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ARTICLE INFO ABSTRACT

Keywords: Objectives: The present research addresses a neglected aspect within the current Zeitgeist of improving meth-
Classical test Theory odological standards in (sport)psychology: reliable measurement. We discuss and highlight the importance of
Replicability reliable measurement from different perspectives and empirically assess reliability of three commonly used
ge??ard‘ quality performance outcome measures in order to give guidelines to researchers on how to increase reliability of

olf putts measurements of performance outcomes.
Darts . . . P o1es . .
Basketball Method: In three studies we estimate 5 different reliability coefficients for three performance outcome measures

based on 14 golf putts (study 1; N = 100), 14 dart throws (study 2; N = 200; 100 sports students; 100 non-sports
students) and 14 free throws in basketball (study 3; N = 192; 100 non-basketball players; 92 basketball players).
Results: The highest reliability was the odd-even reliability for darts for the whole sample (0.888), followed by
golf putts (0.714 for distance from the hole, 0.614 for successful putts) and free throws (0.504 non-basketball
players; 0.62 for basketball players; and 0.826 for whole sample).

Conclusions: Based on theoretical considerations and our empirical findings we give practical guidelines to
improve reliability for performance outcome measures in sport psychology.

”»

“For my money, the #1 neglected topic in statistics is measurement future research is supposed to benefit from appropriate sample sizes
(Gelman, 2015). (Button et al., 2013; Fraley & Vazire, 2014; Schonbrodt & Perugini,
2013; Schweizer & Furley, 2016), methodological advances and new
software' (e.g., Love et al., 2019; Wagenmakers et al., 2018), replic-
ability projects (Camerer et al., 2018; OSC, 2015; Soto, 2019), the
avoidance of p-hacking (e.g., Simmons, Nelson, & Simonsohn, 2011),
the opportunity to preregister plans for studies and data analyses (e.g.,
Nosek, Ebersole, DeHaven, & Mellor, 2018), transparency (e.g., Nosek
et al., 2015), and, maybe most importantly, a heightened awareness for
the importance of these and other related issues. In the light of these
changes, some authors have even gone as far as to proclaim a “re-
naissance” of psychological research (Nelson et al., 2018, p. 511).
However, as indicated by the quote above, with few exemptions,
measurement has long been absent from the current discussion on

In the past ten years, there has been a controversial discussion re-
garding the quality of psychological research (e.g., Nelson, Simmons, &
Simonsohn, 2018). Many authors have criticized what they perceive as
problematic research practices, that lead to low rates of replications and
weaker empirical support for psychological theories and interventions
than researchers themselves may believe. Some authors even an-
nounced a “crisis of confidence” (Pashler & Wagenmakers, 2012, p.
528). Currently, the aforementioned discussion has developed from
pointing out existing problems to creating viable practices for
strengthening the quality of empirical research in the future (Lakens &
Evers, 2014; Munafo et al., 2017; Nelson et al., 2018). For example,

* Correspondingauthor.
E-mail addresses: geoffrey.schweizer@issw.uni-heidelberg.de (G. Schweizer), p.furley@dshs-koeln.de (P. Furley), nicolas_rost@psych.mpg.de (N. Rost),
kai-barth@web.de (K. Barth).
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research quality.” This is particularly remarkable as measurement is
strongly connected to many of the issues that have been debated, as we
will show below. In the present publication, we will focus on one
particularly important aspect of measurement, namely reliability.
Below, we will outline why we focus on reliability instead of other
aspects of measurement. The main goal of the present paper is twofold:
First, we aim to alert readers to the importance of reliable measure-
ment. We illustrate why reliability is crucial for high-quality research in
general, and particularly so for sport psychology, as we will argue.
Second, we aim to assess reliability estimates for three performance
outcome measures (golf putts, dart throws, and basketball free throws)
commonly used in sport psychological research. Based on these esti-
mates, we make recommendations for future research in sport psy-
chology.

1. What is reliability?

In Classical Test Theory (CTT), every observed value (Yopserved)
consists of a true value (Tyu) and measurement error (Yerror)-
Measurement error (Yeo.) is defined as random in this context (e.g.,
Biihner, 2011; Lord & Novick, 1968; Steyer & Eid, 1993; Vaughn, Lee, &
Kamata, 2012).

Yobserved = Ttrue + Yerror (1)

This means that every measurement consists of the respective per-
son’s true value and a random error which is due to the measurement’s
imperfectness. The smaller a measurement procedure’s error, the closer
each single measurement will be on average to the true value. As
measurement error is defined as random, it must have an expectancy
value of 0. Furthermore, it is defined as having a finite variance.
Measurement error is usually supposed to be normally distributed. This
means that averaged over a large number of individual measurements
the mean of the measurement error is supposed to be 0. In other words,
larger errors are supposed to be less likely than smaller errors, and
errors cancel each other out. With only enough measurements, there-
fore, the mean of the observed values will equal the mean of the true
values. The more measurement error, the larger this number of mea-
surements has to be (see Appendix A for more details). However, for
every single measurement we cannot say how large its individual error
(Yerror) is. In this context measurement error refers to the random error
associated to every single measurement due to the measurement’s im-
perfection. It does not refer to sampling error (i.e., differences between
samples due to interindividual variation of the true values) or in-
traindividual variation (i.e., differences between measurement points
due to intraindividual variation of the true values).

Reliability can be understood as the inverse of measurement error.
In other words, the less error a measurement contains, the higher its
reliability and vice versa. Formally, reliability is defined as the pro-
portion of true variation among the entire variation:

2
- Yirue
w= 3 2
Sirue T Derror (2)
Reliability can be estimated via several approaches (e.g., test-retest-
reliability; split-half reliability; parallel-test reliability; Cronbach’s

alpha; see Appendix A for more information on different coefficients).
2. Why does reliability matter?

“Measurement error adds noise to predictions, increases uncertainty
in parameter estimates, and makes it more difficult to discover new

2 Qur point is not that measurement is generally absent in the methodological
literature in psychology, quite the contrary. However, in the context of the
current debate on methodological practices (as described by Nelson et al.,
2018) only few papers focus on measurement (e.g., Loken & Gelman, 2017).
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phenomena or to distinguish among competing theories” (Loken &
Gelman, 2017, p. 584).

The question why reliability matters could be answered in one
sentence: The higher a measurement’s reliability (i.e., the less mea-
surement error contained on average in a single observation), the more
precise is every single measurement on average. However, it is possible
to look at this feature from several perspectives, and different re-
searchers may be more familiar with some of these perspectives than
with others. Therefore, we will explore the benefits of reliable mea-
surement in more detail below. Importantly, the following arguments
are not independent of each other, but they are all a direct consequence
of the above mentioned observation.

2.1. Reliability matters for Type-1 and Type-2 errors

Both Type-1 errors (false positives) and Type-2 errors (false nega-
tives) can be found in psychological research. Researchers commit a
Type-1 error (or false positive) when they report finding an effect when
truly there is none; or when refuting a null hypothesis when in truth the
null hypothesis is correct. Conversely, researchers commit a Type-2
error when they report not finding an effect when truly there is one; or
when retaining a null hypothesis when in truth the null hypothesis is
false (Fraley & Vazire, 2014). Reliability plays a role for both these
errors (Loken & Gelman, 2017). Type-1 and Type-2 errors are often
presented in the framework of Null Hypothesis Significance Testing
(NHST), however, they are relevant for all statistical perspectives that
contain binary decisions such as accept-or-reject, present-or-absent,
retain-or-dismiss.

It has been understood for more than a century that measurement
error attenuates effect sizes (in this case correlations; Spearman, 1904,
1910). This means that when measuring an effect with less than perfect
reliability, the estimated effect size will be smaller than the real-world
effect size. The lower the reliability, the smaller the estimated effect
size will be compared to its real size. For example, when researchers
estimate a correlation coefficient between two measures, then the es-
timated coefficient will be smaller than the true coefficient to the extent
that one or both of the measurements are less than perfectly reliable. As
larger effects are more easily detected, measurement error thus in-
creases the likelihood of committing a Type-2 error (or false negative):
When planning for power, researchers usually plan their sample size
with the goal of achieving a certain power (e.g., 0.9) based on an ex-
pected real-world effect size (e.g., Texpectea = -7). The less reliable their
measurement, the smaller the effect size they estimate in their study
gets (€.8., Testimateda = -D). However, the likelihood of finding this
smaller effect size is lower than the likelihood of finding the real-world
(and larger) effect size. Thus, the researchers in this example risk
committing a Type-2 error: They do not find the effect although it truly
exists.

