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Abstract
Single-case experiments have become increasingly popular in psychological and educational research. However, the analysis of
single-case data is often complicated by the frequent occurrence of missing or incomplete data. If missingness or incompleteness
cannot be avoided, it becomes important to know which strategies are optimal, because the presence of missing data or
inadequate data handling strategies may lead to experiments no longer “meeting standards” set by, for example, the What
Works Clearinghouse. For the examination and comparison of strategies to handle missing data, we simulated complete datasets
for ABAB phase designs, randomized block designs, and multiple-baseline designs. We introduced different levels of
missingness in the simulated datasets by randomly deleting 10%, 30%, and 50% of the data. We evaluated the type I error rate
and statistical power of a randomization test for the null hypothesis that there was no treatment effect under these different levels
of missingness, using different strategies for handling missing data: (1) randomizing a missing-data marker and calculating all
reference statistics only for the available data points, (2) estimating the missing data points by single imputation using the state
space representation of a time series model, and (3) multiple imputation based on regressing the available data points on
preceding and succeeding data points. The results are conclusive for the conditions simulated: The randomized-marker method
outperforms the other two methods in terms of statistical power in a randomization test, while keeping the type I error rate under
control.
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Single-case experiments

A single-case experiment (SCE) is an experiment in which the
effect of applying different levels (treatments) of at least one
independent variable is observed repeatedly on a single entity
over a period of time (Barlow, Nock, & Hersen, 2009; Kazdin,
2011; Kratochwill & Levin, 1992; Onghena, 2005). The

purpose of such an experiment is to investigate a causal rela-
tionship between the manipulated variable(s) and one or more
repeatedly observed outcome variables. SCEs are often con-
ducted in the behavioral sciences, particularly in subdisci-
plines such as clinical psychology, counseling psychology,
neuropsychology, school psychology, psychopharmacology,
social work, education, and special education (Heyvaert &
Onghena, 2014). Heyvaert and Onghena also pointed out that
the low cost of an SCE, its feasibility for studying rare condi-
tions and within-subjects variability, and the present-day
availability of data analysis techniques and computer pro-
grams have led to a steady increase in interest in SCE research
in recent years.

A plethora of methods for SCE data analysis are in vogue
nowadays. These methods can be categorized in two broad
groups: visual methods and statistical methods (Heyvaert,
Wendt, Van den Noortgate, & Onghena, 2015). Visual
methods refer to the assessment of level, trend, variability,
and other aspects of the data to assess the existence and con-
sistency of treatment effects (Heyvaert et al., 2015; Horner,
Swaminathan, Sugai, & Smolkowski, 2012; Kratochwill
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et al., 2010). Traditionally, applied SCE researchers have re-
lied on visual analysis to establish the existence and magni-
tude of causal relationships (Kratochwill et al., 2010).
However, visual analysis is subjective, often unreliable and
is prone to overestimating the effect (Smith, 2012). Hence,
rigorous and objective statistical analysis methods are perti-
nent for SCEs.

Statistical methods for SCEs can be broadly categorized
into three categories: effect size calculation, statistical
modeling, and statistical inference (Michiels, Heyvaert,
& Onghena, 2018). Effect size measures for SCEs include
mean-difference-based measures such as Cohen’s d and
Hedges’s g (Heyvaert et al., 2015), nonoverlap-based mea-
sures such as percentage of nonoverlapping data (Scruggs,
Mastropieri, & Casto, 1987), percentage exceeding the
median (Ma, 2006), and nonoverlap of all pairs (Parker
& Vannest, 2009). Methods for statistical modeling of
SCEs include multilevel modeling, structural equation
modeling, and interrupted time series analysis (Heyvaert
et al., 2015; Michiels et al., 2018; Van den Noortgate &
Onghena, 2003). Finally, statistical inference methods in-
clude methods for conducting statistical significance tests
and calculating confidence intervals. Traditional group
comparison methods like t and F tests have been used
for SCEs; however, due to the serial dependency in SCE
data (Busk & Marascuilo, 1988; Solomon, 2014) and
plausible violations of the distributional assumptions of
the traditional tests in behavioral experiments (Adams &
Anthony, 1996; Smith, 2012), these methods are usually
not recommended (Houle, 2009). Nonparametric tests
(e.g., Kruskal–Wallis tests, Wilcoxon–Mann–Whitney
tests, randomization tests, and others), which by definition
do not require distributional assumptions, are more suited
to analyze SCE data (Heyvaert et al., 2015).

Randomization tests

In this study, we focus on a particular type of nonparametric
test: the randomization test. A randomization test (RT) is a
type of statistical significance test based on the random as-
signment of the experimental units to the levels of an inde-
pendent variable (treatments) to test hypotheses about causal
effects (Edgington & Onghena, 2007). In the context of
SCEs, the experimental units are measurement occasions,
which are randomly assigned to treatment levels. RTs obtain
their statistical validity from this random assignment. A ben-
efit of RTs is their flexibility of customization to the partic-
ular research purpose. For example, any randomization
scheme can be taken into account and any test statistic can
be used to test the null hypothesis that the manipulated var-
iable does not causally affect the observed outcome variable
(Edgington & Onghena, 2007).

We refer the interested reader to the monograph of
Edgington and Onghena (2007) and to the tutorial of
Heyvaert and Onghena (2014) for comprehensive over-
views of the RT procedure and its properties. For the
present article, it suffices to recall the four steps involved
in an RT for an SCE. (1) First, all possible random as-
signments of measurement occasions to treatment levels
are recorded and an appropriate test statistic is chosen. (2)
Next, one assignment out of the possible assignments is
chosen at random and the experiment is conducted with
that assignment. (3) Once the data have been collected,
the chosen test statistic is calculated for each of the pos-
sible assignments. (4) Finally, the p value is calculated as
the percentage of all possible test statistic values that are
at least as extreme as the observed test statistic.

Missing data in SCEs

Missing data are common in SCEs, often due to human
factors such as forgetfulness or systematic noncompliance
to the protocols of data collection in an experiment
(Smith, 2012). In their review of published SCE research,
Peng and Chen (2018) found that 24% (34 out of 139) of
articles reported missing data, and another 7% (10 out of
139) did not provide sufficient information to determine
whether missing data were present. In a review article
regarding missing data in educational research, although
it was not restricted to SCEs, Peugh and Enders (2004)
reported that out of 989 published articles in 1999, 160
(16.18%) studies had missing data, and 92 (9.3%) were
indeterminate. They also reported that among the studies
that did report missing data, the percentage of missing
cases (i.e., the percentage of cases containing missing da-
ta, not the percentage of missing measurements) ranged
from 1% to 67%, with a mean percentage of 7.60%.

Failing to account for missing data or handling missing
data improperly can lead to biased, inefficient, or unreliable
results (Little & Rubin, 2002; Schafer & Graham, 2002).
Improper missing-data handling techniques can further weak-
en the generalizability of study results (Peng & Chen, 2018;
Rubin, 1987). Smith (2012) specifically mentioned missing-
data methods prevalent in SCE research and advocated the use
of the maximum likelihood and expectation maximization
(EM) methods. Smith, Borckardt, and Nash (2012) conducted
a simulation study and concluded that the EM algorithm is
effective at replacing missing data, while maintaining
statistical power in autocorrelated SCE data streams. Chen,
Feng, Wu, and Peng (2019) extended the results of Smith
et al. (2012), exploring the relative bias and root-mean-
squared error of the estimates and the relative bias of the
estimated standard errors using the EM algorithm, and con-
cluded that the EM algorithm performs adequately when
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applied to AB phase design data. Peng and Chen demonstrat-
ed the use of multiple imputation (MI) for handling missing
data in a published single-case ABAB phase design and
discussed several advantages of this method: MI retains the
design structure of the study and collected data, avoids poten-
tial bias, and captures uncertainty concerning the imputed
scores.

