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Increasing transparency and openness in science is an ongoing endeavor, one that has stimulated self-reflection and reform in
many fields. However, kinesiology and its related disciplines are among those exhibiting an “ostrich effect” and a reluctance to
acknowledge their methodological shortcomings. Notwithstanding several high-profile cases of scientificmisconduct, scholars in
the field are frequently engaged in questionable research practices (QRPs) such as biased experimental designs, inappropriate
statistics, and dishonest/inexplicit reporting. To advance their careers, researchers are also “gaming the system” by manipulating
citation metrics and publishing in predatory and/or pay-to-publish journals that lack robust peer review. The consequences of
QRPs in the discipline may be profound: from increasing the false positivity rate to eroding public trust in the very institutions
tasked with informing public health policy. But what are the incentives underpinning misconduct and QRPs? And what are the
solutions? This narrative review is a consciousness raiser that explores (a) the manifestations of QRPs in kinesiology; (b) the
excessive publication pressures, funding pressures, and performance incentives that are likely responsible; and (c) possible
solutions for reform.
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In one of the largest scientific misconduct cases on record,
an American physiologist admitted falsifying data in 10 pub-
lished articles and 17 grant applications worth nearly $3 million
U.S.D. (Dahlberg & Mahler, 2006; Dalton, 2005; Kondro,
2005; Sox & Rennie, 2006). At the conclusion of his federal
trial, Eric Poehlman was sentenced to 1 year (and 1 day) in
prison for submitting fraudulent data on the science of obesity,
menopause, and aging, heralding the first time a scientist in the
United States had been jailed for research misconduct that did
not result in fatalities (Kintisch, 2006). In a letter to the judge,
Poehlman asked for leniency and confessed, “I was motivated
by my own desire to advance as a respected scientist” (Kintisch,
2006).

Misconduct also manifests at the corporate level, affecting
multinational businesses and even sports medicine agencies
(Serodio et al., 2020). For instance, when concerns about obesity
triggered a decline in the consumption of sugar-sweetened bev-
erages, the Coca-Cola Company, via The Global Energy Balance
Network, donated at least $1.5 million to research that would
ultimately downplay the role of poor diet and calorie control in
weight management (Walters, 2015). Not only did such a view “fall
outside the scientific consensus” (Krans, 2022), but studies re-
vealed substantial conflicts of interest and reporting bias in the
subsequent literature (Barlow et al., 2018; Bes-Rastrollo et al.,
2013; Stuckler et al., 2018).

A phenomenon more subtle and deep-rooted in institutional
norms than misconduct, and which may do more long-term harm

to scientific enquiry, is questionable research practice (QRP; John
et al., 2012; Schulz et al., 2022). QRPs are introduced deliberately
or inadvertently into study design (e.g., biased and poorly con-
trolled experiments), data collection (e.g., insufficient blinding),
data analysis (e.g., incorrect or inappropriate statistical proce-
dures), and data reporting (e.g., post hoc hypothesizing), leading
to nonreplicable results and conclusions (Büttner et al., 2020). By
enabling scientists to manipulate the results of their research,
QRPs create a system in which honest researchers are at a
competitive disadvantage. For this reason, QRPs have been
described as “the steroids of scientific competition” (John
et al., 2012). The self-confessed prevalence of QRPs across
scientific disciplines has been reported as high as 51% (Fanelli,
2009; Gopalakrishna et al., 2022; John et al., 2012), with rates
rising to 72% when scientists were asked about the QRPs of their
colleagues (Fanelli, 2009).

Research misconduct and QRPs in kinesiology (herein de-
noting all its related disciplines including sports medicine; physi-
cal education; and the sports, health, and exercise sciences) may
have broad consequences: from increasing the frequency of false
positives in the published literature to diminishing scientific
quality and rigor and inhibiting scientific progress and the attain-
ment of replicable scientific knowledge. To a large degree,
ambiguity and lack of transparency in some kinesiology research
are being exploited by the commercial health and wellness
industries to sell products and practices on baseless claims and
pseudoscience (Tiller, 2020; Tiller et al., 2022). Misconduct may
also be damaging the reputation of the discipline and, therefore,
harming graduate employment prospects (Yong, 2012).

The problem of research misconduct and QRPs in kinesiology
has been the subject of much discussion (Atkinson & Nevill, 2001;
Caldwell et al., 2020; Earnest et al., 2018; Halperin et al., 2018;
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Knudson, 2012, 2017a; Marticorena et al., 2021; Twomey et al.,
2021). Although the prevalence of QRPs in kinesiology has not
been directly studied, the number of article retractions suggests the
rate of QRPs in the discipline may be increasing. One systematic
review reported that 52 articles had been retracted from “Sports
Science” journals between 1979 and 2018, with more than half of
the retractions (n = 28) occurring in the last decade (Kardeş et al.,
2020), and with most being attributed to misconduct (44%) rather
than honest error (37%). The analysis also showed a slight increase
in the rate of retracted papers in “Sports Science” when expressed
relative to the total number of published papers between 2000 and
2018 (Kardeş et al., 2020). These numbers are approximately
comparable to data from other disciplines, including the fields
of biomedical (Gasparyan et al., 2014), surgical (King et al., 2018),
and intensive-care (Wiedermann, 2016) medicine.

Aside from isolated editorials and opinion pieces, the issues of
open science and replicability in kinesiology have not been dis-
cussed in edited volumes, journal special issues, or conference
symposia. The apparent lack of attention to these issues may
indicate a striking lack of awareness of, and possibly lack of
concern for, the discipline’s widespread and arguably severe
methodological shortcomings (Atkinson & Nevill, 2001; Sainani
et al., 2021). If QRPs continue unaddressed and unabated and their
prevalence exceeds a critical threshold, the institution of kinesiol-
ogy may be in danger of becoming irreversibly damaged. This will
slow the attainment of new knowledge and further erode public
trust in the very organizations tasked with informing public health
policy. The consequences for humanity would be profound
(Edwards & Roy, 2016).

This narrative review is a consciousness raiser for kinesiol-
ogy academics and practitioners. Herein, we provide discipline-
specific examples of the most common QRPs in kinesiology and
explore the institutionalized, quantitative academic-performance
incentives that are likely responsible. We conclude by providing
recommendations for reforming the current knowledge dissemi-
nation paradigm. With this call to action, we hope to stimulate
open dialog among academics and practitioners on how we can
progressively mitigate research misconduct and QRPs in the
discipline. Indeed, transparent communication is the crucial first
step on a long journey toward broader awareness and meaningful
change.