In order to obtain the same power to detect an effect of the same
(true) size, researchers need smaller samples when using reliable

3There is an ongoing debate in psychology whether researchers should
abandon Null Hypothesis Significance Testing (NHST), and, if they do, which
methods they should use instead. Some authors suggest abandoning not only
NHST, but the frequentist perspective altogether by employing Bayesian
methods (e.g., Wagenmakers et al., 2018). Some suggest abandoning statistical
significance as a threshold, but to retain p-values and treat them as one (albeit
continuous) piece of information among others (McShane, Gal, Gelman, Robert,
& Tackett, 2019). Some authors retain a frequentist perspective, but suggest
replacing NHST by focusing on confidence intervals (e.g., Cumming, 2012,
2014). Some authors defend the utility of NHST (e.g., Garcia-Pérez, 2017;
Savalei & Dunn, 2015), and some have even suggested improving NHST by
redefining statistical significance (Benjamin et al., 2018). We would like to note
that in this article, we do not take any position regarding these questions. In-
stead, we emphasize that reliable measurement plays a key role for all of the
methods discussed above.
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measures than when using unreliable measures. Therefore, research
using more reliable measures is, all else equal, more economical than
research with less reliable measures.

Only recently have researchers suggested that in addition to de-
flating coefficient estimates, measurement error can also inflate coef-
ficient estimates (Loken & Gelman, 2017). Whether measurement error
deflates or inflates coefficient estimates depends primarily on sample
sizes: In large samples, measurement error nearly always deflates
coefficient estimates. Here, measurement error primarily leads to Type-
2 errors. In small samples, measurement error can deflate and inflate
estimates. Therefore, in small samples, measurement error can lead to
Type-1 and Type-2 errors. When researchers are more likely to publish
larger effect sizes than smaller ones (e.g., because they are more likely
to be statistically significant or because they seem to be more im-
pressive), measurement error is likely to contribute to the potentially
high proportion of false-positive findings that have been diagnosed for
psychological research, because it inflates effect sizes in small samples
(Loken & Gelman, 2017).

Taken together, all else being equal, a research field will benefit
from more reliable measurement, due to less Type-1 and less Type-2
errors. Or stated differently, the field with more reliable measures is
both less likely to miss potentially important effects and it is less likely
to report an effect that in reality does not exist.

2.2. Reliability matters for replications

In past replication projects, several definitions and operationaliza-
tions of successful or unsuccessful replication attempts have been em-
ployed (Camerer et al., 2018; OSC, 2015; Soto, 2019). What exactly
constitutes a successful or unsuccessful replication remains a matter of
debate (for an enlightening discussion and one possible solution see
Simonsohn, 2015). Broadly, one can distinguish two strategies for de-
fining a successful replication. The first strategy considers a replication
as successful when both the original study and the replication study
have significant results in the same direction. The second strategy
compares the effect sizes of the original study and the replication study
with each other. An effect is considered to be successfully replicated
when the effect sizes produced by the original and the replication study
do not differ.

For the first strategy, reliability matters because it affects the stu-
dies’ power. The probability of replicating a true effect depends, among
other factors, on the reliability of the measure with which the to-be-
replicated effect is assessed (Stanley & Spence, 2014). The lower the
reliability of a measure, the lower the probability of replicating an ef-
fect, even when the effect is true. Therefore, when measurement is
unreliable, unsuccessful replication attempts may both be a con-
sequence of an effect not being true or of an effect being measured with
much error. For example, Soto finds that the successful replication rate
in a large scale replication project from personality psychology was
substantially higher than the respective rates in large scale replication
projects from other behavioral sciences (2019). He goes on to speculate
that one reason for this striking discrepancy (among others, such as
sample sizes and type of focal effects) might be that personality psy-
chological research uses more standardized and thus more reliable
measurements than, for example, social psychological research.

For the second strategy, reliability matters because, as explained
above, measurement error may both inflate and deflate estimates of
effect sizes, making it less informative to compare two effect sizes to
each other. As replication attempts are becoming ever more important
in science, so does the role of reliable measurement, as without reliable
measurement replication attempts are at least hard to interpret or at
worst futile.

2.3. Reliability matters for the impact of p-hacking

P-hacking refers to the practice of “selectively reporting data and
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analyses” or, in other words, “conducting multiple analyses on the same
data set and then reporting only the one(s) that obtained statistical
significance” (Nelson et al., 2018, p. 513). When researchers employ p-
hacking, the likelihood of obtaining a false-positive increases “drama-
tically” beyond the level usually assumed by researchers (Nelson et al.,
2018, p. 513). Typical examples of p-hacking” include a) having two
correlated dependent variables and selectively reporting one of them,
b) adding observations to the sample and stopping once statistical
significance has been reached, c) deciding whether to drop one out of
several experimental conditions, d) selectively controlling for gender or
for the interaction of gender with treatment, or e) combinations thereof
(Simmons et al., 2011). In the simulations run by Simmons and col-
leagues, p-hacking could lead to a likelihood of obtaining a false-posi-
tive (i.e., finding a significant result when truly there is no effect) of up
to 61% (Nelson et al., 2018; Simmons et al., 2011). As a result of p-
hacking, there is supposed to be a high proportion of false and therefore
non-replicable findings in the psychological literature. Nelson et al.
(2018) suggest that p-hacking (i.e., analyzing the data until researchers
find a significant result) and not publication bias (i.e., simply not
publishing non-significant results) is the real answer to the decades-old
question how psychologists manage to publish such a high proportion
of significant results when their studies typically have rather low
power. In a recent paper, Friese & Frankenbach, (in press) suggest that
p-hacking and publication bias interact: In their simulation study, the
extent to which p-hacking distorts meta-analytic effect size estimates
depends on the level of publication bias and on true effect sizes.

Although the problematic influence of p-hacking on research quality
has been described in detail (Simmons et al., 2011), it remains an open
question how to reduce its impact in future research. Again, reliability
plays a role as p-hacking exploits random variation. For example, the
strategy of successively increasing the sample size until a certain dif-
ference becomes (randomly) significant works “best” when this very
difference is subject to lots of random variation. As random variation
increases with measurement error, so do the opportunities to employ p-
hacking. It follows then that highly reliable measurements should be
less vulnerable to p-hacking. Therefore, one (rather indirect) method
among others to reduce the impact of p-hacking would be to employ
highly reliable measurements. Obviously, this would not entirely rule
out the possibility of p-hacking, but it would at least to some extent
decrease the potential for employing it.

2.4. Reliability matters for comparisons between measurements

Whereas the abovementioned benefits of high reliability follow di-
rectly from its definition, namely a measurement with comparably low
error, the reliability of measures is consequential beyond simple esti-
mations of the parameter of interest. Reliability is particularly im-
portant for comparisons between measurements. This can be compar-
isons between different studies, comparisons between different
measurements in a single study or comparisons of some effect on dif-
ferent measurements in a single study.

Suppose some researchers are interested in the question whether
some treatment has a (differential) effect on two different variables.
They find several studies reporting an effect on variable A, and several
studies not finding an affect on variable B. They conclude that the
treatment works for variable A, but nor for variable B. However, and
unfortunately so, in this example variable A was assessed with a more
reliable measure than variable B. Therefore, the observed difference
might simply be due to measurement error. This hypothetical scenario
gets worse when we assume that preferred measurement and

*As these examples refer to choices researchers can make, the underlying
construct was initially called “researcher degrees of freedom” (Simmons et al.,
2011, p. 1359). Later, Simmons and colleagues adopted the term p-hacking
(Nelson et al., 2018, p. 513).
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theoretical background of researchers might be correlated. In this case,
different theories might appear to be differentially supported by evi-
dence, while the only real difference is measurement error. These ob-
servations also hold when researchers compare effects on different
variables within one study.” For example, researchers might conclude
that their treatment affects variable A (e.g., some symptom of a dis-
ease), but not variable B (e.g., an unwanted side effect). Again, this
conclusion is only legitimate when both variables are measured with
the same high reliability.

