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A B S T R A C T

Although the past decade was characterized by methodological discussions regarding the quality of psychological 
research, there is sparse empirical evidence whether research practices have changed since the beginning of the 
debate. We aim to investigate whether sample sizes in sport and exercise psychology have increased in the past 
decade.

We analyze four leading journals in sport and exercise psychology regarding sample sizes of all quantitative 
studies published in these journals between 2022 and 2023. Then we compare these sample sizes to the sample 
sizes published in the same journals between 2009 and 2013 (Schweizer & Furley, 2016).

Our results suggest that sample sizes in sport and exercise psychology have increased for most, but not all 
study designs (e.g., median sample sizes increased by 44% and 33% for experimental and correlational studies, 
whereas they decreased by 25% for quasi-experimental studies). Although power may have increased accord
ingly, our results suggest that a substantial proportion of studies in sport and exercise psychology may still not 
have sufficient power to detect small-to-medium effects, particularly so when testing at low alpha levels. More 
than half of the studies in our sample do not report an a priori power analysis, and a priori power analyses are not 
uniformly related to sample sizes across study designs.

Taken together, the present study suggests that sample sizes in sport and exercise psychology have increased in 
the past decade. However, there is still room for improvement. In order to remedy this shortcoming, we suggest 
investing in training how to perform a priori power analyses and in creating applications that make it easier to 
conduct respective power analyses.

“If a team of research psychologists were to emerge today from a 7- 
year hibernation, they would not recognize their field. Authors volun
tarily posting their data. … Hundreds of researchers preregistering their 
studies. … Enormous increases in sample sizes” (Nelson et al., 2018, p. 
512).

Starting in the early 2010s, the quality of psychological research has 
been the subject of an intense and highly critical debate (Hardwicke 
et al., 2020; Nelson et al., 2018). As a consequence, a multitude of 
measures have been proposed and implemented to improve the quality 
of psychological research (for overviews see Hardwicke et al., 2020; 
Munafò et al., 2017; Nelson et al., 2018). These measures include, but 
are not limited to, preregistering analysis plans in order to prevent 
p-hacking (Hardwicke & Wagenmakers, 2023), providing data, code and 
material in order to make analyses reproducible (Nosek, 2015), and 

guidelines for authors and reviewers in order to make analysis choices 
transparent (Nosek et al., 2015; Simmons et al., 2011). Furthermore, 
researchers are called to ensure the reliability and validity of their 
measurements (e.g., Schimmack, 2021; Schweizer et al., 2020; Westfall 
& Yarkoni, 2016), to justify their sample sizes (Lakens, 2022) and to 
plan them more adequately (e.g., Fraley & Vazire, 2014; Sommet et al., 
2023), to lower their alpha levels (Benjamin et al., 2018) and to employ 
more sophisticated statistical procedures (e.g., Lakens et al., 2018; 
Lakens & Evers, 2014; Wagenmakers et al., 2018).

Despite literally hundreds of methodological articles, the creation of 
new journals and scientific societies, the success of blogs dedicated to 
methodological criticism, the development of web tools and the adop
tion of requirements for authors and reviewers, it seems hard to say 
whether psychological research has really changed for the better as 
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claimed by Nelson et al. in the quote at the beginning of this article 
(2018). Some authors adopt a very optimistic perspective. For example, 
Nelson et al. (2018, p. 512) go so far as to proclaim “psychology's re
naissance” and assert that “the improvements to our field have been 
dramatic”. Other authors remain more sceptic. For example, Hardwicke 
et al. report evidence for a “… minimal adoption of transparency and 
reproducibility-related research practices” (2022, p. 247).

Similarly, in the field of sport and exercise sciences, several recent 
publications have highlighted methodological challenges parallel to the 
ones in psychology (Mesquida et al., 2022; Murphy et al., 2025; Tiller & 
Ekkekakis, 2023; Uehata & Rein, 2025). Contrary to the optimistic 
outlook in psychology (e.g., Nelson et al., 2018), however, Tiller and 
Ekkekakis (2023, p. 201) have suggested that researchers in the field 
of sport and exercise sciences might exhibit “a reluctance to acknowl
edge their methodological shortcomings” and thus hesitate to improve 
methodological practices. However, again there is little evidence to 
support this claim. Thus, both in the fields of psychology and of sport 
and exercise sciences, it is hard to say to what extent research practices 
have improved in the wake of the current methodological discussion. 
The rather pessimistic outlook expressed by Tiller and Ekkekakis (2023)
may reflect the fact that the discussion around the quality of research 
practices has not yet reached the same extent in the field of sport and 
exercise sciences as it has in psychology. At the same time, one reason 
for this difference might be that at least in some fields of sports sciences 
(e.g., physiology), effects may be larger and measurement may be more 
precise, thus necessitating less critical inquiry.

