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Abstract

Cyclical patterns in ecological momentary assessment (EMA) data on emotions have remained
relatively underresearched. Addressing such patterns can help to better understand emotion
dynamics across time and contexts. However, no general rules of thumb are readily available for
psychological researchers to determine the required sample size for measuring cyclical patterns in
emotions. This study, therefore, estimates the minimum required sample sizes—in terms of the
number of measurements per time period and subjects—to obtain a power of 80% given a certain
underlying cyclical pattern based on input parameter values derived from an empirical EMA
dataset. Estimated minimum required sample sizes varied between 50 subjects and 10
measurements per subject for accurately detecting cyclical patterns with a large magnitude, to 60
subjects and 30 measurements per subject for cyclical patterns of small magnitude. The resulting
rules of thumb for sample sizes are discussed with a number of considerations in mind.
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Ecological Momentary Assessment (EMA) methods are increasingly being employed in
psychological research to collect and assess data of everyday experiences over time
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and (natural) contexts (Lafit et al., 2021; Liu & West, 2016). This is, to a large extent,
driven by the expected advantages that EMA has over traditional retrospective methods
(Ebner-Priemer & Trull, 2009; Kuppens & Verduyn, 2017; Reis et al., 2014; Shiffman et al.,
2008; Wilhelm & Grossman, 2010). It is now well-recognized that EMA-based methods
reduce the risk of recall bias, increase ecological validity, and have the ability to capture
variations in emotions in daily life for more extended periods (Ebner-Priemer & Trull,
2009; Lazarus & Fisher, 2021; Lutz et al., 2018; Wilhelm & Grossman, 2010). This allows
researchers to observe and address cyclical patterns in everyday experiences of emotions
(van de Maat et al., 2020). However, not many studies have investigated cyclicity in EMA
data (with a few exceptions, see for instance: Augustine & Larsen, 2012; Fok & Ramsay,
2006; Huh et al., 2015; Liu & West, 2016; Verboon & Leontjevas, 2018; West & Hepworth,
1991). Addressing these patterns can provide us with a clearer understanding of emotion
dynamics across time and contexts (Beal & Ghandour, 2011; Verboon & Leontjevas,
2018), while ignoring these patterns may, alternatively, cause biased outcomes due to
model misspecification resulting in spuriously high or low estimates of within- and
between-subject relationships (Liu & West, 2016; Verboon & Leontjevas, 2018).

To overcome these issues, cyclic models using cyclic time predictors can be used
to reduce error in within- and between-subject relations, isolate theoretically relevant
effects, and let us better understand diurnal emotional patterns (van de Maat et al., 2020;
Verboon & Leontjevas, 2018). However, the ability to reliably capture and account for
cyclicity will partially depend on the amount of available EMA data, i.e., the total number
of subjects and available measurements per subject (van de Maat et al., 2020), which, in
turn, also depends on the overall response compliance of participants in the study.

Unfortunately, there are no general rules of thumb readily available for psychological
researchers to determine the required sample size for measuring cyclical patterns in
emotions data in daily life, or to determine how many measurements are allowed to be
missing when it comes to cyclic modelling in EMA data. Therefore, this study aims to
determine how many subjects and measurements are required to detect an underlying
cyclical pattern of certain magnitude in EMA data, given that such a pattern exists,
thereby allowing researchers to deal with these patterns. For this purpose, a power
analysis will be performed, using Monte Carlo simulations based on an underlying
cyclic model. We will focus exclusively on diurnal fluctuations, which are typically most
relevant for EMA research (Chow et al., 2005; Stone et al., 1996), although our approach
could be extended to encompass weekly or monthly cycles, if data would be suitable.
After briefly discussing the rationale for considering cyclic models to analyse EMA data
on emotions and how to test the statistical power in EMA data with various sample
sizes and underlying cyclical patterns, we will perform and evaluate the results of a
power analysis using different input parameters (e.g., sample sizes, cycle magnitudes, and
random effects). Based on these results, possible rules of thumb are suggested for the
number of subjects and measurements needed for detecting underlying cyclical patterns
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of certain magnitude in EMA data. This facilitates researchers to better choose among
different EMA sampling protocols in order to detect diurnal cyclical patterns and/or
controlling for potential bias caused by such patterns in longitudinal emotion data.

