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Recent metascience suggests that motor behavior research may be underpowered,
on average. Researchers can perform a priori power analyses to ensure adequately
powered studies. However, there are common pitfalls that can result in under-
estimating the required sample size for a given design and effect size of interest.
Critical evaluation of power analyses requires successful analysis reproduction,
which is conditional on the reporting of sufficient information. Here, we attempted
to reproduce every power analysis reported in articles (k = 84/635) in three motor
behavior journals between January 2019 and June 2021. We reproduced 7% of
analyses using the reported information, which increased to 43% when we
assumed plausible values for missing parameters. Among studies that reported
sufficient information to evaluate, 63% reported using the same statistical test in
the power analysis as in the study itself, and in 77%, the test addressed at least one
of the identified hypotheses. Overall, power analyses were not commonly reported
with sufficient information to ensure reproducibility. A nontrivial number of
power analyses were also affected by common pitfalls. There is substantial
opportunity to address the issue of underpowered research in motor behavior
by increasing adoption of power analyses and ensuring reproducible reporting
practices.

Keywords: motor control, sample size planning, metascience

In statistics, power is the probability of observing a significant effect given the
statistical analysis, sample size, and the true effect size in the population. Recent
evidence suggests that many studies in sports science and motor behavior have
been underpowered to reliably detect the effects researchers are investigating.
For example, Mesquida et al. (2022) estimated the average power of studies
sampled from the Journal of Sports Sciences to be 48%, albeit with substantial
uncertainty. Similarly, Lohse et al. (2016) reported evidence that motor learning
experiments sampled from seven motor behavior journals between 2012 and 2014
were likely underpowered; estimating an average power between 21% and 57%.
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30 MCKAY, BACELAR, AND CARTER

Meta-analyses of specific motor learning phenomena have also found evidence of
low power among studies. For example, the average power of experiments (k =75)
that compared a reduced frequency of feedback with a 100% frequency was
estimated to be 27%, again with substantial uncertainty (McKay, Hussien, et al.,
2022). Even lower average power estimates of 6% were reported in meta-analyses
of enhanced expectancies (Bacelar et al., 2022; McKay, Bacelar, et al., 2022) and
self-controlled practice (McKay, Yantha, et al., 2022), with an upper bound
estimate of 13%. Despite having a low probability of observing a significant
result a priori, positive results in these literatures have been much more frequent
than expected. In fact, the overall positivity rates in exercise and sport science
publications in general, and motor behavior publications specifically, have been
estimated between 81% (Twomey et al., 2021) and 84% (McKay, Corson, et al.,
2022). When individual studies are unlikely to observe positive results and the
published literature is unlikely to contain negative results, the estimates contained
in the published literature are likely to be biased (Carter et al., 2015; Gelman &
Carlin, 2014; Maier et al., 2022). This bias can result in exaggerated estimates, the
appearance of an effect when there is none, or even results in the wrong direction.
Therefore, the combination of low power and selective reporting of positive results
will severely undermine the credibility of a scientific literature.

Researchers can design studies with a high probability of observing informative
results (Cohen, 1988; Lakens, 2022). If a study is designed to have 95% power to
detect the smallest effect a researcher is interested in, then 95% of the time the
researcher will detect the effect if it is real. If the researcher fails to observe a
significant result, they can rule out effects as large or larger than their smallest effect
of interest with an error rate of 1 —power, or 5% in this example. Power analysis is
therefore a critical tool for designing informative studies, and numerous open-source
software packages are available to researchers, including but not limited to G*Power
(Faul et al., 2009), Superpower (Lakens & Caldwell, 2021), and Power ANalysis for
GEneral Anova designs (PANGEA) (Westfall, 2015). Despite the widespread
availability of power analysis software, power analyses are not typically reported
in sports science research (Abt et al., 2020; Borg et al., 2022; McCrum et al., 2022;
McKay, Corson, et al., 2022; Robinson et al., 2021; Twomey et al., 2021). In motor
behavior specifically, only 13% of all studies published in Human Movement
Science, the Journal of Motor Learning and Development, and the Journal of
Motor Behavior between 2019 and June 2021 included a power analysis (McKay,
Corson, et al., 2022). It is perhaps not surprising that power analyses are uncommon
given the low average power estimates in the literature. However, we argue that this
presents an opportunity to the field; by increasing the use of appropriate and
reproducible power analyses, we can improve the overall reliability of our literature.