Finally, this also holds for all kinds of multiple regression strategies
and related attempts to control for one variable when estimating as-
sociations between two or more additional variables (Westfall &
Yarkoni, 2016). For example, when one predictor significantly predicts
the outcome variable while controlling for another predictor, re-
searchers often interpret this finding as indicative of incremental va-
lidity, which itself may be interpreted as signifying that both predictors
measure “strongly related but conceptually distinct constructs”
(Westfall & Yarkoni, 2016, e0152719). However, as Westfall and Yar-
koni show, “... a simpler interpretation that is often equally consistent
with the data is that both predictors are simply noisy indicators of the
same construct” (2016, e0152719). Westfall and Yarkoni conclude that
reliable measurement is particularly important when trying to assess
incremental validity in regression models.

2.5. Why reliability matters: A summary

Taken together, increasing reliability should lead to both less Type-
1 and less Type-2 errors, a higher chance of replicating an effect given it
is true as well as making replication attempts more informative in
general. Additionally, when measurements are more reliable, smaller
sample sizes are needed in order to safeguard against statistical errors,
p-hacking, and biases. Likewise, comparing between measurements is
easier when both measurements are reliable. Taken together, it seems
safe to conclude that research without reliable measurement does not
make much sense in general, and particularly it does not make much
sense in the age of replicability.

3. Reliability in sport psychology

As we have outlined above there are good reasons to make efforts to
increase reliability in science. Nevertheless, it is important to note that
not every field of investigation or every measurement tool faces com-
parable challenges when it comes to both validity and reliability. In
terms of validity it seems clear that certain psychological measures
(e.g., a questionnaire measuring a person’s tendency to behave ag-
gressively) struggle with more problems regarding validity as physical
measures, for example assessing a person’s weight or body size, which
has led researchers to speak of a validation crisis within the field of
psychology (Schimmack, 2010, 2019).

While questionnaires can be both problematic in terms of validity
and reliability, other measurement techniques have high face-validity
(i.e., there is little doubt as to whether they actually measure what they
claim to measure). For example, most people would probably agree that
measuring a person’s performance shooting basketball free throws is a
valid measure of this person’s ability to shoot free throws. However, it
is less clear how reliable this measure is, or what has to be taken into
account when reliably trying to assess perceptual-motor performance in
answering different research questions in sport psychology. Hence, the
present research focused on reliability of commonly used individual

5 Generally, one needs to be careful when comparing significant and non-
significant effects to each other: When one effect is significant and the other one
is not, this does not mean that the difference between them is significant. This
holds both for differences between groups (Gelman & Stern, 2006) and for
differences between correlations (Diedenhofen & Musch, 2015).
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sport performance outcome measures.

Discussions of reliability have not been absent within sport science
(Hopkins, 2000, 2017; Zhu, 2013), and reliability has also been the
focus of increasing research endeavors in some subfields of sport sci-
ence, for example in determining both the validity and reliability of
new technologies like GPS (Global Positioning System) in assessing
sport performance data (Barbero-Alvarez, Coutts, Granda, Barbero-
Alvarez, & Castagna, 2010; Coutts & Duffield, 2010; Jennings,
Cormack, Coutts, Boyd, & Aughey, 2010; Johnston et al., 2012;
Petersen, Pyne, Portus, & Dawson, 2009). In sport and exercise psy-
chology, Eklund, Tenenbaum, and Kamata (2012) provide an extensive
overview about nearly all potentially important aspects of measurement
in sport and exercise psychology, from basic concepts to specific issues,
such as cognitive, motivational, emotional and behavioral measure-
ment. These discussions and analyses have shown that reliable mea-
surement of behavior in sports, although these measures appear high in
face validity, is not a trivial topic. While measurement is an important
topic at all levels of analyses within sports (e.g., biochemical measures,
physiological measures, biomechanical measures, psychological ques-
tionnaires, anthropometric measures, behavioral measures, etc.), some
of the most relevant measures (at least in terms of spectator interest or
financial reward) are outcome measures of sports performance.

Somewhat surprisingly, we are not aware of any literature system-
atically analyzing the reliability of typically used sport performance
outcome measures, although plenty of research uses sport performance
measures as dependent variables. Maybe claims like “sport measures
outcome with a finality of judgment that scientific papers would not
pass” (Walsh, 2014, p. 860) have led researchers to simply assume sport
outcome measures are reliable without needing to pay special attention
to this. To address this shortcoming in the literature, we decided to first
identify the most commonly used outcome measures of skilled per-
ceptual-motor performance in sport psychology and subsequently cal-
culate different reliability indices of these measures in a series of em-
pirical studies.

A literature search identified 40 papers using golf putts as a de-
pendent variable, 37 papers using darts, and 28 using free throws in
basketball (see the reference list in the supplement for an overview).
Therefore, it seems safe to argue that these are frequently employed
individual sport performance outcome measures in sport psychology.®
Reliabilities were not reported in any of these papers.” It is important to
note that we are not pointing out or criticising these papers. We our-
selves have not reported reliability coefficients in most of our papers,
when employing other measures than questionnaires.

However, this is precisely our point: Whereas everybody cares about
reliable measurement when reporting questionnaire data, hardly any-
body does when reporting performance outcome measures. There are
probably several reasons for this. One, whereas it may seem rather
straightforward how to compute reliabilities for questionnaires (e.g.,
most examples from the methodological literature refer to ques-
tionnaires), it may seem to be more unclear how to compute reliabilities
for performance outcome data. Second, there is a common perception
that a measure must have been reliable when there has been a sig-
nificant result for this variable (Loken & Gelman, 2017). Therefore, it
may seem unnecessary to examine its reliability. As explained above,
this is problematic for several reasons (see Loken & Gelman, 2017, for

6 First, we looked through the latest issues of sport psychological journals in
order to identify generally used performance outcome variables. This search led
us to golf putts, darts and free throws. Then, we conducted a literature search in
google scholar using the key words “golf putts”; “darts”; “free throws”. We
combined these key words with different search terms, such as “psychology”,
“performance”; and “experiment”. Our criterion for inclusion was that the
paper reported a study in which the respective outcome measure had been used
(as compared to, for example, a mathematical model of darts performance).

7 At least in the ones we could access, we could not check the full text of nine
articles due to difficulties acquiring the full text.



G. Schweizer, et al.

more details on this misconception).
4. The present research

The main goal of the present research was to estimate reliability
coefficients for three commonly used individual performance outcome
measures in sport psychology, namely golf putts (study 1), darts (study
2) and free throws in basketball (study 3). Furthermore, we aimed to
investigate whether these reliability coefficients are dependent upon
different samples in general and upon participants’ experience with the
respective task in particular.

5. General method

Here, we describe the rationale common to all three studies. In the
section below we describe characteristics unique to each study. In all
studies, participants provided informed consent before commencing the
study and were thanked and debriefed before receiving some candy as
compensation for participating. Participants were neither paid, nor
were they incentivized dependent on their performance. In all studies,
participants first performed 20 training trials, before executing 14 test
trials. We only estimated reliability coefficients for the 14 test trials, not
for the training trials. The training trials were intended to reduce the
influence of potential short-term learning effects on the reliability es-
timates (Hopkins, 2000), to get participants calibrated to the perfor-
mance context (Ajemian, D’Ausilio, Moorman, & Bizzi, 2010;
Wunderlich, Heurer, Furley, & Memmert, 2019), and in turn decrease
measurement error. We assumed potential learning and calibration ef-
fects to reach an asymptotical level after the learning trials and there-
fore performance to be stable for the test trials. In all studies, the setup
was highly standardized, including videos demonstrating the correct
execution of the required movements to all participants (regardless of
their familiarity with the task). Participants were told to try to achieve
optimal performance, but experimenters emphasized that we would not
evaluate individual performance in order not to induce pressure (e.g.,
Baumeister & Showers, 1986).

For all variables, we estimated their split-half reliability using two
different methods, one method splitting each test in a first half and a
second half and the odd-even method (please see Appendix A for fur-
ther elaboration on our statistical approach). When using the “first-half
vs. second half” method, for every participant, we computed one mean
across the first seven test trials (i.e., trials 1-7) and one mean across the
second seven test trials (i.e., trials 8-14). We then computed Pearson’s
correlation coefficient for the correlation between the first and the
second mean. When using the odd-even method, for every participant,
we computed one mean across the seven odd-numbered test trials (i.e.,
trials 1, 3, 5, 7, 9, 11, 13) and one mean across the seven even-num-
bered test trials (i.e., trials 2, 4, 6, 8, 10, 12, 14). We then computed
Pearson’s correlation coefficient for the correlation between the first
and the second mean. According to Classical Test Theory (CTT), the
resulting correlations can be considered one estimate for the respective
measures’ reliability. Reliability depends on the number of items, and
split-half reliabilities thus estimate the reliability for a test of half its
original length (i.e., in our case, for seven instead of 14 trials). There-
fore, we used the Spearman-Brown formula to estimate the reliability of
all 14 trials, based on the obtained reliability coefficients (please see
Appendix A for the formula). Additionally, we computed Cronbach’s
Alpha for all measures.

