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Abstract
A large focus in social science research is geared towards establishing the effectiveness of
treatments to help and support the population and provide best empirical data to researchers,
practitioners, and policy makers. To support evidence-based practice and policy, findings from
studies are synthesized in reviews and meta-analyses to verify the most effective treatments.
However, due to differing metrics to describe effects found, single-case designs (SCD) have
been excluded in such reviews and meta-analyses. This hinders the dissemination of valuable
findings from studies that use SCD methodologies. The present study employs a unique dataset
to exemplify differing methodological approaches to measure meaningful change from a
treatment. The dataset, obtained from Vause and colleagues (2018), contained both a groupbased design in the form of a randomized controlled trial and SCD methodologies on the same
participants undergoing treatment. Thus, a d-statistic was calculated from the SCD methodology,
also referred to as a between-case standardized mean difference effect size (ESBC) and was
compared with the group-based effect sizes originally found by Vause and colleagues. The effect
sizes corroborated with each other, such that a large effect was deduced from both the SCD
analysis (g = 1.22) and the average effect from the group-based analyses (g = 0.99). In addition,
the ESBC was found per participant allowing comparisons between individual effects and the
overall outcome. Furthermore, this study explored how the acquired ESBC estimates
complements traditional SCD methodologies including visual analysis and overlap statistics. By
utilizing statistical techniques such as this software, many behaviors, participants, and data
points can be analyzed simultaneously. Moreover, a forest plot can be generated with the results,
providing a different perspective than what is normally available to SCD researchers. Finally, the
most valuable consequence to note is the acquisition of a ESBC that results in the form of
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Hedges’ g, which can be compared across SCDs and between-group experimental designs. This
is the first known study to explore and compare the effect size estimates of a treatment on
participants’ behaviors that was evaluated as a SCD as well as a group-based design.
Keywords: single case design, effect size, between-case standardized mean difference
effect size, hedges’ g, d-statistic
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Introduction
The purpose of science is to obtain knowledge and understanding of the topic that is
being researched and studied (Cooper et al., 2020). As well as identifying new information,
researchers attempt to fill gaps in the current literature, replicate or contradict previous results,
and disseminate the findings. A large focus in social science research is geared towards
determining if treatments and interventions are effective at helping and supporting the
population. Some examples can include pharmaceutical interventions, types of therapies, or
behavioral interventions (Borenstein et al., 2009). The common objective among these studies is
to provide practitioners with the best empirical data to support evidence-based practice (EBP).
To discover best practice, evidence and results of studies must be compared to
substantiate what would be most effective (Borenstein et al., 2009). The results of a single study
are not conclusive, but can add to an existing body of research, or can start a new body. It is only
when studies are taken together that robust conclusions can be drawn about a phenomenon
(Cumming, 2014). Therefore, methods have developed over time to effectively compare many
findings to provide other researchers and practitioners with current and crucial information. Prior
to the 1990s, an expert within a field would familiarize themselves with studies that addressed a
particular question and then summarize their findings to verify if the treatment was effective or
not (Borenstein et al., 2009). However, this was very subjective and cannot be maintained as
literature grows. As more information becomes available, it becomes increasingly difficult for a
reviewer to compare treatment effects and consider other contextual variables. As such, in the
1990s, researchers sought other methods to objectively and efficiently compare and contrast
findings across numerous studies. These methods included systematic reviews and metaanalyses.
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The use of a systematic review locates relevant studies to address a similar topic or a
research question (Siddaway et al., 2019). To complete a systematic review, a methodological,
replicable, and transparent technique is used, and inclusion and exclusion criteria are clearly
stated. Once data is collected from the selected studies, a statistical synthesis, referred to as a
meta-analysis, is performed (Borenstein et al., 2009). To be included in a meta-analysis, the
evidence and results included by studies must be in a standardized metric. The standardization of
the results in a comparable metric is what allows differing studies to be compared. However,
some studies do not produce a standardized metric and thus are excluded from these reviews. For
example, single case designs (SCD) generally do not result in a standardized metric comparable
with other results, therefore, these results may be excluded from meta-analyses (Shadish &
Rindskopf, 2007). This unfortunate exclusion hinders the potential for SCD results to inform
EBP alongside other results (Shadish et al., 2015).
Single case designs have the potential to provide important information regarding the
effectiveness of interventions and treatments that could contribute to EBP; however, the
requirements to be included in meta-analyses to inform EBP have hindered this dissemination.
Finding a way to merge SCD results with results more commonly included in meta-analyses,
such as those from randomized controlled trials (RCTs) or other group-based designs, will in
turn promote dissemination of findings and inform EBP and policy. Thus, the following pages
will review the importance of EBP, strengths and limitations of selected research designs, and
how results from different methodological designs may be merged.
Evidence Based Practice
The application of EBP is based on a model of professional decision making that aids in
structuring professional practice and may influence policy (Slocum et al., 2014). The approach of
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EBP includes a comprehensive collection of information and evidence based on three major
components: practitioner expertise, acknowledgement of the values, differences, and
circumstances of the target sample, and the best available evidence from research (APA
Presidential Task Force on Evidence-Based Practice, 2006; McKibbon, 1998; Slocum et al.,
2014). It is recognized, and at times mandated by law, that fields such as education, psychology,
and healthcare should utilize practices that have previously been verified to be effective
(American Psychological Association [APA] Presidential Task Force on Evidence-Based
Practice, 2006; Cooper et al., 2020; Shadish & Rindskopf, 2007). Such practices include
consultations, assessments, diagnosis, prevention, interventions, and treatments.
Practitioner Expertise
Although there is not a recognized operational definition of practitioner expertise, it has
been found that there are significant differences between experts and novices within a field (APA
Presidential Task Force on Evidence-Based Practice, 2006; McKibbon, 1998). Experts possess
several characteristics that they have acquired through practice that aid them in their decisionmaking. They often can recognize and disregard irrelevant information, acquire, retrieve, and