One major reason for the ambiguity described above is the lack of 
pre-post data that could be used to quantify developments or improve
ments in psychological or sport scientific research (see Hardwicke et al., 
2022, for a similar reasoning). In other words, objectively assessing 
improvements in psychological or sport scientific research would 
require the existence of a metric that a) rather unambiguously captures a 
characteristic of high-quality research, b) had room for improvement at 
the beginning of the discussion on research quality and c) is available for 
studies before and after the onset of the respective discussion. Several of 
such metrics exist, one of them being sample sizes. Compared to other 
metrics, one advantage of samples sizes is that they are easy to assess, 
since they are directly reported in every research paper. Therefore, the 
goal of the present research is to investigate whether research practices 
in sport and exercise psychology have changed since the beginning of 
the current methodological discussion, using comparisons of sample 
sizes as an indicator.

1. The role of sample sizes for research quality

Within the above-mentioned discussion on the quality of research 
practices in psychology, a particular emphasis has been on studies' 
power (Brysbaert, 2019; Button et al., 2013; Fraley & Vazire, 2014). 
Power is defined as the probability of detecting an effect, given that said 
effect exists (Button et al., 2013), or, as the probability of correctly 
rejecting a null hypothesis (Button et al., 2013). Several studies suggest 
that psychological research is probably underpowered, because sample 
sizes are smaller than they need to be for obtaining adequate levels of 
power (Button et al., 2013; Fraley & Vazire, 2014; Sommet et al., 2023). 
Compared to fields with lower power, fields with higher power have on 
average a lower proportion of false-positive and a lower proportion of 
false-negative results (Button et al., 2013; Wilson & Wixted, 2018). In 
other words, when power increases, researchers have a higher proba
bility of finding an effect given that it exists and a lower probability of 
reporting an effect that in reality does not exist (Button et al., 2013; 
Wilson & Wixted, 2018). Accordingly, the average power of studies in a 
field influences the level of trust that researchers, practitioners, and the 
general public alike should place in this very field's results.

In 2014, Fraley and Vazire estimated the average power of studies in 
social and personality psychology. According to their estimates, a large 
proportion of studies in these fields could be considered substantially 

underpowered, at least in order to detect the small-to-medium effect 
sizes that are considered typical in social and personality psychology. 
However, studies’ power would have been more adequate in order to 
detect larger effect sizes.

Furthermore, Fraley and Vazire suggested adopting a new metric for 
evaluating journals based on the average sample size of studies in a 
journal. Drawing on the term ‘impact factor’, they called this metric the 
N-Pact factor. Inspired by the work of Fraley and Vazire, analyses of 
sample sizes and respective estimates of studies' power followed in 
several fields (Kossmeier et al., 2019; Reardon et al., 2019; Schweizer & 
Furley, 2016). In 2016, Schweizer and Furley analyzed the sample sizes 
of 720 studies published between 2009 and 2013 in four major journals 
from sport and exercise psychology. Furthermore, they expanded upon 
the analyses by Fraley and Vazire (2014) by analyzing sample sizes 
separately for studies' design. Results suggest that sample sizes in sport 
and exercise psychology heavily depend on studies' design, and that, 
therefore, differences between journals are diminished when controlling 
for design. The results by Schweizer and Furley suggest that the median 
sample sizes of correlational studies and mixed-design experiments in 
the respective period were adequate in order to detect an effect size of 
r = .2 (which might be considered the typical effect size in psychological 
research; Richard et al., 2003; see Sommet et al. [2023] for a more 
recent summary of the discussion of effect sizes in psychological 
research), however, that the median sample sizes of quasi-experimental 
studies, within-participants experiments and between-participants ex
periments had less than a 50% chance to detect an effect of r = .2. 
Furthermore, variations regarding sample sizes were substantial, sug
gesting that while 50% of studies had more power than reported above, 
50% of studies also had less power. Thus, even for study categories 
where the median sample size may have resulted in adequate power in 
order to detect small-to-medium effect sizes, there were probably a 
substantial proportion of studies (namely those below the median) 
where it did not.

It seems important to discuss whether effect sizes in sport and ex
ercise psychology might be larger than published estimates of average 
effect sizes in psychological research suggest (see Sommet et al., 2023, 
for a discussion and brief summary of average effect sizes in psycho
logical research). On the one hand, one might argue that most published 
estimates stem from rather theoretical fields (e.g., social or personality 
psychology), where researchers may be interested in comparably small 
effects. In more applied fields (such as sport and exercise psychology), 
average effect sizes might be larger, simply because researchers are not 
interested in effect sizes that are too small to be meaningfully applied. 
Indeed, recent data suggest that published effect sizes from applied 
psychology might be larger than published effect sizes from other psy
chological fields (Schäfer & Schwarz, 2019). On the other hand, all es
timates of average effect sizes are based on published effect sizes, and 
there are reasons to believe that true effects are often smaller than 
published effect sizes. First, when sample sizes are small, only large 
effects become significant and get published (Button et al., 2013). Sec
ond, effect sizes found in replication studies are often smaller than effect 
sizes found in original studies; and effect sizes from preregistered studies 
are often smaller than effect sizes from non-preregistered ones (see 
Sommet et al., 2023, for a brief overview and further references). 
Furthermore, some interventions will have small effects (e.g., Milkman 
et al., 2021). In line with these observations, recent data suggest that 
even in a highly applied field such as increasing the frequency of exer
cising, researchers and practitioners alike overestimate the efficacy of 
interventions (Milkman et al., 2021). Taken together, it seems important 
to keep in mind that particularly in applied fields, researchers may be 
interested in rather large effects, and that for these researchers, smaller 
sample sizes will not constitute underpowered research (still, effect size 
estimates will be less precise than with larger samples). At the same 
time, effect sizes may often be smaller than researchers anticipate.