In all studies, we used performance measures (and respective in-
structions) that allowed for obtaining continuous measurements, which
is a prerequisite for estimating reliability according to CTT (please see
Appendix A for further information). Furthermore, where necessary, we
aimed at minimizing the number of missing values, that is attempts that
we could not measure.

We planned to total 200 participants per study (please see Appendix
A for further elaboration on sample size planning). In all studies, we
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planned to collect data in two subsamples that differ regarding sports
experience, each subsample totalling 100 participants. Below, we de-
scribe all studies in detail in order to facilitate interpretation and re-
plication. We encourage researchers to contact us for more details.
When we do not refer to a particular reliability coefficient, we always
refer to the odd-even reliability, as it is usually considered superior to
the “first-half vs. second half” reliability. In all studies and in all sub-
samples, there is no significant difference between the mean value for
the odd and for the even items, and neither do standard deviations
differ, which is considered a prerequisite for estimating odd-even re-
liability.

6. Study 1: golf putts
6.1. Participants

One hundred students of Heidelberg University participated in the
study (58 men and 42 women; Mg = 24.9; SD,g = 7.9). Sixty-six of
them were sports students, 34 were not. None of them reported having
experience playing golf that went beyond participating in one basic
course. Contrary to our plans, we did not collect data from a second
subsample (for an explanation why, please see the Discussion section
below).

6.2. Apparatus and procedure

Participants were positioned 200 cm away from the hole and in-
structed to assume a typical putting position. They could choose be-
tween a putter for left-handers and for right-handers. In order to
maximize standardization, the study was conducted in a laboratory
room. Therefore, participants did not perform on a real green but on a
putting mat made of plastic, as is common in sport psychological stu-
dies (see Supplement for several examples).

Participants were instructed to aim for the hole and informed that
performance would be measured as distance from the hole. This al-
lowed us to measure performance in a continuous way. Simply counting
successful putts is also a commonly used measure and we therefore also
estimated reliabilities for number of successful putts. This allowed us to
compare the reliabilities of two different performance outcome mea-
sures constructed from the same task. In order to obtain continuous
measurement, we added up all attempts, as sums of binary variables can
be treated as continuous variables (e.g., Lunney, 1970).

6.3. Results and discussion

In the whole sample, the average distance to the hole across all 14
putts was 257 mm (SD = 175; Md = 240; Mode = 241). On average,
53% of all putts were successful. When looking at the mean perfor-
mances for each of the 14 putts separately, no learning trend was ap-
parent (see Fig. 1). Due to failures in data recording, in total the results
of 15 putts out of 1400 were not recorded. Results do not change when
excluding the respective participants.

For the continuous performance outcome measure (i.e., distance
from the hole), the different reliability coefficients do not differ from
each other (see Table 1). Thus, results are not dependent on a particular
coefficient. Reliability coefficients can not be considered acceptable for
seven putts only. When estimating reliabilities for all 14 putts using the
Spearman-Brown-Formula, reliability coefficients expectably get
higher, but they are still lower than what is usually considered accep-
table (e.g., Vaughn et al., 2012). The Spearman-Brown corrected odd-
even reliability for the whole sample is .714 (Clgs [0.602; 0.798]).

For the binary performance outcome measure (i.e., number of suc-
cessful putts), the different reliability coefficients do not differ from
each other (see Table 1). None of them reaches a level commonly
considered as acceptable, with the highest estimate for all trials being
0.614 (Clgs [0.475; 0.723]). Thus, at least descriptively, reliability
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Fig. 1. Mean putting performance for all 14 putts (distance from the hole in centimeters) in Study 1. Error bars are standard deviations.

estimates for the binary performance outcome measure are lower than
for the continuous one. However, confidence intervals overlap. Based
on our data and our sample, golf putts as conducted in the present study
did not possess sufficient reliability to be employed as a performance
outcome measure in a sport psychological study. Reliability estimates
for distances from the hole are somewhat better, but they still do not
reach levels usually considered acceptable for other psychological
measurement procedures. Based on the reliability estimates for the
number of putts in the current study, the Spearman-Brown formula
allows to calculate what number of putts would be necessary in order to
achieve a certain level of reliability (e.g., 0.8 or 0.9). We present these
calculations in the section “comparison between performance outcome
measures”.

Putting distances in sport psychological studies vary from 100 to
400 cm, with 200 cm being common (see Supplement). Therefore, we
decided to use 200 cm in our study. However, we realized that not only
putting performance, but also reliability in golf putts probably strongly
depends on the distance to the hole (as reliability of the performance
measurement depends on the true score of the performance, which
probably varies with distance). At the same time, there is no standard
putting distance. Therefore, we decided not to conduct a second study
with another 100 participants, as initially planned, but instead to move
on to another performance measure. Our next two performance mea-
sures (darts and free throws) feature standard distances. Therefore, the
problem described above does not apply to them.

Table 1
Reliability estimates for different measures.

7. Study 2: darts
7.1. Participants

Study 2 consisted of two subsamples (sample 2a and sample 2b).
Both samples consisted of 100 participants, totalling 200 participants.
In sample 2a, there were 50 women and 50 men (4 left-handed). All of
them were students at Heidelberg University. In sample 2b, there were
44 women and 56 men (10 left-handed). All of them were sports stu-
dents at Heidelberg University. Thus, in the whole sample there were
94 women and 106 men (14 left-handed), 100 non-sports students and
100 sports students.

7.2. Apparatus and procedure

In line with the World Darts Association’s standards, we placed the
dart board in such a way that the centre of the bull (also called bullseye)
was at 173 cm (5 ft 8 inches) above ground. The diameter of the dart
board was 400 mm. Participants were positioned behind a line (the so-
called oche) that was 237 cm (7 ft 9.25 inches) away from the board.
Behind the dart board we placed a board made of rigid foam (size:
120 cm X 120 cm; thickness: 40 mm). This setup allowed us to measure
throws that missed the dart board but got stuck in the foam board, in
order to minimize missing values. When a throw did not reach the
board, participants were allowed to repeat the attempt (however, this
happened hardly ever, due to the size of the foam board). We utilized
regular tournament darts with a length of circa 155 mm and a weight of
circa 18g. Tournament darts come in different variants. Our darts
consisted of a steel point, a brass barrel, an aluminium shaft and a

N split-half (odd-even) split-half (half-half) split-half (odd-even) split-half (half-half) Cronbach's alpha
Golf (distance) 100 .555 (.402; .678) .552 (.399; .675) .714 (.602; .798) .711 (.598; .796) .670 (.567; .758)
Golf (successful putts) 100 .443 (.27; .588) .360 (.176; .52) .614 (.475; .723) .529 (.371; .657) .598 (.472; .705)
Darts-I (sample 2a) 100 .797 (.712; .859) .700 (.584; .788) .887 (.836; .923) .824 (.749; .878) .855 (.81; .894)
Darts-I (sample 2b) 100 742 (.639; .819) .736 (.631; .815) .852 (.787; .898) .848 (.782; .895) .834 (.782; .878)
Darts total 200 799 (.743; .844) .732 (.66; .79) .888 (.855; .914) .845 (.8; .881) .863 (.833; .889)
Basketball-I (sample 3a) 100 .337 (.151; .5) .300 (.11; .469) .504 (.341; .637) 462 (.292; .604) .502 (.346; .634)
Basketball-II (sample 3b) 92 449 (.269; .599) .392 (.204; .552) .62 (.475; .732) .563 (.405; .688) .547 (.399; .672)
Basketball total 192 .703 (.623; .768) 677 (.592; .747) .826 (.775; .866) .807 (.751; .851) .812 (.771; .849)

Note. The first two columns for the split-half reliabilities report the simple correlation between the two test halfs. The third and the fourth columns report the
respective coefficients for all 14 items, computed using the Spearman-Brown formula. Cronbach's alpha also refers to all 14 items.

Numbers in brackets are 95% confidence intervals (rounded to the third decimal place).

