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Abstract: Single-case experiments can be used to evaluate the effect of an intervention or 

treatment for a single entity. The internal validity and statistical conclusion validity of single-

case experiments can be improved by incorporating randomization in their design. In this 

article, we explain how to design randomized single-case phase and alternation designs as 

well as randomized simultaneous and sequential replication designs, and how to conduct 

randomization tests for those designs. Advantages and limitations of randomization tests are 

discussed. In order to not only determine the (non)randomness of an intervention effect, but 

also the magnitude of this effect, we propose to use an effect size index as a test statistic for 

the randomization test. We illustrate this combination for the design and analysis of an ABAB 

phase design, using a free software package. 

 

Keywords: single-subject experimental design (SSED); single-case experimental design 
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RANDOMISATION TESTS FOR SINGLE-CASE EXPERIMENTAL DESIGNS 

Single-case experiments (SCEs) can be used to evaluate the effect of an intervention or 

treatment for a single entity: the intervention or treatment can be considered as one of the 

levels of the independent variable, which is manipulated by the experimenter, and the effect 

can be evaluated by a dependent variable, which is measured repeatedly for this entity over 

time. In research on rehabilitation, recovery, and brain plasticity, SCEs are often used to 

examine the effectiveness of an intervention for a single person or a limited number of 

persons (e.g., McKerracher, Powell, & Oyebode, 2005; Rasquin, van de Sande, Praamstra, & 

Van Heugten, 2009; Samuel et al., 2000).  

The internal validity and statistical conclusion validity of SCEs can be improved by 

incorporating randomization in their design (Edgington & Onghena, 2007; Kratochwill & 

Levin, 2010; Onghena & Edgington, 2005). The randomization procedure involves the 

random assignment of the measurement times of the SCE to baseline and treatment, before the 

start of the SCE. Randomization can strengthen the internal validity of SCEs because it yields 

statistical control over known and unknown confounding variables (Levin & Wampold, 1999; 

Onghena, 1992). As such, it enhances the scientific credibility of SCEs. Additionally, 

randomization can enhance the statistical conclusion validity of SCEs because it leads to a 

statistical test based on the randomization as it was realized in the SCE design: the 

randomization test (RT) (Kratochwill & Levin, 2010; Onghena, 2005). 

RTs can be used to rule out the null hypothesis that there is no differential effect of the 

levels of the independent variable on the dependent variable (Onghena & Edgington, 2005). 

In order to use RTs, a number of steps have to be conducted. We have to formulate the null 

hypothesis and alternative hypothesis, specify the level of significance α, and designate the 

number of measurement times. Additionally, an appropriate test statistic should be selected: 

the test statistic has to be chosen in accordance to the kind of effects we expect or predict. 



Using an RT requires that we design the SCE so that it involves random assignment of the 

observation occasions to the levels of the independent variable. All assignments that are 

possible based on this randomization schedule should be recorded (cf. ‘randomization referral 

approach’ discussed in Edgington & Onghena, 2007). Then one of these possible assignments 

is randomly chosen: our SCE will follow this assignment. Afterwards, we can run our SCE, 

collect the data, and calculate the test statistic for the obtained data. Subsequently, we can 

construct the randomization distribution: we look at all possible assignments (or a random 

subset of all possible assignments for the application of a Monte Carlo RT, see Onghena & 

Edgington, 2005) and calculate the chosen test statistic for each of these assignments. The 

randomization distribution has the same function as the sampling distribution in classical 

tests. However, in order to construct the randomization distribution only the random 

assignment as it was actually implemented while carrying out the study is taken into account, 

because this assignment procedure is the stochastic foundation for the reference distribution 

of an RT. In all possible assignments for which the test statistic is computed, the exact 

sequence of the measurements actually obtained remains intact; only the levels of the 

independent variable (the ‘treatment labels’) are redistributed or reshuffled to generate the 

virtual replications. Finally, we can determine the statistical significance of our observed test 

statistic by examining its position within the distribution of all possible test statistic values. 

The p value of the RT is calculated as the proportion of possible test statistic values that is as 

extreme, or even more extreme, than the observed test statistic. 

There are two main types of designs for SCEs: phase designs and alternation designs. 

The randomization procedure for single-case phase designs involves the random 

determination of the moments of phase change. For single-case alternation designs, the 

treatment order is randomly determined. 

 



Randomization tests for single-case phase designs 

In single-case phase designs all measurement times are divided into phases and several 

consecutive measurements are taken in each phase (Edgington, 1975, 1980; Onghena, 1992). 

Examples of single-case phase designs are A-B designs, A-B-A designs (i.e., withdrawal or 

reversal designs), A-B-A-B designs, A-B-A-C-A designs (to compare separate treatments or 

components), A-B-A-B-BC-B-BC designs (to assess the interactive effects of the treatments 

or components), A-B-A-B-B1-B2-…BN designs (to examine specific variations of the 

treatment procedure), and changing criterion designs (cf. Barlow, Nock, & Hersen, 2009). 