Missing-data handling methods

In this study, we evaluated the performance of different
missing-data handling methods for SCEs analyzed by RTs
in a simulation study. We decided to test methods that are
relevant to RTs. Additionally, we only considered methods
that either are simple to implement or have existing
implementations in code available for everyone to use, pref-
erably in the statistical computing language and environment
R. Three methods were selected under these conditions: the
randomized-marker method, single imputation using an
autoregressive integrated moving average (ARIMA) model,
and MI using multivariate imputation by chained equations
(MICE).

The randomized-marker methodA simple method was pro-
posed by Edgington and Onghena (2007). In this method,
a regular randomization test is performed, but instead of
randomly reshuffling numerical scores only, the missing
data are included by representing them with a certain code
or marker (e.g., “NA” for “not available”). The method
reshuffles the markers together with the numerical scores
and performs all calculations taking into account the miss-
ing data in one or more of the treatment conditions. This
procedure leads to valid p values because the randomiza-
tion test null hypothesis of no differential effect of the
treatments applies to both the numerical scores and the
missingness. Consequently, under the null hypothesis,
the missingness of a data point is independent of the as-
signment to a particular treatment at that particular time
point. The value of the test statistic for a particular reshuf-
fle may be calculated, while taking into account the ran-
dom division of the missing data among the different
treatments. This method has been implemented in the
SCRT R package (Bulté & Onghena, 2008). We will refer
to this method as the “randomized-marker method.”

We demonstrate this method using a hypothetical
dataset from an SCE following a randomized block design
(RBD) for the comparison of two treatments, namely A
and B. In an RBD with two treatments, those treatments
are paired among successive measurements, with random
determination of the order of the treatments in the pair
(Onghena, 2005). In an experiment with six measure-
ments, treatments A and B can be administered in three

blocks, resulting in 23 = 8 possible randomizations of the
treatments (see Table 1). Let us assume the experiment
was conducted with the randomization A, B, A, B, A, B
(R1 in Table 1), and the observed scores were 5, 3, 2, and
6 for measurement occasions 1, 2, 4, and 5, respectively,
and missing for measurement occasions 3 and 6. We will
use NA as the missing-data marker in the dataset. For the
randomized-marker method, the NAs are also randomized
along with the observed scores. So, instead of randomiz-
ing only 5, 3, 2, and 6, we randomize 5, 3, NA, 2, 6, and
NA for an RT. We can now evaluate the p value for the
RT with the null hypothesis that there is no treatment
effect and the alternative hypothesis that treatment B leads
to lower observed values than treatment A using a mean
difference test statistic, mean(A) – mean(B). For the ran-
domization R1:

mean Að Þ–mean Bð Þ ¼ mean 5;NA; 6ð Þ–mean 3; 2;NAð Þ
¼ mean 5; 6ð Þ–mean 3; 2ð Þ ¼ 3:

The test statistic values for the other randomizations
can be calculated in the same way (see the last row of
Table 1). The p value can be calculated as the percentage
of test statistic values that are at least as large as the
observed test statistic for R1. Since R1 is the only ran-
domization that leads to a test statistic as large as the
observed test statistic (also R1), out of eight possible ran-
domizations, the p value is 1/8 = .125. The null hypoth-
esis in this experiment cannot be rejected using the stan-
dard level of significance of .05. In fact, since .125 is the
lowest possible p value for this experiment, we can con-
clude that this experiment lacks power to reject the null
hypothesis at significance levels of .01, .05, and even .1.

Single imputation using an ARIMA model Single imputation
(SI) is one of the most frequently used methods of han-
dling missing data. Last observation carried forward,
mean imputation, hot deck imputation, and regression

Table 1 Hypothetical randomized block design experiment with six
measurement occasions and eight possible assignments

Time Data R1 R2 R3 R4 R5 R6 R7 R8

1 5 A B A B A B A B

2 3 B A B A B A B A

3 NA A A B B A A B B

4 2 B B A A B B A A

5 6 A A A A B B B B

6 NA B B B B A A A A

A – B 3 1 1.33 – 1.33 1.33 – 1.33 – 1 – 3
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imputation are examples of this method (Roth, 1994;
Schafer & Graham, 2002). Because the data from SCEs
often demonstrate high levels of autocorrelation (Busk &
Marascuilo, 1988; Heyvaert & Onghena, 2014; Solomon,
2014), we decided to implement a time series (TS)-based
method for imputation. Harvey and Pierse (1984) pro-
posed a two-step procedure: fitting an ARIMA model to
the available data, and applying Kalman smoothing to the
state space representation of the fitted ARIMA model in
order to estimate the missing data. The ARIMA model is
one of the more popular TS models (Houle, 2009;
Shumway & S to f f e r , 2017 ) , and i t c omb ine s
autoregressive, moving average, and nonstationary
models into a single model (Box & Jenkins, 1970). Due
to the autoregressive component, an ARIMA model is
we l l s u i t ed t o mode l i ng au toco r r e l a t ed da t a .
Additionally, most statistical software packages provide
functions for estimating the parameters in an ARIMA
model.

An autoregressive moving average (ARMA) model with
order (p, q) of a time series xt can be represented by the fol-
lowing equation,

xt ¼ Φ1xt−1 þ…þ Φpxt−p þ wt þ θ1wt−1 þ…þ θqwt−q;ð1Þ

where wi are Gaussian noise variables that follow N(0, σ2),
whereas Φi and θi are constants. An ARIMAmodel with order
(p, d, q), which incorporates differencing, can be written as

Φ Bð Þ 1−Bð Þdxt ¼ θ Bð Þwt; ð2Þ

where B represents the backshift operator, such that Bxt =
xt − 1, Φ(B) = 1 − Φ1B −… − ΦpB

p, and θ(B) = 1 + θ1B +
… + θqB

q. A simple state space representation of the
ARIMA model, as was proposed by Box and Jenkins
(1970), can be denoted as Xt = [1, 0,…, 0]Yt. Here, Yt is
defined as

Y t ¼

0
0

1 0
0 1

… 0
⋱ ⋮

⋮
0

⋮ ⋱
0 …

⋱ 0
0 1

φr φr−1 … … φ1

2
6664

3
7775Y t−1 þ

1
ψr−1
⋮
ψ1

2
64

3
75Wt; ð3Þ

where r = max(p + d, q + 1) and φi and ψi are constant co-
efficients. The model coefficients can be estimated using a
Kalman filter (Kalman, 1960) algorithm, developed for
ARIMA models in Gardner, Harvey, and Phillips (1980).
Finally, a smoothing algorithm (Anderson & Moore,
1979) can be applied in order to impute the missing
values. A detailed presentation of these algorithms is be-
yond the scope of the present article, but the interested
reader is referred to Harvey and Pierse (1984) for details

on this method. We utilized the available implementation
of this method in R by Moritz and Bartz-Beielstein
(2017).