For estimating the 95% CIs for Cronbach's alpha we used the cocron package in R (via its web interface) (Diedenhofen & Musch, 2016).
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Table 2
Darts performance for different subgroups.

N mean performance split-half (odd-even)

Darts-I (students) 100 99 (45) .887 (.836; .923)
Darts-II (sports students) 100 75 (28) .852 (.787; .898)
Darts total 200 87 (39) .888 (.855; .914)
Women 94 111 (41) .871 (.812; .913)
Men 106 66 (22) 742 (.642; .817)
Darts players 94 73 (30) .85 (.78; .90)

Non-darts players 106 99 (43) .89 (.84; .92)

Note. The third column reports the mean distance from the bulls eye averaged
over all 14 throws (in mm). Numbers in brackets are standard deviations.
The fourth column reports the split-half reliability coefficient for all 14 items,
computed using the Spearman-Brown formula. Numbers in brackets are 95%
confidence intervals (rounded to the third decimal place).

standard shape flight.

Participants were instructed to aim for the bull and informed that
performance would be measured as distance from the bull. This allowed
us to measure performance in a continuous way (i.e., to obtain interval
scale data), which is a prerequisite for estimating reliability. The usual
scoring system in darts, however, would probably not have produced
continuous measurements (Selkirk, 1976; Tibshirani, Price, & Taylor,
2011). Aiming for the bull is a common instruction in sport psycholo-
gical studies (see Supplement). In line with our measurement and the
instructions, we did not utilize a dartboard with radial sections and
double and triple rings. Instead, we used a dartboard with concentric
rings of equal width.

7.3. Results and discussion

In the whole sample, the average distance to the bull across all 14
darts was 87 mm (SD = 39; Md = 79; Mode = 65; see Table 2). The
sports students (sample 2b) performed better than the non-sports stu-
dents (sample 2a), and the men better than the women (see Table 2).
When looking at the mean performances for each of the 14 darts se-
parately, no clear learning trend was apparent (see Fig. 2) (see Fig. 3).

The different reliability coefficients do not differ from each other in
each sample (see Table 1). Thus, results are not dependent on a parti-
cular coefficient. Likewise, reliability coefficients do not differ between
both subsamples. Neither does each reliability coefficient for the whole
sample differ from the respective coefficients in both subsamples.

Reliability coefficients can already be considered acceptable for
seven throws only: The odd-even reliability for the whole sample based
on seven throws is 0.799 (Clgs [0.743; 0.844]). When estimating
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reliabilities for all 14 throws using the Spearman-Brown-Formula, re-
liability coefficients are high: The Spearman-Brown corrected odd-even
reliability for the whole sample is .888 (Clys [0.855; 0.914]). At least in
this study, both in the subsamples and in the overall sample, dart
throws seemed to capture a substantial proportion of systematic var-
iation as opposed to random variation and therefore seemed to be able
to capture variation in participants’ true score rather well.

Furthermore, we investigated into the question whether reliability
coefficients varied between different samples or between different
groups of participants. We did so in a more exploratory manner, based
on assumptions that we consider to be common when planning sport
psychological experiments. As different reliability coefficients do not
differ from each other, from now on we refer to the odd-even reliability,
as we consider it the most appropriate (see Appendix A). In our further
analyses, we distinguished between a) sports students and non-sports
students, b) women and men, and c) participants who play darts and
participants who do not. We distinguished between darts players and
non-darts players based on a median split on participants’ answers to
the question “How often did you play darts during the past twelve
months?”. All participants who reported never to have played darts in
the past twelve months were assigned to the group of non-darts players
(n = 106), whereas all other participants were assigned to the group of
darts players (n = 94). We conducted a median split in order to obtain
groups of roughly equal sample size, although this approach has some
disadvantages. The main disadvantage here is that the group of darts
players did not only contain participants who played regularly, but also
participants who had only played a couple of times. We address this
shortcoming in study 3.

First, mean performance differs between the two groups in all three
comparisons (see Table 2). That means, a) sports students were sig-
nificantly better than non-sports students (t[167.58] = 4.6,p < .001,
d = 0.65), b) men were significantly better than women (t
[137.62] = 9.46, p < .001, d = 1.39), and c) darts players were
significantly better than non-darts players (¢[198] = 4.83,p < .001,
d = 0.68).

As already reported above, reliability coefficients did not differ
between sports students and non-sports students (i.e., subsample 2b and
subsample 2a, see Table 2). Descriptively, reliability was somewhat
higher for women than for men, but confidence intervals overlap (see
Table 2). Finally, reliability coefficients do not differ between darts
players and non-darts players (see Table 2). If at all, non-darts players
have a slightly higher reliability coefficient, but again, confidence in-
tervals overlap.

Thus, and contrary to what one might have intuitively expected,
neither gender, nor studying sports nor playing darts had an impact on

200

180 -

[uey
(=2}
o

-
S
=)

=
[3~}
o

[ee]
(=]

=)
o

Mean darts performance (mm)
=
[=}
[=}

'S
o
L
t

n
[=]
i
I
|
L

(=1

7
Darts 1- 14

Fig. 2. Mean darts performance (distance from the bull in millimeters) in Study 2, sample 2a (students). Error bars are standard deviations.
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Fig. 3. Mean darts performance (distance from the bull in millimeters) in Study 2, sample 2b (sports students). Error bars are standard deviations.

reliability estimates. However, at least the last finding might be due to
the fact that we distinguished darts players from non-darts players
based on a median split, which is not the best method to compare
different levels of experience. We address this issue in study 3.

8. Study 3: Basketball free throws
8.1. Participants

As one goal of study three was to further investigate into the role of
sports experience for reliability, we aimed to obtain two different
subsamples. One subsample should consist of experienced basketball
players, whereas the other one should consist of comparably in-
experienced players. We assigned potential participants to the sample
of experienced players, when they were active members of a basketball
club and reported their free throw success rate to be at least 30%. We
assigned potential participants to the sample of inexperienced players
when they did not fulfil the inclusion criteria for the experienced
sample. These rules were defined prior to data collection. Additionally,
participants had to be able to hit the rim or score a basket at least ten
out of 20 times during the practice trials in order to make sure that they
were sufficiently skilled.

Therefore, study 3 consisted of two subsamples (sample 3a and
sample 3b). Sample 3a (the inexperienced sample) consisted of 100
participants (Mage = 24.8; SD,ge = 4.2). Sample 3b (the experienced
sample) consisted of 92 participants (Myge = 25.3; SDyge = 7.7), to-
talling 192 participants. In sample 3a, there were 50 women and 50
men. All of them were sports students at Heidelberg University. In
sample 3b, there were 42 women and 50 men. All of them were players
in regional basketball clubs. Thus, in the whole sample there were 92
women and 100 men, 92 non-sports students and 100 sports students.
As a result of the above mentioned criteria for inclusion of participants
into the different subsamples, both subsamples differed considerably
with regard to basketball experience. On average, participants in sub-
sample 3a (the rather inexperienced) reported to play basketball for
28 min per week (SD = 52), whereas participants in subsample 3b (the
experienced) reported to play basketball for 314 min per week
(SD = 206).

8.2. Apparatus and procedure

Participants conducted all free throws in line with the regulations of
the Fédération Internationale de Basketball (Fédération Internationale
de Basketball FIBA, 2018a,b). Participants were positioned behind the
free throw line 422.5 cm from the middle point of the basket. According

to FIBA, basketballs for men are supposed to weigh 567-650 g with a
circumference of 74.9-78.0 cm. Basketballs for women are supposed to
weigh 510-567 g with a circumference of 72.4-73.7 cm. We used two
balls: one ball for all men and one ball for all women. From time to
time, we made sure that both balls were still within the limits specified
by the regulations. According to FIBA, the basket ring has to be posi-
tioned at a height of 304.8 cm * 0.6 cm and have an inside diameter
of 45.0-45.9 cm. We made sure that the baskets utilized were within
these specifications.

We coded each shot as either successful (the ball went through the
basket) or not (the ball did not go through the basket). There were no
missing values, as all shots could be coded. We did not distinguish
between different kinds of unsuccessful shots, for example, balls hitting
the rim or air balls, as researchers sometimes do. The reason for this is
that assessing the difference between successful shots and different
kinds of misses does not produce a continuous (i.e., interval scale)
measurement. In order to obtain continuous measurement, we added up
all attempts, as sums of binary variables can be treated as continuous
variables (e.g., Lunney, 1970). Examples for this practice can be found,
for example, in intelligence tests, where each single item produces a
binary datum, however, items are summed up along scales and then
treated in a continuous manner.