Conducting a power analysis can be a straightforward task, but new power
analysts may fall victim to some common traps. Each power analysis requires
specifying the primary hypothesis, the effect of interest, the statistical test, and
choosing acceptable Type 1 (false positive) and Type 2 (false negative) error rates.
For power calculations to be accurate and appropriate, it is crucial that the design
included in the power analysis addresses the effect predicted by the primary
hypothesis. For example, a study might include both within- and between-subject
components, but the primary hypothesis may pertain to between-subject differ-
ences. In this case, a power analysis based on the within-subjects analysis will
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dramatically overestimate the power of the study with respect to the primary
hypothesis. It is also important that the statistical analysis used in the power
analysis match that used on the raw data, otherwise the power calculations can be
inaccurate. For example, parametric and nonparametric approaches tend to differ in
their power, so it is important that the same method that will be applied to the data is
included in the power analysis. Choice of software to conduct a power analysis is
also important, as different designs may require different software. For instance,
G*Power cannot accurately calculate power for mixed-factorial designs that
include three or more levels of the within-subjects factor. While other packages,
such as Superpower, can handle this more complex design, there are many possible
designs that will require simulation-based approaches and likely consultation with
a statistician. For example, power analysis for mixed-effects models can be
conducted via simulation with the R package faux (DeBruine et al., 2021), and
power analysis for mediation analyses can be conducted with the package power-
Mediation (Qiu, 2021). Each of these common pitfalls can result in conducting an
underpowered study, or (less likely) an inefficient study.

Despite the challenges, power analyses can be reproduced quickly and
independent of the final data. This provides collaborators (and even peer reviewers
in a registered report) the opportunity to easily verify and, if necessary, correct a
power calculation to ensure an adequately powered and informative study. Peer
reviewers of standard reports can at least ensure that an accurate power calculation
is reported in the final manuscript. While power analyses can include errors that
result in underpowered designs, if reported in a reproducible fashion, these errors
can be caught in time to ensure a better outcome. As a means of improving the
reliability and transparency of the literature, requiring a power analysis for
publication is as easy to implement as simply enforcing the guidelines at most
journals. McKay, Corson, et al. (2022) reported that 13% of studies in three motor
behavior journals included a power analysis; yet, all three of the journals required a
power analysis in their author guidelines. If power analyses are reported with
sufficient information to reproduce the results, we believe that increasing the
adoption of power analyses has the potential to improve the state of the literature in
the long term. However, the largest benefits to increased usage of reproducible
power analyses would likely be seen in preregistered studies or Registered Reports.
Otherwise, power analyses may be conducted post hoc, limiting (but not elimi-
nating) their usefulness.

The goal of this study was to evaluate the reproducibility of power analyses
reported in the motor behavior literature between 2019 and 2021. We attempted to
reproduce each power analysis identified by McKay, Corson, et al. (2022) to
determine potential areas for improvement and identify common pitfalls in power
analysis reporting. For power analyses to improve study design, researchers need
to conduct them. We have already described research showing this has not
commonly been the case. Power analyses also need to be conducted properly,
but to understand if that is the case, they need to be reported in a reproducible
fashion. Here, we sought to answer five preregistered research questions. First,
what proportion of power analyses reported in motor behavior research can be
reproduced using only the information reported in the article or shared as
supplementary information? Second, what proportion of power analyses can be
reproduced conditional on making assumptions for missing parameters in the study
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article? Third, in what proportion of studies does the statistical test used in the
power analysis match the design used in the data analysis? Fourth, in what
proportion of studies does the design used in the power analysis address the
prediction made by the primary hypothesis? And fifth, what proportion of studies
that used partial eta-squared as the effect size parameter in a power analysis
conducted in G*Power used the default partial eta-squared settings?

Methods

The preregistration, data, and code for this study can be found using either of these
links: https://github.com/cartermaclab/proj_power-reproducibility-motor-behaviour
or https://osf.i0/9a6m8/.