MI using MICEMI was proposed by Rubin (1987) and is a
Monte Carlo technique in which missing values are re-
placed by multiple simulated values in order to create
multiple versions of the complete dataset; each of the
simulated versions is analyzed separately and then com-
bined to generate estimates that incorporate uncertainty
due to missingness (Schafer, 1999). When the data series
is univariate, it is possible to use MI by sampling impu-
tations from observed data. MI is also suitable for multi-
variate datasets, because data on covariates can be used to
predict the missing data points. Traditionally, there are
two methods for multivariate data: joint modeling and
fully conditional specification, also known as MICE. We
decided to use the MICE implementation developed by
van Buuren and Groothuis-Oudshoorn (2011), because
this method is easy to understand and the implementation
in R is already freely available. This method works by
using covariate data to impute the missing data.
However, the simulated data in our study are univariate.
Hence, we decided to add a leading and a lagging vector,
consisting of subsequent and previous scores, to the
dataset as covariates, to exploit the previously discussed
autoregressive property of SCE data in order to impute the
missing values. In our example dataset (Table 1), this
would mean that for the observed scores (5, 3, NA, 2, 6,
NA), the two covariate vectors would be (NA, 5, 3, NA,
2, 6) and (3, NA, 2, 6, NA, NA). The missing data in each
vector are imputed by linearly regressing this vector on
the remaining vectors, repeating this process for the other
vectors, and then iterating this entire process again and
again. The iterative regressions are kicked off using ran-
dom samples to fill in the missing data in the first
iteration.

The guidelines offered by Rubin (1987) and further
discussed by Schafer (1999) suggest that five to ten im-
putations are sufficient. Contrary to that approach, recent
research has suggested that a larger number of imputa-
tions might be beneficial (Graham, Olchowski, &
Gilreath, 2007). However, Graham et al. also estimated
that, at 50% missing data, the difference between the
power calculated using ten imputations and the power
calculated using 100 imputations is only around 5%.
Hence, taking into account the linear increase in compu-
tation time with an increase in the number of imputations,
we chose to simulate ten imputations of the missing data.
The final test statistic was calculated by taking the aver-
age of ten test statistics, one from each of the imputed
datasets. The reference distribution was also constructed
in the same way.
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Objectives and research questions

Our objective in this study was to compare three methods
of handling missing data in RTs for SCEs. The simplest
metrics by which we can measure the performance of any
hypothesis test, such as an RT, is by estimating its statis-
tical power and type I error probability. We wanted to find
out which missing-data method resulted in the highest
values for power under similar simulation conditions,
while keeping type I errors under control. Additionally,
since RTs are computationally intensive, we were interest-
ed in finding out which method resulted in the least in-
crease in computation time. Hence, we also recorded the
run times of each of the simulation conditions as a sec-
ondary performance metric.

Method

Power and type I error

The power of a statistical hypothesis test is defined as the
probability that a false null hypothesis is rejected. The
probability of a type I error is defined as the probability
that a true null hypothesis is rejected. Multiple studies
have evaluated the power of RTs in the context of SCEs
without missing data (Ferron & Onghena, 1996; Ferron &
Sentovich, 2002; Ferron & Ware, 1995; Michiels et al.,
2018). In the present study, we followed the methodology
used by Ferron and Onghena to calculate power estimates
and type I error rates.

Simulation conditions

Missing-data percentage As we noted previously, Peugh
and Enders (2004) reported that in 989 published articles
on educational research in 1999, the percentage of cases
with missing data ranged from 1% to 67%, with a mean
percentage of 7.60%. In keeping with the missing-data
percentages reported in such studies, the percentage of
missing data was varied in three steps: 10%, 30%, and
50%, to represent low, moderate, and high levels of miss-
ing data, respectively. The missing data were created by
deleting randomly from the complete dataset, so that the
missing data were missing completely at random (Little &
Rubin, 2002).

SCE design type Three different randomized single-case
design types were chosen: an RBD with a block size of
two, an ABAB phase design with randomized phase
change points, and a multiple-baseline design (MBD)
with four subjects (for more details on these designs for

SCEs, we refer readers to Barlow et al., 2009; Edgington
& Onghena, 2007; Hammond & Gast, 2010).

The RBD, discussed previously, is most similar to the de-
signs used for medical N-of-1 randomized controlled trials
(Guyatt, Jaeschke, & McGinn, 2002; Guyatt et al., 1990);
hence, it was included. Any alternation design with at least
five repetitions of the alternating sequence would meet the
standards set by Kratochwill et al. (2010), which is achieved
in an RBD with a block size of two and a minimum of ten
measurements.

The ABAB phase design and the MBD are two of the
most popular SCE designs in the behavioral sciences;
hence, we included both in the study (Hammond &
Gast, 2010; Shadish & Sullivan, 2011). In a phase design,
the sequence of measurements is divided into treatment
phases, with several measurements with the same treat-
ment level being applied in each phase (Onghena &
Edgington, 2005). The ABAB phase design, as the name
implies, consists of four such phases: a baseline (A)
phase, a treatment (B) phase, followed by another base-
line (A) phase, and another treatment (B) phase. In accor-
dance with the guidelines recommended by the What
Works Clear inghouse pane l of exper t s (WWC;
Kratochwill et al., 2010), the ABAB phase designs used
in the simulation study had a minimum of three measure-
ments per phase.

The MBD is a simultaneous replication design that
consists of multiple AB phase designs implemented si-
multaneously, whereas the intervention is started sequen-
tially across subjects (Onghena & Edgington, 2005).
Whereas the simulated datasets for both RBD and
ABAB phase designs consisted of data for one subject,
the number of subjects in MBD was chosen to be four,
on the basis of reviews of published research; Ferron,
Farmer, and Owens (2010) reported a median of four sub-
jects in MBD experiments, and Shadish and Sullivan
(2011) reported an average of 3.64 cases in SCE studies.
The restriction of a minimum of three measurements per
phase was also applied to MBD. As a result, any mea-
surement occasion after the third measurement and before
the third-to-last measurement could be a possible inter-
vention start point. We randomly assigned unique inter-
vention start points to each subject from this range of
possible intervention start points. Known as the restricted
Marascuilo–Busk procedure, this randomization proce-
dure is recommended by Levin, Ferron, and Gafurov
(2018).

Data model Three data models were included in the simula-
tion study: a standard normal model, a uniform model with a
standard deviation of 1, and an autoregressive model with
order 1 and standard normal errors (AR1). The standard nor-
mal model and uniform-data model were included due to their
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ubiquity as simulation models; previous studies on power
using these data models could serve as benchmark for our
results (Keller, 2012; Michiels et al., 2018). The uniformmod-
el also represents a simple case in which the normality as-
sumption for observed data is grossly violated, as such viola-
tions are common among SCEs in behavioral experiments
(Adams & Anthony, 1996; Smith, 2012). As has been men-
tioned previously, SCEs also demonstrate high levels of auto-
correlation (Busk & Marascuilo, 1988; Shadish & Sullivan,
2011; Solomon, 2014). Hence, we wanted to include data
models that simulate data with autocorrelation; however, we
also needed to keep the study computationally manageable.
Keeping these constraints in mind, we decided to include one
AR1 model, which is a simple modification of the normal
model generating autocorrelated data, with a relatively high
autocorrelation of .6.

Number of measurements We included three different op-
tions for the number of measurements per dataset: 20, 30,
and 40. Shadish and Sullivan (2011) reported a median of
20 measurements and a range of 2–160 in 809 SCEs.
Interestingly, 90.6% of these SCEs had 49 or fewer mea-
surements. Ferron et al. (2010) reported a median of 24
measurements and a range 7–58 in 75 MBD studies. We
chose 20, 30, and 40 so that we could adhere to these
ranges while ensuring that sufficient randomizations were
possible for all design choices. Since the RBD is a bal-
anced design, the numbers of measurements assigned to
both treatment levels A and B were exactly half the num-
ber of all measurements. However, for ABAB and MBD,
the numbers of measurements assigned to treatment levels
A and B were decided by the chosen randomization
scheme. Due to the restriction on the minimum number
of measurements per phase, this number ranged from a
minimum of six to a maximum of six less than the total
number of measurements for the ABAB phase design, and
from a minimum of three to a maximum of three less than
the total number of measurements for the MBD.