The Incentives Underpinning Research
Misconduct

Scientificmisconduct and QRPs persist across scientific fields despite
ongoing education and repeated calls for change. This suggests that
their existence is less attributable to procedural misunderstandings
and more attributable to incentives (Edwards & Roy, 2016). There is
a growing body of evidence that these incentives relate to profes-
sional ambitions (John et al., 2012), academia’s fixation on quantita-
tive productivity metrics (Biagioli & Lippman, 2020; Edwards &
Roy, 2016), the hypercompetitive funding environment (Martin,
2020), the changing business model of higher education (Edwards
& Roy, 2016; Gerrits et al., 2019; Van Noorden, 2010), and financial
inducements (Lesser et al., 2007; Lucas, 2015).

Publication pressure, and the increased competition to publish
impactful research, is at the center of this multifaceted incentive
structure. A recent bibliometric analysis showed that, over the past
several decades, the number of published scientific papers has
increased by 8%–9% each year, representing more than 1 million
new papers in the biomedical field alone—approximately two new
publications every minute (Landhuis, 2016). There is also an
increased appetite to publish exercise-related research. To illustrate
this, we selected “Sports Science” as the most closely related
category listed in Scopus (the largest curated database) and ana-
lyzed publication data for all subdisciplines and regions/countries
between 2000 and 2021 (Figure 1). The total number of published
articles increased 2.4-fold, from 7,655 to 18,564, with a steady
increase in the number of submissions to the top-50 highest-ranked
journals (listed in ascending order of the average number of
weighted citations for a given year relative to the documents [n]
published in the journal in the three previous years), from 6,403 to
10,817. The total number of journals also increased from 83 to 121
between 2000 and 2011 and plateaued thereafter (Figure 1). In a
published analysis, the number of articles submitted to just one
section of the Journal of Sports Sciences between 2017 and 2020
increased by 34% (from 637 to 854; Abt et al., 2022). This increase
in the journal’s popularity is presumed to be attributable to
increased publication pressures (Brischoux & Angelier, 2015),
increased data availability through routine monitoring of athletes
(Robertson, 2020), and perverse incentives and metrification driv-
ing academics and researchers to seek high-volume output

Figure 1 — Scopus data showing the chronological trend in the number of articles published in “Sport Science” journals (all subject areas and all
regions/countries) from 2000 to 2021, the number of articles published in the top-50 highest-ranked “Sport Science” journals (listed in ascending order of
the average number of weighted citations for a given year relative to the documents [n] published in the journal in the 3 previous years), and the total
number of “Sport Science” journals.
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(Edwards & Roy, 2016; Knudson, 2019). Publishing in the health
sciences has become “almost compulsory : : : ” (Dinis-Oliveira &
Magalhães, 2016), and we assert that this also applies to the broader
discipline of kinesiology.

Pertinently, evidence suggests that publication pressures are
independently contributing to the prevalence of QRPs. In a
survey of nearly 7,000 scientists across various disciplines,
“publication pressures” associated positively with the frequency
of QRPs, as did being a doctoral candidate, a junior researcher,
and being male (Gopalakrishna et al., 2022). In a smaller survey
of ∼600 biomedical scientists, “publication pressure” emerged as
the strongest individual predictor of misconduct (β = 0.34,
p < .01), accounting for 10% of the variance in the outcome
(Maggio et al., 2019). Younger researchers have also reported
more misconduct—perhaps due to greater promotion pressures,
tenure pressures, and/or less familiarity with responsible research
practices (Fanelli et al., 2015; Maggio et al., 2019). Another
study found that publication pressures among medical scientists
associated significantly (β = 0.07, p < .001) with a composite
misconduct-severity score, both in univariate analyses and after
adjustment for demographics (Tijdink et al., 2014). Although the
factors linking publication pressures and QRPs are not defini-
tively known, Pabst et al. (2013) showed that psychological
stress in gain-and-loss tasks increased the frequency of risky
decisions. Tijdink et al. (2014) therefore hypothesized that stress
from the demand to publish may increase risky behavior in
research, contributing to scientific misconduct.

It has been proposed that QRPs may be necessary just to
“survive in academia” (van de Schoot et al., 2021). While it could
be argued that quantitative performance metrics facilitate healthy
competition that, in turn, drives scientific progress, these same
metrics are likely a poor indicator of socially relevant and
impactful research (Biagioli & Lippman, 2020; Schmid, 2017).
It is also likely that academia’s never-ending selection for pro-
ductivity in research—reflected by pervasive idioms like “publish
or perish” (Brischoux & Angelier, 2015)—has led to a preference
for research quantity over quality. In fact, an analysis of the 100
top-cited articles in “Sports Science” and “Sports Medicine”
(extracted from Web of Science, Scopus, and PubMed until
2019) returned 38 narrative reviews and only one randomized
controlled trial, all of which were published between 1973 and
2013 (Khatra et al., 2021).

Universities and journals are equally implicated in populariz-
ing the perverse culture of “publish or perish.” Facing budgetary
pressures, academic institutions rely on prestige (gained partly
through their visibility in high-profile journals) to attract research
funding. The resulting pressure on researchers to increase the
frequency of manuscript submissions (Moylan & Kowalczuk,
2016) subsequently elevates journal operating costs. With the
number of “Sports Science” journals increasing by ∼45% since
2000 (see Figure 1), superiority in this saturated space is attained
via widely advertised impact factors and other measures of per-
ceived rank that create a preference for findings that are most likely
to yield citations and media attention. The proclivity to produce
such findings is then, unsurprisingly, reflected in the research
practices of career scientists. The current incentive structure,
therefore, encourages research misconduct and QRPs by influenc-
ing the priorities of journals, institutions, and researchers in a
perpetual and reciprocal manner.

It is also likely that publication pressures underpin the
increasing popularity of predatory journals, which are appearing
at a rate that exceeds “reliable” journals (The Economist, 2020).

An analysis by Shen and Björk (2015) showed that ∼53,000
articles were published in predatory journals in 2010, increasing
to ∼420,000 articles in 2014. The average time from submission
to publication in such journals was 2.7 months (considerably
faster than most mainstream outlets), with a mean publication fee
of just $178 (Shen & Björk, 2015). Pertinently, the authors
believed that most researchers are not victims of predatory
journals but are instead aware of the circumstances surrounding
publication and are making “calculated risks that experts who
evaluate their publication lists,” such as academic search, award,
or promotion-and-tenure committees, “will not bother to check
the journal credentials in detail” (Shen & Björk, 2015). Most
articles (∼60%) published in predatory journals receive few, if
any, citations in the 5 years after publication, supporting the
notion that researchers utilize these outlets to inflate publication
numbers rather than citation metrics (Brainard, 2020).