How can we introduce randomization in single-case phase designs in order to enhance 

their internal validity? For single-case phase designs the order of the phases is fixed, so the 

only random element that can be introduced, refers to the moments of phase change. For 

instance, in an ABAB design the moment when the first intervention phase, the second 

baseline phase, and the second intervention phase start, can be randomly determined. When 

designing a randomized single-case phase design, the total number of available measurement 

times and the number of phases should be decided a priori. Additionally, the possible 

moments of phase change should be decided a priori. An efficient way to determine and list 

all possible patterns of phase changes is to fix the minimum lengths of the phases (i.e., the 

minimum number of measurement times for each phase). For instance, following the What 

Works Clearinghouse Standards (Kratochwill et al., 2010) a researcher who wants to conduct 

a randomized single-case ABAB phase design (i.e., 4 phases) with 22 measurement times, can 

decide that there should be minimally 5 measurement times for each phase. These are the ten 

possible assignments for this design:  

AAAAABBBBBAAAAABBBBBBB 

AAAAABBBBBAAAAAABBBBBB 

AAAAABBBBBAAAAAAABBBBB 



AAAAABBBBBBAAAAABBBBBB 

AAAAABBBBBBAAAAAABBBBB 

AAAAABBBBBBBAAAAABBBBB 

AAAAAABBBBBAAAAABBBBBB 

AAAAAABBBBBAAAAAABBBBB 

AAAAAABBBBBBAAAAABBBBB 

AAAAAAABBBBBAAAAABBBBB. 

 

Randomization tests for single-case alternation designs 

If any level of the independent variable could be present at each measurement time 

(i.e., quick and repeated alternation of treatments is possible) within a single subject, one can 

use a single-case alternation design (Edgington, 1967; Onghena & Edgington, 1994). We refer 

to the eighth chapter of Barlow et al. (2009) for an excellent discussion of terminology, 

procedural considerations, advantages, and examples of single-case alternation designs. 

We can introduce randomization in single-case alternation designs by randomly 

ordering the levels of the independent variable. In completely randomized alternation designs, 

the number of possible assignments is determined by taking into account the number of levels 

of the independent variable and the number of measurement times for each level. For 

instance, there are 20 possible assignments for a single-case alternation design with 2 levels 

(A and B) and 3 measurement times for each level: AAABBB, AABABB, AABBAB, 

AABBBA, ABAABB, ABABAB, ABABBA, ABBAAB, ABBABA, ABBBAA, BAAABB, 

BAABAB, BAABBA, BABAAB, BABABA, BABBAA, BBAAAB, BBAABA, BBABAA, 

and BBBAAA. In a completely randomized alternation design 1 of these 20 possible 

assignments is randomly selected: the SCE will follow this assignment. 



When certain assignments of a completely randomized alternation design are 

undesirable (e.g., assignments with three successive identical treatments), other alternation 

designs can be applied. The first alternative is the randomized block alternation design: we 

pair each AB sequence and randomly determine the order of the two members for each pair. 

For the previous example, this results in eight possible assignments: ABABAB, ABABBA, 

ABBAAB, ABBABA, BABABA, BABAAB, BAABBA, and BAABAB. However, not only 

the six assignments with three successive identical treatments (AAABBB, AABBBA, 

ABBBAA, BAAABB, BBAAAB, BBBAAA) are no longer generated as possible 

assignments by the randomized block alternation design. Six other assignments as well are no 

longer generated: AABABB, AABBAB, ABAABB, BABBAA, BBAABA, and BBABAA. 

Because, based on the number of possible assignments, the randomized block alternation 

design can be considered as being too restrictive, a second alternative to the completely 

randomized alternation design was developed: a randomized version of the alternating 

treatments design along with an algorithm to enumerate and randomly sample the set of all 

acceptable assignments (Onghena & Edgington, 1994). This second alternative only excludes 

the 6 assignments with 3 successive identical treatments and gives us all 14 acceptable 

assignments. 

 

Replication designs 

As discussed above, the internal validity and statistical conclusion validity of SCEs 

can be improved by incorporating randomization in their design. The external validity or 

generalizability of SCEs can be enhanced by using systematic within- or between-subjects 

replication. The extent to which an intervention’s effect is similar across replications helps 

researchers to establish the external validity of the intervention (Kratochwill & Levin, 2010). 



We differentiate between simultaneous and sequential replication designs (cf. Onghena & 

Edgington, 2005). 

 

Simultaneous replication designs 

In simultaneous replication designs, the replications are carried out concurrently. The 

multiple baseline design (MBD) is an often applied simultaneous replication design (cf. 