organize their knowledge to effectively represent their deep understanding of practice and utilize
it functionally. They are flexible and adapt in situations, self-monitor their own practice, and
achieve outcomes in their practice that appropriately reflect their expertise (APA Presidential
Task Force on Evidence-Based Practice, 2006).
Expertise in one’s practice is developed overtime from education and theoretical
understandings, training, professional experiences, self-monitoring and reflection, background
knowledge of research, and continuous education of current information (APA Presidential Task
Force on Evidence-Based Practice, 2006). In some fields, such as applied behavior analysis
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(ABA), there is an ethics code to promote practitioners’ boundaries of competence and
maintaining competence through professional development (Behavior Analyst Certification
Board [BACB], 2014). This is a way in which one’s expertise can develop in their field.
Some practitioners may find that relying on their own knowledge and experiences is
quicker when they need to plan within their practice (McKibbon, 1998). However, to effectively
utilize the approach of EBP, the practitioner will use their expertise which can include their
ability to evaluate an individual’s circumstances and integrate research findings into their
practice (Babione, 2010).
Individual Differences and Circumstances
In accordance with EBP, an individual’s characteristics, culture, and preferences should
influence practitioner’s decision making about applying practices such as assessments,
interventions, or treatments (APA Presidential Task Force on Evidence-Based Practice, 2006;
Babione, 2010; BACB, 2014; McKibbon, 1998). Such characteristics include, but are not limited
to, biological factors, familial factors, socioeconomic barriers, personal supports, cultural
components, environmental variables, diagnoses, personal values and beliefs, and personal
history.
Recognition of individual differences and how this may influence practice is a key
component to effectively utilize EBP (APA Presidential Task Force on Evidence-Based Practice,
2006; Babione, 2010; McKibbon, 1998). The BACB (2014) state in their ethical code that
“behavior analysts must tailor behavior-change programs to the unique behaviors, environmental
variables, assessment results, and goals of each client” (p.12). As well as adapting their practice
based on the individual, they recognize that their clients have a right to effective treatment that is
based on research literature.
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Available Evidence from Research
The final component of EBP is basing practice on relevant and up to date peer-reviewed
scientific literature (Babione, 2010; Cooper et al., 2020; Dozois et al., 2014). Scientific results
that are published in research literature support the best evidence of intervention and treatment
strategies, assessments, different clinical problems, and samples and populations in controlled
and natural settings (APA Presidential Task Force on Evidence-Based Practice, 2006). The use
of scientific literature to inform one’s professional practice is often expected and is even written
into the ethical code for behavior analysts (BACB, 2014).
Often, scientific evidence will support the efficacy of one type of intervention or
treatment for a specific problem under precise conditions (APA Presidential Task Force on
Evidence-Based Practice, 2006). Thus, research does not always address all issues or
circumstances a practitioner comes across. In this situation, practitioners are expected to
investigate literature that is relevant to the individual’s characteristics, potential interventions and
treatments, and the main concern.
When investigating literature, Dozois and colleagues (2014) described a hierarchy of
research evidence. Weaker evidence is placed lower on the hierarchy and is described as
unpublished data, opinions, or past experiences. However, they advise that such evidence should
only be considered if better evidence is not available or does not exist. At the top of the hierarchy
is the strongest evidence which is a systematic synthesis. This includes systematic reviews and
meta-analyses. This is considered the best and strongest evidence because it uses standardized
statistics to compare across multiple studies. Hence, to utilize this approach it requires that the
included studies report their findings as a standardized result (Borenstein et al., 2009). In
addition, the ideal results that are included have been replicated across studies and have utilized
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methodologies that consider threats to validity such as internal validity, external validity,
generalizability, and transferability. Nonetheless, when considering research evidence, the
overall methodological quality of a scientific study is dependent on the research design type and
how the research is conducted (Meline, 2006).
Research Designs
In behavioral science, correlational and experimental research designs are utilized
(Morgan & Morgan, 2009). Researchers compare control and experimental conditions to
determine if there has been an effect of the independent variable on the dependent variable
(Johnston & Pennypacker, 2009). The most commonly used research designs in behavioral
science are between-group designs and within-subject designs, also known as SCD.
Between-Group Design
A between-group design divides participants into a control condition group and an
experimental condition group to evaluate if a treatment works (Johnston & Pennypacker, 2009;
Price et al., 2015). The participants within this type of design are randomly assigned to either a
treatment or control condition which controls extraneous variables across conditions. Pretest
scores are collected from each group of the dependent variable and then once treatment is
completed, post-test scores are collected (Cooper et al., 2020). To evaluate the effect of the
treatment, the researchers consider the change in post-test to pretest scores of each group. This
type of design, an RCT, is considered the gold standard, and is the strongest design to answer a
research question concerning causality (Meline, 2006).
Sometimes it is not feasible or ethical to employ an RCT and so researchers will utilize a
quasi-experimental design (Harris et al., 2006). These types of designs evaluate interventions or
treatments, but they do not employ randomization. This design may be more appropriate for
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ethical reasons, difficulty randomizing participants or locations, or there may not be a sufficient
sample size. There are a few different types utilized such as using control groups (comparison
groups) with or without pretest, not using a control group, or interrupted time-series designs.
Strengths. Between-group designs such as RCTs are known as having the ideal
methodology for strong internal validity which establishes causality (Deaton & Cartwright, 2018;
Meline, 2006). Although quasi-experimental designs may have less internal validity due to lack
of randomization, they are considered to be between correlational studies and true experiments
(Harris et al., 2006; Morgan & Morgan, 2009). In addition, some researchers assume that the
averaging of group scores of many participants helps to control for inter-subject variability
(Cooper et al., 2020). Another assumption is that the larger number of participants within a study
will increase the external validity of the results.
Another strength of between-group studies is that often the statistical significance and
effect size will be reported as a standardized statistic. The value in reporting an effect size is that