Effect size Three additive effect sizes were chosen: 0, 1, and 2.
We followed the unit treatment additive model for the treat-
ment effect (Michiels et al., 2018; Welch & Gutierrez, 1988).
According to this model,

XB
i ¼ XA

i þ d; ð4Þ

where XA
i and XB

i represent the expected scores if the ith
measurement was assigned to the baseline (A treatment level)
and to the intervention (B treatment level), respectively, and d
represents the additive treatment effect. The effect size of zero
was included for the purpose of calculating the type I error rate
for each of the simulation conditions. The effect sizes of 1 and
2 were chosen for calculating power.

Test statistic Two test statistics were calculated: mean dif-
ference (MD) and nonoverlap of all pairs (NAP; Parker &
Vannest, 2009). MD is the difference between the means
of the scores in the two treatment levels, as discussed in
the example in Table 1. NAP is calculated by first calcu-
lating all possible pairs of A and B treatment level scores,
and then calculating the percentage of pairs for which the
B scores are bigger than the A scores (or vice versa, when
the A scores are expected to be bigger due to a negative
effect size). These effect size measures were chosen on
the basis of the recommendation by Michiels et al.
(2018), who showed the superiority of these two measures
over the percentage of nonoverlapping data (Scruggs
et al., 1987) in terms of power in an RT. For MBD, a
combined test statistic was calculated as the mean of the
test statistics from each subject. Both test statistics were
calculated to be symmetric. This meant that we only cal-
culated the magnitude of the difference between A scores
and B scores, without taking into account the direction of
effect. Hence, all the randomization tests in this study
were effectively two-sided.

Additionally, for each design type, data model, number
of measurements, effect size, and test statistic, simulations
were performed without missing data, to serve as a bench-
mark against which the missing-data methods could be
evaluated. Overall, this meant 3 × 3 × 3 × 3 × 3 × 2 =
486 simulation conditions for each missing-data method
and 3 × 3 × 3 × 3 × 2 = 162 simulation conditions for the
complete data, which added up to a total of 486 × 3 + 162
= 1,620 simulation conditions. For each condition,
100,000 datasets were simulated. In some of the simula-
tion combinations, the number of possible randomizations
was extremely high. For example, in an RBD with 40
measurements (20 blocks), the number of possible ran-
domizations is 220 = 1,048,576. Hence, we decided to
perform Monte Carlo RTs, where the reference distribu-
tion was constructed using 1,000 samples from all possi-
ble randomizations.

Customization of the missing-data methods

Due to the high percentage of missing data in some of the
simulation conditions, it was possible that all data for one
of the treatment levels could be missing for a particular
simulated dataset. In such an exceptional case, it would be
impossible to calculate the test statistic. The conservative
nature of hypothesis testing dictates that the null hypoth-
esis can be rejected only if the data provide sufficient
evidence to reject the null hypothesis. The impossibility
of calculating a test statistic from the available data can be
considered a lack of evidence to reject. Hence, to make
the analysis as conservative as possible, we decided to
automatically conclude that we had failed to reject the
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null hypothesis for that dataset. On the one hand, this
strategy could be expected to control the probability of a
type I error. On the other hand, this would possibly in-
crease the probability of a type II error, hence reducing
power. We tried to estimate the effects of this conservative
strategy on type I errors and power, and found out that
even in the most extreme case—for ABAB design data,
20 measurements, and 50% missing data—we were un-
able to calculate the test statistic in only 100 out of
100,000 cases. Hence, in the worst-case scenario, this
would only result in a reduction of type I errors and power
by approximately 0.1%.

For the randomized-marker method, it was also possi-
ble that all data points for a treatment level could be
missing in any of the random assignments in the reference
distribution. For such cases, we decided to automatically
assume that the associated value of the test statistic was
higher than the value for the observed data. Again, this
ensured that we were consistent with our conservative
approach, such that we always erred in favor of the null
hypothesis, to ensure that the probability of a type I error
did not increase.

While testing the TS-based SI method, we discovered
that there was a small chance of the ARIMA fitting failing
at higher missing-data percentages. Since a randomization
test cannot be conducted without handling the missing
data in some manner, a randomization test was conducted
using a missing-data marker in those cases. The percent-
age of datasets in which the fitting failed was very low for
our simulation conditions. For example, in a test involv-
ing the RBD, uniform data, 20 simulated measurements,
an effect size of 2, and 50% missing data, the fitting failed
only once in 100,000 repetitions. Hence, we were able to
safely ignore the effect of such exceptions.

Programming and execution

The entire simulation study was programmed in R. One prob-
lem we encountered during early testing was that the simula-
tion conditions involving NAP as the test statistic were taking

up to three times as much time as those involving MD as the
test statistic. We were largely able to mitigate this problem by
using C++ code to calculate NAP. In fact, using C++ code, the
NAP calculation was even faster than the MD calculation.

Extrapolating from initial tests with 1,000 simulated
datasets, we estimated a total computation time of approxi-
mately 20,000 h on a single-core processor running at 2.5
GHz. The simulations were run on Flemish Supercomputer
Centre supercomputers. The nodes at the Flemish
Supercomputer Centre utilized for this study consist of 20-
or 24-core Intel processors running at 2.8-GHz or 2.5-GHz
clock speed. Using a scheduler program, each of the 1,620
simulation conditions was scheduled to run on a separate core
on these nodes.

Results

The results for type I errors (using effect size 0; see
Table 2 and Fig. 1) showed that all three methods con-
trolled type I errors effectively. Although the type I error
rate breached the 5% level of significance in 128 out of
540 cases (23.70%; see Table 7 in the Appendix), the
maximum was just 5.20%, so these can be attributed to
simulation errors. The type I error rates for ABAB phase
designs at 20 measurements and 50% missing data were
particularly low. This can possibly be attributed to the
conservative handling of cases in which all measurements
corresponding to either A or B treatment levels were
missing in a few of the possible randomizations. Since
the number of measurements corresponding to a treatment
level could be as low as six in our ABAB designs, with a
small number of measurements and a large percentage of
missing data, such scenarios were more likely to occur.

For an effect size of 1, the estimated power was the largest
for the complete data, with power decreasing with increasing
missing-data percentages (see Table 3 and Fig. 1).
Furthermore, a consistent pattern was present in the results:
The randomized-marker method performed closest to the
complete data in all but a few cases, followed by MI. The SI

Table 2 Type I error rates, averaged over the entire set of data models, numbers of measurement choices, and test statistics

Design type Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

RBD 4.79 4.83 4.86 4.64 4.83 4.81 4.68 4.94 4.91 4.93

ABAB 4.88 4.80 4.52 3.97 4.84 4.79 4.75 4.85 4.89 4.87

MBD 4.98 4.98 4.99 4.96 4.99 5.00 5.01 4.98 4.97 5.01

ABAB, ABAB phase design; MBD, multiple-baseline design; MI, multiple imputation; RBD, randomized block design; SI, single imputation.
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method rarely performed as well as the other two methods.
The average power losses as compared to complete data, for
which the average estimated power was 57.23%, were
16.46%, 23.59%, and 18.28% for the randomized-marker
method, SI method, and MI method, respectively.

The estimated power values with an effect size of 2
followed the same pattern (see Table 3 and Fig. 1). We
observed the highest power for complete data, with pow-
er decreasing with increasing missing-data percentages.