Cyclic Patterns in Emotion Data and Why to Address Them

Everyday mental experiences in people’s lives are seldom constant but continuously
fluctuate over time and contexts due to internal or external events (Kuppens et al.,

2010). The dynamics of these different experiences can be very distinct from one another
and manifest themselves in various ways. Several studies have found, for instance, that
(positive) emotions follow diurnal (Stone et al., 1996) or weekly cyclical patterns (Larsen
& Kasimatis, 1990; Liu & West, 2016; Ram et al., 2005), whereas other emotions, such as
negative mental states, are less likely to exhibit such cyclicity (van de Maat et al., 2020;
Wood & Magnello, 1992). Simply put, a cycle is “a pattern of fluctuation (i.e., increase or
decrease) that reoccurs across periods of time” (Jebb et al., 2015, p. 4). Furthermore, cyclic
patterns in emotions can have different origins: they may be caused by exogenous factors
(Beal & Ghandour, 2011) and thereby strongly associated with activities and locations, or
depend on endogenous factors (Smyth & Stone, 2003), due to various cyclic physiological
processes that influence psychological states (Stone et al., 1996). It has been suggested,
for instance, that positive mood may have a biological component, whereas negative
mood might be more environmentally determined (Stone et al., 1996). Other research has
shown that positive moods tend to be higher when people are in company than when
they are alone (Burgin et al., 2012; Silvia & Kwapil, 2011), suggesting it also has a large
environmental component.

It has also become clear that people consistently differ in how much their emotions
vary over time (Kuppens et al., 2010), meaning cyclic patterns in emotions are not
uniform across individuals. Studies have shown systematic individual differences in both
the presence and expression of these emotional cycles (Ram et al., 2005). Cycles can be
more or less synchronized across individuals, e.g., due to similar work schedules, while
other cycles are distinctly different across persons, such as specific daily morningness-
eveningness rhythms (Liu & West, 2016). Furthermore, these cyclic patterns may also
differ in magnitude between individuals: some may exhibit exaggerated cyclical patterns,
whereas others may exhibit less pronounced fluctuations over time or contexts (Beal &
Ghandour, 2011). Furthermore, the duration of cycles can differ, as emotional episodes
may last for seconds, minutes, hours, or even for more extended time periods (Verduyn et
al,, 2015).

Researchers may have, in general, two reasons to be interested in cyclic patterns (van
de Maat et al., 2020). First, they might be interested in exploring and capturing cyclic
patterns (in emotions); their magnitude, duration, and how they differ across or within
individuals. Another, second reason might be that the cyclic patterns found in the data
are not of primary interest to the study but may cause bias in the effects the study tries