Financial incentives have also been shown to drive publica-
tion pressures and bias study conclusions, specifically in nutrition-
related research (Lucas, 2015). For instance, the worldwide sports
supplement industry is worth an estimated $40 billion (Statista,
2020). Since the Nutrition and Health Claims Regulation of 2012
—which required supplement manufacturers to produce evidence-
for-efficacy from human studies—there has been a considerable
proliferation of sports supplement research (Kiss et al., 2021),
much of it industry funded. Publishing highly marketable nutri-
tion research could be commercially profitable, but several inde-
pendent analyses revealed that industry-funded nutrition research
is more likely to report favorable outcomes when compared to
nonindustry-funded research (Bes-Rastrollo et al., 2013; Diels
et al., 2011; Lesser et al., 2007). In turn, this may “bias conclu-
sions in favor of sponsored products, with potentially significant
implications for public health” (Lucas, 2015). Those working in
kinesiology are also facing mounting pressure from funding
agencies to bridge basic and translational studies (Sabroe et al.,
2007) and minimize the gap between the laboratory and the
playing field (Eisenmann, 2017). However, by competing to
address (and solve) real-world problems through scientific explo-
ration, researchers may be overgeneralizing results and prioritiz-
ing marketable research over scientific rigor, resulting in low-
quality studies, biased interpretations, and inconsistent reporting
in areas that include sports equipment (Bachynski & Smoliga,
2021; Smoliga, 2020) and training programs (Ekkekakis &
Tiller, 2022).

Lastly, there are more direct examples of financial incentives
impinging on transparency in research. Until 2020, numerous
academic institutions, predominantly in China but also in the
West, offered academics cash rewards for publishing in journals
that were indexed by Web of Science and that surpassed minimum
impact factors. The more prestigious the outlet, the higher the
reward, with a manuscript in Science or Natureworth an average of
$43,000 (Quan et al., 2017). Such a system is thought to promote
“perverse incentives” and prioritizes productivity over rigor
(Mallapaty, 2020).

In summary, many factors denoting scientific “fitness” in
contemporary academic culture—publication numbers, grant
income, quantitative productivity or impact metrics, and market-
able research—are the same factors that have been identified as
possible culprits in incentivizing misconduct and QRPs. Not only
does the system benefit researchers that produce high-volume,
low-quality output, but it may also be disaffecting academics
with the strongest ethical and moral principles. The result is the
“natural selection” of bad science (Smaldino & McElreath, 2016).
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Data show that doctoral graduates in the biomedical sciences
tend to pursue careers that align with their core beliefs (Gibbs &
Griffin, 2013). Accordingly, a continued emphasis on perfor-
mance metrics over altruistic values may risk alienating the next
generation of researchers in the science, technology, engineer-
ing, and math (STEM) fields. These probable outcomes are
antithetical to the broader ambitions of scientific integrity and
may have irreversible repercussions for kinesiology and related
disciplines.

Examples of Misconduct and Questionable
Practices in Research

Misconduct and the full range of QRPs manifest in kinesiology
research because of perceived flexibility in study design, data
collection, statistical analysis, and interpretation or reporting.
Rather than provide an extensive overview of each QRP, the
focus here will be on those that manifest most prominently in
kinesiology and for which there are readily available examples in
the literature.

Publication Bias

The notion that researchers are less likely to submit (and journals
less likely to accept) papers that show negative or neutral out-
comes is not a new one. In fact, there is a significant positive
relationship between study outcomes and a researcher’s decision
to submit a paper for review (Coursol & Wagner, 1986). This
phenomenon, colloquially referred to as “the file drawer prob-
lem,” is a challenge to kinesiology research (Bernards et al., 2017;
The Society for Transparency, Openness, and Replication in
Kinesiology, n.d.), leading to publication bias in the exercise
(Twomey et al., 2021), biomedical (Fanelli, 2010; Sterling et al.,
1995), psychological (Scheel et al., 2020), and social sciences
(Franco et al., 2014). In sports medicine and related research, only
59% of preregistered trials were eventually published (Chahal
et al., 2012), and those that were published exhibited discrepan-
cies between the published article and the registered protocol in at
least one methodological element (primary/secondary outcomes,
inclusion/exclusion criteria, and sample size; Chahal et al., 2012).
In kinesiology, the rate of “positive” results has been reported as
∼81% (Twomey et al., 2021). An analysis of sport and exercise
psychology research showed that ∼98% of studies reported at
least one significant finding, with ∼80% rejecting the main stated
null hypothesis (Spence & Blanchard, 2001). This indicates that
publication bias is “alive and well in the sport and exercise
psychology literature” (Spence & Blanchard, 2001, p. 386).
Accordingly, the data indicate a strong and systematic bias
toward study designs and methodological choices that tend to
confirm researcher expectations (Büttner et al., 2020). Publica-
tion bias hinders scientific progress because researchers squander
time and resources exploring effects that may not be valid or
replicable, particularly given that nonreplicable studies are cited
more often than replicable ones (Serra-Garcia & Gneezy, 2021).
The imperative to conduct more replication studies in kinesiol-
ogy and related disciplines has been discussed (Knudson,
2017b). Moreover, a large collaborative effort is underway to
assess replicability in sports and exercise science research
(Murphy et al., 2023) in the same vein that other projects
have evaluated the replicability of research in psychology (Open
Science Collaboration, 2015) and cancer biology (Errington
et al., 2021).

Confirmatory Versus Exploratory Studies

Kinesiology is a relatively young field with grounding principles
and operating standards less well established when compared to
sciences with deeper historical roots. As a result, the majority of
studies published in related journals are exploratory/observational
rather than confirmatory (Bleakley & MacAuley, 2002; Twomey
et al., 2021). In other words, for most kinesiology research, the full
and transparent registration of aims, hypotheses, methodologies,
and statistical analyses prior to data collection would not have
been possible (Bleakley & MacAuley, 2002; Harris et al., 2014).
But when exploratory research is falsely reported as confirmatory,
there is an increased risk of inaccurate, erroneous, or nonreplic-
able outcomes (Büttner et al., 2020; Ioannidis, 2005). Not only
does this further obscure the interpretation of study findings, it
also contributes to inflated false positives and is partly responsible
for the replication crisis (Begley & Ioannidis, 2015; Nosek, 2015).
We emphasize that there is nothing inherently wrong with con-
ducting exploratory studies or with inductive reasoning; the
problem lies in the misrepresentation of exploratory studies as
confirmatory. Significant results, especially those that are statisti-
cally robust and derived from properly conducted and analyzed
exploratory studies, should be transparently reported as such and
followed up with rigorously designed and sufficiently powered
confirmatory studies.