Piloting

We piloted our reproduction and extraction procedures on six papers, two from
each publication year in the sample (2019-2021). During piloting, we developed
our methods to account for the diversity of study types and reporting practices we
anticipated encountering. The most influential adjustment made during piloting
was the removal of a planned code for the number of primary hypotheses. There
was often enough ambiguity about hypothesis priority that consensus felt arbitrary,
so we opted to treat all hypotheses as primary.

Sample

The 84 power analyses examined were from studies identified by McKay, Corson,
etal. (2022). Inclusion in that project required: (a) publication in Human Movement
Science, the Journal of Motor Learning and Development, or the Journal of Motor
Behavior; (b) published between January 2019 and June 2021; and (c) a hypothesis
test, including the null. A total of 635 studies met those inclusion criteria, of which
84 reported a power analysis.

Power Analysis Reproduction and Data Extraction

The first and second authors attempted to conduct the power analysis reported in
each study using G*Power (version 3.1; Faul et al., 2009). Although other means
of calculating power are available, all studies in the sample either reported using
G*Power or did not report the software they used. The authors began by attempting
to calculate the power using the parameters that were reported in the paper. A
power analysis was fully reproducible if the sample size calculation could be
confirmed using the reported parameters. If insufficient parameters were explicitly
reported, which was typical, the authors recorded that the power analysis was not
reproducible from the description of the analysis alone. When a study was not
immediately reproducible, we attempted making assumptions for missing param-
eters. For example, if the statistical analysis was not reported, we tried assuming
the actual analyses reported in the “Results” section of the study. All plausible
analyses were attempted, but effect size, power, and alphas other than .05 were not
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guessed. Studies that could not be reproduced by assuming parameters were
recorded as not reproducible, otherwise they were considered conditionally
reproducible.

If the statistical analysis used in the power analysis was reported in a study, it
was assessed whether the analysis tested any of the study’s hypotheses. For
example, it might be hypothesized that two groups will differ on a measure that is
taken twice. If the power analysis was conducted for the within-subject effect of
time, the analysis did not match the hypothesis. We recorded quotes of the
hypotheses from each study and if multiple hypotheses were made all were
considered. We also evaluated whether the analysis used in the power analysis
was consistent with the analysis used in the study. If a # test was used in the power
analysis but an analysis of variance was used in the study, the analyses did not
match. All the main analyses reported in a study were considered.

Two software considerations were probed during data collection. First, we
recorded whether the software used to conduct the power analysis was appropriate
for the type of analysis. Second, if partial eta-squared was used in G¥*Power, we
recorded the setting required to reproduce the power analysis if it was reproducible.

The first and second authors met frequently throughout data collection to
discuss the extracted studies and resolve coding conflicts. There were a wide range
of study designs, hypotheses, and reporting language in the sample, so meeting
frequently ensured consistency and allowed for quick updating of policies when
faced with unexpected scenarios. Power analyses could be reproduced quickly
when reporting was clear (1-4 min), but it could take much longer when reporting
was unclear (15-30 min).

Data Analysis

Each research question was addressed descriptively by calculating proportions. All
analyses were conducted using R (version 4.1.2; R Core Team, 2021) and the
R-packages daff (version 0.3.5; Fitzpatrick et al., 2019), extrafont (version 0.18;
Chang, 2022), papaja (version 0.1.1; Aust & Barth, 2020), renv (version 0.15.5;
Ushey, 2022), tidyverse (version 1.3.1; Wickham et al., 2019), and waffle (version
1.0.1; Rudis & Gandy, 2019) were used in this project.