Barlow et al., 2009; Kazdin, 2011). In a multiple baseline across participants design, several 

persons are included. Often, an AB phase design is carried out for each individual, with 

different starting points for the intervention phase. Because the data are collected concurrently 

for all persons, historical confounding variables can be ruled out when there are no changes 

that correspond across the data series of the included persons (Christ, 2007). If a phase change 

is implemented for one person and produces a change in the level of the dependent variable 

for that person, while little or no change is observed for the other persons, then it is less likely 

that other external events are responsible for the change in the dependent variable, and more 

likely that the independent variable is responsible for the change. 

Randomization can be introduced in simultaneous replication designs by separately 

implementing randomization schedules in the designs for the included participants (Onghena, 

1992). A potential limitation of the procedure is that exactly the same randomization schedule 

could be selected for each participant and thus the design would not have the temporal 

staggering that is desired by researchers using MBDs. As a solution, Koehler and Levin 

(1998) proposed to impose a restriction that ensures temporal staggering: ‘regulated 

randomization’. Solutions are also included in free software packages for designing and 

analyzing SCEs. For instance, in the Single-Case Data-Analysis (SCDA) package from Bulté 

and Onghena (2009), different possible starting points for the intervention phase can be 

inserted for each participant when designing randomized MBDs (i.e., no overlap between the 



possible starting points of the different participants). The RT for simultaneous replication 

designs is based on the randomization in each of the separate designs and uses a multivariate 

statistic to test the null hypothesis that there is no effect for any of the participants (Onghena 

& Edgington, 2005). 

 

Sequential replication designs 

In sequential replication designs, the replications are implemented consecutively. 

Because the replicated SCEs can be considered as separate studies, they can be analyzed by 

meta-analytic procedures (Onghena, 2005). A first group of procedures focuses on combining 

the p values of the separate SCEs. Examples are the Stouffer procedure (cf. Hedges, Cooper, 

& Bushman, 1992; Rosenthal, 1978), the additive procedure (Edgington, 1972; Onghena & 

Edgington, 2005), the multiplicative procedure (Edgington, 1972; Pesarin, 2001; Rosenthal, 

1978), and the iterative procedure (Pesarin, 2001; Pesarin & Salmaso, 2010).  

A second group of procedures focuses on combining effect size indices calculated for 

the separate SCEs. Several authors provided overviews and comparisons of effect size indices 

for SCEs (e.g., Brossart, Parker, Olson, & Mahadevan, 2006; Campbell, 2004; Maggin et al., 

2011; Manolov, Solanas, & Leiva, 2010; Manolov, Solanas, Sierra, & Evans, 2011; Parker & 

Brossart, 2003; Parker & Hagan-Burke, 2007; Parker, Vannest, & Davis, 2011; Wolery, 

Busick, Reichow, & Barton, 2010). A ‘basic’ procedure for combining effect sizes of SCEs is 

taking the (weighted) average. For example, in his meta-analysis of SCEs on the efficacy of 

behavioral interventions for reducing problem behavior in persons with autism, Campbell 

(2003) calculated three effect sizes (i.e., percentage of nonoverlapping data, percentage of 

zero data, mean baseline reduction) for each participant and article. Within each article, effect 

sizes were weighted according to the number of data points per participants, and then 

averaged for all participants to yield three effect sizes per article. In order to combine the 



effect sizes per study over all the included studies, one can simply average the calculated 

effect sizes. However, it is also possible to calculate an overall weighted average, with the 

weight depending on the number of participants included in each study. More advanced 

procedures are for instance the three procedures described by Busk and Serlin (1992), 

hierarchical linear modeling (HLM; Van den Noortgate & Onghena, 2003a, 2003b, 2008), 

and a recently developed standardized mean difference effect size for SCEs that is directly 

comparable with Cohen’s d (Hedges, Pustejovsky, & Shadish, 2012). We refer to the article 

of Shadish, Rindskopf, and Hedges (2008) for a discussion of the more advanced procedures 

for parametric and nonparametric effect size estimation and regression approaches for the 

meta-analysis of SCEs. 

 

ANALYSIS OF SINGLE-CASE DATA 

 

Visual analysis 

We argue that the combined use of visual analysis, RTs, and effect sizes is necessary 

for a comprehensive analysis of randomized SCEs. Visual analysis can be used for an initial 

assessment of the intervention effects by examining six features of graphed SCE data: level, 

variability, trend, immediacy of effect, overlap, and consistency of data patterns across similar 

phases (Bulté & Onghena, 2012; Kazdin, 1982; Kratochwill et al., 2010). Advantages of 

visual analysis are that it is quick, easy, and inexpensive to use, and that it is widely accepted 

and understood. Major drawbacks are the low average interrater agreement, and thus the low 

reliability or consistency (e.g., DeProspero & Cohen, 1979; Harbst, Ottenbacher, & Harris, 

1991; Matyas & Greenwood, 1990a, 1990b; Ottenbacher, 1990; Park, Marascuilo, & Gaylord-

Ross, 1990) and the low accuracy because of the inflated Type 1 error rates (e.g., Borckardt, 

Murphy, Nash, & Shaw, 2004; Ferron & Jones, 2006; Matyas & Greenwood, 1990a). 