Again, the randomized-marker method performed best,
closely followed by MI, and SI exhibited the worst re-
sults. The average power losses as compared to complete
data, for which the average estimated power was
92.56%, were 9.87%, 22.39%, and 12.64% for the
randomized-marker method, SI method, and MI method,
respectively.

There were a few exceptions to these results. When the
number of measurements was small, MI resulted in a

Fig. 1 Type I error rate and estimated power for different missing-data
handling methods (and for complete data, for comparison), grouped by
effect size (effect size 0 in row 1, effect size 1 in row 2, and effect size 2 in
row 3), missing-data percentage (column 1), design type (column 2), and
number of measurements (column 3), averaged over all other simulation
conditions. Complete represents the complete data without missing

observations,Marker represents the randomized-marker method, ES rep-
resents effect size,Missing represents the percentage of missing data, and
N represents the number of measurements. Please note the different y-axis
ranges: 4–6 in row 1, and 0–100 in rows 2 and 3. ABAB, ABAB phase
design; MBD, multiple-baseline design; MI, multiple imputation; RBD,
randomized block design; SI, single imputation.
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larger estimated power than the randomized-marker meth-
od for AR1 data in an ABAB design (see Tables 8 and 9
in the Appendix). At larger percentages of missing data,
there were also some cases (18 out of 108 cases for the
ABAB design) in which SI performed better than the
randomized-marker method. However, even for the
ABAB design and AR1 data, when the number of mea-
surements was higher (40, in our study), the randomized-
marker method outperformed the other methods.

We also conducted an analysis of variance (ANOVA)
of the power results. The results for effect size 0 were not
included, since we were only interested in looking at es-
timated power. The results from the complete datasets
were also not included, since we were interested in com-
paring the missing-data methods. The results from the
ANOVA (see Table 4) indicated that only 2.5% of the
explained variance could be attributed to the missing-
data method, with effect size and missing-data percentage
being the largest contributors. However, the results also
indicated that the randomized-marker method, on average,

resulted in 2.3% more estimated power than did the MI
method, and 9.8% more estimated power than the SI
method (see Table 5).

Another aspect of RTs that is worth looking into, while
comparing missing-data handling methods, is computation
time. Comparing the simulation run times across the
missing-data handling methods, we observed that on av-
erage the randomized-marker method was nearly twice as
fast as SI and, depending on the type of design, five to ten
times faster than MI (Table 6).

The results from the simulation study can be summa-
rized as follows. First, all three methods controlled type I
error rates close to or below the 5% level of significance
for the RTs in the study. Second, due to the consistency of
the results, we can reasonably conclude that the
randomized-marker method compared favorably to SI
and MI for the simulated conditions in the context of
single-case RTs. Finally, the randomized-marker method
was also significantly faster than the other two methods
with respect to computation time.

Table 3 Estimated power, averaged over the entire set of data models, numbers of measurement choices, and test statistics

Effect size Design type Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

1 RBD 72.03 65.98 51.66 34.92 59.27 39.04 23.48 65.73 48.79 29.69

ABAB 42.50 38.91 30.12 19.31 35.53 24.79 16.54 38.75 29.80 19.92

MBD 57.17 52.91 42.38 30.80 48.81 33.68 21.71 52.64 40.30 24.95

2 RBD 99.21 98.50 94.46 81.31 91.75 71.72 47.89 98.27 91.95 72.27

ABAB 85.01 82.01 71.93 52.51 78.92 61.64 40.06 81.62 71.12 52.28

MBD 93.47 92.64 89.44 81.44 92.00 83.79 63.82 92.48 87.76 71.61

ABAB, ABAB phase design; MBD, multiple-baseline design; MI, multiple imputation; RBD, randomized block design; SI, single imputation.

Table 4 ANOVA of estimated power

Variable Sum of squares Percentage of explained variance

Design type 57,752 8.30

Data model 34,221 4.92

Test statistic 1,260 0.18

Effect size 385,062 55.35

No. of measurements 84,074 12.08

Missing-data method 17,110 2.46

Missing-data percentage 116,262 16.71

Residuals 121,028
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Discussion

In this study, we evaluated three different missing-data
methods in terms of the type I error rate and estimated power
of RTs. The results were quite convincing in favor of the
randomized-marker method. These results provide a very
strong basis for considering the randomized-marker method
as the de facto missing-data handling method for single-case
RTs.

However, as we mentioned previously, there were some
exceptional cases in which the randomized-marker meth-
od performed poorly in comparison to SI and MI, partic-
ularly involving AR1 data in an ABAB design. We think

this was due to the use of preceding and succeeding mea-
surements as predictors for imputation in the MI method
and the use of an ARIMA model in the SI method, both of
which predictably benefit from the large autocorrelation in
AR1 datasets. We also think this exception was so prom-
inent for ABAB phase designs probably because the sim-
ulated AR1 data for the ABAB phase design contained
long series of data for a single phase, with no shift in
values due to effect size applied; hence, the imputation
methods were more successful. This probably indicates
that when certain aspects of the observed data, including
the presence of predictable patterns or of correlated covar-
iate data, make imputation easier, imputation methods can
outperform the randomized-marker method. However,
when the number of measurements was 40, there were
no exceptional cases. This indicates that when sufficient
data are available, imputation in any form is not neces-
sary, and the randomized-marker method is sufficient.

RTs are by nature computa t ional ly in tens ive
(Edgington & Onghena, 2007). The computational com-
plexity varies widely with the choice of design and test
statistic. The time required for an RT increases with the
number of measurements, as this increases the number of
possible randomizations in an exact RT and increases the
time required for calculating the randomizations and the
test statistics. In our study, we used a Monte Carlo RT.
Hence, we did not see any time variation due to increase
in the number of possible randomizations. However, the
time necessary to calculate a complex test statistic such as
NAP multiple times can be a significant factor, too. We
saw that the randomized-marker method holds a signifi-
cant advantage over the other two methods in terms of
computation time. Most of the time differences could be
attributed to the differences in the missing-data handling
methods, since all other steps remained the same. In this
light, an additional argument can be made in favor of the
randomized-marker method: that it does not add any

Table 5 Regression coefficients from ANOVA

Variable Regression coefficient

Intercept – 28.88

Design type: ABAB 0.00

Design type: MBD 14.30

Design type: RBD 17.83

Data model: AR1 0.00

Data model: Normal 14.53

Data model: Uniform 7.24

Test statistic: MD 0.00

Test statistic: NAP – 2.28

Effect size 39.81

No. of measurements 1.14

Missing-data method: Randomized marker 0.00

Missing-data method: MI – 2.30

Missing-data method: SI – 9.82

Missing-data percentage – 66.97

ABAB, ABAB phase design; AR1, autoregressive model with order 1
and standard normal errors; MBD, multiple-baseline design; MD, mean
difference; MI, multiple imputation; NAP, nonoverlap of all pairs; RBD,
randomized block design; SI, single imputation.

Table 6 Simulation run times (in seconds), averaged over the entire set of effect sizes, data models, numbers of measurement choices, and test statistics

Design type Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

RBD 11,416 6,036 5,714 5,352 10,842 10,696 11,085 50,653 50,567 50,595

ABAB 4,557 5,358 5,184 4,933 10,983 10,758 10,887 49,348 49,734 49,210

MBD 29,838 34,911 33,713 32,740 59,146 57,259 58,013 197,082 196,182 196,803

ABAB, ABAB phase design; MBD, multiple-baseline design; MI, multiple imputation; RBD, randomized block design; SI, single imputation.
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additional time burden on an already computationally in-
tensive inference method.