Methodology
2024, Vol. 20(4), 265-282

GOLD
https://doi.org/10.5964/meth.11399 B PsychOpen


https://www.psychopen.eu/

Minimum Required Sample Size for Modelling Daily Cyclic Patterns 268

to uncover. Think, for example, of a study which attempts to measure affective reactivity
to a particular environmental stimulus such as the workplace environment. It can be
argued that (biologically driven) diurnal fluctuations in affect may confound the effect of
interest and should be taken into account, similar to the correction for diurnal cortisol
curves in EMA studies aiming to capture the “true” effects of environmental stressors
on cortisol release (e.g., Collip et al., 2011). This seems to be particularly relevant if the
occurrence of the environmental stimulus is (strongly) associated with the time of day,
such as daily (work) schedules and related social interactions (van de Maat et al., 2020).
Various methods are available to capture cyclical patterns, all with their own advan-
tages and disadvantages (for an overview, see van de Maat et al., 2020). In this paper, we
will, however, rely on a cyclic model using cosine terms, which allows us to efficiently
and accurately describe cyclical patterns more parsimoniously than some other tradition-
al approaches (van de Maat et al., 2020). Furthermore, the cyclic model can easily be
applied to hierarchical data, such as EMA datasets (for a tutorial, see: van de Maat et al.,
2020; Verboon & Leontjevas, 2018), and can therefore be very useful for the estimation of
cyclical patterns that are common across participants, as well as patterns that may vary
between participants (Verboon & Leontjevas, 2018). The following cyclic model can be
used to capture cyclic patterns in the data (Flury & Levri, 1999):

Yy= by+ bliws(z?n(ti - bzi)) +e (1)

Here b, represents the intercept or the mean value of the cyclic pattern (i.e., the vertical
shift) for a specific participant, while b;; is the amplitude or magnitude of the cyclic
pattern, and b,;, the phase shift, i.e., the moment when the highest point of the cycle is
established. Lastly, P is the number of measurements in a time period to complete a full
diurnal, weekly or monthly cycle (i.e., the periodicity).

Sample Size in EMA Data

The required sample size for a study depends on many factors, such as the size and com-
plexity of the model, distribution of the variables, nonresponse and amount of missing
data, reliability of the variables, and strength of the relations among the variables (Lafit,
2022); Muthén & Muthén, 2002. To capture specific cyclical patterns in EMA data, the
length of the assessment period (e.g., day, week, or month), the total number of subjects
and measurements, and the number of measurements per time period are essential (van
de Maat et al., 2020). If the sample size is too small, the underlying cyclical patterns in
the data may remain undetected or convergence difficulties may arise when a model is
too complex for the data. EMA-based methods, and for that matter, any other intensive
repeated measurement techniques, put high demands on participants and could lead to
low response compliance, which, in turn, may affect the quality of the data (Rintala et
al., 2019). Thus, one of the challenges for EMA researchers is to determine the optimal
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sample size and assessment schedule that allows for accurately capturing patterns in the
data while avoiding overburdening participants (Silvia et al., 2014).

Power Analyses in Hierarchical Structured Data

A power analysis, or in this case, a priori power analysis, aims to help researchers
determine the smallest sample size that is required to detect the effect of a given test at
the desired level of statistical power (Arend & Schifer, 2019; Lafit, 2022). The power in a
hypothesis test is the probability that the test will detect an effect that actually exists, for
instance, the presence of a cyclical pattern in the data. However, estimating the power in
hierarchal data is quite complex because sample sizes are allocated at multiple levels, and
several types of effects (e.g., fixed and random effects) can be tested (Arend & Schéfer,
2019; Lafit et al., 2021). A recently developed method based on Monte Carlo Simulation
in the statistical environment R (R Core Team, 2024) named SIMR (Green & MacLeod,
2016) allows us to perform such tests more easily and run power analyses for all types

of models with different types of outcomes, input parameters, significance tests, and
ranges of samples sizes (Arend & Schéfer, 2019). By generating random datasets using
specific (true) population values from actual data, which increases the realism of the test,
the “performance” of different research designs with different (cyclical) patterns can be
evaluated. Therefore, the strength of this approach is that it can evaluate effects relative
to the true population parameters (Silvia et al., 2014), using different sample sizes.

Goals, Research Questions and Hypotheses

The goal of this study is to provide researchers with a rule of thumb for the minimum
required number of data points in EMA studies, for detecting cyclical patterns with
different magnitudes of fixed and random effects in emotion data. The number of data
points is determined by the number of subjects and number of measurements per subject.