Furthermore, Kazdin (1982, 2011) describes several situations in which visual analysis is 

inadequate and additional statistical analyses are necessary (e.g., no stable baseline, increased 

intrasubject variability, weak or ambiguous effects, small but important and reliable changes, 

when an SCE is implemented in the natural environment so that it is necessary to statistically 

control for extraneous factors). 

 

Randomization tests 

Statistical significance tests such as RTs can be used to respond to the drawbacks of 

visual analysis of SCE data. For instance, statistical significance tests produce consistent 

results that are independent of the performer of the analysis, they can be applied with unstable 

baseline data and with increased intrasubject variability, and powerful statistical tests have the 

ability to detect small but systematic treatment effects that might be ignored by visual analysis 

(Kazdin, 2011; Nourbakhshs & Ottenbacher, 1994). 

In comparison with most parametric tests, an advantage of RTs is that they are valid 

for SCEs without making distributional assumptions (Edgington, 1967, 1980; Edgington & 

Onghena, 2007). For instance, RTs can provide valid p values even if there are severe outliers, 

if the variances are highly unbalanced, or if one of the variances is zero (Edgington & 

Onghena, 2007; Onghena & Edgington, 2005). An advantage of RTs to other nonparametric 

tests, such as the Wilcoxon-Mann-Whitney test and the Kruskal-Wallis test, is that the p value 

can be derived without degrading the observed scores to ranks (Onghena & Edgington, 2005). 

Another advantage of using RTs is that it is a flexible approach that can be used for 

even the most complex SCE designs (Edgington, 1984; Levin & Wampold, 1999; Onghena, 

1992). Additionally, RTs allow much flexibility in defining the test statistic. SCE researchers 

can customize RTs so that they are sensitive to the specific effect they anticipate, such as 

changes in level, changes in trend, changes in both level and trend, and changes in variability 



(Ferron & Sentovich, 2002). It is very appealing that the choice of the test statistic for the RT 

is not confined to statistics for which the sampling distribution has been derived or tabulated 

(Onghena & Edgington, 2005). Another advantage of using RTs is that they are easy to apply: 

the underlying logic of RTs is straightforward and software has been developed to increase 

the user-friendliness of RTs for SCEs (e.g., Bulté & Onghena, 2008, 2009; Koehler & Levin, 

2000; Todman & Dugard, 2001). Furthermore, as discussed above, randomization not only 

provides the foundation for a valid statistical test, but also offers a solution to internal validity 

threats for SCEs (Kratochwill & Levin, 2010).  

A disadvantage of the use of RTs for SCEs might be that, in some circumstances, the 

statistical power of RTs is compromised, and so that small but systematic treatment effects are 

missed, just like with visual analysis. Another disadvantage is that RTs can only be used when 

observation occasions can be randomly assigned to the experimental treatments. This will be 

further elaborated in the Discussion section. 

 

Effect size measures 

Several leading organizations emphasize the importance of reporting effect sizes for 

primary outcomes (e.g., American Psychological Association, 2010; Kratochwill et al., 2010; 

Task Force on Evidence-Based Interventions in School Psychology, 2003). For SCEs, effect 

size measures are used to quantify the amount of behavior change between baseline and 

intervention phases. However, so far there are no agreed-upon methods or standards for effect 

size estimation for SCEs (Kratochwill et al., 2010). Different effect size indices are 

appropriate for different SCE designs and data patterns (Gage & Lewis, 2013; Manolov et al., 

2011).  

Standardized mean difference (SMD) approaches have been used to describe the 

magnitude of an effect for SCEs (cf. Busk & Serlin, 1992). Additionally, several parametric 



and nonparametric methods to calculate effect size indices for SCEs have been developed. 

Examples of parametric methods are piecewise regression (Center, Skiba & Casey, 1985-

1986), hierarchical linear modeling (Van den Noortgate & Onghena, 2003a, 2003b, 2008), 

generalized least squares (Maggin et al., 2011), and using interrupted time series analyses to 

derive an estimate of the intervention effect (ITSA; e.g., Crosbie, 1993; Hartmann et al., 

1980; Jones, Vaught, & Weinrott, 1977).  