Additionally, sport science in general and sport psychology in 
particular may differ from social, cognitive and personality psychology 
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(where the discussions around sample sizes and research quality origi
nated) with regard to resource constraints. Obtaining large samples may 
be more costly in sport science or sport psychology, because researchers 
may be interested in specific populations (e.g., experts, high- 
performance athletes), that are more expensive to sample than the stu
dent or MTurk participants common to some fields of psychology. 
Furthermore, measurement itself may be more costly, as sports scientific 
or sport psychological studies may rely on behavioral measurements 
instead of online questionnaires or reaction-time tasks (e.g., see 
Schweizer et al., 2020, for the construction of reliable performance 
outcome measures in sport psychology). On the other hand, research in 
sport science or sport psychology may sometimes sample entire pop
ulations, or at least nearly entire populations (e.g., all top athletes in a 
field). When sampling (nearly) the whole population, there is no need 
for significance tests or larger samples (Lakens, 2022), at least when the 
goal is to make an inference regarding the respective population.

Following the power estimates reported above, Schweizer and Furley 
(2016) called for more attention to the issue of sample sizes and power 
in the field of sport and exercise psychology. Consequentially, they 
suggested that researchers should calculate their sample sizes based on 
anticipated effect sizes. If researchers followed this advice, future sam
ple sizes should increase, considering that a substantial proportion of 
studies in sport and exercise psychology was probably underpowered, at 
least in order to detect small-to-medium effect sizes. The publication did 
not only lead to calls and suggestions, but it also had consequences on 
editorial policy. For example, the journal ‘Psychology of Sport and Ex
ercise’ updated their author requirements regarding sample sizes 
accordingly.

The goal of the present paper is to investigate whether sample sizes – 
as one instance of methodological practices - in sport and exercise psy
chology have increased since the beginning of the current methodo
logical discussion. In order to answer this question, we aim to use the 
data provided by Schweizer and Furley (2016) as a benchmark.

2. Method

In order to ensure comparability with the data from 2009 to 2013, 
we closely followed the approach described in Schweizer and Furley 
(2016). We examined studies from the same four journals in sport and 
exercise psychology, namely International Journal of Sport Psychology 
(IJSP), Journal of Applied Sport Psychology (JASP), Journal of Sport and 
Exercise Psychology (JSEP), and Psychology of Sport and Exercise (PSE). 
We examined all empirical articles published in these journals in the 
years 2022 and 2023 (due to resource constraints we could not replicate 
a full five-year period). We did not examine non-empirical articles such 
as review articles and comments. In a first step, we identified empirical 
articles. In the next step, among empirical articles, we did not analyze 
meta-analyses, studies based on the analysis of data bases, and quali
tative studies such as interview studies or focus groups. Other reasons 
for not including empirical studies were descriptive approaches, studies 
in which we could not identify the relevant sample size, and studies with 
analyses that do not necessarily rely on large samples (e.g., single case 
studies). Furthermore, we excluded studies that served the purpose of 
constructing a questionnaire.

When an article contained multiple studies that were analyzed 
separately, we coded each study separately. For every study, we coded in 
which journal it was published, publication year, sample size, and 
whether it was an experimental, a quasi-experimental, or a correlational 
study. We coded a study as experimental, when there was a randomized 
assignment of participants to factors (between-participants design) or a 
repeated manipulation (within-participants design). Furthermore, we 
distinguished between within-participants, mixed (a combination of a 
within-participants and a between-participants factor), and between- 
participants designs. We coded studies as quasi-experimental, when 
participants’ assignment to groups was based on an a-priori existing 
variable instead of being randomized (e.g., studies on differences 

between experts and novices). We coded a study as correlational, when 
there was no quasi-experimental or randomized assignment of partici
pants to factors. Furthermore, studies using a multilevel design and 
studies using structural equation modeling were also coded as correla
tional. When coding study design, we focused on the operationalization 
of the main hypotheses. For example, studies, in which hypotheses 
referred to an experimental design, however contained some additional 
correlational analyses, were coded as experimental. For studies using a 
mixed-methods approach, the sample size for the quantitative part was 
included if it was used in order to answer a research question, as opposed 
to only supplementing the qualitative analysis.

We coded the initial sample size before cases were excluded. We 
made exceptions to this rule when the initial sample was only used in 
order to screen for and identify subgroups that would subsequently be 
used for the main analyses. In longitudinal studies, we used the sample 
size at the first measurement time. In dyadic studies, we used the sample 
size that was the unit of analysis (i.e., in some dyadic studies this is the 
dyad, in others it is each individual). Furthermore, and novel to this 
study, we coded whether an a priori power analysis was reported. We 
did not code post-hoc power analyses (Lakens, 2014).