Method

Design, Sample and Procedure

A power analysis was performed based on the parameters of a previously collected
EMA dataset (van de Maat et al., 2020). We followed steps and guiding principles from
Paxton et al. (2001), together with the general recommendations for power analysis

in two-level models from Arend and Schifer (2019). Using the previously mentioned
package SIMR in the statistical environment R version 4.4.1 (R Core Team, 2024), the
performances of several cyclic model designs were tested across different within-person
and between-person sample sizes, as well as different magnitudes of cyclical patterns
and levels of random effects. The Monte Carlo study distinguishes four factors by which
simulated random datasets were generated: the number of subjects in the sample size
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(S = 10....,100), the number of measurements per subject (M = 10, 30, and 50), effect
sizes (i.e., estimated using the cosine terms of the cyclic model) (ES = .12, .20, and .28),
and random effects (RE = 0.5 and 0, 0.4 and 0.1, 0.1 and 0.4, for the intercept and slope
variance respectively). It was assumed that the random intercept and slope effects were
uncorrelated from each other in all conditions. In total, the current study design yields
270 conditions (see the specification of input parameters below), which were replicated
1,000 times (as recommended by Green & MacLeod, 2016; Schoemann et al., 2014).

Measures

The simulated random EMA datasets generated for the power analysis are based on
the parameters derived from a previously performed empirical EMA study. EMA data
were collected from 109 Dutch-speaking participants from the general population (M, =
47.25, SD, = 14.84; 42% male), recruited through convenience sampling by undergraduate
students of The Open University of the Netherlands. Participants with fewer than 17
valid reports (less than 33.3% of all signals, according to guidelines by Delespaul, 1995)
were excluded from analyses, resulting in a final dataset of 2,783 measurements from 76
participants (see: van de Maat et al., 2020 for a complete description of the study protocol
and procedures). From the empirical study, the distribution (input) parameters from the
measurement of Positive affect are derived. Positive affect was defined as the mean score
on three self-report items from the Positive And Negative Affect Schedule (PANAS;
Engelen et al., 2006), i.e., ‘I feel cheerful, ‘I feel happy, and ‘I feel satisfied, all scored on
a 7-point Likert Scale from 1 = ‘Not at all’ to 7 = “Very’. As mentioned earlier, negative
mental states do not seem to exhibit cyclical patterns in healthy adult samples (see, for
instance: van de Maat et al., 2020; Wood & Magnello, 1992) or EMA measurements lack
sensitivity to detect them, which is why the current study solely looked at positive affect.

Analysis

The earlier mentioned cyclic model from Flury & Levri (1999) was used to capture cyclic
patterns in the simulated data. In our analysis, using a multilevel approach, we focus

on both the fixed effects of diurnal cycles that all participants have in common, as well
as random effects that capture the variability between individual participants. For more
additional details on the cyclic model, we refer to previous literature on the subject (see,
for instance: van de Maat et al., 2020; Verboon & Leontjevas, 2018).

Specification of Input Parameters

To conduct a power analysis and determine the minimum required sample size for vari-
ous possible magnitudes of cyclic patterns in EMA data, we must first specify the input
parameters. For this, a 3 (effect sizes, defined as amplitudes of the cyclic pattern (b,):
small, medium, and large) x 3 (types of random effects (oioand 012,1): 0.5and 0, 0.4 and 0.1,

Methodology
2024, Vol. 20(4), 265-282

GOLD
https://doi.org/10.5964/meth.11399 B PsychOpen


https://www.psychopen.eu/

van de Maat, Lataster, & Verboon 271

0.1 and 0.4 for intercept and slope variance respectively) x 3 (number of measurements in
a 5 days-time period: from 10, representing two measurement per day, to 50, representing
ten measurements per day, with increments of 20) x 10 (number of subjects: 10 to 100
with increments of 10) design was used. The 3 different amplitudes (b,): .15, .25, and .35,
represent a small, medium and large cyclical pattern. The corresponding effect sizes (ES)
for these amplitudes are respectively: .12, .20, and .28 for the small, medium, and large
cyclical pattern. Here, the effect size is defined as: ES = ﬁ, where the amplitude (b,)
is divided by the square root of the total variance, which is the sum of the within and
between-subjects variance (see: Pustejovsky et al., 2014; Verboon et al., 2021 for a more
comprehensive description of effect sizes). The chosen amplitude (b;) for the very small
cycle condition matches the smallest amplitude size from a previous study (van de Maat
et al., 2020), which ranged from .05 to .09.