Percentage of Nonoverlapping Data (PND; Scruggs, Mastropieri, & Casto, 1987) is 

the most often applied nonparametric effect size index for SCE research, and so presumably 

the most familiar effect size index to the reader. Advantages of PND are that is correlates very 

well with visual analysis judgments, that it can easily be calculated directly from graphical 

displays, that it is easily understood and interpreted by practitioners, and that it has a high 

inter-rater reliability (cf. Scruggs & Mastropieri, 2013). Limitations of this index are that 

PND (a) is likely to erroneously represent effects when outliers are present in the baseline 

phase, (b) when the treatment has a detrimental effect, (c) when trend is present in the data, 

and (d) that PND is not able to discriminate satisfactorily between SCE designs that produce 

no overlap yet show large differences in the distance between treatment and baseline data 

points (Allison & Gorman, 1993; Campbell, 2013). Several alternative effect size indices have 

been developed to address the drawbacks of PND, such as IRD (Improvement Rate 

Difference), NAP (Nonoverlap of All Pairs), PAND (Percentage of All Nonoverlapping 

Data), PEM (Percentage of Datapoints Exceeding the Median), PNCD (Percentage of 

Nonoverlapping Corrected Data), PZD (Percentage of Zero Data), SLC (Slope and Level 

Change), and Tau-U (Tau for Nonoverlap with Baseline Trend Control) (cf. Brossart et al., 

2006; Campbell, 2004; Maggin et al., 2011; Manolov et al., 2010, 2011; Parker & Brossart, 

2003; Parker & Hagan-Burke, 2007; Parker et al., 2011; Wolery et al., 2010 for discussions 

and overviews). 



Randomization tests for measures of effect size 

In order determine the (non)randomness of an intervention effect as well as the 

magnitude of this effect, we recommend to complement the results of an RT with an effect 

size measure. One can separately conduct an RT and calculate an effect size index, and report 

them both when publishing an SCE. However, it is also possible to directly combine them by 

using an effect size index as a test statistic in the RT. As such, the effect size for the observed 

SCE data can be calculated and this value can be located in a distribution of values that were 

equally likely if the null hypothesis of no differential effect of the levels of the independent 

variable on the dependent variable is true (Onghena & Edgington, 2005). 

It is argued that of all the nonparametric effect size indices, only PND lacks a known 

sampling distribution, which prevents the calculation of p values (Parker et al., 2011). 

However, by using PND as the test statistic for the RT, we do can determine the statistical 

significance of the observed PND value. 

 

Randomization tests for measures of effect size: An example  

Let us look at an example of how to design randomized SCEs and how to analyze 

them using RTs for a measure of effect size. Suppose that we are interested in evaluating a 

new treatment program for decreasing the post-traumatic stress symptoms of a participant, 

called Tim. We want to compare the effects of the old treatment program with the new 

program using a randomized single-case ABAB phase design (with A = old treatment 

program; B = new treatment program). We will compare both programs during a period of 27 

weeks. Each week, we will measure the total score on the Impact of Event Scale (IES; 

Horowitz, Wilner, & Alvarez, 1979). The IES is often used to assess post-traumatic stress 

symptoms: on the original 15-item IES the total scores have a possible range of 0 to 75, with 

higher scores indicating a greater frequency of intrusive thoughts and attempts at avoidance 



(Joseph, 2000). Our SCE consists of four phases, and we want at least five measurements per 

phase. The three moments of phase change are randomly determined before the start of the 

experiment. We will use the SCDA package from Bulté and Onghena (2008, 2009, 2012) to 

design our SCE and analyze the data. RcmdrPlugin.SCDA is an R Commander plugin for 

designing and analyzing SCEs. This package provides a Graphical User Interface for the 

Single-Case Visual Analysis (SCVA), Single-Case Randomization Test (SCRT) and Single-

Case Meta-Analysis (SCMA) packages. 

The null hypothesis for our RT says that Tim’s responses (i.e., weekly total score on 

IES) are independent of the treatment (i.e., old versus new treatment program) under which 

they are observed. The alternative hypothesis can be formulated in a directional manner: we 

expect a positive effect (i.e., lower total score on IES) of the new treatment program, 

compared to the old treatment program. We will use .05 as the level of significance (α) for the 

RT.  

We choose PND as the test statistic for the RT in this example, because of several 

reasons. First of all, we mentioned that PND is the most often applied nonparametric effect 

size index for SCE research, and so presumably the most familiar effect size index to the 

reader. It is also a very intuitively appealing and straightforward measure of effect size that 

does not ask for much further clarification: the user simply has to calculate the proportion of 

data points in the treatment phase that exceeds the most extreme value in the baseline phase. 

The goal of the present paper is to present a preliminary idea of how it is possible to combine 

RTs and effect sizes for analyzing SCEs. For this preliminary example, we therefore select 

PND as a test statistic for the RT. Second, we mentioned that of the nonparametric effect size 

indices, only PND lacks a known sampling distribution, which prevents the calculation of p 

values (Parker et al., 2011). However, by using PND as the test statistic for the RT, we are 

able to determine the statistical significance of the observed PND value. 