One author coded all studies. A second author coded all studies 
again. When both coders disagreed, they discussed their disagreement 
and solved it. During the coding process, the coders focused on the 
comparability of the present coding procedure with the procedure 
employed for the data from 2009 to 2013. We provide all data and R 
code for the analyses in an online supplement (https://doi.org/ 
10.23668/psycharchives.22334). For descriptive analyses, RStudio 
version 2023.12.1 + 402 (R version 4.3.3) was used (R Core Team, 
2023). In order to ensure comparability with the data from 2009 to 
2013, all power analyses were conducted in G*Power 3.1.9.7. (Faul 
et al., 2007). In the next step, all power analyses were conducted 
again in R using the ‘Webpower’ package in order to ensure reproduc
ibility of the present data (Zhang & Mai, 2023). Both methods led to the 
same results. We present information on the power analyses in an online 
supplement and in the file containing the R code (please see the link 
above for more information on the power calculations). We do not 
present data separately for different journals, for two reasons: First, the 
results from Schweizer & Furley suggest that differences between jour
nals can mostly be explained by differences in study designs (e.g., some 
journals report more correlational studies than others). Second, we do 
not aim to present a new metric for evaluating journals (as Fraley & 
Vazire [2014] originally intended), but instead we aim to analyze po
tential changes in the last decade.

3. Results

In total, we analyzed the sample sizes of 326 studies (see Table 1 for 
information how these studies were distributed across study designs and 
the investigation period). These 326 studies originate from 300 papers, 
suggesting that the majority of papers in our sample (92%) were single- 
study papers. Most studies in the sample were coded as correlational 
(52%), followed by experimental (37%) and quasi-experimental (11%) 
studies. When interpreting the following data on sample sizes, it is 
important to keep in mind that the different study designs were not 
equally frequent in our sample. Main reasons for not including studies 

Table 1 
Number of analyzed studies per year and design category.

2022 2023 Total

Experimental (all) 56 64 120
Experimental (Within) 16 19 35
Experimental (Mixed) 34 40 74
Experimental (Between) 6 5 11

Quasi-Experimental 20 17 37
Correlational 92 77 169
Total 168 158 326
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were that they employed a qualitative approach and that they aimed at 
questionnaire construction (see the data in the online supplement for 
detailed information on the different reasons for excluding a study).

We present median sample sizes and quartiles (i.e., Q25, Q75) 
separately for experimental, quasi-experimental and correlational 
studies. Among experimental studies, we present data separately for 
within-participants, between-participants and mixed designs. Data 
suggest that sample sizes increased for correlational studies and all 
subcategories of experimental studies (i.e., within-participants, be
tween-participants and mixed designs), however they decreased for 
quasi-experimental studies (see Table 2 for a comparison of sample sizes 
between 2009-2013 and 2022-2023). Importantly, when sample sizes 
increased, not only median sample sizes but also quartiles increased, 
suggesting that the whole distribution of sample sizes was shifted to the 
right (see Fig. 1 for a visual comparison of sample sizes between 2009- 
2013 and 2022-2023).

The increases that we find for experimental and correlational studies 
are substantial, as indicated by the relative changes in percentages 
(Table 2). For experimental studies, median sample sizes increased by 
44% (all experimental studies). When looking at different experimental 
designs separately, median sample sizes increased by 54% (within-par
ticipants studies), 32% (mixed-design studies) and 76% (between-par
ticipants studies), respectively. For correlational studies, median sample 
sizes increased by 33%. At the same time, sample sizes decreased by 25% 
for quasi-experimental studies.

In order to assess whether these changes are within the range of 
normal fluctuations, we compared the median sample sizes for 2022- 
2023 to the fluctuations between 2009 and 2013 (Fig. 2). Fig. 2 shows 
that both for correlational and experimental studies, the median sample 
sizes for 2022-2023 are outside the fluctuations between 2009 and 
2013, suggesting that the reported increase is a systematic one.1 For 
quasi-experimental studies, the median sample size in 2022-2023 is 
lower than the respective sample sizes in 2010-2013, but higher than in 
2009, making the picture less clear.

Furthermore, we calculated statistical power for the median sample 
sizes from the studies in our sample using G*Power and the ‘WebPower’ 
package in R (Faul et al., 2007, Zhang & Mai, 2023; see the respective 
online supplement [https://doi.org/10.23668/psycharchives.22334] 
for more information on the power calculations). We calculated power 
a) for a range of typical effect sizes (Richard et al., 2003; Sommet et al., 
2023), b) for different significance levels and c) separately for correla
tional, experimental and quasi-experimental studies. Table 3 suggests 
that power heavily depends on the respective combinations of designs, 
significance levels, and effect sizes. When comparing 2009-2013 to 
2022-2023, power estimates obviously follow the development of 

sample sizes: In study categories where sample sizes have increased, 
power has increased accordingly (when assuming equal effect sizes and 
significance levels), and vice versa. Still, the present estimates suggest 
that although many studies in sport and exercise psychology may ach
ieve adequate power, there is still a sizable portion of studies that will 
not achieve satisfactory levels of power. This is particularly true for 
studies at the lower end of the sample-size distribution. Furthermore, 
most power estimates can only be considered satisfactory for α = .05, 
and not for α = .01. Given that employing significance levels of α = .01 
or even lower seems beneficial for lowering the number of false positives 
while not affecting false negatives (when power is kept constant) (see 
Benjamin et al., 2018; Miller & Ulrich, 2016), this indicates room for 
further improvement.