regardless of the measurement scale used in the study, the effect size allows different studies to
be compared (Hedges, 2008). Generally, the between-group effect size reported is the
standardized mean difference effect size, Cohen’s d. This effect size compares the mean from a
treatment group to the mean of a comparison group and that mean difference is standardized
(Shadish et al., 2015; Sullivan & Feinn, 2012). This effect quantifies the strength of the relation
between the dependent and independent variables in the experiment (Borenstein et al., 2009;
Hedges, 2008). Thus, this universal measure is the common unit among studies that allows them
to be compared and analyzed in a meta-analysis to establish an overall summary of effect of the
treatment of interest. The reported effect size of a treatment eventually informs EBP through
dissemination in meta-analyses.
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Limitations. Although some believe many participants increases the external validity of
results, Meline (2006) suggests that between-group designs have weaker external validity due to
restrictive selection criteria. This suggests the results from these studies are unable to generalize
across other clinical populations, settings, or behaviors (Johnston & Pennypacker, 2009).
Groups-comparison approach has been commonly utilized in behavioral research and
does work well for some form of treatment effects; however, it may not be appropriate or support
all types of treatments that practitioners utilize (Cooper et al., 2020). For example, when the
focus is on the behavior of individual subjects, such as in the field of ABA, a group-based design
is difficult to employ due to the nature of targeting individual subjects and behaviors. When
responses are pooled in a group-based design, it does not allow information on an individual’s
behavior. Without individual measurements, it is challenging for researchers to determine any
extraneous factors that could be influencing an individual or a group of individuals (Johnston &
Pennypacker, 2009). Thus, a different type of design, such as SCD, should be employed.
Within-Subject Design
A within-subject design, also referred to as a SCD, is characterized by three main
features: a case of a single participant or a small cluster of participants, this case provides its own
experimental control within the design, and this case is compared within and across different
conditions such as with or without intervention or treatment (Kratochwill et al., 2010). Based on
these features, the goal is to gain knowledge of the cause-effect relationship between an
environmental stimulus such as an intervention or treatment and the behavior of interest (Bailey
& Burch, 2002). The experimental research design of SCDs have different variations; however,
they all include repeated and systematic measurement of the dependent variable, such as a
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behavior, before, during, and after, the application of a treatment or intervention (Kratochwill et
al., 2010; Poling & Grossett, 1986).
To establish experimental control in a SCD a replication of the effect of the intervention
or treatment must be demonstrated (Kazdin, 2011). Replications in SCD occur when an
experiment can reproduce an observed behavior change by manipulating the same independent
variable (Cooper et al., 2020). Replications of behavior changes can be demonstrated within a
participant and between participants (Lammers & Badia, 2005). This is referred to as intraparticipant replication and inter-participants replication, respectively. The type of replication
depends on the SCD variation employed. Such design variations include reversal, alternating
treatment, multiple-baseline, and changing criterion (Cooper et al., 2020). The reversal design,
alternating treatment design, and changing criterion design attempt to replicate effects within a
participant. The multiple baseline design can demonstrate replication across participants,
behaviors, and settings which allows evaluation of the independent variable when it is unable to
be withdrawn or reversed. In addition, SCDs can be employed as a combination. For example, it
is possible to have a reversal design embedded within a multiple baseline design. This
combination of analytic tactics may provide an even stronger case for experimental control
because the effect is demonstrated within and across a participant, behavior, or setting.
Within the SCD variations, rather than taking measures of the behavior once or a few
times in a large group, like in between-subjects design, repeated measurements of the behavior of
interest are taken during and without intervention or treatment (Poling & Grossett, 1986). In the
condition without intervention or treatment, it is assumed that the behavior will continue without
change and there would be an absence of any trend or slope in the data (Kazdin, 2011). With an
intervention or treatment, a researcher is looking for a behavioral change. When the data of the
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behavior in intervention or treatment differs from the predicted trend in the prior condition
without intervention or treatment, this establishes a behavior change (Odom et al., 2018). Once
this behavior change has been established, a replication of this effect will reduce the probability
of another variable being responsible for this change and it determines that the behavior change
is reliable (Cooper et al., 2020; Lammers & Badia, 2005).
Strengths. The SCD involves steady state strategy and baseline logic which is made up
of three elements: prediction, verification, and replication (Cooper et al., 2020). With this
strategy and elements, threats to internal validity can be controlled. The baseline phase of SCD
acts as a form of prediction such that when the independent variable is not applied, the
consistency of the data collected will determine or predict subsequent data points. Then once the
independent variable is applied, the researcher may determine that the change in behavior is
functionally related to the independent variable by removing the independent variable and
verifying the first prediction of baseline levels. This return to baseline levels verifies the
accuracy of the prediction. Next, to confirm the functional relation between the independent
variable and the behavior, the independent variable is once again introduced. If the behavior
change is observed again, this replication establishes that it is reliable. Thus, the experiment is
considered internally valid because the overall effect can be attributed to the independent
variable based on these three elements.
Other considerations that can be made is the type of variation of SCD and how that can
influence internal and external validity. Depending on the type of SCD, it may have stronger
internal and external validity contingent on its structure and replicability of the intervention
effects (Kazdin, 1981; Kratochwill et al., 2010). If the research design factors in phase repetition
and replication of the effect, then it is considered to have strong internal validity, as mentioned
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above. The replication of the effect can occur through within-case or multiple-case replication in
one experiment. Replication can also occur by conducting more than one experiment that is like
the one being replicated. This may be across participants, settings, target problems, or other
variables of interest (Kazdin, 1981). When replication of an effect occurs across different
conditions, this increases the external validity.
Lastly, the traditional analyses applied to SCD provides a clear answer for ABA
practitioners. Within the field of ABA, there is a commitment towards improving people’s lives