Post Hoc Hypotheses

The anticipated outcomes of interventional studies are typically
stated in advance. However, sometimes a hypothesis is gener-
ated retroactively (only after the data have been analyzed) but
then presented in the manuscript as though designed a priori.
Such post hoc hypothesizing has been referred to as “hypothe-
sizing after the results are known” (HARKing), and may be
attributable to a poor understanding of research practice as
opposed to deliberate deception (Kerr, 1998). One analysis of
sport and exercise medicine research revealed that only 60% of
published studies stated an a priori hypothesis and, of those that
did, 82% reported findings that supposedly confirmed the
hypothesis (Büttner et al., 2020). Given that HARKing can occur
in the context of interventional or exploratory research that may
lack a directional hypothesis, the practice bypasses an important
safeguard against Type I errors (false positives), which is
inherent in all statistical analyses.

Self-Citations

Because research is a continuous and systematic process, with the
majority of investigations building on the last, a certain degree of
self-citation is inevitable and even necessary. However, because
quantitative metrics like citation number and H-index (a measure of
the number of publications for which an author has been cited at
least that same number of times) are used as indicators of research
impact and excellence (Hicks et al., 2015), they are often abused.
Using Scopus data, Ioannidis et al. (2020) published a database of
citation metrics for 195,605 of the top-cited scientists (1960–2021)
across 22 scientific fields and 176 subfields. We performed a
subanalysis on the 554 scientists for whom “Sport Sciences” was
listed as the primary field of research (Figure 2). The mean (±SD)
number of published articles among this subgroup was 177 ± 111
(range 22–754). The mean number of citations including self-
citations was 7,752 ± 6,140 (range 1,121–42,416) and the mean
number of citations excluding self-citations was 6,702 ± 5,381
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(range 1,021–36,179). Pertinently, while the mean percentage of
self-citations was 14 ± 7% (range 0%–54%), six authors exhibited
rates that exceeded 3 SDs of the mean: 54%, 44%, 42%, 41%, 37%,
and 35%. In the database as a whole (all disciplines, n = 195,605
records; Ioannidis et al., 2020), the mean self-citation rate was
13 ± 9%.Moreover, 825 scientists from various fields exhibited self-
citation rates ≥50%, showing that a high rate of self-citation is not a
phenomenon exclusive to “Sport Sciences.”Nevertheless, these data
illustrate a clear propensity for a minority of “Sport Sciences”
researchers to self-cite at a rate that is both extreme and anomalous
according to the empirical rule. Although prolific self-citation is not
necessarily unethical, it does highlight broader concerns about how
researchers perceive citations and other quantitative metrics to
influence hiring, promotions, pay, and research funding (Van
Noorden & Singh Chawla, 2019).

Data Fabrication/Falsification

A study into the research practices of over 2,000 scientists at major
U.S. universities reported data falsification prevalence estimates of
9% (John et al., 2012), although this is probably an underestimation
of the true value. Besides a few high-profile misconduct cases like
those of Eric Poehlman (Dahlberg &Mahler, 2006; Sox & Rennie,
2006) and Milena Penkowa (Callaway, 2011), there are no direct
data on fabrication/falsification in kinesiology. However, a narra-
tive review of misconduct in sports science research proposed that
data fabrication was one of the primary manifestations of “abusive
behavior” (Gaspar & Esteves, 2021), and there is little reason to
think that the broader discipline of kinesiology is an exception to
the trends in other fields. Further research to elucidate the extent of
the problem in kinesiology is warranted.

Examples of Misconduct and Questionable
Practices in Statistical Analyses

and Reporting

There have been repeated calls for more robust and transparent
statistical reporting in fields such as sports medicine (Altman
et al., 1983; Gardner et al., 1983), biomechanics (Knudson,
2009), physiology (Curran-Everett & Benos, 2007), and psychology
(Thompson, 1996).Multiple sets of author guidelines have also been

published by the American Psychological Association (Cumming
et al., 2012), among others. Nevertheless, the standards of statistical
reporting have remained essentially unchanged (Diong et al., 2018;
Gandevia, 2021; Vagenas et al., 2018). From a statistical standpoint,
research findings are more likely to be erroneous when studies are
small, when effect sizes are small, and when there is a greater
number (and lesser preselection) of tested relationships or effects
(Ioannidis, 2005). The phenomenon of small samples and low
statistical power in physiological, kinesiological, and psychological
research was identified in the 1970s as a “faulty sampling practice”
(Christensen & Christensen, 1977)—yet, it could be argued that
these characteristics still define much of the present day research in
kinesiology and related disciplines. Here, we draw attention to these
issues and to several other QRPs in statistical analyses and reporting
that manifest frequently in the literature.

Overreliance on p Values

It is traditional in statistical analyses for a p value < .05 to denote
statistical significance. Since originating from the work of Cambridge
geneticist and statistician R.A. Fisher in the 1920s (Fisher, 1926), this
arbitrary threshold has been applied liberally and indiscriminately. For
instance, a recent RCT in adults with cognitive impairment reported
that exercise significantly improved executive function (p = .046),
whereas a dietary intervention did not (p = .059; Blumenthal et al.,
2019), despite nearly identical pre- to postintervention effect sizes.
Given that there was no between-group difference in “effectiveness,”
and likely no difference in clinical value, the example illustrates how
an arbitrary p value of .05 can obscure data interpretation.

An analysis of 300 original research articles from flagship
kinesiology journals in North America (Medicine and Science in
Sports and Exercise), Europe (European Journal of Sport Science),
and Australia (Journal of Science and Medicine in Sport) showed
that 92% of published studies relied on significance testing, 82% of
which did not state an a priori hypothesis (Twomey et al., 2021).
Moreover, simply obtaining a statistical test yielding a p value <.05
provides little assurance that the result is replicable. In actuality, the
odds of successfully replicating a significant result increase with
the p value, and the relation is not what most researchers probably
assume. Indeed, the odds are higher than 90% for p values <.001,
but drop to about 66% at a p value of .01, and to 50% (i.e., chance)
for p values close to .05 (Curran-Everett, 2016; Goodman, 1992;
Figure 3). To improve the overall standards of reporting in

Figure 2 — Self-citation rates of 554 of the top-cited “Sport Science” researchers, worldwide. The M ± SD percentage of self-citations was 14 ± 7%,
and the median (interquartile range) was 13% (8%; range 0%–54%). Six authors exhibited self-citation rates that exceeded 3 SDs of the mean: 54%, 44%,
42%, 41%, 37%, and 35%. In the database as a whole (all disciplines, N = 195,605 records), the mean self-citation rate was 13 ± 9% and the median
(interquartile range) was 12% (10%). Data acquired from public records (Ioannidis et al., 2020).
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kinesiology, studies reporting p values at the exclusion of all other
descriptive and inferential statistics should be subjected to greater
scrutiny. A 2014 meeting of the American Statistical Association
highlighted a worrisome circularity in the use of the .05 statistical
threshold: “We teach it because it’s what we do; we do it because
it’s what we teach” (Wasserstein & Lazar, 2016).