Preliminary results indicated that the required power of .80 for this very small effect
size (ES) could not be achieved, even with 100 subjects and 50 measurements each (power
=.71). Therefore, to reduce the size of the Monte Carlo study and avoid including
uninformative conditions, we excluded the very small ES from further simulations. Other
input parameters of the cyclic model in the simulations were held constant: the intercept
(by) is set at 1, the periodicity (P) at 10, and the phase shift (b,) has the value of 5,
meaning that the highest point of the cycle is reached at the 5th measurement for a
daily cycle that takes 10 measurements to complete (approximately equal to the empirical
dataset where the phase shift was around noon). Lastly, the between-subject variance
(i.e., the variance across the different subjects) was fixed at the value .50, while the
intercept and slope variance varied across three types of random effect conditions: a
large random intercept variance with no random slope variance (G%OZ .5and Gﬁl =.0),

a medium random intercept variance with a small random slope variance (6;2,0= 4and

Ggl =.1), and a small random intercept variance with a large random slope variance (Gﬁoz
.1 and Gil = .4). The intra-class correlation coefficient (ICC) for all three random effect
combinations is .33.

During the test-run simulations, it was established that different values for the pa-
rameters b, or b, did not majorly affect the results of our analysis. Adjusting the value
for the periodicity (P), on the other hand, did affect the outcome of our analysis and
therefore was set corresponding to the value of the EMA prompt design and dataset
from the previous study (i.e., at 10). The number of measurements per subject for a
profile condition in the simulation ranged from 10 to 50, giving a maximum of 5,000
measurements in the largest simulated sample size (i.e., 10 measurements per day for
5 consecutive days measured for 100 subjects). For the profile conditions in which the
number of measurements per subject was below 50, the simulation randomly picked
measurement moments within the total time period of 50 measurements up to the
number of measurements set for that present profile condition.
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Profile Conditions and Evaluating the Results

Each profile condition was evaluated using the randomly generated datasets (based

on the population model derived from Equation 1 and the input parameters of the
corresponding condition) to the extent to which it reached a sufficiently high power
(i.e., a power of .80 or more; cf. Cohen, 1992). Stated differently, for all conditions the
probabilities were estimated of correctly rejecting the H, (where H, means no cyclicity
is present in the data) when cyclical patterns were present in the simulated data (with
a significance level («) of .05). The R scripts used for these analyses are available as
supplementary materials (see van de Maat et al., 2024 ).

Results

The results of the power analyses performed for the small (ES = .12), medium (ES =
.20), and large (ES = .28) cyclical pattern profile conditions are shown in Figure 2. To
clarify the results, Figure 1 shows the power estimates for the large random intercept
variance condition (with no random slope variance) across all three effect sizes, with 30
measurements per subject.

Figure 1

Power Estimates for the Large Random Intercept Variance Condition

60 - / Effect Size
§ / — small
S / — medium
o

40 - BB — large

20~

10 20 30 40 50 60 70 80 90 100
Number of subjects

Note. The three lines represent the power estimates for the small, medium, and large effect sizes in the large

random intercept variance condition with no random slope variance, for sample sizes up to 100 subjects. The
number of measurements per subject is held constant at 30.