We want to make clear (as this is a common misunderstanding), that 
we did not calculate the studies’ post-hoc power for finding the effects 
that these studies reported to find. Instead, we estimate, based on their 
average sample size, which power the studies in our sample would have 
had in order to find effects of a certain size given certain significance 
levels.

As a complement to Table 3, which depicts studies' power to detect 
certain effect sizes as a function of median sample sizes and selected 
significance levels, we report Table 4. Table 4 depicts medium detect
able effect sizes (MDES, Bloom, 1995) as a function of studies’ median 
sample sizes and selected significance levels. In other words, whereas 
Table 3 describes which power the studies in our sample would have in 
order to detect a certain effect size based on the median sample sizes that 
we found, Table 4 describes which effect sizes the studies in our sample 
would be able to detect with a certain level of power, again based on the 
median sample sizes we found. Table 4 suggests, that, for many levels of 
power and choices of significance levels, effect sizes must be large in 
order to be detectable based on the sample sizes we found in our sample 
of studies. Importantly, this is not only true for potentially extreme 
combinations of high power and low significance levels, but already for 
common combinations of desired power and significance. For example, 
the median sample size of a study employing a within-participants 
design would suffice to detect an effect of d = .47 with a power of .8 
and at α = .05. Obviously, the higher the desired power and the lower 
the selected α, the larger an effect must become to be detectable based 
on the sample sizes we found.

Furthermore, we aimed to determine the number of studies that 
report an a priori power analysis. The prevalence of a priori power an
alyses is distributed unequally over study categories (see Table 5): 
Whereas a majority of experimental studies report an a priori power 
analysis (65%), only a minority of quasi-experimental (41%) and 
correlational studies (26%) do.

Additionally, we aimed to explore whether studies that report an a 
priori power analysis employ larger sample sizes than studies that do 
not. Again, the results depend on the study categories (see Table 6): 
Experimental studies with an a priori power analysis have larger sample 
sizes than experimental studies without one, whereas quasi- 
experimental and correlational studies with an a priori power analysis 
have smaller sample sizes than respective studies without one.

4. Discussion

4.1. Discussion of results

The goal of the present paper was to investigate whether sample sizes 
in sport and exercise psychology have increased since the beginning of 
the current methodological discussion. Taken together, the present re
sults suggest that sample sizes in sport and exercise psychology have 
substantially increased in the past decade. More precisely, both for 
experimental and for correlational studies, researchers have employed 
larger samples in the timespan between 2022 and 2023 than they did 
between 2009 and 2013. The data suggest that the reported increases 
are not part of random fluctuations, but that they instead represent a 

Table 2 
Median sample sizes per timespan (2009-2013 vs. 2022-2023), analyzed sepa
rately for experimental, quasi-experimental and correlational studies.

2009-2013 2022-2023 Change (%)

Experimental (all) 40 (24; 72) 57.5 (34; 105.8) 44
Experimental (Within) 24 (14; 39) 37 (29; 81) 54
Experimental (Mixed) 47 (30; 85) 62 (34.2; 87.5) 32
Experimental (Between) 75 (44; 124) 132 (89.5; 161.5) 76

Quasi-Experimental 91 (45; 206) 68 (40; 146) − 25
Correlational 221 (124; 386) 295 (133; 485) 33

Note. Numbers in brackets are quartiles (i.e., Q25, Q75). Change (%) is the 
change in median sample sizes from 2009 to 2013 to 2022-2023.

1 Again, it is important to keep in mind that some study designs are more 
frequent than others, both in the data from 2009 to 2023 and the data from 
2022 to 2023. Thus, the data from experimental and correlational studies are 
more informative than the data from quasi-experimental studies, particularly so 
when broken down for the different years from 2009 to 2013.
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systematic development. At the same time, the reported increases do not 
appear to be trivial, as they correspond to respective increases in power. 
For example, the average power of a within-participants experimental 
study increased for d = .41 and alpha = .05 (all else equal) from .49 to 
.68. Only for quasi-experimental studies, sample sizes have decreased. 
Speculatively, this might be because researchers have limited control 
over their samples when conducting quasi-experimental studies and just 
have to “take who they can get”, e.g., already existing sports teams or 
classes. Since the amount of quasi-experimental studies was limited both 
in 2009-2013 and 2022-2023, the downward trend could thus be caused 
by such unsystematic factors. Studying publications from more than two 
years would have been helpful in order to distinguish systematic from 

unsystematic factors. However, due to resource constraints, the present 
analysis is confined to two years.