8.3. Results and discussion

Experienced participants performed better than inexperienced par-
ticipants. In the experienced sample (3b), the average success rate was
74% (SD = 17). In the inexperienced sample (3a), the average success
rate was 32% (SD = 17%). When looking at the mean performances for
each of the 14 throws separately, no learning trend was apparent,
neither for sample 3a nor for sample 3b (see Fig. 4 and Fig. 5; see
Appendix A for further elaboration on this issue).

The different reliability coefficients do not differ from each other in
each sample (see Table 1). Thus, results are not dependent on a parti-
cular coefficient. At least descriptively, reliability coefficients are
higher for the experienced sample (sample 3b) than for the novice
sample. However, confidence intervals still overlap for both groups. In
both subsamples, reliability coefficients for seven shots only are low,
and they are still not acceptable when correcting for all 14 shots using
the Spearman-Brown formula. The Spearman-Brown corrected odd-
even reliability for sample 3a is 0.504 (Clys [0.341; 0.637]) and for
sample 3b it is 0.62 (Clos [0.475; 0.732]).

Interestingly, the reliability coefficients for the whole sample are
substantially higher than for each of the subsamples alone (i.e., con-
fidence intervals do not overlap). The Spearman-Brown corrected odd-
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Fig. 4. Mean free throw performance (percentage of hits) in Study 3, sample 3a (inexperienced). Error bars are standard deviations.

even reliability for the whole sample is .826 (Clgs [0.755; 0.866]). This
observation cannot be explained by the sample size itself. Instead, it
means that in the whole sample the ratio of systematic variation to
random variation was higher than in each of the subsamples. This
makes sense when considering that the whole sample included both
inexperienced and experienced players (i.e., much variation between
participants), whereas in each of the subsamples there were only in-
experienced or only experienced players (i.e., less variation between
participants). This observation illustrates a common misconception
when planning sport psychological studies: Researchers are sometimes
tempted to think that reliability must be higher the more experienced or
the better athlete participants are. However, this is not true, as illu-
strated by our data.

9. Comparison between performance outcome measures

The highest reliability estimated in our study was the odd-even
reliability for darts, in the whole sample for all 14 darts (0.888; see
Table 1). The respective estimates for golf putts are .714 (for distance
from the hole) and 0.614 (for successful putts). The respective estimates
for free throws are 0.504 (for the inexperienced sample 3a), 0.62 (for
the experienced sample 3b) and 0.826 (for the whole sample). As the
reliability for darts is acceptable, we further calculated what number of
putts and what number of free throws would have been necessary in

order to achieve the same reliability as in darts (i.e., 0.888). The
Spearman-Brown formula allows to calculate these numbers based on
the existing reliability estimates (see Equation 4 in Appendix A for the
Spearman-Brown formula solved for k, which is test length). In
brackets, we report the number of items researchers would have needed
to achieve a reliability of 0.8 (instead of 0.888), which is often con-
sidered acceptable.

Based on the procedures and samples as employed in our studies,
estimations based on the Spearman-Brown formula suggest that in
order to achieve the same odd-even reliability as with 14 dart throws,
researchers would have needed 44 (22) golf putts (when measuring
distance from the hole) or 70 (35) golf putts (when counting successful
putts). Likewise, they would have needed 109 (55) free throws (in the
inexperienced sample), 68 (34) free throws (in the experienced sample)
and 23 (12) free throws in the whole sample. These results demonstrate
that differences that may look small when expressed in reliability
coefficients may have large consequences for number of items or trials:
In the above example, in order to achieve the same reliability, number
of trials varies from 14 to 109!

The increases in item numbers in order to achieve a reliability of 0.8
are still substantial, however far smaller than the ones reported above
for 0.888. This observation illustrates that increasing the number of
items at first leads to relatively high increases in reliability, however,
further gains in reliability need increasingly more items (Amelang &
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Zielinski, 2002).
10. General discussion
10.1. Discussion of results

Our results suggest that common sport performance outcome mea-
sures exhibit reliabilities whose interpretations when computed for
psychological questionnaires would range from good (for darts =.888
and free throws in the combined sample = .826) to barely acceptable
for golf putts (0.714) (e.g., Vaugh et al., 2012; see Table 1). Thus, our
results suggest that different sport performance outcome measures may
have different reliabilities. Furthermore, our results demonstrate that
reliability estimates increase when the number of items increases,
which is a well known property of reliabilities according to CTT. Our
results also demonstrate, that depending on a measurement’s reliability,
vastly different numbers of items are required in order to achieve the
same acceptable level of reliability. This observation has consequences
for the construction of performance outcome measures as we will dis-
cuss in more detail below.

Most importantly, our results demonstrate that reliabilities of sport
performance outcome measurements may strongly depend on sample
characteristics: Reliabilities estimates for both subsamples in basketball
were very low (0.504 and 0.62), however for the whole sample the
estimated reliability was substantially higher (0.826). This observation
underlines the necessity of having samples with true-score variation
when researchers want to obtain reliable measurement (see also
Appendix A; Vaughn et al., 2012). At the same time this observation
debunks what we (anecdotally) perceive to be a common misconception
in sport psychological research, namely that reliability will be higher in
expert samples than in non-expert samples. This also means that re-
searchers need to be particularly careful when conducting studies with
rather homogenous expert samples, as this approach might lead to low
reliabilities.

When interpreting the present results, it is important to keep in
mind that all estimates reported here depend on the respective samples
and operationalizations and therefore do not necessarily generalize to
other situations or samples (see Appendix A). Furthermore, it is im-
portant to keep in mind that our results may paint a rosier picture of
reliabilities than is actually warranted when looking at existing studies:
One reason why estimates appear to be rather high in our studies is that
we employed 14 trials. To the extent that past studies may have em-
ployed fewer trials, all else equal, they had less reliable measurements.

10.2. Limitations and unintended consequences

We based our main conclusions on CTT in general and on specific
estimators (i.e., odd-even reliability and the Spearman-Brown formula)
in particular. However, alternative approaches exist. They comprise a)
different estimates that have existed within the framework of CTT for a
long time (e.g., the Kristof or the Guttman formulas, see Biihner, 2011);
b) novel estimates that have been proposed only recently (e.g., omega
as an alternative to Cronbach’s alpha [McNeish, 2018]; weighted kappa
[Robinson & O’Donoghue, 2007] to assess agreement amongst ob-
servers in performance analysis; and special coefficients for particular
research designs within sport science [Hopkins, 2017]); and c) esti-
mates computed via structural equation modeling (SEM; e.g., Raykov,
1997). All of these approaches have advantages and disadvantages and
it is impossible to say that one of them is per se superior. Just as one
example, one presumed advantage of omega above Chronbach’s alpha
is that omega relies less on modeling assumptions (McNeish, 2018).
However, the advantages of omega have been questioned and currently
there is a controversial discussion regarding its merits (Raykov &
Marcoulides, 2019; Savalei & Reise, 2019).

Furthermore, CTT itself has some well-known weaknesses, for ex-
ample its dependency on sometimes questionable assumptions and on

10
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sample characteristics (Biihner, 2011; see also Appendix A). Item Re-
sponse Theory (IRT) in turn allows for modeling the probability of a
response to an item as a joint function of both this item’s difficulty (the
item parameter) and a person’s ability (the person parameter), which is
a substantial advantage over CTT (Biihner, 2011). Taken together, we
consider it to be important to keep in mind that alternatives to the
particular estimates that we employed and to CTT exist. We hope to
stipulate a discussion on which theoretical approach and which coef-
ficients are best suited for measurement in sport psychology. In order to
foster this discussion, we make all of our raw data public, so that re-
searchers may take these data and calculate other estimates of relia-
bility, SEMs or parameters from IRT.

As we have mentioned above, our estimates depend both on our
samples and on our exact operationalization of the different measures.
For example, maybe the reliability estimate for the free throws would
have been different had participants been closer to the basket. Hence,
theoretically, reliability (and its estimates) always refer to a measure-
ment, not to an instrument. Therefore, we cannot say that we estimated
the reliability of darts, or the reliability of free throws, instead we es-
timated the reliabilities of our specific measurements. An unintended
consequence of our study would be if from now on researchers in sport
psychology would predominantly use darts as dependent variable, be-
cause “it has been proven to be reliable”. Future studies with different
samples might be different in terms of reliability.