Methodology
2024, Vol. 20(4), 265-282

GOLD
https://doi.org/10.5964/meth.11399 B PsychOpen


https://www.psychopen.eu/

van de Maat, Lataster, & Verboon 273

Figure 2

Power Estimates for Different Number of Subjects and Measurements per Subject
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Note. Power estimates (y-axis) for different number of subjects (x-axis) under the following simulation
condition: vertical shift (b)) = 1, amplitude (b;) = .05, phase shift (b,) = 5, periodicity (P) = 10, number of
simulations per test condition = 1,000. Number of measurements per subject: 10 (red line), 30 (green lines), and
50 (blue lines).

As expected, the power increases most strongly in the large ES condition as the number
of subjects increases, followed by the medium ES condition. It increases least strongly, as
opposed to the other conditions, for the small ES. With a large ES and 30 measurements
per subject, sufficient power is reached if approximately 10 or more subjects are inclu-
ded. In the case of the medium ES, 20 or more subjects were needed, and for the small ES,
at least 30 subjects.

Figure 2 shows the power estimates for different number of subjects (ranging from
10 to 100) and number of measurements per subject (10, 30 and 50) in the small (top
row), medium (middle row), and large (bottom row) ES conditions, respectively. The
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power estimates are shown for three types of variances across subjects: a large random
intercept variance condition with no random slope variance (left column), a condition
with a medium random intercept variance and a small random slope variance (middle
column), and a condition with a small random intercept variance paired with a large
random slope variance (right column). Compared to the other conditions, the power
increases most strongly in the large random intercept variance conditions with a large ES
when the number of measurements per subject or the number of subjects is increased.
Power decreases as the random slope variance increases and/or the ES becomes smaller.

For the large ES with a few measurements per subject (10), around 50 subjects
are needed to achieve sufficient power across all random effect conditions. With more
measurements per subject (30 and 50), sufficient power is achieved with 40 subjects.

For the medium ES with 10 measurements per subject, 80 subjects are needed to
achieve sufficient power in all random effect conditions. By increasing the measurements
per subject to 30, 70 subjects are needed, and with 50 measurements per subject, 60
subjects are sufficient.

Lastly, power for detecting the small ES was insufficient with up to 50 measurements
per subject and up to 100 subjects or less in the small random intercept variance condi-
tion with a large random slope variance. With a medium random intercept variance and
a small random slope variance, 100 subjects and 10 measurements per subject provided
sufficient power, and in the large random intercept variance condition with no random
slope variance, at least 80 subjects are required. With 30 or 50 measurements per subject
and a medium random intercept variance with a small random slope variance, sufficient
power for detecting a small ES is achieved with 60 subjects. In the large random intercept
variance condition (with no random slope variance), 30 subjects are sufficient with 30
measurements per subject, and 20 subjects were sufficient with 50 measurements per
subject.

Opverall, the power increases slightly stronger in all tested cycle conditions by increas-
ing the number of measurements per subject rather than including additional subjects (as
can be seen in Figure 2).

Discussion

With this study we have attempted to determine the minimum required sample sizes—in
terms of the number of subjects and number of measurements per subject—to obtain a
power of 80% for detecting different magnitudes of existing cyclical patterns in EMA
data and, by using these results, provide (psychology) researchers with rules of thumb
for sample sizes when using EMA-based methods for collecting data on emotions. For
this aim, multiple power analyses, using Monte Carlo simulations, were performed for
three different magnitudes of daily cyclical patterns: small, medium, and large cycles
with three random variance conditions across subjects.
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The power analyses performed in this study suggest that power in EMA studies
increases most strongly in the large daily cycle conditions and least strongly for the
small cycle conditions as the number of measurements per subject and the number
of subjects increase. However, our findings suggest that power in EMA studies may
generally benefit more from increasing the number of measurements per subject rather
than including additional subjects in the study.