We emphasize that it is possible to use any effect size index as a test statistic for the 

RT. In the section Effect size measures, we mentioned several more recently developed 

overlap statistics, like NAP and PAND, which seem to overcome some of the shortcomings of 

PND as a descriptive measure of effect and could potentially have more power as a test 

statistic for an RT. However, as discussed by for instance Shadish and colleagues (2008), 

these recently developed overlap statistics are in need of continued improvement. Future 

research is needed to further develop appropriate effect size indices for SCEs, and to evaluate 

and compare these effect size indices. In addition, future research can focus on combining the 

more recently developed overlap statistics with RTs. 

When describing the steps that have to be conducted in order to use RTs, we said that 

the test statistic has to be chosen in accordance to the kind of effects we expect or predict. 

Researchers can choose their test statistic in the same way as they would have chosen their 

descriptive measure to represent the data. Furthermore, researchers can choose their test 

statistic to maximize the power of the RT. An interesting avenue for future research would be 

to look at the power differences among alternative test statistic choices. 

Let us now return to our example. First, we should record all assignments that are 

possible based on the randomization schedule. In SCDA, we click on ‘SCRT’, ‘DESIGN 

YOUR EXPERIMENT’, and ‘NUMBER OF POSSIBLE ASSIGNMENTS’. We select 

‘ABAB PHASE DESIGN’ as the design type, set ‘NUMBER OF OBSERVATIONS’ to 27, 

and set the limitation (i.e., the minimum number of observations per phase) to 5. The result of 

this computation is 120: there are 120 possible assignments for an ABAB design with 27 

measurement times and a minimum of 5 measurement times per phase. 

Second, randomly 1 of these 120 assignments should be selected: our SCE will follow 

this assignment. We can conduct the random selection in SCDA: we click on ‘SCRT’, 

‘DESIGN YOUR EXPERIMENT’, and ‘CHOOSE 1 POSSIBLE ASSIGNMENT’. We select 



‘ABAB PHASE DESIGN’ as the design type and set ‘NUMBER OF OBSERVATIONS’ to 

27 and the limitation to 5. The following assignment was selected: 

AAAAAABBBBBAAAAAAAAABBBBBBB. We can collect the data for our SCE 

following this assignment. A hypothetical data set is presented in Table 1. 

 

Insert Table 1 about here 

 

We have to create a text (.txt) file containing the data in order to use the R functions 

described further for this example. The text file should contain two columns, separated by a 

tab. The first column should contain the treatment labels: A1 A1 A1 A1 A1 A1 B1 B1 B1 B1 

B1 A2 A2 A2 A2 A2 A2 A2 A2 A2 B2 B2 B2 B2 B2 B2 B2. The second column should 

contain the total IES scores for each measurement time: 49 41 45 39 48 42 36 35 41 36 38 48 

45 43 51 43 47 42 43 45 36 29 33 34 38 30 32. We do not label the rows and columns. We 

save our text file as ‘Tim.txt’. 

We can use this text file to generate a graphical presentation of our data set. In the 

menu SCDA, we click on ‘SCVA’ and ‘GRAPHICAL DISPLAY’. We select ‘USE DATA 

FROM TEXT FILE’ and select our text file ‘Tim.txt’. We select ‘ABAB PHASE DESIGN’ 

as the design type. This results in Figure 1. 

 

Insert Figure 1 about here 

 

Third, we have to calculate the test statistic (PND) for our data set. We can do this in 

SCDA by clicking on ‘SCMA’ and ‘CALCULATE EFFECT SIZE’. We select ‘USE DATA 

FROM TEXT FILE’ and select our text file ‘Tim.txt’. We select ‘ABAB PHASE DESIGN’ 

as the design type and the effect size index ‘PND (EXPECTED DECREASE)’, because we 



expected lower total scores on the IES during the new treatment program, compared to the old 

treatment program. Our observed test statistic (PND) is 90%. Following the guidelines of 

Scruggs, Mastropieri, Cook, and Escobar (1986) this means that the new treatment program is 

highly effective. 

Fourth, we can construct the randomization distribution: we look at the 120 possible 

assignments that were recorded at the beginning of our study and calculate the chosen test 

statistic for each of these assignments. In order to do that, all 27 scores are kept fixed, but the 

three phase transitions (i.e., from A1 to B1, from B1 to A2, and from A2 to B2) are randomly 

shifted taking into account the minimum of 5 measurement times for each phase. The 120 

PND values can be calculated by using SCMA. The 120 test statistics, sorted in ascending 

order, represent the reference distribution for the statistical test. 

Finally, we determine the statistical significance of our observed test statistic by 

examining its position within this reference distribution. When we sort the 120 test statistics 

in ascending order, we see that there is no other test statistic larger than or as large as the 

observed test statistic (90%). Accordingly, the p value of the RT is 1/120 = .0083. This p 

value is smaller than .05, so we reject the null hypothesis that Tim’s weekly total scores on 

the IES are independent of the treatment under which they are observed. Tim’s post-traumatic 

stress symptoms, as measured with the IES, are significantly less frequent under the new 

treatment program. 