by improving their behavior (Cooper et al., 2020). Thus, SCDs are employed to confirm the
functional relationship between the intervention or treatment and the potentially changed
behavior. The change in behavior is confirmed by employing visual analysis which is dependent
on graphing (Kazdin, 2011; Parsonsons & Baer, 1986; Poling & Grossett, 1986). Often the effect
being sought after, a socially significant change of behavior, is potent and apparent enough via
visual analysis (Cooper et al., 2020; Kazdin, 2011). A socially significant change means the
intervention or treatment affects the behavior in a way that improves the individual’s life. Visual
analysis is an appropriate tool for this design when the effects of the intervention or treatment are
of interest for one or a few cases.
Limitations. Although threats to internal and external validity can be dealt with, there are
times when a SCD is unable to address these threats. Such threats that can occur include a lack of
replication, maturation as a confounding variable, undesirable conditions in which selection
occurs, and attrition (Kratochwill et al., 2010). These threats can be difficult to control for but
will influence the outcome. A lack of replication decreases the probability that the effect is
reliable. Hence, the functional relationship between intervention or treatment and the target
behaviors cannot be confirmed.
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When confirming a functional relationship between the intervention or treatment and
target behaviors, traditionally SCDs employ visual analysis. Visual analysis interprets
graphically displayed data to conclude if the behavior changed in a meaningful way for the
participant and how much that change is from the intervention or treatment (Cooper et al., 2020).
Although this type of analysis is suitable to help determine if the change is socially significant
for that participant (as described above), concerns can be raised regarding the consistency across
and even within raters, sensitivity, and specificity of this form of analysis (Kazdin, 2011;
Lammers & Badia, 2005).
Admittedly, visual analysis provides information that is appropriate for practitioners or
researchers of that study to establish if the behavior change was the desired effect for the
participant. Thus, researchers and practitioners should not refrain from the use of visual analysis
since it does provide valuable information. However, one aspect of visual analysis that has been
brought up as a concern is that there is a lack of concrete decision rules when visually analyzing
the graphic display of data (Kazdin, 2011). This can be an issue because researchers may differ
in how they weigh the impact of the graphic features to verify an effect. This means that the
visual analysis of data can be subjective and produce unequivocal outcomes between researchers
and practitioners (DeProspero & Cohen, 1979).
Some past studies have explored how variable responses can be when employing visual
analysis. To examine variability of responses, DeProspero and Cohen (1979) and Ottenbacher
(1990) recruited participants to visually analyze a set of simulated graphs. Both studies found
that there was variability in the interpretations of the graphs. The discrepancy in interpretations
may call into question the reliability of the results. Another study completed by Danov and
Symons (2008) examined rater reliability when utilizing visual analysis on functional analysis
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graphs. They recognized that raters of the graphs may not agree on the presence or absence of
differentiated response patterns and their corresponding behavioral function. Their overall results
indicated that there was only a moderate interrater agreement when using visual inspection
suggesting a low level of reliability of the interpretations of results.
Although the SCD community values visual analysis to verify treatment effects on target
behaviors, other scientific fields may not be familiar with these standards. The effect that is
reported based on visual analyses is not in a metric that will specifically quantify the treatment
effects (Odom et al., 2018). This is a significant limitation. In addition to not reporting an effect
that can be recognized by other researchers, this effect is also not in a metric that can be
compared with other findings, such as those from group-based designs. A lack of reporting a
universally understood standardized effect size that communicates the strength of the treatment
leads to these findings not being merged or compared with other studies (Hedges, 2008). Hence,
this conflicts with the goal of dissemination and inadvertently excludes SCD results from EBP
reviews and meta-analyses (Shadish et al., 2015).
Exclusion of Single-Case Designs from Research Syntheses and Meta-Analyses
A research synthesis is recognized as being the most common type of literature review
within social science research (Cooper, 2017). Research syntheses consolidate and compare
empirical research to make generalizations about the findings, analyze the research, and
determine other issues to investigate in future research projects (Cooper et al., 2009). From this
synthesis of literature, a meta-analysis can be conducted to statistically analyze the results, in the
form of effect sizes, from the compiled studies (Card, 2011). This type of analysis synthesizes all
findings to draw main conclusions about the question being asked and will in turn inform future
researchers and practitioners about the common effect found.
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There are several steps that occur when a research synthesis is conducted. Cooper (2017)
specifically lists seven steps as: 1) Formulate the problem, 2) Search through the literature, 3)
Gather information from the selected literature, 4) Evaluate the quality of the studies, 5)
Combine and analyze overall results form the studies, 6) Interpret the findings, and 7) Display
the results. These steps, although necessary to complete the synthesis, also contribute to why
some studies are excluded.
Although these steps are systematic, based on the scope of the synthesis, the process can
still be considered biased (Cooper et al., 2009). The overall findings will be influenced based on
the types of literature considered; published or unpublished (McKenzie et al., 2019). To begin
searching for literature, often reference databases are used, such as Google Scholar, Science
Direct, PsycINFO, ERIC, and Medline. These sources are known to be inclusive; however, a lot
of unpublished literature is excluded in these systems (Cooper et al., 2009). Thus, some
researchers will attempt to access their colleagues or other researchers unpublished work in that
area of interest.
Other factors that may influence which literature is collected include particular
populations of interest, specific interventions or treatments used, an overall result that is of
interest, the length of time the topic has been researched, and a focus on certain research designs
(Cooper et al., 2009; McKenzie et al., 2019; Shadish & Rindskopf, 2007). Of course, a specific
research question will impact which literature is sought. For example, perhaps a research
question is considering the most effective treatment to reduce obsessive compulsive behaviors
(OCBs) in children and adolescents. Hence, the search parameters would most likely exclude
studies involving an adult population and would include OCB treatments and interventions.
Furthermore, to find a more precise answer to the question, the researchers may consider studies
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about treatments that utilize specific strategies. Or perhaps researchers may consider studies in
which participants have a specific type of diagnosis or other criteria. And finally, researchers