Moreover, reliability must not be confused with validity. It would be
a mistake if researchers simply used certain measures because they are
reliable, and did not care about validity, a concern that has been raised
in psychometrics (e.g., Bithner, 2011). To test theories that relate the-
oretical constructs to each other (e.g., construct A influences construct
B for individuals drawn from population P under conditions C), it is
necessary to not only have reliable measures, but also valid measures
that actually measure construct A and B and control for P and C. Va-
lidity typically refers to whether a given measure in fact measures what
it claims to measure. Unfortunately, frequently used measures within
psychology (e.g., Schimmack, 2019) and sport science (Fischman,
2015) might not measure what they claim to measure. Although, the
present paper focused on reliability and not validity, high quality
measurement in any scientific field needs to focus on both. However,
high reliability is a prerequisite for validity: A measurement that is not
reliable cannot be valid. Finally, we would like to emphasize that our
results do not intend to undermine the credibility, quality or replic-
ability of prior studies that have employed golf putts, darts, or free
throws. Instead, they should draw attention to the importance of reli-
able measurement in sport psychology with the aim of securing it in the
future.

11. Conclusions

Sport performance outcome measures may substantially differ re-
garding their reliability and may have different reliabilities for different
samples (and not necessarily in an intuitive way). Suppose three re-
search teams each used a different one of our measures with their re-
spective reliabilities to answer a research question (e.g., the effects of
pressure or fatigue on perceptual-motor performance). All else equal,
these teams would have substantially different likelihoods of a) finding
an effect, given it exists, of b) replicating an effect found in a prior
study, and c) being able to make meaningful comparisons between
studies, variables, and theories.

When conducting studies, we hope that researchers in sport psy-
chology will try to construct reliable measurements, that they will as-
sess their measurement’s reliability, and that they will interpret their
results in the light of these reliabilities. Reliabilities need to be high, and
moderate reliabilities may exacerbate methodological problems. For
example, Westfall and Yarkoni (2016) report that the Type-1 error rate
when assessing incremental validity via regression models was highest
for moderate reliabilities (at least for certain sample sizes).
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Regarding conclusions, we hope that researchers will be very careful In this endeavor, experimenters should attempt to use individual
when comparing findings to each other that may stem from measure- performance outcome measures that allow for sufficient variation in
ments with different reliabilities. Likewise, we hope that researchers performance that is indicative of true performance variation and not
will consider the role of (different) reliabilities when assessing re- random performance fluctuation and measurement error. To this end
plications as being successful or not. If possible, we suggest that re- the following guiding questions might prove helpful (see also Table 3):
searchers pretest their performance outcome measure and try to de- a) what is my precise research question and how well do the variables
termine an optimal number of trials that provides sufficient reliability, in my research design measure the constructs in my research question;
but that does not induce threats to validity (such as fatigue or learning b) what is the skill level of my participants or how experienced are
effects) and is still economically feasible (see Appendix A for more in- participants with the (or similar) tasks being measured; c) how difficult
formation and guidelines on these issues). Whereas increasing relia- does the task have to be (e.g. putting distance in golf); and d) how many
bility by adding items only works to a certain extent for common psy- trials are sufficient to achieve adequate reliability, while not threa-
chological measurement procedures such as questionnaires, for tening validity (e.g. motivation, calibration, learning, fatigue, etc.).
performance outcome measures, such as discussed in this paper, it
seems to be more promising (for more information see Appendix A). CRediT authorship contribution statement
Furthermore, as mentioned above, in order to obtain the same power to
detect an effect of the same (true) size, researchers need smaller sam- Geoffrey Schweizer: Conceptualization, Formal analysis,
ples when using more reliable measures than when using less reliable Supervision, Writing - original draft, Writing - review & editing. Philip
measures. Therefore, there is a trade-off regarding research economy®: Furley: Conceptualization, Writing - original draft, Writing - review &
On the one hand, adding items or trials to a measurement in order to editing. Nicolas Rost: Formal analysis, Investigation, Writing - review
make it more reliable will make the measurement less economical by & editing. Kai Barth: Formal analysis, Investigation, Writing - review &
increasing its duration. On the other hand, this approach will make the editing.
measurement more reliable and thus more economical because smaller
sample sizes are needed. It seems to be an interesting endeavor for Declaration of competing interest
future research to try and formalize this trade-off depending on its
various costs and benefits. None.

Appendix A. Statistical considerations
Justification of sample size planning

In the context of CTT, reliability coefficients are estimated using correlations. Therefore, their size is independent of the respective sample size
(i.e., unlike p-values, correlations do not change as a mere function of sample size). Thus, the sample size in a reliability analysis does not affect the
estimated reliability per se, but instead the precision of the estimate. The precision of the estimate can be captured by the confidence interval around
the estimate. As correlations stabilize only at rather high numbers of participants (e.g., Schonbrodt and Perugini (2013) suggest 250 participants as a
reasonable sample size for interpreting single correlation coefficients), large sample sizes have been suggested for reliability analyses (e.g., Charter,
1999). For example, Charter suggests at least 400 participants in order to conduct reliability analyses. This is particularly important for studies that
aim to estimate a reliability coefficient which can be interpreted largely independent of the respective sample, for example when reporting the
reliability of a certain questionnaire, as is often done in questionnaire construction. For this kind of analysis, samples are required that are re-
presentative of an underlying population. Still, reliability analyses are possible with fewer participants. They simply lead to somewhat less precise
estimates. For example, with 250 participants, the 95% confidence interval for a correlation r = .85 ranges from 0.812 to 0.881, whereas for 200
participants it ranges from 0.806 to 0.884. Even for 100 participants, the respective CI still ranges from 0.785 to 0.897. In light of these con-
siderations, and given that we had to conduct single-participant sessions, we considered 200 participants per variable to be acceptable for our
approach.

The role of sample homogeneity or heterogeneity for reliability

Whereas sample size does not affect the reliability estimate itself, (i.e., larger sample sizes do not lead to larger or smaller reliability estimates),
true score variation in the respective sample does (e.g., Bithner, 2011; Steyer & Eid, 1993). That means that more heterogeneous samples may lead to
higher reliability estimates than more homogenous ones. This follows directly from Equation 2: When variation in the true score increases more
strongly than variation due to measurement error, reliability increases. This observation has some consequences: First, one and the same mea-
surement instrument may have different reliabilities for different kinds of samples (or populations, respectively, from which these samples are
drawn). For example, an instrument assessing political attitudes may be more reliable in a moderate sample (where people have different political
attitudes) than in an extremist sample (where people have rather similar attitudes) (see Danner, 2015, for this example). This transfers to appli-
cations in sport psychology: When used in a high-performance sample (where there is low variation in athletes’ performance), a measurement
instrument might have lower reliability than when used in a sample of more moderate performance (where there is substantial variation in athletes’
performance). Second, a certain reliability that was estimated based on a representative sample of the population may not apply to a more
homogenous subsample of that same population.

When one argues that larger samples are more likely to be heterogeneous, then it follows that increasing reliability may be an indirect con-
sequence of increasing sample sizes. However, this only holds when heterogeneity increases (more technically, as described above, when due to
increased heterogeneity true score variation increases more strongly than error variation).

8 We thank an anonymous reviewer for this idea.
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Table 3
Guidelines for creating reliable performance outcome measures.

Initial considerations
Pretest

® Select a measurement procedure based on theoretical grounds and research goals.

® Pretest the measurement’s reliability for a specific number of trials.

® Use a sample that is drawn from the same population that you intend to draw your main study’s sample from.

® When considering sample size, think about precision, not statistical significance (see, for example, Appendix A; Charter, 1999; Schonbrodt & Perugini,
2013).

Consider different estimates of reliability: Which one is best suited for your measurement based on practical and statistical assumptions (see Appendix A
for a brief overview)?

® Estimate reliability.

® Based on the above estimate of reliability, calculate the number of trials that you need in order to achieve a certain level of reliability.

® Conduct your main study, and estimate reliability again.
.
.

Main study
Future studies Take into consideration that reliability is dependent (among other factors) on samples.

Different measurements using the same instrument may therefore lead to different estimations of reliability, for example when samples differ regarding
true score variation.