We remark that the SCDA package offers the possibility to calculate the effect sizes 

SMD, PND, and PEM for SCE data sets (i.e., third step in the example; cf. Bulté, Van Den 

Noortgate, & Onghena, 2010). However, in order to construct the randomization distribution 

(i.e., fourth step in the example) and determine the statistical significance of the observed test 

statistic (i.e., final step in the example), the SCDA package for now only includes built-in 

options with differences between means as test statistics (Bulté & Onghena, 2008). As such, 



PND is not yet a built-in standard option for constructing the randomization distribution and 

calculating the RT's p value. However, by making small adjustments to the code, other test 

statistics - such as PND - could easily be adopted (cf. Bulté & Onghena, 2008). 

 

DISCUSSION 

In this article, we discussed several advantages of using RTs for the analysis of SCEs. 

However, there are some important limitations as well. First, the validity of RTs is only 

guaranteed by design when observation occasions are randomly assigned to the experimental 

treatments before the start of the experiment (cf. supra). Although using RTs for SCEs does 

not imply checking assumptions concerning the distribution of the SCE data, the assumption 

of random assignment should be checked. If there is no random assignment, then assumptions 

regarding exchangeability or random sampling should be invoked just as with any other 

statistical test, and the p value should be interpreted very cautiously in a noncausal descriptive 

manner (Edgington & Onghena, 2007). Because the randomization of some aspect of the 

design has to be done before the data are collected, RTs seem incompatible with the response-

guided experimentation that is common in single-case research (Onghena, 1992). 

Accordingly, the need to incorporate randomization in the SCE design can in some cases be 

seen as a limitation, given that it may not be well-aligned with clinical aims. However, it is 

possible to combine randomization and response-guided experimentation procedures in SCEs. 

A researcher can decide to make the manipulation of the conditions only partially dependent 

on the data: by using such a ‘restricted random assignment’ valid significance determination 

by the RT procedure is still possible (Edgington, 1980). For example, a researcher conducting 

an AB phase design can a priori decide not to introduce the experimental treatment until after 

the baseline data show stability (cf. response-guided experimentation), but he can supplement 

this procedure with the random selection of the moment when the intervention phase starts, 



after baseline stability has been attained, thereby allowing for the valid use of an RT 

(Edgington, 1975). Similarly, Ferron and Ware (1994) discussed a method for combining 

randomization and response-guided experimentation procedures in ABAB phase designs, that 

allows partial control to the researcher: the researcher has to wait until the within-phase data 

are stabilized (cf. response-guided experimentation), and then randomly assigns the start of 

the intervention within a specified region. 

A second possible limitation concerns statistical power. Statistical power varies 

depending on the design, on the test statistic, on the level of autocorrelation, on the magnitude 

of the effect size, on the number of observations, and on the number of possible assignments 

or permutations (cf. Dugard, File, & Todman, 2012; Ferron & Onghena, 1996; Ferron & 

Sentovich, 2002; Ferron & Ware, 1995; Levin, Ferron, & Kratochwill, 2012; Levin, Lall, & 

Kratochwill, 2011; Manolov, Solanas, Bulté, & Onghena, 2010). For instance, if the set of 

potential assignments is too small, it is possible that the SCE design has too little statistical 

power. For example, it is easy to see that a .05 level RT has zero power if less than 20 

assignments are possible (because the smallest possible p value in that case would be always 

larger than 1/20).  

Although the power of individual AB designs usually is very low, the combination of 

three or more AB designs in an MBD raises the power considerably (Onghena & Edgington, 

2005). The standards developed by the What Works Clearinghouse (Kratochwill et al., 2010) 

tell that an MBD should have minimally three baseline conditions (e.g., three participants, in 

order to have at least three attempts to demonstrate an intervention effect), six phases (e.g., an 

AB design for each of the three participants), and five data points per phase. The simulation 

study of Ferron and Sentovich (2002) showed that under most conditions the statistical power 

of RTs to detect treatment effects that are common in SCE research (d ≥ 1.5) is already 

adequate (> 0.80) for an MBD with 4 participants and a total of 20 measurement occasions. 



Third, a limitation of our example concerns the fact that the effect size that is 

computed from the realized data set is just one number, without taking uncertainty into 

account. We propose that future research focusses on the issue of constructing confidence 

intervals for effect sizes based on the RT rationale. Confidence intervals for group-

comparison studies are usually constructed by invoking distributional assumptions (Ernst, 

2004). However, these assumptions are often not met for SCE data. Constructing confidence 

intervals for effect sizes that correspond to RTs can be realized by inverting the RT: the 95% 

confidence interval contains all effect sizes for which the null hypothesis of no treatment 

effect cannot be rejected at the 5% significance level. Because constructing randomization 

confidence intervals for effect sizes holds great promise for the applied SCE researcher, a 

methodological and statistical evaluation of this method can be conducted in future research. 

In the past, the computational burden was a fourth possible limitation of RTs. 