may exclude certain study designs.
The exclusion of particular study designs may be based on the preference some scientists
have towards randomized experimental designs and as Shadish and Rindskopf (2007) stated, “the
statistical theory that guarantees that the average effect size over a large number of randomized
experiments is a better approximation to the population parameter than is possible in any single
experiment” (p. 96). Although this preference may exist, it is acknowledged that other research
designs such as SCDs can provide useful information regarding treatment effects (Sandbank et
al., 2020). Even though both types of designs, between-group and within-case, can provide
valuable information regarding treatment or intervention effects, currently not all results are
compatible to be synthesized in a meta-analysis.
Unfortunately, there is a lack of research comparing results of group-based randomized
experiments to SCD (Shadish, Hedges, & Pustejovsky, 2014). This gap in literature exacerbates
the problem that important findings from SCD research and group-based research are not being
merged. This directly affects future research and EBP. Single-case designs are often used to
determine which interventions and treatments are effective; however, Shadish and Rindskopf
(2007) found that, out of thousands of meta-analyses completed over the past three decades that
considered experiments of interventions and treatments, there were only 24 meta-analyses of
SCDs. In addition, Burns (2012) completed a PsychINFO search that combined the term “metaanalysis” with articles published in the Journal of Behavioral Education and the Journal of
Applied Behavior Analysis and found only two articles out of 3,077. Thus, the exclusion of SCDs
is a limitation in meta-analytic research (Allison & Gorman, 1993).
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To further exemplify this issue, a recent meta-analysis competed by Sandbank and
colleagues (2020) focused on nonpharmacological early interventions for children with ASD.
The selected studies met an inclusion criterion that specified they must be a “group design that
included both an intervention and control group” (p. 7). Their reasoning to focus on only groupbased designs is written in a public significance statement: “Behavioral intervention approaches
also show evidence of effectiveness, but methodological rigor remains a pressing concern in this
area of research” (p. 2). They acknowledge later in the paper that by excluding SCDs they have
had to omit a large body of research that does contribute to EBP using effective behavior analytic
interventions and strategies.
The above example clearly represents how the exclusion of important and effective
findings from SCD research is occurring within the scientific community. The most prominent
issue is the compatibility of synthesizing evidence from group-based designs and SCDs. This is
highlighted by Sandbank and colleagues (2020) by stating that their main reasoning to exclude
SCDs is that they do not have a comparable effect size metric to synthesize all effects. Thus, to
effectively combine and compare results from all methodologies a common standardized effect
size must be utilized by SCDs.
Effect Size
The American Psychological Association (2020) suggests that for a reader to understand
a study’s findings, there should be an effect size included in the results. As such, the reporting of
a standardized effect size is imperative to the inclusion in meta-analyses. However, some
research designs, like SCDs, have not been able to calculate a standardized effect size because
they are not based on the comparison of two groups, such as treatment and control. For this
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reason, results of SCDs do not include a metric that is comparable to group-based designs
(Vannest et al., 2018).
Within-Subject Design Effect Size
Despite the difficulty of calculating a standardized effect size, there have been other
methods to reporting SCD findings from fields of research such as psychology, social work,
speech and language fields, special education, and ABA (Kratochwill & Levin, 2010). In SCDs,
some effects are reported using regression-based statistics or overlap statistics (Shadish et al.,
2015). These methodologies allow conclusions to be drawn about each separate case within the
study. An example of such methodologies includes the calculations of percentage of nonoverlapping data (PND) and percentage of data points exceeding the median of baseline phase
(PEM). Although these methods can determine an estimate of the effect found, the outcomes are
not a comparable metric to between-group design effect size estimators, such as Cohen’s d
(Shadish et al., 2008).
The standardized mean difference effect size, Cohen’s d, can be referred to as a betweencase effect size. This effect size compares the mean from a treatment group to the mean of a
comparison group and that mean difference is standardized (Shadish et al., 2015). This form of
effect size does not depend on sample size and only uses the underlying population parameters
(Hedges, 2008). Additionally, the effect size is not influenced by the scale that is used to
measure the outcome variable. This allows effect sizes from different studies to be compared
even if the studies used different measurement scales. However, in SCDs the focus is on
examining individual behavior change rather than average effects across groups of participants
(Odom et al., 2018). This affects how statistical analyses can be performed.
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There are methodological considerations that must be made when analyzing the effect in
SCD. Due to the repeated measures of examining individual behavior change, it can be
challenging to utilize statistical analyses to assess treatment effects (Hedges et al., 2012).
Repeated measures are not independent and involve an autocorrelation or serial dependence
structure which is complicated to include in statistical analyses (Kazdin, 2011). Furthermore, due
to the differences in data stability in each phase, different statistical analyses would be needed to
compare among each phase (Hedges et al., 2012). These considerations lead researchers to
explore new forms of analyses.
Some researchers view new strategies to analyze SCDs with skepticism, whereas others
are intrigued (Shadish, Hedges, Pustejovsky, Rindskopf et al., 2014). Thus, the evident dilemma
of being unable to merge methodologies and appropriately analyze results has motivated SCD
methodologists and statisticians to develop new statistical methods. In the last few years there
have been developments towards analyses involving effect size indices or methods that are based
on general linear modelling. The methods that involve general linear model approaches do not
provide a common metric with group-based effect sizes and the effect size indices have had
issues with statistical properties. Hence, Hedges and colleagues (2012) proposed a new effect
size measure that would focus on a single type of stable pattern. These estimates of effect sizes
are the same parameter as between-subject design effect sizes (Cohen’s d). Therefore, SCD
research can be included in meta-analyses and EBP reviews with results that were produced by
other experimental methods (Shadish, Hedges, Pustejovsky, Boyajian et al., 2014).
This effect size metric, a d-statistic, can be referred to as the between-case standardized
mean difference statistic due to its ability to compare across two types of study designs, SCDs
and between-group experimental designs (Valentine et al., 2016). This statistical technique can
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be applied to reversal designs (ABK, where K = the number of AB phases completed) and