Limitations and future research

An obvious limitation to this simulation study is that the
results are valid only for the simulation conditions we
studied. It can be argued that the results could be approx-
imated by interpolation to cover the entire range of effect
sizes and missing-data percentages considered. However,
the results cannot be generalized to data with other distri-
butional characteristics. Particularly, in single-case re-
search, the observed data in many experiments are dis-
crete (e.g., counts or discrete ratings; Smith, 2012), as
opposed to the continuous distributions used to simulate
data in this study. We can expect power to be compro-
mised for discrete distributions, due to the presence of ties
in the data and in the reference distribution (Michiels
et al., 2018). On the other hand, the RT procedure remains
perfectly valid for discrete distributions, and this provides
us an opportunity for future research into discrete data.

Another limitation to the generalizability of the results
is that we used a Monte Carlo RT with 1,000 randomiza-
tions instead of an exact RT. This limitation was imposed
mostly in order to manage computation time. As we men-
tioned previously, for an RBD with 40 measurements, the
number of possible randomizations is 1,048,576. Trying
to conduct an exact RT would have led to a thousand-fold
increase in computation time for this design. Edgington
(1969) argued that 1,000 randomizations in a Monte Carlo
RT at a significance level of 5% is sufficiently precise.
Michiels et al. (2018) calculated that if the expected pow-
er for a particular simulation condition is 80%, the 99%
confidence interval for estimated power in a Monte Carlo
RT with 1,000 randomizations is [77%, 83%].

A third major limitation in the scope of this study is
the range of missing-data methods considered. A particu-
lar omission of interest is the EM algorithm, which is
considered a popular method in the context of group de-
signs (Smith et al., 2012). However, this is a parametric
method, which relies on estimating model parameters and
updating missing data values in each iteration. In the
context of a fully nonparametric method such as RTs, this
would not be appropriate. In fact, for the same reason, we
decided not to explore the joint-modeling approach to MI.
We also decided against exploring traditional simple SI
methods, such as mean imputation, hot deck imputation,
and so forth, in favor of a TS-based SI method, in spite of
the former methods’ prevalence, because their limitations
are well known (Schafer & Graham, 2002).

Another limitation in this study is that we only used the
“missing completely at random” mechanism to generate the
missing data. This presents an opportunity for further research
regarding the applicability of the randomized-marker method.
Due to the assumptions made in an RT, the randomized-
marker method may be suitable even when the missing data
are missing at random (Little & Rubin, 2002) or not missing at
random (Little & Rubin, 2002). In an RT, under the null hy-
pothesis, it is assumed that the observed values (and missing-
data markers) are exchangeable between treatment levels.
Under this assumption, it becomes clear that the validity of
the RT is not affected by the assignment of a missing-data
marker to any treatment level, regardless of whether the
missingness is dependent on the treatment level at the time
of measurement or if missingness is dependent on the unre-
corded actual value itself. However, the power of the RT
might be affected substantially.

A final limitation of our study is that we only simulated
univariate data. In SCEs, often multiple data streams are
collected for the same unit. These data streams can be
expected to be correlated, since they have the same
source; hence, they can be utilized to impute missing
values in the variable of interest. Multivariate methods
such as vector autoregression can possibly be implement-
ed in such scenarios. Covariate data can be particularly
useful in MI, as has been demonstrated by Peng and Chen
(2018). Exploring how correlated covariate data streams
can be utilized to impute missing data will be an interest-
ing approach for future research.

Conclusion

We can conclude that all three missing-data methods we tested
result in adequate type I error rate control. However, the
randomized-marker method outperformed SI and MI in terms
of power in most of the simulation conditions. Additionally,
the marker method is also faster. Hence, we recommend the
randomized-marker method for handling missing data in RTs
for SCEs, on the basis of our simulation results.
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Appendix

Table 7 Type I error rate at effect size 0

Design type No. of measurements Data model Test statistic Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

RBD 20 Uniform MD 4.89 4.75 4.86 4.41 4.75 4.84 4.55 5.05 4.79 5.02
NAP 4.35 4.59 4.43 4.17 4.47 4.55 4.35 4.78 4.75 4.90

Normal MD 4.84 4.85 4.83 4.43 4.90 4.94 4.52 4.81 4.88 4.91
NAP 4.42 4.58 4.62 4.10 4.64 4.45 4.20 4.93 4.78 4.79

AR1 MD 4.94 4.86 4.79 4.36 4.98 4.82 4.41 4.84 4.91 4.92
NAP 4.33 4.35 4.53 4.19 4.40 4.26 4.04 4.75 4.69 4.75

30 Uniform MD 4.92 5.11 5.19 4.93 4.99 5.10 4.98 4.95 4.94 4.94
NAP 4.68 4.88 4.97 4.69 4.74 4.78 4.72 5.00 4.97 4.89

Normal MD 5.03 4.99 4.97 4.90 4.98 4.96 4.85 4.95 5.02 5.00
NAP 4.78 4.75 4.89 4.55 4.78 4.81 4.56 4.82 4.93 4.95

AR1 MD 5.02 4.99 5.04 4.96 5.03 4.98 4.92 5.03 5.02 4.97
NAP 4.57 4.70 4.86 4.64 4.63 4.66 4.61 5.09 4.95 4.97

40 Uniform MD 4.99 4.93 4.95 4.92 5.03 5.01 5.05 5.02 4.98 4.93
NAP 4.81 4.79 4.73 4.87 4.95 4.92 4.85 5.01 4.93 4.97

Normal MD 5.04 4.95 4.99 4.93 5.05 4.97 5.01 4.98 5.03 5.00
NAP 4.87 4.98 4.92 4.82 4.99 4.88 4.85 4.90 5.04 4.98

AR1 MD 5.00 4.95 4.97 4.99 4.90 4.97 4.93 5.02 5.04 4.90
NAP 4.78 4.99 5.00 4.77 4.75 4.75 4.78 4.98 4.79 5.02

ABAB 20 Uniform MD 4.59 4.56 4.08 2.99 4.66 4.67 4.44 4.74 4.62 4.72
NAP 4.49 4.42 3.86 2.67 4.66 4.59 4.39 4.81 4.71 4.62

Normal MD 4.64 4.60 4.14 3.00 4.69 4.58 4.44 4.68 4.72 4.59
NAP 4.58 4.45 3.92 2.72 4.57 4.45 4.40 4.61 4.75 4.63

AR1 MD 4.73 4.63 3.87 2.82 4.61 4.62 4.51 4.69 4.77 4.70
NAP 4.74 4.56 3.81 2.36 4.67 4.60 4.44 4.71 4.70 4.61

30 Uniform MD 5.07 4.97 4.77 4.58 4.91 4.88 4.89 4.85 4.94 4.94
NAP 5.03 4.89 4.69 4.45 4.91 4.83 4.85 4.85 4.89 4.95

Normal MD 4.95 4.99 4.75 4.43 4.98 4.89 4.86 4.96 5.06 4.92
NAP 4.96 4.92 4.71 4.32 4.91 4.87 4.83 4.95 5.05 4.96

AR1 MD 4.94 4.87 4.67 4.40 4.89 4.74 4.93 4.89 5.06 4.99
NAP 4.92 4.81 4.61 4.26 4.83 4.77 4.86 4.91 5.04 4.95

40 Uniform MD 5.12 4.94 4.97 4.71 5.08 4.97 4.99 4.89 4.93 5.00
NAP 5.09 4.89 4.88 4.78 4.86 4.82 4.94 5.05 4.90 4.98

Normal MD 5.04 4.93 4.88 4.80 4.92 5.07 4.91 4.97 4.95 5.00
NAP 4.98 4.97 4.79 4.69 4.90 4.88 4.83 4.94 5.20 4.97