A manifestation of the overreliance on significance testing is
the use of p values between .050 and .100 to denote output that is
“approaching significance” or “trending toward significance.” This
approach has been criticized because it is a subjective interpretation
and because there is no category whereby one can “almost reject”
the null hypothesis (Gibbs & Gibbs, 2015). Others describe it as
“special pleading whereby authors, however unwittingly, are
claiming something that their study has not achieved” (Wood
et al., 2014). Note also that authors often describe p values just
above the alpha level as “approaching significance” but never
describe p values just below the alpha level as “approaching
insignificance,” thus illustrating the underlying bias with which
statistical “trends” can be interpreted. It is common for researchers
to highlight “statistical trends” in studies they perceive to be
underpowered due to low sample size; however, this is both
misleading and quantitatively false. In fact, an analysis by
Wood et al. (2014) showed that collecting more data on the premise
that a study is “underpowered” will result in p values often getting
larger, not smaller: example, collecting 10%more data will result in
a “marginally non-significant” p value of .08 getting smaller only
39% of the time. This underscores the instability or volatility
(i.e., wide confidence intervals) of estimates derived from small
samples.

Not Correcting for Inflation of Familywise
Error Rate

Conducting two independent statistical tests and evaluating each
using the criterion of p < .05 can inflate alpha (the probability of
committing a Type I error) to ∼10%. Likewise, using the Šidák

formula, one can estimate that conducting six independent tests,
each using p < .05 to determine statistical significance, raises the
likelihood of committing a Type I error to 26.49%. It only requires
14 independent tests for the risk of Type I error to surpass 50%. In
other words, the likelihood of false positives increases along with
the number of independent tests, hence illustrating the importance
of adjusting the statistical output or the alpha level to account for
multiple comparisons. An analysis of 232 studies from the field of
“Sports Sciences” revealed a median of 30 statistical tests, while only
14% of them had specified a primary outcome (Lohse et al., 2020;
Sainani & Chamari, 2022). Similar issues plague the field of genetic
association research, which includes a growing number of studies
pertaining to exercise and physical activity (e.g., Klimentidis et al.,
2018; Williams et al., 2021). The field has been criticized for using
insufficiently conservative statistics and capitalizing on “chance” to
grossly exaggerate the extent to which genetic variants associate with
the risk of disease and various health-related traits (Ioannidis et al.,
2001; Prom-Wormley et al., 2017; Watanabe, 2011). The number of
geneticmarkers typically assayed in such studies can exceed 100,000,
and many putative associations may occur by chance, even when
using a seemingly “conservative” significance threshold of p < .001
(Teo, 2008).

Omitting Effect Sizes

For several reasons, effect sizes have been described as “the most
important outcome of empirical studies” (Lakens, 2013). (a) They
enable researchers to quantify the magnitude of an effect and its
practical significance using standardized criteria, (b) they allow
researchers to compare standardized effects among studies, and
(c) they facilitate the evidence synthesis and a priori power
calculations for future studies (Lakens, 2013). The importance
of effect size as a means of “describing the meaningfulness of
findings” and protecting against misleading statistics in exercise-
related research was discussed in the early 1990s (Thomas et al.,
1991). Yet, evidence on the frequency of effect-size reporting in

Figure 3 — The probability that a replicated experiment will achieve p < .05 and the 80% prediction intervals for the p value given by a replication. The line
graph depicts the probability that a repeated experiment will successfully replicate the initial p value (data from Goodman, 1992; Curran-Everett, 2016). For
example, an initial experiment obtaining a p value of .001would have an ∼90% chance of being replicatedwith a p <.05. However, with an initial p value of .05,
the probability of a successful replication falls to ∼50%. The gray bars and shading represent the intervals that include the p value given by a replication with an
80% chance (secondary y axis; data are from Cumming, 2008). For example, if an initial experiment obtains p = .05, the 80% prediction interval for replication
in a duplicate experiment will range from .00008 to .44. Adapted with permission from “Publications, Replication and Statistics in Physiology Plus Two
Neglected Curves,” by S. Gandevia, 2021, Journal of Physiology, 599(6), pp. 1719–1721. Copyright 2021 by John Wiley and Sons.
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kinesiology research remains mixed. An analysis of sports nutrition
research showed that only 29% of studies reported effect sizes
(Earnest et al., 2018) and this, in turn, entails an overdependence on
p values for interpreting results. Such infrequent reporting is
considerably lower than the 81% of sport psychology studies
that apparently show effect sizes (Andersen et al., 2007). By
contrast, others have shown that “some form of effect size” was
reported in sports science journals at a rate of around 80%
(Twomey et al., 2021). The most recent CONSORT statement
(the “minimum” set of recommendations for reporting randomized
trials) states that “For each primary and secondary outcome, results
for each group, and the estimated effect size and its precision (such
as 95% confidence interval),” should be reported (Schulz et al.,
2010). The publication manual of the American Psychological
Association strongly advocates the reporting of effect sizes
(American Psychological Association, 2020), and it appears nec-
essary to issue a similar mandate in kinesiology journals.

Not Reporting/Misreporting Variance

There are widespread inconsistencies in the reporting of variance in
sports nutrition/physiology research, with studies utilizing various
combinations of SD, SEM, and confidence intervals, sometimes
interchangeably (Earnest et al., 2018). In premier physiology
journals, ∼80% of papers reported SEM as an estimate of variability
(Diong et al., 2018), perhaps to conceal large variance in the data
and subsequent plots. But SEM is not a measure of variability,
rather it is a measure of uncertainty (Gandevia, 2021). Moreover, it
should not be used as a descriptive statistic but rather as an
inferential one (Hopkins et al., 2009; Nagele, 2003). In fact, the
co-reporting of SD and confidence interval is preferred to SEM
(Hopkins et al., 2009). Another reason to include SD in original
research (where relevant) is that it allows for the calculation of
effect size (see “Omitting Effect Sizes” section) and enables a given
study to be included in future meta-analyses. Greater emphasis on
distinguishing SD and SEM will improve the overall standards of
reporting in kinesiology research.

