdom 55 11 Ethiopia 3 1
Australia 49 10 Indonesia 3 1
Italy 20 4 Malawi 3 1
Brazil 19 4 New Zealand 3 1
Spain 19 4 Nigeria 3 1
China 18 4 Saudi Arabia 3 1
India 14 3 Greece 2 <1
Turkiye 14 3 Kenya 2 <1
Canada 13 3 Nepal 2 <1
France 13 3 Pakistan 2 <1
Germany 13 3 Romania 2 <1
Netherlands 13 3 United Arab Emirates 2 <1
Switzerland 13 3 Argentina 1 <1
Japan 12 2 Austria 1 <1
Sweden 11 2 Benin 1 <1
Ireland 9 2 Croatia 1 <1
Denmark 8 2 Cyprus 1 <1
Egypt 8 2 Estonia 1 <1
Norway 7 1 Hungary 1 <1
Colombia 6 1 Jordan 1 <1
Iran 6 1 Kuwait 1 <1
South Africa 6 1 Luxembourg 1 <1
Finland 5 1 Namibia 1 <1
Israel 5 1 Panama 1 <1
Korea, South 5 1 Portugal 1 <1
Belgium 4 1 Russia 1 <1
Chile 4 1 Singapore 1 <1
Malaysia 4 1 Tanzania 1 <1
Mexico 4 1 Thailand 1 <1
Poland 4 1 Uganda 1 <1
Taiwan 4 1

Note: There were 63 countries in total.

Appendix 7. Attribute interactions

Table A3

Table A3. Utility estimates and 95% confidence intervals for the planned interactions between attributes
Attribute interaction Utility difference 95% CI p-value
High rank x Editor’s request 0.64 0.23 to 1.06 0.0025
Moderate rank x Editor’s request 0.45 0.04 to 0.86 0.0323
High rank x Formatting requirements 0.83 0.37to 1.28 <0.001
Moderate rank x Formatting requirements 1.10 0.67to 1.53 <0.001
High rank x Speed -0.57 —1.00 to —0.13 0.0104
Moderate rank x Speed -0.85 -1.29 to —0.42 <0.001
Helpful review x Speed -0.32 -0.63 to —0.02 0.0384
Editor’s request x Helpful review -0.81 -1.15t0 -0.48 <0.001

Note: The interactions are plotted in Figure 5. This table shows only the interaction terms and not the main effects.
These results help judge the null hypothesis of whether there was no interaction.