AR1 MD 5.00 5.00 4.91 4.70 5.02 5.06 5.06 4.92 4.91 5.06
NAP 4.90 4.99 5.03 4.76 5.06 4.93 4.98 4.89 4.88 5.03

MBD 20 Uniform MD 4.99 5.04 4.96 4.94 5.01 4.97 5.20 5.10 4.94 5.05
NAP 5.02 4.92 4.99 4.87 4.92 5.02 5.13 4.95 4.93 4.97

Normal MD 4.93 5.04 5.00 4.85 4.93 4.93 5.08 5.05 5.01 5.06
NAP 4.98 4.89 4.85 5.05 4.96 5.07 4.99 5.11 5.06 5.05

AR1 MD 5.06 5.02 4.99 4.80 4.97 5.00 4.87 4.99 4.87 4.94
NAP 4.92 4.92 5.05 4.83 5.13 5.01 4.92 4.89 4.98 4.99

30 Uniform MD 4.92 5.05 5.05 5.06 5.03 5.08 5.04 4.99 4.94 5.00
NAP 4.91 5.04 5.03 5.07 4.98 4.97 5.08 5.01 4.91 4.97

Normal MD 5.07 4.75 4.97 4.80 4.84 5.01 4.94 4.87 4.95 5.00
NAP 5.05 4.72 4.95 4.92 4.81 4.91 4.95 4.91 4.87 4.97

AR1 MD 4.93 5.12 5.03 5.08 5.12 4.98 5.16 5.04 5.02 5.05
NAP 4.87 5.05 5.15 5.08 5.15 5.05 5.04 5.00 5.02 5.07

40 Uniform MD 5.17 5.06 4.90 4.90 4.91 4.99 4.95 4.98 4.98 4.99
NAP 4.97 5.00 4.95 5.02 5.03 5.02 4.97 4.98 5.00 5.13

Normal MD 5.00 5.03 5.03 4.90 4.97 4.97 4.94 4.94 5.00 5.11
NAP 4.95 5.06 4.98 5.07 5.02 4.92 4.98 5.00 5.08 4.89

AR1 MD 4.94 5.05 5.05 4.94 5.02 4.92 4.96 4.92 5.01 5.01
NAP 4.96 4.92 4.92 5.07 4.95 5.11 4.93 4.98 4.95 4.99
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Table 8 Estimated power at effect size 1

Design type No. of measurements Data model Test statistic Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

RBD 20 Uniform MD 48.28 43.11 31.57 18.65 29.38 15.36 8.28 42.20 29.11 16.56
NAP 42.81 38.72 28.77 17.35 27.99 12.27 6.19 39.03 28.47 17.38

Normal MD 50.54 45.61 35.20 21.68 43.92 32.19 20.23 44.71 31.29 18.53
NAP 46.72 42.39 32.30 20.01 40.59 28.10 17.39 42.80 31.59 19.89

AR1 MD 70.19 59.00 39.11 21.21 57.71 35.76 19.44 58.11 34.22 16.59
NAP 63.71 53.48 35.24 19.50 51.02 29.07 15.51 54.80 33.87 18.27

30 Uniform MD 71.65 65.50 52.28 35.92 43.79 22.98 13.61 64.40 48.05 29.12
NAP 64.71 59.22 47.24 32.70 44.32 18.44 8.68 58.93 44.92 28.93

Normal MD 71.97 66.83 54.49 38.91 64.35 50.24 34.37 65.59 50.02 31.49
NAP 68.79 63.91 51.45 36.00 60.64 44.04 28.37 63.59 49.44 32.83

AR1 MD 89.48 80.55 59.00 37.49 80.48 56.07 33.08 80.84 54.71 27.58
NAP 85.46 75.90 54.51 34.10 74.06 46.28 25.12 76.91 53.02 28.89

40 Uniform MD 85.02 80.59 68.34 50.13 56.60 30.96 17.72 79.32 63.92 42.37
NAP 78.61 73.76 62.21 45.67 58.16 25.32 10.75 73.36 59.07 40.28

Normal MD 84.90 80.91 68.98 52.96 78.70 63.78 46.32 79.71 64.97 43.62
NAP 82.76 78.66 66.50 49.49 75.49 57.50 38.25 77.85 63.94 44.65

AR1 MD 96.47 91.15 73.30 50.19 91.78 72.10 45.00 91.71 69.91 38.48
NAP 94.50 88.32 69.44 46.55 87.87 62.21 34.37 89.33 67.63 38.86

ABAB 20 Uniform MD 33.89 29.48 19.74 9.67 23.72 13.55 8.41 29.86 20.61 12.13
NAP 31.14 27.10 18.16 7.74 22.23 11.19 6.31 27.80 19.86 12.76

Normal MD 36.44 32.29 21.93 10.93 31.90 23.12 15.24 32.24 22.52 13.45
NAP 34.71 30.61 20.40 8.67 30.27 21.59 13.80 31.20 22.69 14.47

AR1 MD 21.31 19.54 14.71 8.01 19.57 15.73 11.41 19.73 15.77 11.32
NAP 20.56 18.83 13.54 5.98 18.93 15.12 10.60 19.28 15.81 11.57

30 Uniform MD 54.97 50.01 38.03 23.65 38.89 22.15 13.19 49.31 35.93 21.75
NAP 49.93 45.24 34.41 21.32 36.09 18.25 9.63 44.84 33.36 21.41

Normal MD 56.26 51.57 39.92 25.80 50.48 37.90 25.89 50.97 37.61 23.57
NAP 54.00 49.35 37.75 24.08 47.74 34.33 22.57 49.33 36.91 24.36

AR1 MD 25.40 24.24 20.83 15.64 23.87 20.35 16.25 23.70 20.77 15.99
NAP 25.00 23.78 20.29 14.83 23.38 19.63 15.35 23.49 20.63 16.21

40 Uniform MD 68.14 63.14 49.79 33.62 50.47 29.89 16.93 62.13 47.43 29.82
NAP 62.21 56.71 44.94 30.07 47.05 24.44 12.18 56.52 43.40 28.44

Normal MD 69.04 63.75 51.61 35.64 62.68 48.78 33.65 63.05 48.77 31.35
NAP 66.94 61.65 48.92 33.75 59.77 44.02 29.06 61.38 48.06 32.02

AR1 MD 27.65 26.72 23.78 19.30 26.70 23.34 19.19 26.34 23.20 19.16
NAP 27.50 26.47 23.48 18.93 25.79 22.78 18.03 26.37 23.07 18.84

MBD 20 Uniform MD 61.96 55.52 40.99 27.29 41.74 21.47 12.28 54.91 36.91 19.38
NAP 53.49 47.13 34.27 22.33 37.42 17.40 8.68 47.21 32.87 18.79

Normal MD 62.80 56.02 42.13 28.74 55.31 40.26 25.95 55.73 37.94 20.59
NAP 59.30 53.12 39.30 25.91 51.77 35.55 21.54 52.71 37.23 21.70

AR1 MD 22.43 21.41 18.79 15.64 21.05 18.19 14.71 21.32 18.47 13.71
NAP 21.21 20.32 17.54 14.18 20.23 16.95 12.97 20.34 17.75 13.33

30 Uniform MD 77.31 71.73 56.35 39.40 57.52 30.77 17.48 71.04 52.21 29.13
NAP 69.48 63.65 48.46 32.87 53.34 25.31 13.04 63.11 46.06 26.82