p-Hacking

When researchers explore numerous dependent measures and data
processing/analytical approaches and then report the outcome that
provides the most novel, convenient, or intriguing results (or the
ones that reach the threshold of p < .05), the process can be
described as p-hacking (Silberzahn et al., 2018; Simmons et al.,
2011). Of course, such flexibility in analytical procedures and
reporting elicits multiple different outcomes using the same origi-
nal data set, thereby increasing the likelihood of false positives
(Simmons et al., 2011). Given that kinesiology research is rarely
preregistered, it is more likely that researchers will attempt multiple
statistical analyses and then report the ones that best fit their
hypotheses or biases (Caldwell et al., 2020). This underscores
the importance of registering the planned analyses in advance of
data collection. During interventional exercise studies, a more
subtle form of p-hacking is to divide samples into “responders”
and “nonresponders” when, in fact, the superficial variability can
often be explained by random within-subject day-to-day variation
(Atkinson & Batterham, 2015; Atkinson et al., 2015). In fact, in
physiological studies (Atkinson et al., 2019), in supplement studies
(Del Coso et al., 2019) and in exercise-training studies (Montero &
Lundby, 2017), the dichotomization of individuals into responders
and nonresponders has been described as being fraught with

pitfalls. Accordingly, while research on response variability is still
needed, in part to determine if distinct categories of exercise
responses exist, better care is necessary to distinguish a reproduc-
ible response from that evoked by random noise (Islam & Gurd,
2020; Padilla et al., 2021).

Sample Size and Statistical Power

Calculating the minimum sample size for a study ensures adequate
statistical power to detect an effect when one exists (i.e., when the
null hypothesis is false). A sample too small will yield poor
statistical power and imprecise population estimates, leading to
inconclusive and nonreplicable results (Vankov et al., 2014);
whereas, a sample too large will be financially costly and ethically
questionable owing to unnecessary risks or inconveniences imposed
on the participants. A power analysis is a solution that enables
researchers to calculate a priori how many participants should be
recruited in order to reduce the risk of errors of statistical inference
(Jones et al., 2003). However, a minority of exercise-related studies
utilize this important tool. An analysis of 120 randomly selected
papers published in the Journal of Sports Sciences revealed that only
11% provided any formal a priori estimation of sample size (Abt
et al., 2020). A separate analysis showed that sample sizes were
appropriately justified in only 19%–35% of studies published in
kinesiology journals globally (Twomey et al., 2021). Although
Medicine and Science in Sport and Exercise—the flagship journal
of the American College of SportsMedicine—asks authors to justify
sample sizes by reporting power calculations for the primary
statistical tests, sample size was justified in only 35% of a random
sample of studies from the journal (Twomey et al., 2021). However,
merely justifying sample size using a power calculation is not
always accurate or sufficiently transparent for myriad reasons: There
may be amismatch between the statistical test identified in the power
calculation (e.g., t test) and the primary analysis performed in the
study (e.g., group-by-time interaction from an analysis of variance);
the study might reference an inappropriate effect size (e.g., based on
within- vs. between-subject comparisons); the study might rely on
pilot data to estimate the population effect size; the study might
improperly specify one- versus two-tail tests; the study might
assume a single outcome despite analyzing numerous dependent
variables (i.e., failure to adjust alpha); the researchers might fail to
account for anticipated participant attrition; the researchers might
fail to account for testing of multiple dependent variables; and
researchers might fail to report enough information to enable readers
to replicate the calculations (Chan et al., 2008; Charles et al., 2009).
To this last point, a systematic review on the effects of sprint interval
training found that 21 of 27 studies (78%) either did not report power
calculations or failed to provide adequate information for them
(Bonafiglia et al., 2022).

Poor statistical power is not a new problem. An analysis of
statistical procedures, sample sizes, and significance levels of
articles published in Research Quarterly in Exercise and Sport
(volume 46, 1975) found that studies with small effects had little
chance (<20%) of accurately rejecting the null hypothesis, with the
actual statistical power ranging from 0.06 to 0.20 (Christensen &
Christensen, 1977). In the contemporary exercise-related literature,
small sample sizes and low statistical power are still pervasive. For
instance, a recent meta-analysis on the physiological effects of high-
intensity interval training—a paradigm which has become widely
popular in both the science and practice of exercise—included 48
studies exhibiting a median sample size of just n = 10 per group
(Mattioni Maturana et al., 2021). Moreover, the small samples were
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used to assess what was found to be a small-to-medium effect
(pooled effect size 0.40), resulting in most studies (88%) ex-
hibiting statistical power in the range of 0%–20%. This is similar
in magnitude to around half of studies in biomedical sciences
(Dumas-Mallet et al., 2017). Small-scale studies with poor
statistical power are thought to result from the current research
paradigm underpinned by perverse incentives (Higginson &
Munafò, 2016).

The issue of low statistical power has generally not
improved despite repeated examples of its deleterious conse-
quences (Smaldino &McElreath, 2016). Indeed, along with high
sampling variability, the low statistical power often associated
with small samples may explain the difficulty faced in study
replication (Stanley et al., 2018). Aside from a priori power
calculations, two additional factors should inform the selected
sample size in kinesiology research. First, researchers must
“oversample” in anticipation of inevitable dropout/attrition,
particularly in longitudinal training studies (Viken et al.,
2019). Second, sample size calculations often assume perfect
measurements and do not account for the less-than-perfect
reliability of most exercise measures (e.g., V̇O2 max, blood
pressure, self-reported measures of physical activity, other
patient-reported outcomes). Measurement error entails substan-
tial loss of statistical power that is rarely compensated for with
larger samples (Baugh, 2002; Charter, 1997; Groenwold &
Dekkers, 2020; Loken & Gelman, 2017). Recruiting larger
samples, when deemed necessary for statistical robustness,
can be difficult, especially in invasive and/or mechanistic studies
or when funding and laboratory resources are limited. One
possible solution is to incentivize collaboration among institu-
tions to implement large-scale studies and to pool data collected
at individual sites. While this initiative comes with many chal-
lenges (e.g., inconsistent laboratory personnel and equipment,
subtle differences in data collection protocols), there is a clear
benefit to statistical power, conferring greater confidence in the
conclusions that are drawn.