However, free software has been developed to address this limitation, such as RegRand for 

calculating RTs in MBDs (Koehler & Levin, 2000), Excel routines (Todman & Dugard, 

2001), and SCRT-R (Bulté & Onghena, 2008, 2009). For example, SCRT-R can be used to 

determine the number of possible assignments for a specific design, generate all the possible 

assignments for a specific design, randomly select one assignment among all theoretically 

possible assignments, calculate the observed value of the test statistic, construct the 

randomization distribution, and calculate the RT's p value, for single-case phase and 

alternation designs (Bulté & Onghena, 2008) as well as for simultaneous (Bulté & Onghena, 

2009) and sequential (Bulté et al., 2010) replication designs. R can be downloaded freely from 

the CRAN website (http://cran.r-project.org/). 

In addition to these limitations to the use of RTs for the analysis of SCEs, we want to 

emphasize the difference between statistical significance and clinical significance. RTs are 

statistical significance tests. As such, they can only be used as indicators of statistical 



significance, and not of clinical significance. The construct of clinical significance is also 

broader than visual analysis results and effect size measures: it concerns whether the 

intervention makes a ‘real difference’ to the person and/or to others with whom the person 

interacts in everyday life (Allison & Gorman, 1993; Kazdin, 1999; Perdices & Tate, 2009). 

Examples of measures that can be used to consider the clinical importance of the change and 

the impact of the intervention on the person’s everyday functioning are: no longer meeting 

diagnostic criteria, departure from dysfunctional behavior, falling within a normative range, 

risk-benefit contours, and quality of life (cf. Kazdin, 1999, 2011; Schulz et al., 2002; 

Shakespeare, Gebski, Veness, & Simes, 2001). 

For the example of Tim, the difference between statistical and clinical significance can 

be clearly demonstrated. As determined by the RT, the positive intervention effect of the new 

treatment program on the dependent variable is not random: we concluded that Tim’s post-

traumatic stress symptoms are significantly less frequent under the new treatment program, in 

comparison to the old program. Additionally, following the determination of Scruggs et al. 

(1986), the new treatment program is highly effective (i.e., PND = 90%; note though that the 

uncertainty is not considered, cf. supra). However, when we look at the data (cf. Table 1) we 

see that the IES scores under the old treatment program range between 39 and 51, and 

between 29 and 41 under the new program. Using the IES total score, Horowitz (1982) 

identified thresholds for low (<8.5), medium (8.6-19), and high (>19) symptom levels. These 

levels correspond to levels of clinical concern. This means that even under the new treatment 

program, Tim still shows post-traumatic stress symptoms that pose clinical concerns. 

 

CONCLUSION 

In this article, we explained how to design randomized single-case phase and 

alternation designs as well as randomized simultaneous and sequential replication designs, 



and how to conduct RTs for those designs. Advantages of RTs are that they (a) are easy to 

apply, (b) respond to some important drawbacks of visual analysis of SCE data, (c) are 

distribution-free tests, (d) can be used without degrading the observed scores to ranks, (e) can 

be applied in a vast array of different SCE designs, (f) allow flexibility in defining the test 

statistic, (g) offer a solution to internal validity threats and enhance the statistical conclusion 

validity of SCEs, and that (h) recently free software has been developed to design randomized 

SCEs and analyze the SCE data using RTs (cf. supra). Possible limitations of RTs concern (a) 

statistical power, and (b) that RTs can only be used when observation occasions can be 

randomly (or: partially random for restricted random assignment procedures) assigned to the 

experimental treatments. 

In order to not only determine the (non)randomness of an intervention effect, but also 

the magnitude of this effect, we proposed to use an effect size index as a test statistic for the 

RT. We illustrated this combination for the design and analysis of an SCE, using a free 

software package. For this example, we used PND as the test statistic for the RT. However, it 

is possible to use any effect size index as a test statistic for the RT. Interesting avenues for 

future research concern (a) the further development of appropriate effect size indices for 

SCEs, and their evaluation and comparison, as well as evaluating the combination of different 

effect size indices with RTs, (b) studying the power differential among alternative test statistic 

choices for RTs, and (c) constructing confidence intervals for effect sizes based on the RT 

rationale, and conducting a methodological and statistical evaluation of this method. 
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Figure 1. Graphical display of the hypothetical data set: A randomized single-case ABAB 

phase design. 

 

 

  



Table 1 

Hypothetical Data Set: A Randomized Single-Case ABAB Phase Design 

 

Treatment A1 A1 A1 A1 A1 A1  B1 B1 B1 B1 B1 

Score 49 41 45 39 48 42  36 35 41 36 38 

 

Treatment A2 A2 A2 A2 A2 A2 A2 A2 A2  B2 B2 B2 B2 B2 B2 B2 

Score 48 45 43 51 43 47 42 43 45  36 29 33 34 38 30 32 

 

 

 

 

 

 

 

 