Results

Preregistered Analyses

Of the 84 power analyses reported in 83 articles, 7% (n = 6) were fully reproducible
(see Figure 1a) and 36% (n = 30) were conditionally reproducible (see Figure 1b).
The statistical test used in the power analysis matched the one used in the data
analysis in 24% of the power analyses (7 = 20 experiments), did not match in 14%
(n =12 experiments), and in the remaining 62% (n = 52 experiments), the statistical
test used in the power analysis could not be accurately identified, precluding an
assessment of the congruence between power analysis design and data analysis
design (see Figure 2a). The design used in the power analysis addressed the
experiment’s hypothesis in 23% of the experiments (n=19), at least one of the
hypotheses in 6% of the experiments (n=15), none of the hypotheses in 8% of
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[ Not fully reproducible
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Figure 1 — (a) Proportion of power analyses that were fully reproducible (orange) using
the information provided in the article or supplemental materials and those that could not be
reproduced (blue) based on the provided information. (b) Same data as that shown in (a);
however, the power analyses that were conditionally reproducible (green) when certain
assumptions were made regarding missing parameters are now highlighted. Each square
represents one power analysis in the sample. For interpretation of the references to color in
this figure, the reader is referred to the online version of this article.

ERENEEEEEEEN [l Did not match analysis
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Figure 2 — (a) Proportion of power analyses wherein the statistical test used in the power
analysis matched the one used in the data analysis (orange), did not match (green), or was not
reported with sufficient information to determine if the analyses matched (blue). (b) Proportion
of power analyses that included a statistical test that addressed one of the hypotheses in the
study (orange), included a test that did not address any hypotheses in the study (green), or was
not reported with sufficient detail to determine if the test addressed a hypothesis (blue). Each
square represents one power analysis in the sample. For interpretation of the references to color
in this figure, the reader is referred to the online version of this article.

the experiments (n=7), and in 63% of the experiments (n=153), congruence
between power analysis design and the experiment’s hypothesis could not be
assessed mainly due to a lack of information about the design used in the power
analysis (see Figure 2b). Finally, of 12 studies that reported using partial eta-
squared as the effect size parameter in a power analysis, 10 reported using
G*Power. Of the studies that used G*Power, eight used the default setting in
(80%), one used the As in SPSS setting (10%), and one was not reproducible (10%),
precluding an assessment of which setting was used (see Figure 3a). Neither of the
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Figure 3 — (a) Proportion of power analyses that included partial eta-squared (nf,) as the
effect size measure and used the As in SPSS setting in G*Power (orange), the default setting
(blue), were not reproducible (green), or did not include partial eta-squared as an effect size
measure (black). Each square represents one power analysis in the sample. (b) A comparison
of the required sample size based on chosen setting in G¥Power when using partial eta-
squared as an effect size measure. The sample size calculated by the eight studies that used
the default settings and partial eta-squared as an effect size measure is shown in blue. In
contrast, if the partial eta-squared was originally calculated in SPSS, then using the
appropriate As in SPSS setting would have resulted in substantially larger sample sizes
for each study, with the difference represented by the orange bars. For interpretation of the
references to color in this figure, the reader is referred to the online version of this article.

power analyses that did not report using G*Power could be reproduced with either
setting.
Exploratory Analyses

Several exploratory analyses were conducted to gather more information about the
current state of the reproducibility of power analyses in motor behavior research.
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Trouble Spots

We noted that critical information required to reproduce power analyses was
frequently missing: The statistical test and information about the effect size. We
observed that 62% (n = 52) of the power analyses did not include the statistical test,
48% (n = 40) did not include the type of effect size (e.g., d, f*, r), and 17% (n = 14)
did not include the value of the effect size.

G*Power Considerations

G*Power (Faul et al., 2009) was the chosen software in all studies that reported
which software was used (74%; n = 62). However, in at least 7% (n = 6) of those
studies, G¥*Power does not provide an accurate power calculation for the statistical
design of the study. Furthermore, although G*Power’s user-friendly interface
facilitates the process of conducting power analyses, the software’s settings require
careful use. For example, when partial eta-squared is used as the effect size in a
power analysis in G¥Power, but was calculated in SPSS, then failing to change the
settings from default to As in SPSS can result in considerably smaller sample sizes.
We investigated the impact of this setting on sample size estimation across the
eight experiments that reported using partial eta-squared as the effect size and used
G*Power with the default setting to conduct the analysis. As seen in Figure 3b,
sample size estimation increased across all experiments when the As in SPSS
setting was used, with the number of additional subjects needed ranging from eight
(Carnegie et al., 2020) to 240 (Uiga et al., 2020).