multiple baseline designs across cases. To calculate this metric, there is a requirement of the
design including at least three individual cases. In addition, the following assumptions are made:
no time trend, the effect of the treatment is constant across cases, and the data is normally
distributed (Shadish, Hedges, Pustejovsky, Boyajian et al., 2014).
Shadish, Hedges, Pustejovsky, Rindskopf, and colleagues (2014) express that the
statistics involved in obtaining this metric are more complex than other statistical analyses that
have been applied to SCDs. Complex formulas and statistical expertise can be a hinderance when
SCD researchers may not have knowledge or training in such approaches. Thus, to make this
technique more accessible, an SPSS macro titled DHPS.sps and its corresponding manual (Marso
& Shadish, 2015) were developed to compute the d-statistic. Shadish, Hedges, and Pustejovsky
(2014) note that this d-statistic considers the “number of cases in the study, the number of
measurements made per case, first-order autocorrelation, intraclass correlation that measures the
ratio of between-case variance to the sum of between and within-case variance, the number of
repetitions, and the number of phases in a reversal design” (p. 126). With the use of this macro,
the d-statistic and its variance are corrected for small sample bias and produce Hedges’ g
(Hedges, 1981) and its variance. In summary, by utilizing such a statistical tool on applicable
SCD data, it will produce Hedges’ g which is a comparable metric to effect size estimates from
group-based designs. Hence, results from SCDs and between-group designs can be synthesized
and analyzed with the comparable metric.
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Present Study
Based on the literature reviewed above and the concerns described regarding a lack of
research on how SCD results can be compared with those from group-based designs, it seems
there is a need to explore and exemplify how this may be achieved. In addition, it would be
interesting and paramount to consider the effect size estimate of an intervention or treatment
evaluated as a SCD as well as a group-based design on the same participants. Although a study
like this is extremely rare, they do exist. Such a study was completed by Vause and colleagues
(2018). The study was unique such that it contained both a group-based design in the form of a
RCT and SCD methodologies on the same participants that received the same treatment. Thus,
the present study will take advantage of this unique opportunity to explore what can be found
when analyzing data from the same participants as a group-based design and SCD.
The purpose of this study was two-fold. First, was to explore the utility of a statistical
tool to compute between-case standardized mean difference effect sizes (ESBC), in the form of
Hedges’ g, from SCD data. Second, to compare those findings with results of the treatment
already determined through group-based design analyses. Therefore, the Vause et al. (2018)
study was ideal for these purposes.
The goal of this study is not to undermine the use of traditional SCD methods such as
visual analysis or general linear model approaches, but to explore what kind of effect can also be
found using the featured statistical method. Consequently, the effect size estimate found may
produce a comparable metric to the effects found using group-based analyses. Thus, it will be
intriguing to explore how the effects compare and whether they corroborate one another. In
addition, the comparability of effects using such a metric offers a unique presentation of how
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SCD methods may be analyzed to provide a metric that can be included in meta-analyses so that
all empirical evidence can be considered regardless of the experimental design.
Research Questions
Based on the information and rationale provided above, it is necessary to promote the
importance of SCD methodologies to return a result that is in a comparable metric that can be
included in research syntheses. In addition, it is crucial to determine the comparability and
accuracy of the effect found. Hence, the following research questions were asked:
1. Does the between-case standardized mean difference effect sizes found corroborate with
the effects found using group-based analyses on the same participants that underwent the
same treatment?
2. What comparisons can be made between the overall between-case standardized mean
difference effect size found across all behaviors with the effect sizes found per
participant?
3. Can additional information of treatment effects be described by utilizing statistical tools
to acquire between-case standardized mean difference effect sizes from SCD research?
4. Can the additional information of treatment effects found using statistical tools to acquire
between-case standardized mean difference effect sizes further complement traditional
SCD methodologies?
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Method
For the purposes of the present study, a dataset was obtained from Vause et al. (2018) to
illustrate acquiring a d-statistic and compare with the previous findings. The initial section of the
method of the current study describes the Vause et al. (2018) study to clarify and emphasize the
reasoning behind the use of the dataset. Following this description, information is provided on
the data analytic process utilized on the selected dataset.
Description of Vause et al. (2018)
Prior to the Vause et al. (2018) study, the researchers completed a preliminary
randomized trial of the Function-Based Cognitive-Behavioral Therapy (Fb-CBT) to treat OCB in
children with autism spectrum disorder (ASD; Vause et al., 2017). Based on their review of
previous research, both cognitive behavior therapy (CBT) and ABA can reduce symptoms of
OCB in children with ASD (Leon et al., 2013; Neil & Sturmey, 2014; Rodriguez et al., 2012;
Sigafoos et al., 2009; Sofronoff et al., 2005; Sukhodolsky et al., 2013). Thus, the researchers
designed a manualized therapy referred to as Fb-CBT. The clinician’s manual that was employed
for the treatment was “I Believe in Me, Not OCB!” by Vause et al. (2013a) and a children’s
workbook (2013b). The preliminary randomized trial involved 14 children assigned to a
treatment group or a treatment as usual (TAU) group. The overall findings provided preliminary
evidence that validated the manualized treatment package. Therefore, Vause and colleagues went
forward with a larger project to further evaluate and establish efficacy of the treatment.
Methods of Vause et al. (2018)
Participants. Researchers recruited participants through referrals from private clinics and
non-profit agencies through advertisements and presentations. In total, 37 participants who
entered the study with a diagnosis of ASD, had a presence of at least three OCBs, a Full-Scale IQ
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≥ 70, and had no planned medication changes during the study unless necessary. Out of the 37
participants, there were over 100 different OCBs treated.
Using a computer-generated algorithm, the participants were randomly assigned in a 1:1
ratio in either the Fb-CBT group or to the TAU group. Those that received TAU were the control
group that was compared to the treatment group. Those that were in the TAU group were able to
complete treatment post-TAU.
Procedure. The participants and families of the Fb-CBT group each selected up to 10
OCBs to target. The general structure of the procedure completed by this group can be viewed in
figure 1. The Fb-CBT group completed the following phases: baseline, psychoeducation and
mapping (PM), treatment, and follow-up at 1 and 6 months. Throughout all the phases, parents
completed a daily rating scale of individual OCBs.