Selective Outcomes and Cherry-Picking

In exploratory studies, particularly those in which the concept of
interest is inherently multidimensional (e.g., metabolism, immune
function, executive function, health-related quality of life), it is
common for researchers to measure numerous dependent variables,
often across multiple time points. Even with statistics that correct for
multiple comparisons, it is easy for authors to emphasize positive
outcomes and overlook negative ones (Ioannidis, 2005). An analysis
of sports nutrition/physiology research revealed that approximately
86% of studies failed to prioritize outcomes (Earnest et al., 2018),
enabling greater flexibility for researchers to select the findings
perceived to be the most novel, intriguing, or in line with expecta-
tions. By designating the primary outcome variables of interest in
advance, the flexibility to differentially choose the ones that are most
favorable can be attenuated. Failing to preregister directional
hypotheses and the appropriate statistical analyses gives researchers
the opportunity to cherry-pick outcomes, perform expedient analy-
ses (e.g., to experiment with various combinations of covariates),
and present biased interpretations of results. Both hypothesis-gen-
erating (exploratory) and hypothesis testing (confirmatory) studies
are integral components of kinesiology research (Bishop, 2008).
Nevertheless, there is an increased need for authors to be explicit as
to whether their studies are exploratory or confirmatory (Büttner
et al., 2020; Caldwell et al., 2020).

Not Accounting for Placebo Effects

Placebo-controlled trials are the benchmark of clinical research into
new drugs, as well as being crucial for exploring the ergogenic
effects of sports supplements and devices. However, failing to
account for the inherent psychobiological effects of the placebo
phenomenon itself can lead to an overestimation of real effects. For
instance, placebo may contribute up to 25% of the total intervention
effect of extracellular buffers and up to 59% of the total interven-
tion effect of caffeine supplements (Marticorena et al., 2021).
Placebo influences the subjective responses to pain (Colloca,
2019), the psychological effects of exercise training (Desharnais
et al., 1993), and even the anticipated effects of altitude training
interventions (Garvican et al., 2011). Accordingly, in addition to a
placebo arm, interventional studies in kinesiology should employ a
“no-intervention” comparator group. This three-way study design
will enable researchers to differentiate physiological and psycho-
biological effects (Marticorena et al., 2021).

Recommendations for Reform

Despite a growing body of work on the prevalence of research
misconduct and QRPs in science, a systematic and quantitative
exploration is needed to further elucidate the extent of the problem
in kinesiology. Cross-discipline qualitative data capturing the
experiences of researchers regarding QRPs would also be valuable.
Reform must then follow a two-pronged approach that addresses
the manifestations (symptoms) of QRPs in kinesiology, as well as
the incentives (causes) that potentially give rise to them.

With respect to addressing the manifestations, the first step to
greater transparency and accuracy in reporting hypotheses, meth-
ods, and results is to expand study preregistration (Caldwell et al.,
2020). By providing a framework with which to compare the
registered trial and the published manuscript (Büttner et al.,
2020), preregistration can help mitigate some of the methodologi-
cal discrepancies between them (Chahal et al., 2012). This perhaps
explains why registered reports generally outperform nonregistered
reports in methodological rigor, analytical rigor, and overall paper
quality (Soderberg et al., 2021). In clinical settings, mandatory
registration leads to more transparent research and reliable data
(Aslam et al., 2013). Preregistration of kinesiology research is not
obligatory, and it therefore remains very rare (Twomey et al.,
2021). As such, this should initially be incentivized (e.g., through
the use of badges; Kidwell et al., 2016; Munafò et al., 2017) but
may eventually need to be mandated. Academics have repeatedly
called for authors of sports and exercise science-related research to
register their hypotheses and methods prior to data collection
(e.g., on publicly available repositories or by submitting registered
reports; Caldwell et al., 2020), and the Journal of Sports Sciences
has announced its support for Open Science practices like study
preregistration (Abt et al., 2022).

Although QRPs can still manifest in preregistered studies
(e.g., in deviation from the registered protocol), a commitment
to preregistration may help improve methodological rigor to a level
approaching clinical research while also helping to improve the
perceived legitimacy of kinesiology among other scientific fields.
Embracing preregistration would also simplify the process of
performing replication studies, thereby expediting the verification
of results from exploratory research.

A simple and cost-effective means of eliciting the positive
outcomes of preregistration without mandating it would be to
require authors to simultaneously submit their manuscripts
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alongside the previously approved ethics or institutional review
board applications. Reviewers or journal editorial assistants could
then check for disparities between the aims and objectives stated in
the two documents. Notwithstanding the additional administrative
burden, such a system would improve transparency in study
reporting and help mitigate the post hoc derivation or modification
of study aims, particularly in interventional research.

As an adjunct to study preregistration, the enhanced use of
preprint servers prior to formal submission for peer-review can
benefit researchers, particularly those in the early stages of their
careers, by affording rapid dissemination of study findings, increas-
ing (open) accessibility, establishing priority or concurrence, and
facilitating feedback from, and collaboration with, the academic
community (Sarabipour et al., 2019). By guaranteeing the dissem-
ination of methods and data among the scientific community,
preprint servers may attenuate many of the publication pressures
that underpin research misconduct and QRPs. Although the wide-
spread use of preprints is associated with many challenges—and
should be used cautiously in research relating to drugs, vaccines, or
medical devices that directly affect the treatment of patients
(Flanagin et al., 2020)—in most kinesiology research, the use of
preprints may confer a net benefit.

As aforenoted, many QRPs manifest as inappropriate/incor-
rect statistical procedures. This issue can be addressed with robust
reporting of inferential statistics that include, at the very least,
effect sizes, confidence intervals, correction for familywise error
rate, and designation of primary outcomes. More stringent levels
of statistical significance may also be required. For instance, some
scientific fields that depend on high levels of confidence
(e.g., particle physics, genetics) have implemented significance
levels of five-sigma to reduce false discovery rates (i.e., a pre-
determined alpha of 3 × 10−7). While these criteria are unneces-
sarily stringent for most kinesiology-related research, authors in
our field have proposed more conservative predetermined alphas
of .01 or .001 instead of the standard .05 (Gandevia, 2021). The
responsibility ultimately falls to journal editors and manuscript
reviewers to adopt stronger policies and enforce more robust
statistical reporting in the articles they accept for publication
(Bernard, 2019).

In a further effort to overcome high false-positivity rates, a
disclosure-based solution for prospective manuscripts has been
proposed, whereby authors and reviewers adhere to a checklist that
ensures transparency in the description of methods and results, as
well as in the manuscript review process (Simmons et al., 2011).
When there are multiple outcomes in a study, Earnest et al. (2018)
suggested that authors establish a prioritized analysis schema to
encourage authors to carefully prioritize the most important aspects
of a study, to strengthen a priori analyses for future studies, and to
help contextualize secondary or tertiary outcomes from exploratory
testing. Establishing a hierarchy of aims should be determined
during study conceptualization and design (Freemantle, 2001), and
primary outcomes should be congruent with those considered in the
power calculations (Andrade, 2015). The combined approach of
more robust and/or conservative statistical reporting, and greater
transparency in predetermined aims and objectives, may eventually
help rebuild trust in published research.