One might argue that the estimates of power and MDES presented in 
this paper are superfluous: As power is a function of sample sizes, effect 
sizes and a priori significance levels, these calculations do not add any 
novel information to a simple reporting of sample sizes. However, they 
serve to illustrate the influence of sample sizes, both on power and on 
MDES. We assume that these illustrations might be helpful for readers in 
order to try and gauge the impact of sample sizes on metrics that they 
care about, such as power.

Additionally, our results suggest that still only 42% of studies report 
an a priori power analysis, and that the prevalence of a priori power 

Fig. 1. Median sample sizes per timespan (2009-2013 vs. 2022-2023), analyzed separately for experimental, quasi-experimental and correlational studies. 
Note. The figure depicts median sample sizes, separately for different study categories (i.e., experimental, quasi-experimental and correlational studies). Due to the 
large differences between study categories, we present the data in two manners: The left-hand side of the figure depicts the data on a logarithmic scale, making it 
easier to see the differences between the timespans within one study category while downplaying the substantial differences between the study categories. The right- 
hand side of the figure depicts the data on a normal scale, thus making it harder to see the differences between the timespans, but highlighting the differences 
between the study categories.

Fig. 2. Median sample sizes in 2022-2023 compared to the fluctuations between 2009 and 2013. 
Note. The figure depicts median sample sizes (on the x-axis) and years (on the y-axis), separately for different study categories (i.e., experimental, quasi-experimental 
and correlational studies).

Table 3 
Statistical power to detect different effect sizes across study categories.

α = .05 α = .01

r = .1 (d = .20) r = .2 (d = .41) r = .3 (d = .63) r = .1 (d = .20) r = .2 (d = .41) r = .3 (d = .63)

Corr .40 (.21; .60) .93 (.64; .99) .99 (.94; .99) .19 (.08; .35) .81 (.40; .97) .99 (.83; .99)
Quasi-Exp .12 (.09; .22) .38 (.24; .69) .73 (.49; .97) .04 (.03; .08) .18 (.09; .45) .48 (.25; .88)
Exp-Within .21 (.18; .43) .68 (.57; .95) .96 (.91; .99) .08 (.06; .21) .42 (.31; .85) .86 (.73; .99)
Exp-Between .21 (.16; .24) .65 (.49; .74) .95 (.84; .98) .07 (.05; .09) .40 (.25; .50) .84 (.64; .92)
Exp-Mixed

Within-Factor .34 (.21; .46) .89 (.65; .97) .99 (.95; .99) .15 (.07; .23) .71 (.39; .88) .99 (.83; .99)
Between-Factor .15 (.10; .19) .45 (.27; .59) .80 (.55; .92) .05 (.03; .07) .22 (.11; .35) .58 (.30; .78)
Interaction .34 (.21; .46) .89 (.65; .97) .99 (.95; .99) .15 (.07; .23) .71 (.39; .88) .99 (.83; .99)

Note. Power values were computed using the median sample sizes from Table 2 while assuming a range of population effect sizes (r = .1 - .3) for α = .05 and .01. The 
reported power values assume a two-tailed test. Numbers in brackets denote the power of studies with sample sizes of Q25 and Q75, respectively.
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analyses is distributed unequally over study categories. Given the 
amount of literature and discussions surrounding the power issue, it 
seems unlikely that the reported lack of power analyses is due to its 
underestimation by researchers. Rather, we assume that more practical 
training is needed on how to perform power analyses for specific designs 
and in absence of strong prior information on effect sizes. Luckily, the 
field seems to be moving in this direction (e.g., Lakens & Caldwell, 2021; 
Sommet et al., 2023).

It seems important to note that power analyses do not serve the goal 
of “making samples larger”, this should only be the case when a field is 
systematically underpowered (Miller & Ulrich, 2016). Instead, power 
analyses are one means of planning and justifying a sample size (Lakens, 
2022). Thus, researchers could also learn from an a priori power analysis 
that they need fewer participants than they previously thought. This 
might be the case for researchers investigating large effects in correla
tional studies or in applied studies. With the benefit of hindsight, the 

data reported above seem to support this idea: Correlational studies with 
power analyses employed smaller sample sizes than correlational studies 
without power analyses, potentially because correlational studies were 
rather adequately powered in the first place. However, there are some 
crucial caveats to this reasoning: First, effect sizes are probably on 
average rather small in psychological research (Richard et al., 2003; 
Sommet et al., 2023), so most research will probably not be looking for 
effects on the right-hand side of the table. Second, we calculated power 
for detecting single correlations in the whole sample. Once researchers 
start looking for more complicated effects (e.g., interactions, or regres
sion effects based on intercorrelated predictors) or into subsamples (e.g., 
based on gender or occupation), power will be lower again.