Figure 1
A visual representation of Vause et al. (2018) Fb-CBT procedure
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Treatment was withheld during the baseline phase and PM phase. However, throughout
PM the researchers focused on rapport building, session rules, and operationally defining OCB
and triggers. Furthermore, some exercises were introduced to the participants that included
concepts of interference, choosing an alternative activity rather than engaging in a compulsion,
and learning to use a fear thermometer to rate level of distress. Additionally, the participants
engaged in visually mapping their OCB based on a hierarchy of complete control of the
compulsion to no control of the compulsion. The mapping of OCBs was used to aid researchers
in determining the order of OCBs in the treatment phase. Thus, the first OCB targeted would be
one in which the participant has some control of the compulsion and then move to OCBs in
which they have less control.
The treatment phase consisted of function-based assessment and intervention, cognitive
behavioral therapy strategies, and parent training. Prior to an OCB receiving treatment, the
Questions About Behavioral Function (Matson & Vollmer, 1995) was completed by the parents
and a function-based assessment (Matson & Williams, 2014) was utilized to help identify
perceived singular or multiple functions. Additionally, descriptive functional assessment data
was collected, and observations of the target behaviors were completed in contrived and natural
settings. The researchers trained in ABA completed analyses of the collected data, antecedents,
consequences, and potential functions to support the individual treatment plan. Based on the data
collected and the perceived function of the OCB, function-based assessment and intervention
plans (FBAI) were created, and parents were trained to implement them using behavioral skills
training.
The overall treatment structure consisted of nine 2-hour weekly sessions that included
groups of three to four participants and two therapists. The therapy sessions included group
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activities, individual work, and group parent training. The sessions included individualized
cognitive restructuring, learning replacement behaviors, creation of a plan for exposure to stimuli
associated with the OCB, and positive reinforcement. Moreover, the treatment structure was
family-based which meant that 30 minutes of the session was specifically for parent training to
encourage independence in implementing the FBAI in therapy sessions and at home.
Within the TAU group, the participants were able to continue services that they were
currently receiving, and they were also able to access new services. To assess treatment effects,
the two primary measures and two secondary measures were administered for both the Fb-CBT
group and the TAU group. The primary measures were Repetitive Behavior Scale-Revised
(RBS-SCR) and Children’s Yale-Brown Obsessive-Compulsive Scale (CY-BOCS). The
secondary measures were The Child Obsessive-Compulsive Impact Scale-Revised Parent (COISRP) and Repetitive Behavior Scale-Revised 1-100 (RBS_100). These four measures were
administered prior to treatment and after treatment. All the measures, except the CY-BOCS due
to parent constraints, were administered at follow-up.
Selection of Dataset
The Vause et al. (2018) dataset was selected for the current study due its unique design.
Specifically, it involved a nested structure. The daily parent rating data were collected on
individual OCBs, the OCBs were nested within the participants, and the participants were nested
in the randomly assigned Fb-CBT group and TAU group. This design provided a natural
opportunity to analyze the data found as a SCD, using the parent rating data, and a betweengroup design, using the measures administered prior to treatment and after.
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Measures
There were several measures utilized in the Vause et al. (2018) study to determine the
effect of the treatment between groups. However, for the purpose of the current project, the only
measure of relevance to the dataset is the Parent OCB Rating Scale.
Parent OCB Rating Scale
This rating scale was used to rate the individual OCBs daily (Vause et al., 2018). In this
scale, the parents rated their children’s OCBs using a Likert scale that ranged from 1 being
desired post-treatment levels of OCBs to 3 being partial improvement from pre-treatment levels
to 5 being pre-treatment levels of OCBs. Daily ratings were recorded by the parents during
baseline, treatment, and follow-ups of 1 month and 6 months.
The Dataset
For the purpose of this project, only data from the participants assigned to the Fb-CBT
were analyzed. This selection was based on necessary requirements when utilizing the DHPS.sps
macro. To compute an effect size using this technique, the data had to be from an AB design,
meaning data has been collected from a baseline phase and a treatment phase. Thus, the TAU
participants were excluded. Within the treatment group, data obtained from 110 OCBs nested
within 17 participants had been collected.
The Fb-CBT participants OCBs were rated by their parents throughout baseline, PM, and
treatment. Psychoeducation and mapping is a phase in which the researchers and participants
select the order of OCBs for treatment. Within this phase, the participants are not receiving
treatment and the parents are providing ratings. Therefore, these additional observation points
were included as part of the baseline phase to run analyses. This decision was made based on
findings from Jaksic et al. (2018). They completed a growth curve analysis to test if baseline was
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different from PM and found no statistical difference. Thus, this dataset merged baseline with
PM and was coded all as the baseline phase to comply with the macro requirements.
Within the dataset there were 24.83% of expected responses that had been coded as
missing. Another requirement of the macro is that the data must be complete and consecutively
ordered. The researchers confirmed this was due to parents forgetting to fill out the daily rating
scale. Therefore, since a response was not provided for 24.83%, these lines of data were deleted
to adhere to the macro structure.
Procedure
Data Analysis
The analyses of the dataset were conducted using IBM SPSS Statistics 23. In order to
compute a ESBC from SCD data using the DHPS.sps macro, the dataset must adhere to an
explicit structure that is described in the User Guide for DHPS (Marso & Shadish, 2015). This
involves specific variable labels, clear-cut arrangement of the variables, and a particular coding
structure.
The DHPS.sps macro includes the assumptions that the data has no trend and is normally
distributed. The data that is analyzed must be either an ABK design or a multiple baseline design.
In addition, the macro requires a minimum of three cases in a study.
The dataset was arranged in two different ways to calculate an overall effect and to
demonstrate the effect of treatment per participant. The first arrangement considered the dataset
as one study to evaluate the effect of treatment on all behaviors. An example of this arrangement
is shown in figure 2. The second arrangement considered the participants as separate studies to
determine the effect of treatment per participant. An example of this arrangement is displayed in
figure 3.
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Figure 2
A screenshot of the SPSS Data Editor that displays the coded variables necessary for the macro.
Each variable and the required coding are explained in the User Guide. This dataset is coded
such that it is one study with each behaviour considered a separate case.
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Figure 3
A screenshot of the SPSS Data Editor that displays the coded variables necessary for the macro.
Each variable and the required coding are explained in the User Guide. This dataset is coded
such that each participant is designated as a separate case.
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Results
Effect Sizes
The dataset was arranged as per the requirements of the statistical tool to determine the
overall ESBC, in the form of Hedges’ g, of all behaviours nested in the participants that received
treatment. In addition, using the macro, the standardized mean difference effect size per
participant was calculated. The output results from the macro provided the effect size in the form
of Hedges’ g and the variance of Hedges’ g. Using these values, 95% confidence intervals were
manually calculated based on the suggested equation by Hedges and Olkin (1985), 𝐶𝐼 = 𝑔 ±
𝑧.05 √𝑉𝑎𝑟𝑔, where the critical value z.05 = 1.96. If the confidence interval CIL ≤ g ≤ CIU excludes
zero, it indicates the effect size is statistically significant. The results are displayed in Table 1.
The d-statistic that was found from the analysis of all 110 behaviors from 17 participants
suggested that the treatment reduced the scores of the behaviors by 1 and a fifth standard
deviations (g = 1.22, VarG = .004), 95% CI [1.09, 1.36]. In addition, when considering the effect
per participant, 16 of the 17 participants’ confidence intervals excluded zero, which suggests the
effects found were statistically significant at p < .05.
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Table 1
Effect size results of the prepared Vause and colleagues (2018) dataset
Number of