Depending on the magnitude of the daily cyclical pattern and the degree of between
subject variance (whether small or large random intercept or slope effects), we suggest
the following sample sizes as a rule of thumb (see also Table 1). Studies with expected
large magnitudes of cyclical patterns are sufficiently powered with 40 subjects and 30 or
more measurements per subject. Medium cycles should be detectable using 70 subjects in
the study with at least 30 measurements per subject. For smaller cycle magnitudes, this
study did not establish the required number of subjects and measurements per subject
when the random slope variance exceeds the random intercept variance. However, if
small cyclical patterns are expected to be found in the data with a relatively small
random slope effect, a minimum of 60 subjects and 30 or more measurements per subject
is recommended to find a cyclical pattern of this magnitude.

Additionally, the results seem to indicate that any sample size smaller than 100 sub-
jects and 50 measurements per subject will not provide sufficient power to capture very
small-scale cycle patterns. Alongside any practical difficulties for adding additional sub-
jects into an EMA study, one could also argue that if such small cyclic patterns remain
undetected, this may not be a major issue since it will not introduce much (additional)
bias and confound “true” effects of interest. However, such very small fluctuations can
nevertheless be meaningful for, for instance, certain physiological measurements, such
as skin conductance responses, respiration, and heart rate variability (see for instance:
van Halem et al., 2020). For those kinds of EMA studies, in which the researcher might
be looking for very small fluctuations, one is likely to need a sample size with a large
number of subjects as well as a large number of measurements per subject.

The aforementioned rules of thumb should be used with some considerations and
precautions in mind. First, the minimum required sample sizes do not account for non-
response or other (quality) issues related to gathering EMA data. Missing data due to
nonresponse increases standard errors and reduces statistical power, in addition to other
potentially harmful consequences in psychological research (Enders, 2010; Schoemann et
al., 2017; Silvia et al., 2014). Rintala et al. (2019) found, for instance, that data collection
using EMA based-methods showed an average response rate of 78% and that compliance
depended on the time within a day (highest compliance was found in the afternoon
and lowest in the early morning) and declined on the fifth assessment day. Factors
that (additionally) may influence compliance are participants' health (psychosis patients
were less compliant) and possibly the number of items per assessment (Rintala et al.,
2019). These aspects influence the final sample size, the distribution, and the density

Methodology
2024, Vol. 20(4), 265-282

GOLD
https://doi.org/10.5964/meth.11399 B PsychOpen


https://www.psychopen.eu/

276

"PaYSI[qe]Sa JoU sem dduerrea adofs wopuel 93Ie] B pue §F [[BWS © (1M UOIPU0D 3] Ul Iamod Juardryns urejqo o] s303[qns Jo roqumu paxmbar oy,

SJUDWIDINSEAW (¢ < UM $303[qns oF < SJUSWIDINSEAW (g < UM $303[qns 7 < SJUSWIAINSELAW (g < UM $303[qns (] <
SJUAWAINSBAW (T YIIM $193[qns g < SJUDUIDINSBAW (] IIMm §303[(qns op < SJUDUIDINSBAW (] I1Mm §303[qns 0g < g7 98re7
SJUDWIAINSLAW (¢ < UM $303[qns (/ < SJUSWIAINSEIW (g < YIIM $303[qns (g < SJUSWIAINSELAW (g < UM $303[qns (g <
SJUAWAINSBAW (O YIIM $102[qns g < SJUDUIDINSBAW (] IIMm §303[qns oG < SJUDUIDINSBAW (] UI1Mm §303[qns og < S WNIpI
SJUSUIDINSBAW ()¢ < YIIM $303(qns (9 < SJUSUIDINSBAW ()¢ < IIM $303[qns O¢ <
p UMmoumyun SJUaUWRINSEIW ()T M wuuwmﬁﬁw 00T < SjusaInseaw 01 Yyirm muom.ﬁﬂﬂ—m 06 < Sq [rews
douerrea adofs wopuer s8re| souerrea adoys wopuex souerrea adoys (sq) az1§
UM DUBLIBA «ﬂmou.ﬁuu:m uwopuelr [yewg J[ewrs Yjrm aduerrea wnmmohﬂ«:m WopueI WINIpajy WOPUETI OU IIM dJUELIEA «ﬂmou.ﬁuu:m wopuerx QWHN.H 1993394 —wmﬁuunmuhm
199)J9 wopuey pajdadxy