Rare Air

Ideally, power analyses should be (a) fully reproducible, (b) the statistical test used
in the power analysis should match the test used in the data analysis and (c) at least
one of the hypotheses, and (d) the appropriate software with (e) the appropriate
settings should be used to obtain an accurate sample size estimation. Only three
studies (4%; see Figure 4) met all five of these criteria (Daou et al., 2019; Harry
et al., 2019; Rhoads et al., 2019).

[0 Accurate Power Analysis
[7] Unconfirmed

Figure 4 — Proportion of accurate power analyses (orange). An accurate power analysis
had to be (1) reproducible, (2) include a statistical test that addressed at least one hypothesis
and was used in the data analysis, and (3) were conducted with the appropriate software and
settings. All other studies from the full sample of articles surveyed failed to meet these
criteria (blue). Each square represents one study. For interpretation of the references to color
in this figure, the reader is referred to the online version of this article.
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Discussion

A priori power analyses are a critical tool for designing informative studies and an
important step toward high-quality research. Inaccurate power analyses, however, can
have the opposite effect as they may lead to underpowered study designs. Detecting,
and even preventing, power analysis errors depends on the ability to successfully
reproduce a given analysis, which requires reporting of pertinent information. The
goal of the present study was to assess the current state of power analysis reproduc-
ibility in the motor behavior domain by evaluating 84 power analyses reported in 83
research articles published in the Journal of Motor Behavior, Human Movement
Science, and the Journal of Motor Learning and Development between January 2019
and June 2021. Specifically, following a preregistered analysis plan, we assessed the
proportion of power analyses that could be reproduced with the information reported
in the article or supplementary material, the proportion of power analyses that could be
reproduced conditional on making assumptions for missing parameters in the article,
the proportion of studies wherein the statistical test used in the power analysis matched
the test used in the data analysis, the proportion of studies wherein the statistical test
used in the power analysis addressed the study’s primary hypothesis, and finally, the
proportion of studies that conducted a power analysis in G¥Power and used the default
settings when computing the effect size parameter from partial eta-squared.

We were unable to reproduce 93% of the power analyses in the sample using
only the information provided in the article or shared as supplementary informa-
tion. By making assumptions for missing parameters, we were able to reproduce
43% of the power analyses, although this of course comes with caveats. Different
parameters can yield the same sample size estimation, so despite our efforts to
make plausible assumptions, this approach does not guarantee that the original
analyses adopted the same parameters we assumed. Therefore, 43% represents the
upper bound on reproducibility with the truth likely being even more concerning.
Common reasons as to why power analysis reproducibility failed include lack of
information regarding the design used in the power analysis, the type of effect size,
and the effect size value. A missing effect size value is particularly problematic
because one cannot simply guess what effect size authors are targeting.

The process of conducting power analyses is facilitated by an abundance of
user-friendly and openly available programs, including G*Power (Faul et al.,
2009), which is commonly used in social and behavioral research. In our sample,
all studies (n=62) that reported the software used G*Power, establishing a
preference for this program in the motor behavior domain. While conducting a
power analysis in G*Power can be straightforward, easy-to-make mistakes when
using the software can lead to inaccurate power calculations. For instance,
G*Power is not suitable for calculating power for mixed-factorial designs with
three or more within-subject factors, which require the use of other packages such
as Superpower (Lakens & Caldwell, 2021). In our sample, at least 7% of the power
analyses adopted designs that are too complex for G*Power. More critically,
G*Power’s method to compute the effect size partial eta-squared differs from the
method used in SPSS. If researchers are basing their effect size target on previous
estimates of partial eta-squared, and those estimates were calculated in SPSS, they
need to change the effect size specification under Options from Default to As in
SPSS (G*Power, version 3.1.9.7). Across the power analyses assessed in the
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present study, 10 used partial eta-squared as the effect size parameter in G*Power
but only one used the As in SPSS setting. All eight experiments that originally used
the default setting would have been underpowered to detect the effect of interest if
it was originally calculated in SPSS.