Restrictions and assumptions underlying reliability in CTT

Importantly, Classical Test Theory can only be applied to measurements that produce interval-scale (i.e., continuous) data (Biihner, 2011; Steyer
& Eid, 1993; for a disagreement with this position see; Gaito, 1980). The reason for this restriction is that reliability is defined as a proportion of
variances (see Equation 2), and variances can only be calculated for continuous data. Furthermore (following Equation 1), measurement error is
defined as the difference between the observed value and the true score (Yerror = Yobserved - Ttrue)s Which again is only possible for continuous
measurements. This restriction can be misunderstood as meaning that reliability coefficients can only be calculated for continuous data, however its
consequences are more far reaching: Indeed, reliability according to CTT is only defined for continuous measurements. It follows that when one wants
to estimate reliability coefficients for a certain measurement procedure, this procedure must yield continuous measurement outcomes.

The core of CTT are three definitions, sometimes also called axioms. The first definition states that every observed value (Y pservea) cOnsists of a
true value (Ty) and random measurement error (Yerror). That is, Yopserved = Tirue + Yerror- The second definition states that measurement error has
an expectancy value of 0 and a finite variance. The third one states that a) measurement error of a test t; is independent from this test’s true values, b)
measurement error of one test t; is independent from measurement error of another test t,, and c¢) that measurement error of a test t; is independent
from the true values of another test t,.

Relatedly, CTT contains five models, that describe assumptions that are necessary for estimating reliability (Biihner, 2011; Steyer & Eid, 1993).
These five models are a) the model of parallel measurement, b) the model of essentially parallel measurement, c) the model of tau-equivalent
measurement, d) the model of essentially tau-equivalent measurement, and e) the model of tau-congeneric measurement. These models contain
assumptions regarding the true scores and (the intercorrelations of) measurement error.

When accepting the axioms of CTT, and when the above described modelling assumptions hold, it can be shown that the different reliability
coefficients are estimates of the measurement instrument’s reliability. That is, their respective formulas can be converted (only if one assumes that
the axioms hold) into the definition of reliability according to Equation 2 (e.g., see Steyer & Eid, 1993). However, when the modelling assumptions
do not hold, estimates can either under- or overestimate a measurement’s reliability (Savalei & Reise, 2019; Steyer & Eid, 1993). The exact nature of
the deviation depends on the exact nature of the violation of the assumptions. In cases of extreme violations of the assumptions, reliability estimates
can become entirely meaningless and unrelated to a measurement’s true reliability (Steyer & Eid, 1993). Different reliability coefficients require
different modelling assumptions.

Some considerations on different reliability coefficients

Whereas a measurement only has one reliability (defined by Equation 2), this reliability can be assessed or estimated via different reliability
coefficients. Reliability itself (and not only the estimate) is sample dependent. That means that one and the same measurement may have different
reliabilities for different samples. When reliability was estimated using a representative sample, one may assume that the same reliability holds for
samples that are either a) also representative or b) drawn randomly from the same population and sufficiently large.

So, why are there several reliability coefficients? First, as mentioned above, different reliability coefficients require different modelling as-
sumptions, and only when these are met can the respective coefficients be used in order to estimate reliability.

Second, there are some conceptual and practical considerations. Using test-retest reliability only makes sense when the construct to-be-measured is
stable between the two measurement points and when the measurement is not (differentially) affected by memory effects or learning. When test-
retest reliability is calculated although these conditions are not met, the resulting coefficient will underestimate an instrument’s reliability. Using
parallel-test reliability only makes sense when two absolutely parallel tests exist for measuring the same construct, in other words when two tests exist
that measure the same construct with different items. When parallel-test reliability is calculated although these conditions are not met, the resulting
coefficient will underestimate an instrument’s reliability. In case that the above mentioned conditions are not met, split-half reliabilities can be
estimated. These tend to be higher the more homogenous the measurement instrument is. Calculating split-half reliabilities requires to divide all
items of the measurement procedure into two equivalent halves. Subsequently, the correlation between the two halves is calculated. This only makes
sense when the two halves are indeed equivalent. In the light of these considerations, we considered split-half reliabilities, and particularly odd-even
reliabilities to be the most appropriate estimators for our measurements.

The role of the number of items for reliability
Reliability itself, and not only its estimate, increases when the number of items that measure the same underlying construct increases. This is a
property of reliability according to CTT (Biihner, 2011; Steyer & Eid, 1993). Intuitively, it can be understood when one considers that according to

CTT, measurement errors cancel each other out, and the more measurements one has, the more they cancel each other out. Mathematically, the
relationship between the length of a measurement procedure and reliability is described by the Spearman-Brown-Formula (Biihner, 2011; Steyer &
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Eid, 1993).

Equation 3: Spearman-Brown-Formula. ry; is the reliability of the current form of the measurement procedure; k is the factor by which the length
of the current measurement procedure changes (e.g., k = 0.5 means half the number of items, k = 2 means twice the number of items, k = 3 means
three times the number of items, and so on); rycor is the reliability of the changed form of the measurement procedure.

k-r,
1+ k=1

Titcorr =

The Spearman-Brown-Formula can be used to predict how reliability will change when the number of items of an existing measurement pro-
cedure with a known reliability changes. Thereby, it can be used to predict how many items researchers need to add (or subtract) in order to achieve
a certain reliability, once they already know the reliability of a measurement procedure with a given number of items. As one can deduce from the
Spearman-Brown-Formula, increasing the number of items at first leads to relatively high increases in reliability, however, further gains in reliability
need increasingly more items (Amelang & Zielinski, 2002).

Therefore, practically, researchers who want to obtain a reliable measure can increase the number of items. It seems even possible to predefine a
certain reliability one wants to achieve (say, 0.90) and then to increase the number of items until this reliability is achieved. However, there are three
potential problems with this approach (Amelang & Zielinski, 2002). First, the single items must all measure the same construct. This seems feasible
for performance outcome measures as discussed in this paper. However, it may be problematic for other kinds of measurement procedures. For
example, there may only be a limited number of items that are suitable for assessing a certain construct in a questionnaire (e.g., there may only be a
limited number of items for assessing anxiety). Second, the relationship between reliability and economy is an inverse one: When researchers
increase reliability by increasing the number of items, they also increase the time their measurement procedure takes. Both in applied and in research
contexts, time is usually limited (and important to consider; e.g. for motivational reasons). This is the main reason why constructing short forms of
widely used questionnaires has become common. Furthermore, when a measurement procedure takes more time, adverse effects such as fatigue,
boredom or concentration problems become more likely to influence the measurement outcome, thus limiting the measurement’s validity. Still, time
constraints do not seem to be a major limiting factor for increasing the number of trials in studies employing performance outcome measures, as the
time needed per trial (e.g., per putt, dart throw or free throw) is very short. Third, there may be a seemingly paradoxical relationship between
reliability and validity. On the one hand, reliability is a prerequisite for validity. That means, a measurement that is not reliable cannot be valid. On
the other hand, increasing reliability by increasing the number of items can decrease validity. The reason for this seemingly paradoxical observation
is that adding items in order to increase reliability is often likely to make a measure more homogenous. To the extent that the construct one intends
to assess is rather heterogenous, then, the measurement becomes less valid. One way to try and circumvent this problem is by having a measurement
procedure with several subscales. Each subscale is rather homogenous and constructed in order to be highly reliable, whereas the heterogeneity of
the construct is captured by the multitude of different subscales (e.g., intelligence or personality tests). However, this approach will make the
measurement procedure less economical again.

Taken together, for the above mentioned reasons increasing reliability by adding items only works to a certain extent for common psychological
measurement procedures such as questionnaires. For performance outcome measures, such as discussed in this paper, it seems to be more promising.
Therefore, if possible, we suggest that researchers pretest their performance outcome measure and try to determine an optimal number of trials: A
number, that provides sufficient reliability, but that does not induce threats to validity (such as fatigue or learning effects) and that is still eco-
nomically feasible.

As mentioned above, it is possible to use the Spearman-Brown-Formula in order to estimate, based on a given reliability (r,) for x items, how
many additional items would be necessary in order to achieve a prespecified reliability (ry; corr)- In order to do so, Equation 3 needs to be solved for k,
which yields Equation 4.

_ r[tcorr'(l - rtt)

e = Tigeon) Equation 4

Importantly, k is not the number of items but the factor, with which the original number of items needs to be multiplied in order to achieve the
prespecified reliability. That means, when x is the original number of items, k*x is the new number of items.

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.psychsport.2020.101663.
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