When considering the high risk of false positive results in
research (Ioannidis, 2005), which is often congruent with weak
experimental findings (Diong et al., 2018), it may be that impropriety
arises more often through earnest error or statistical naiveté rather than
through fraud or malintent (Steen, 2011), in accordance with the so-
called “Hanlon’s razor.” Indeed, self-reported research-misconduct

scores were higher among younger researchers (postdoctoral fellows
and assistant/associate professors) compared to their more experi-
enced peers (Maggio et al., 2019). This may be due to heightened
pressure for career advancement among younger scientists but per-
haps also due to their relative ignorance of responsible research
practices (Fanelli et al., 2015). In the biomedical and social sciences,
funding bodies such as the National Institutes of Health mandate that
all award recipients undergo research ethics training (DuBois et al.,
2008). However, because most kinesiology studies are not externally
funded, we must double our efforts to integrate good research and
statistical practices into kinesiology-related higher education pro-
grams. This may partially prevent the next generation of career
scientists from committing avoidable QRPs.

Despite all of these cogent recommendations and perennial
calls for improvements in science reporting, research misconduct
and QRPs persist (Edwards & Roy, 2016). This suggests that
treating the superficial manifestations through the aforementioned
strategies may not be sufficient to evoke long-term behavior
change. Reform may instead be achieved by addressing the in-
centives underlying misconduct and QRPs (i.e., the root causes).
This will undoubtedly be a long and difficult process that requires
large-scale buy-in—from academics, practitioners, publishers, and
institutions—and long-term strategies that incrementally shift the
emphasis away from quantitative performance metrics.

The drive to publish is immediate and self-perpetuating. This
is particularly true for early-career scientists who are eager to
accrue quantitative markers of achievement (Nosek et al., 2012)
and secure promotion/tenure (Maggio et al., 2019). In fact, post-
doctoral researchers and assistant professors report the highest
scores for publication pressures, funding pressures, and competi-
tiveness (Gopalakrishna et al., 2022). This can be partially ad-
dressed by urging researchers to pursue long-term projects that are
both robust and that make a (relatively) profound contribution to
science, rather than short-term, high-volume outputs of questionable
integrity. The overarching aim should be to emphasize quality over
quantity. It is essential to strike a balance in this regard because,
according to Edwards and Roy (2016), an overemphasis on quality
manifests as a stringent and overcautious system characterized by
multiple blinded studies and mandatory replication of results. By
contrast, a frivolous emphasis on quantity would sacrifice scientific
rigor in both study design/execution and subsequent peer review,
resulting in high error rates (Edwards & Roy, 2016). Both extremes
would likely slow the attainment of new knowledge. Assuming the
goal of research is to promote scientific progress, optimum produc-
tivity is likely to stem from carefully balancing research quantity and
quality (Edwards & Roy, 2016; Figure 4).

Knowledge dissemination and career progression currently
rely almost exclusively on the (somewhat restrictive) framework
provided by peer-reviewed academic publishing. While it is unre-
alistic to expect academics and their institutions to ever abandon
the current publishing paradigm (such is the mutual dependency
between journals and academia), meaningful change can be
achieved by reforming the structure of and the incentives under-
pinning the current system. Specifically, “promoting truth over
publishability” requires efforts to reduce the costs associated with
sharing and accessing research; enhance the use of community-
driven, open-access journals; and enhance the use of public
repositories that enable continuous peer review (Nosek & Bar-
Anan, 2012). This may enable a level of scrutiny that we hypothe-
size would yield better standards of practice in the discipline. It
would also enhance our ability to meet the overarching purpose of
public science: Healthy knowledge accumulation. The proposed
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changes may also shift the emphasis away from quantitative
metrics (e.g., impact factor and h-index) and toward knowledge-
building incentives that yield research with a demonstrably mean-
ingful impact on theory or practice. In other words, the central
focus of research should be on altruistic values and the moral/
ethical obligations of scientific enquiry to the society it serves. This
strategy would need to be complemented with a system that
supports the next generation of scientists in striking a healthy
balance between internal accuracy motives (i.e., learning and
publishing robust data) and purely professional ones (Nosek et al.,
2012).

At the very least, moving the discipline toward these ambitious
long-term objectives requires greater support for organizations and
societies that are already striving to improve standards of reporting
within kinesiology. For instance, the Society for Transparency,
Openness, and Replication in Kinesiology (STORK) provides one
of the few cooperative platforms for health and exercise scientists
to improve their methods and practices. This is largely achieved by
emphasizing research quality over quantity, striving for accuracy
and transparency in the reporting of data and statistics, promoting
alternative publishing models that prioritize online accessibility
over cost, and encouraging critical analysis of kinesiology research
practices. It is vital that academics, practitioners, universities,
research institutions, and journals devoted to kinesiology adopt
initiatives like STORK and work collaboratively to embolden an
ethos of transparency and openness in research. The reputation of

kinesiology and related disciplines, and the integrity of the data
produced therein, may depend on it.

Conclusions

There is an ongoing conflict between the desire to “advance as a
respected scientist” and to retain one’s intellectual integrity in
academia when surrounded by “perverse” incentives that legitimize
and even mandate QRPs as a means of progression. Real progress,
however, will be to acknowledge that these two ambitions need not
be in opposition. This requires a fundamental change in what it
means to “advance as a respected scientist” and how it is achieved.
This paper outlines how the manifestations (symptoms) of QRPs
can be addressed, namely, by placing more emphasis on under- and
postgraduate education on research design and the importance of
robust statistical reporting, incentivizing and perhaps mandating
study preregistration in kinesiology research, and employing dis-
closure-based systems whereby authors and reviewers adhere to a
checklist that ensures transparency in the description of methods
and results. Nevertheless, the “perverse incentives” that typically
underpin research misconduct and QRPs can only be addressed by
nurturing a gradual change in the research paradigm—away from
the current emphasis on quantitative performance metrics and
toward a model that encourages transparency and openness, and
that better fulfills altruistic values.

Figure 4 — Assuming that the overarching goal of research is to maximize scientific progress, optimum productivity is likely to be found by carefully
balancing research quantity and quality. Toomuch emphasis on quality will lead to a loss of productivity, while too much emphasis on quantity will lead to
increased error rate. *Productivity loss owing to human error, misconduct, and so on. Adapted from “Academic Research in the 21st Century: Maintaining
Scientific Integrity in a Climate of Perverse Incentives and Hypercompetition,” by M.A. Edwards and S. Roy, 2016, Environmental Engineering Science,
34(1), pp. 51–61.
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