A lack of thoroughly reported and vetted power analyses contributes to the
proliferation of underpowered studies, which combined with selection for signifi-
cant results threatens the credibility of our literature. The impact of low power and
selection bias is well illustrated by the growing body of metascience calling into
question the reliability of research paradigms long considered robust (Carter et al.,
2015; e.g., Maier et al., 2022; Vohs et al., 2021), such as self-controlled practice in
the motor learning domain (McKay, Yantha, et al., 2022). In a recent meta-
analysis, McKay and colleagues estimated the benefit to motor learning of giving
learners control over an aspect of their environment is trivially small, if existent,
after correcting for publication bias. Nevertheless, the average effect size in the
published literature was g = .54, suggesting apparent benefits. Similarly, another
meta-analysis (McKay, Bacelar, et al., 2022) investigated the second motivational
factor in OPTIMAL theory (Wulf & Lewthwaite, 2016), enhanced expectancies.
The analysis found that despite an average benefit of g =.54 in the published
literature, the true effect of enhanced expectancies is likely much smaller, if it exists
at all. The studies examined in these meta-analyses had median sample sizes of
n =14 (McKay, Yantha, et al., 2022) and n =18 (McKay, Bacelar, et al., 2022),
requiring effects larger than g =.8 to achieve significance with an independent ¢
test. Therefore, selectively publishing significant results in these literatures meant
publishing an abundance of large effects, making it possible for even null effects to
appear moderately beneficial on average.

It is not only the extant but the future literature that is affected by underpowered
studies. Small studies with positive results generate inflated effect sizes (Gelman &
Carlin, 2014). When these inflated effect sizes are used in power calculations for
future studies, those studies become underpowered as well. This snowball effect can
lead to uncertainty, research waste, and overall issues with replication as additional
studies that are unlikely to be informative continue to be conducted and discarded, or
reported when positive (Open Science Collaboration, 2015).

We have reviewed evidence that power analyses have been reported infre-
quently in the motor behavior literature (McKay, Corson, et al., 2022). When
power analyses were reported, they were rarely reproducible without making
assumptions, and even then, most power analyses could not be reproduced.
Meanwhile, there is growing evidence that the average power among motor
behavior studies is low, making the literature vulnerable to more severe bias
from various selective reporting mechanisms (e.g., Lohse et al., 2016; McKay,
Hussien, et al., 2022; McKay, Yantha, et al., 2022; Mesquida et al., 2022). Here,
we argue that power analyses can easily be reported in a reproducible fashion and
doing so is a progressive step toward improved research quality overall.

Power Analysis Reproducibility: Recommendations for Future
Studies
Two simple practices can ensure power analysis reproducibility: (a) complete

reporting and (b) sharing of code (see Table 1). The minimum parameters required
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Table 1 Sample Checklist for Improving the Reproducibility of
Power Analyses Based on Our Two Main Recommendations

Item

Reporting practices
Report all input parameters for your selected analysis®
[ Specific statistical test
e.g., Means: Difference between two independent means (two groups)
[ Type of power analysis
e.g., A priori: Compute required sample size—given «, power, and effect size
[ Tails
e.g., Two
[ Effect size of interest and type
e.g.,d=04
[ Accepted false-positive rate
e.g., a=.05
[] Target power
e.g., 80%
[ Allocation ratio N2/N1
e.g., 1
[ Required (i.e., total) sample size
e.g., 200
[] Primary hypothesis
e.g., We predict Group A to have lower total error in retention than Group B
Sharing practices

Can use repositories like Open Science Framework, Github, etc. or include as
supplementary material

[ G*Power: Click the Protocol of power analyses tab — Right click in win-
dow — Save protocol to file

[ R package: Save as a R file”

Note. “We have used an two-sample 7 test and the input parameters from G*Power as an example. Other

statistical tests from the same or from a different “test family” may require fewer or several additional

Earameters. This process can be streamlined by sharing the protocol output from G*Power or the R code.
Other options for reproducible documents in R include RMarkdown (.Rmd) and Quarto (.qmd).