Minimum Required Sample Size for Modelling Daily Cyclic Patterns

192/gng Jad spuaWaINSYaYY 210N 40 OF 10 (0 YU Jamod Juaidiffng uivigo o s302/qng fo saquinpy paiinbay ayjz 1of quiny fo sajny

L 2IqeL

B PsychOpenGOLD

2024, Vol. 20(4), 265-282
https://doi.org/10.5964/meth.11399

Methodology


https://www.psychopen.eu/

van de Maat, Lataster, & Verboon 277

of responses on the time within a day or days of the week and require researchers to
increase the number of participants or measurement prompts in the EMA study-setting.
Therefore, recruiting additional participants or increasing the number of measurement
moments in test settings is recommended to compensate for nonresponse but not so
much to overburden participants resulting in lower response compliance and power.
Researchers should find the right balance between the number of measurement prompts
and overall response compliance. Additionally, researchers should invest in ways to
improve compliance within existing sampling prompts.

It also requires further research on how skewness in the distributions of measure-
ment moments—caused by the concentration of responses within a day or days of the
week—affects the power of the study and the minimum sample size to capture daily
cycle patterns. Recent developments for analysing missing data brought new attention
to methods that mitigate the problem of missing data (Silvia et al., 2014). For instance,

a planned missing-data design allows researchers to increase the quality of collected
data in a study, especially when researchers intend to collect several items to measure a
dependent variable (Schoemann et al., 2014).

Another and second important consideration is the issue of (intra)individual varia-
tions in cyclical patterns in EMA data on emotions. While fixed effects are generally
the types of effects most frequently analysed in two-level models (Arend & Schifer,
2019), cycles may vary from day to day (e.g., workdays may show different trajectories
in the data than weekend days) and from person to person. The amount of within or be-
tween-subject variance has an impact on power (Hox et al., 2017). In our power analysis,
we included several random effect conditions as an initial step toward addressing this
complexity. While this only scratched the surface of the issue, it provides some insights
into how these components may influence power. Notably, the power to detect cyclical
patterns appears to decrease more sharply with increases in random slope variance
compared to increases in random intercept variance. This suggest that a larger minimum
sample size is required when a large random slope variance is anticipated. Since we kept
the between-subject variance constant, future studies should more thoroughly examine
how varying levels of total between-subject variance affect the power to detect cyclical
patterns. This may also help explain our somewhat contradictory finding—compared
to other studies—that an increase of the number of measurements per subject benefits
EMA-studies more than including additional subjects (rather than vice versa as, for
instance, Snijders (2005) concludes). In order to perform such analyses, different values
for input parameters, such as intraclass correlation coefficient (ICC) and cross-level
interaction (CLI) effects, need to be specified (Arend & Schéfer, 2019, provide a helpful
and comprehensive guide for performing power analyses with multilevel EMA data).

Third and lastly, (psychology) researchers may, of course, be inclined to examine
other theoretical relevant relationships in the data on emotions rather than solely cycli-
cal patterns. However, adding additional predictors to the model to find these relevant
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effects of interest increases the complexity of the model. This, in addition to smaller
sample sizes, puts researchers at risk for more convergence failures and higher standard
errors (Silvia et al., 2014). Therefore, the rules of thumb proposed in this study do not
apply to all situations regarding sample size requirements. Future research might add
additional (contextual) predictors to the cyclic model to further increase complexity,
allowing evaluation of possible convergence issues when too small sample sizes are
involved and any confounding effects associated with these variables.

Our study provides general rules of thumb for the minimum required sample size to
capture underlying cyclical patterns in EMA data. This enables researchers to implement
the appropriate EMA study design that adequately considers sample sizes to explore and
control for these cyclical patterns.
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