Normal MD 77.81 71.48 56.71 40.23 70.94 54.58 36.13 70.74 52.71 30.41
NAP 75.87 69.32 54.39 38.16 68.15 49.82 30.93 69.05 52.19 31.05

AR1 MD 25.63 25.13 22.19 19.11 24.92 21.80 17.70 25.00 21.99 17.20
NAP 24.88 24.24 21.32 18.03 24.18 20.77 16.32 24.36 21.43 16.86

40 Uniform MD 86.50 81.28 67.27 49.03 69.88 41.14 22.02 80.79 63.35 38.00
NAP 80.44 74.40 59.10 41.91 65.17 34.45 15.87 74.00 56.65 34.17

Normal MD 86.49 81.44 67.56 50.06 81.37 66.16 45.34 80.91 63.85 38.32
NAP 85.26 79.98 65.97 48.49 79.12 61.49 39.11 79.92 63.43 39.30

AR1 MD 29.30 28.53 25.71 21.98 28.56 25.41 21.06 28.19 25.32 20.36
NAP 28.88 27.61 24.84 21.03 27.91 24.68 19.73 28.16 24.95 20.03

Behav Res (2020) 52:1355–1370 1367



Table 9 Estimated power at effect size 2

Design type No. of measurements Data model Test statistic Complete data Randomized marker SI MI

Missing-data percentage

10% 30% 50% 10% 30% 50% 10% 30% 50%

RBD 20 Uniform MD 98.27 96.51 87.67 59.81 64.63 32.84 14.85 95.32 79.41 45.70
NAP 95.17 92.50 82.00 54.53 72.01 27.57 9.64 92.27 78.80 50.30

Normal MD 97.36 95.65 87.22 64.30 89.13 71.29 44.44 94.38 79.75 48.20
NAP 96.32 94.19 84.30 58.46 88.14 63.95 36.55 93.84 80.90 53.60

AR1 MD 99.85 98.59 87.88 59.33 96.10 75.91 44.22 97.86 79.26 42.17
NAP 99.50 97.39 84.61 55.15 94.08 66.23 35.20 97.21 80.63 47.85

30 Uniform MD 99.97 99.90 99.08 92.25 77.91 49.62 28.42 99.84 97.29 78.55
NAP 99.67 99.27 96.93 86.93 92.87 45.03 15.97 99.28 96.01 79.98

Normal MD 99.90 99.73 98.44 91.56 97.08 89.48 70.94 99.61 96.49 78.95
NAP 99.82 99.58 97.82 89.05 98.24 84.58 58.64 99.50 96.58 81.98

AR1 MD 100.00 99.96 98.42 87.29 99.71 93.56 70.73 99.96 96.46 70.64
NAP 99.99 99.90 97.52 84.02 99.59 87.20 56.61 99.92 96.29 74.24

40 Uniform MD 100.00 100.00 99.94 98.72 84.78 60.56 38.35 99.99 99.73 93.64
NAP 99.98 99.95 99.50 96.40 98.55 59.79 22.05 99.94 99.36 93.32

Normal MD 100.00 99.99 99.82 98.02 98.93 95.51 84.37 99.99 99.55 92.81
NAP 100.00 99.98 99.74 97.25 99.80 93.39 73.58 99.97 99.51 93.95

AR1 MD 100.00 100.00 99.81 96.00 99.98 98.48 85.23 100.00 99.57 86.69
NAP 100.00 100.00 99.63 94.55 99.98 95.89 72.20 100.00 99.45 88.26

ABAB 20 Uniform MD 83.12 76.12 55.10 26.50 63.53 34.71 16.66 75.60 55.83 30.85
NAP 79.52 72.40 50.36 19.85 61.14 28.86 10.83 73.19 54.82 32.54

Normal MD 84.21 78.25 58.42 29.10 75.77 55.06 32.58 77.25 58.07 32.70
NAP 82.24 75.92 53.96 21.11 73.27 49.65 27.31 76.06 58.22 34.93

AR1 MD 61.02 56.69 42.59 22.24 55.38 41.87 26.34 55.77 43.38 26.93
NAP 59.23 54.31 37.97 14.39 53.43 39.03 23.04 54.53 42.80 27.81

30 Uniform MD 98.27 96.73 89.55 67.70 90.18 62.62 35.28 96.13 85.79 60.40
NAP 96.53 94.46 85.95 62.87 88.27 55.66 26.39 94.19 83.70 60.62

Normal MD 97.78 96.35 89.69 69.97 95.16 82.64 59.00 95.62 85.75 62.01
NAP 97.28 95.59 88.23 66.82 93.98 78.29 51.32 95.06 85.49 63.59

AR1 MD 71.01 68.45 61.28 46.93 67.26 57.81 42.36 67.44 58.37 43.90
NAP 69.90 67.17 60.09 43.92 66.01 55.57 38.63 66.62 58.11 44.50

40 Uniform MD 99.78 99.46 97.27 86.09 97.41 80.39 49.47 99.31 95.09 78.09
NAP 99.26 98.62 95.11 81.90 96.46 74.41 39.49 98.49 93.47 77.05

Normal MD 99.64 99.23 96.76 86.39 98.93 92.93 74.20 99.03 94.65 78.27
NAP 99.53 99.00 96.10 84.82 98.55 90.27 66.65 98.86 94.23 79.10

AR1 MD 76.41 74.09 68.56 57.84 73.44 65.67 52.31 73.14 66.31 53.93
NAP 75.47 73.37 67.69 56.72 72.48 64.11 49.32 72.85 66.14 53.82

MBD 20 Uniform MD 99.56 98.96 95.07 82.24 96.38 73.85 38.52 98.65 90.85 61.37
NAP 98.93 97.83 92.13 75.50 95.12 68.76 27.78 97.58 88.79 62.45

Normal MD 99.41 98.80 94.70 82.29 98.39 90.74 67.83 98.47 90.73 62.36
NAP 99.32 98.56 94.03 80.13 97.87 87.45 58.30 98.21 90.76 65.31

AR1 MD 75.61 72.96 66.13 54.53 71.96 61.75 45.50 72.16 62.43 43.85
NAP 72.32 69.93 62.45 49.34 68.55 57.09 38.69 69.86 61.05 43.81

30 Uniform MD 99.96 99.91 99.00 94.14 99.44 90.30 65.56 99.86 97.95 82.52
NAP 99.92 99.78 98.56 91.65 99.34 88.57 57.48 99.75 97.44 82.00

Normal MD 99.95 99.86 98.78 93.87 99.82 97.81 85.61 99.81 97.81 82.62
NAP 99.96 99.87 98.93 94.04 99.81 96.98 80.85 99.82 98.11 84.37

AR1 MD 82.05 80.33 74.92 66.22 79.88 72.62 58.57 79.97 72.76 57.82
NAP 81.32 79.52 73.92 63.89 78.91 70.68 54.63 79.47 72.56 57.80

40 Uniform MD 100.00 99.98 99.77 97.81 99.90 96.74 78.03 99.98 99.46 91.51
NAP 99.99 99.98 99.66 97.17 99.88 96.45 71.62 99.96 99.37 91.42

Normal MD 100.00 99.97 99.68 97.50 99.97 99.44 93.31 99.97 99.39 91.48
NAP 100.00 99.99 99.76 98.19 99.98 99.28 90.81 99.97 99.54 92.89

AR1 MD 87.00 85.58 81.09 73.78 85.35 80.22 68.69 85.25 79.80 67.40
NAP 87.22 85.70 81.41 73.64 85.40 79.53 66.91 85.92 80.92 68.07
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