to reproduce a power analysis are the type of effect size and its value (e.g., d, f*, r),
the accepted false-positive rate (i.e., alpha), the target power value (e.g., 80%), the
specific statistical test, and the required sample size. Several additional parameters
may be required to reproduce a specific analysis. A helpful strategy for G*Power
users is to report every possible input variable. Although one can technically
reproduce a power analysis without knowing the primary hypothesis, we argue that
researchers should also explicitly state their primary hypothesis(es) so others
(e.g., collaborators, peer-reviewers, and readers) can assess whether a given study
was powered to detect the primary effect(s) of interest.
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A common trouble spot among studies in our sample was the description of the
statistical test. We suggest making use of standardized language in power analysis
software. This is a straightforward approach that offers researchers a clear way to
describe the power analysis components, which is not only helpful from a practical
standpoint, but it also reduces uncertainty. For instance, if a researcher reports the
use of a test from the analysis of variance family in G*Power, five different options
are possible. However, if she reports the use of the statistical test analysis of
variance: repeated measures, within—between interaction, only one option is
available. Reporting the exact language used in the software will clarify the
statistical test for readers.

The second simple practice that will ensure power analysis reproducibility is
sharing the protocol output or code. It is easy to save the exact protocol used in the
power analysis in software such as G¥Power, Superpower, and R. In G*Power, the
Protocol of power analyses tab includes all the details of the power analysis and
can be saved as a PDF. Researchers can make this file available online in a
repository such as the Open Science Framework (https://osf.io) or as part of
supplementary material. Sharing code is a great strategy for ensuring the repro-
ducibility of power analyses and primary analyses alike.

The benefits of adopting the practices we have presented go beyond power
analysis reproducibility. For one, these practices increase research transparency, a
key goal of the Open Science movement. Clear reporting can also assist other
researchers in determining parameters for their own power analyses, which is
especially helpful for researchers conducting their first power analysis for a given
hypothesis. Although power analyses are best used for study planning, they can be
conducted at any time. Therefore, the most informative power analyses are not just
reproducible, but preregistered. Fortunately, another benefit of completing a
reproducible power analysis while planning a study is that it represents a huge
step toward preregistration. The study’s primary hypothesis, smallest effect size of
interest, statistical test to answer the research question, desired error rates, and the
intended sample size comprise at least 50% of a preregistration form (e.g., https:/
aspredicted.org form). To illustrate the potential symbiotic relationship between
reproducible power analysis reporting and preregistration, in our sample, 50% of
the experiments considered fully reproducible had a preregistered analysis plan,
while only 0.47% of the overall sample was preregistered.

Limitations

Given we were unable to reproduce most of the power analyses, we cannot assess
whether the primary deficit among studies is in power analysis quality or in
reporting quality. When power analyses were reproducible, we made no effort to
evaluate the quality of the evidence produced by those studies. Although we are
optimistic that increased adoption of reproducible power analyses will benefit the
quality of research in our field, we recognize that power analyses are not a panacea
for bias in research. Although we recommend powering studies to detect the
smallest effect size of interest (Lakens, 2022), we give no guidance on how to
select this value. This is no small challenge for researchers and future metascience
should focus on developing methods for choosing which effects are likely to be
important in each study. In the meantime, it is important for researchers to think
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carefully about the specific effects they are investigating and not rely on effect size
benchmarks to inform their power analyses. In fact, the benchmarks recommended
by Cohen (1988) and used in G*Power change depending on the type of analysis,
rendering them inconsistent and illogical for use in sample size planning (Correll
et al., 2020). Instead, researchers should think about raw differences they would
not want to miss to help arrive at a smallest effect of interest.

Conclusion

Eighty-four motor behavior studies out of a sample of 635 included a power
analysis, and of those, we found three that were both appropriate and reproducible.
There is converging evidence that motor behavior research is underpowered;
perhaps because power analyses are not being leveraged to ensure a study produces
informative results. Researchers can improve this situation by reporting all details
of their power analyses and sharing their protocol output or code. Journals can
improve this situation by asking for reproducible power analyses as a condition of
publication. Peer reviewers can improve this situation by double-checking that the
power analysis reported in a submission can be reproduced and has been
appropriately conducted. Together, the sports science community can improve
the quality of our research with relatively simple adjustments to the research
workflow.
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