Finally, and not directly related to the goal of the present paper, we 
were surprised to learn that only 8% of the papers we analyzed were 
multi-study papers. In other words, 85% of studies appeared in single- 
study papers. In light of the current discussion regarding the ever- 
growing number of papers that need to be reviewed (Hanson et al., 
2024), this number seems worrisome. Publishing more multi-study pa
pers might at least partly contribute to reducing the strain on the pub
lication system. At the same time, it seems important to acknowledge 
that publishing multi-study papers may be more difficult for some 
groups of researchers (e.g., PhD students who have to finish their project 
in time) than for others (e.g., tenured researchers). Furthermore, it may 
be easier in some fields (e.g., experimental laboratory research) than in 
others (e.g., field research in high-performance sports). Therefore, when 
trying to increase the proportion of multi-study papers one needs to be 
careful not to create incentives that are good-willed, but ultimately 
problematic for the field (e.g., discouraging researchers from conducting 
studies in high-performance sports).

4.2. Limitations

The present research has some limitations. First, and most impor
tantly, the reported changes cannot be interpreted causally, as the data 
are observational (see Hardwicke et al., 2020, on the challenges of 
evaluating research reforms without proper evaluation designs). Thus, 
tempting as it may be, we cannot say that sample sizes in sport and 
exercise psychology have increased because of the methodological dis
cussions in the past decade. However, we can say that they did increase. 
Furthermore, it would have been preferrable to not only compare 
2022-2023 to 2009-2013, but instead to analyze all years between 2014 
and 2023. This approach might have allowed more insights into causal 
developments, e.g., if we had seen a sudden increase in sample sizes in a 
certain year, similar to a regression discontinuity effect (Cattaneo & 
Titiunik, 2022). Unfortunately, due to resource constraints, this 
approach was not feasible, particularly so as all studies were coded by 
two authors in order to ensure comparability with the data from 2009 to 
2013.

Second, all comparisons regarding studies’ power between 2009- 
2013 and 2022-2023 depend on the assumption that, on average, the 
true sizes of the effects that authors were investigating did not change. 
If, say, researchers in 2022-2023 had investigated smaller effects than in 
2009-2023, then power might not have increased due to larger samples, 
but instead it might have stayed constant or even decreased. However, 
there is no reason to assume that researchers in the field of sport and 
exercise psychology investigated smaller effects in the respective period. 
Likewise, comparisons regarding power depend on the assumption that 
alpha levels did not change between 2009-2013 and 2022-2023. If re
searchers had lowered their alphas (as suggested by Benjamin et al., 
2018), then sample sizes cannot be compared without further correc
tions for the respective timespan. Unfortunately, controlling for alpha 
levels was not possible, as the respective information is not available for 
the studies from 2009 to 2013. Future studies might want to take alpha 
levels into account.

Third, just as in Furley and Schweizer (2016), all estimates of power 
are based on simplifications and assumptions. For example, we estimate 

Table 4 
Minimum detectable effect sizes (MDES) across study categories.

Power = .8 Power = .95

α = .05 α = .01 α = .05 α = .01

Corr (r) .16 (.24; 
.13)

.2 (.29; .15) .21 (.31; 
.16)

.24 (.35; .19)

Quasi-Exp (d) .69 (.91; 
.47)

.85 (1.13; 

.57)
.89 (1.17; 
.6)

1.05 (1.4; 
.71)

Exp-Within (d) .47 (.54; 
.32)

.59 (.68; .39) .61 (.69; 
.41)

.73 (.83; .48)

Exp-Between (d) .49 (.6; .44) .6 (.74; .54) .63 (.77; 
.57)

.74 (.91; .67)

Mixed
Within-factor (f) .18 (.25; 

.15)
.22 (.31; .19) .23 (.32; 

.19)
.28 (.38; .23)

Between-factor (f) .31 (.43; 
.26)

.39 (.53; .32) .4 (.55; .34) .48 (.66; .4)

Interaction-factor 
(f)

.18 (.25; 

.15)
.22 (.31; .19) .23 (.32; 

.19)
.28 (.38; .23)

Note. MDES were computed using the median sample sizes from Table 2 while 
assuming two different levels of power (.8 and .95) for α = .05 and .01. Numbers 
in brackets denote the MDES detectable in studies with sample sizes of Q25 and 
Q75, respectively.

Table 5 
Number of studies with and without an a priori power analysis, displayed 
separately for experimental, quasi-experimental and correlational studies.

Without a priori power 
analysis

With a priori power 
analysis

Experimental (all) 42 (35) 78 (65)
Quasi- 

Experimental
22 (59) 15 (41)

Correlational 125 (74) 44 (26)
Total 189 (58) 137 (42)

Note. Numbers in brackets indicate percentages (%).

Table 6 
Median sample sizes for studies with and without an a priori power analysis, 
depicted separately for experimental, quasi-experimental and correlational 
studies.

Without a priori power 
analysis

With a priori power 
analysis

Experimental (all) 50.5 61.5
Experimental 
(Within)

37 39.5

Experimental (Mixed) 50 70
Experimental 
(Between)

184.5 117

Quasi-Experimental 91 42
Correlational 308 230.5

T. Pindl et al.                                                                                                                                                                                                                                    Psychology of Sport & Exercise 87 (2026) 103231 

6 



power for certain designs (e.g., within-participants designs with two 
within-measurements) and we assume certain effect sizes (see the 
respective online supplement [https://doi.org/10.23668/psycharchives 
.22334] for the assumptions underlying estimates of power). To the 
extent that studies deviate from these assumptions, we either over- or 
underestimate their true power. For example, when researchers calcu
late correlation coefficients for subsamples, these analyses will have 
lower power than the analyses for the whole sample. We chose our 
approach to be as benevolent as possible, thus we should rather over- 
than underestimate studies’ true power. Again, differences between 
2009-2013 and 2022-2023 will affect the comparison between the two 
timespans. Furthermore, researchers sometimes conduct multiple sig
nificance tests regarding one hypothesis on the same sample, without 
correcting for the inflation of Type-1 errors caused by multiple testing. 
The more widespread this practice in a field, the more false positive 
results should emerge in this field. However, in the present analyses, we 
did not control for multiple testing or for the presence of proper statis
tical corrections. When planning a study or conducting a priori power 
analyses, it seems sensible to take multiple testing into account and to 
employ proper correction procedures.

One major difference we observed between the two measurement 
times is the increase in multilevel models over time. In the data from 
2022 to 2023, there are substantially more multilevel models than in the 
data from 2009 to 2013, probably reflecting a development in research 
methodology in the field. Power calculations for multilevel models are 
more complex than for experiments or correlational studies (e.g., 
Murayama et al., 2022). In line with this observation, several authors 
noted that they found it not feasible to conduct an a priori power 
analysis for their multilevel models. Thus, developing guidelines and 
software for power analyses for multilevel models seems to be a 
worthwhile endeavor (see Murayama et al., 2022, for a practical method 
and software for power analyses for simple multilevel models). For the 
present study, we treated multilevel models as correlational studies in 
order to enable comparisons between the timespans. Due to their 
fundamentally correlational nature, treating multilevel models as 
correlational studies for the present purposes seemed a reasonable 
approximation from a statistical perspective. Indeed, Murayama et al. 
(2022) illustrate mathematically that it can be appropriate to use the 
correlation coefficient r for power calculations for simple multilevel 
models. For more complex models, particularly models with inter
correlated predictors, this approach might underestimate the sample 
sizes required to obtain a specific level of power.

Finally, one might question whether some studies had small sample 
sizes because researchers sampled entire populations (Lakens, 2022). 
However, we did not find evidence for this strategy, particularly so as all 
studies reported significance tests, which is not appropriate when 
investigating whole populations. Still, one needs to be careful not to 
question a study's power when the respective study does not rely on a 
sample but on an entire population (Lakens, 2022).

In order to avoid misunderstandings, we would like to emphasize 
that increasing sample sizes is not the only way to increase power. 
Among other factors, power also depends on studies’ designs (e.g., all 
else equal, within-participants designs have higher power than between- 
participants designs) and the reliabilities of the measured variables (the 
more reliable the measurement, the higher the power). Increasing the 
reliabilities of measured variables has substantial effects on power (see 
Sommet et al., 2023, for an illustration). Furthermore, power may 
depend on the exact nature of the investigated effect (e.g., the shape of 
an interaction needs to be considered when planning sample sizes of 
studies researching interactions [Schweizer & Köppel, 2025; Sommet 
et al., 2023]) and on the relationships between variables (e.g., the in
tercorrelations between predictors in a regression study need to be 
considered when planning sample sizes [Maxwell, 2000]).

5. Conclusions and outlook

While it does not allow for causal interpretations, the present study 
suggests that sample sizes in sport and exercise psychology (with the 
exception of quasi-experimental studies) increased substantially in the 
past decade. This observation is not in line with the frequently expressed 
idea that researchers do not change their research practices (e.g., 
Hardwicke et al., 2022; Tiller & Ekkekakis, 2023). Rather, it is in line 
with the more optimistic perspective that researchers do change their 
research practices, if they are both motivated and capable to do so 
(Nelson et al., 2018). This particular change in research practices may 
have led to an increase in power for experiments and correlational 
studies in sport and exercise psychology, which in turn should have 
reduced both false-positive and false-negative results. Although the 
present results are promising, there are still some reasons to be con
cerned. First and foremost, researchers still do not report an a priori 
power analysis for a majority of studies. Even in the category of studies 
with the highest proportion of a priori power analyses (i.e., experi
ments), one third of studies were published without mentioning one. 
Maybe journals will really need to change their editorial policies in order 
to remedy this shortcoming (Brysbaert, 2019; Nosek et al., 2015).

For the future of sport and exercise psychology, we hope that re
searchers will continue to care about the quality of their research, and 
that progress in education and practical applications will make it easier 
to conduct meaningful power analyses for all kinds of designs. In this 
case, research in sport and exercise psychology may not need to be 
reborn one day, as suggested by Nelson et al. for the field of psychology 
as a whole (2018), but instead it may continue to evolve and prosper.
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