Variance of

95% CI

95% CI

behaviors

Hedges' g

Hedges' g

Lower

Upper

ESBC_Participant 1

7

1.40

.036

1.03

1.77

ESBC_Participant 3

10

1.75

.028

1.42

2.07

ESBC_Participant 5

5

0.47

.028

0.14

0.80

ESBC_Participant 7

7

0.68

.024

0.37

0.98

ESBC_Participant 11

3

0.36

.044

-0.05

0.77

ESBC_Participant 12

4

1.27

.160

0.49

2.05

ESBC_Participant 13

6

0.66

.046

0.24

1.08

ESBC_Participant 17

7

1.98

.086

1.41

2.56

ESBC_Participant 18

5

1.53

.040

1.14

1.92

ESBC_Participant 19

9

0.99

.079

0.44

1.54

ESBC_Participant 20

7

0.70

.030

0.37

1.04

ESBC_Participant 21

10

1.07

.056

0.60

1.53

ESBC_Participant 22

6

0.72

.046

0.30

1.14

ESBC_Participant 25

9

1.53

.021

1.25

1.81

ESBC_Participant 28

6

0.90

.025

0.59

1.21

ESBC_Participant 29

4

1.08

.050

0.64

1.52

ESBC_Participant 31

5

1.31

.059

0.84

1.79

110

1.22

.004

1.09

1.36

ESBC_All Behaviours
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For comparison purposes of the standardized mean difference effect sizes, the betweengroup results found in the original Vause and colleagues (2018) study are presented in Figure 4.
The results displayed in Table 1 and Figure 4 are compiled and depicted in a forest plot
displayed in Figure 5.
Figure 4
The published table of results from the Vause and colleagues (2018) paper that presented effect
sizes in the form of Hedges’ g and the corresponding confidence intervals to represent the effects
of the treatment.

The forest plot was created to display all effect sizes and their corresponding standard
errors. The forest plot indicates some variability in effect size estimates; however, the confidence
intervals of the SCD effect size estimates all overlap with the confidence intervals of the original
group-based effect size estimates. Of particular note is the effect size estimate of ESBC_All
Behaviours found using the DHPS.sps macro. This ESBC (g = 1.22) is comparable to the
between-case effect sizes found by Vause and colleagues (2018). The average effect size across
the four outcomes found by Vause and colleagues was g = 0.99.
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Figure 5
A forest plot which includes the ESBCs of Vause and colleagues (2018) data analyzed using the
DHPS.sps macro (Table 1) and the effect sizes originally found from the randomized controlled
trial analyses (Figure 4).

Note. The size of the individual participants’ ESBC data points (closed circles) represents the
number of behaviors analyzed per participant. The ESBC of all behaviors across participants is
represented by the closed triangle. The closed squares represent the effect sizes of the following
measures: RBS_SCR Repetitive Behavior Scale-Revised, CY-BOCS Children’s Yale-Brown
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Obsessive Compulsive Scale, RBS-100 Repetitive Behavior Scale-Revised, COIS-RP The Child
Obsessive-Compulsive Impact Scale Revised Parent.
Exemplification of Visual Analysis
The following figures show daily parent ratings (based on the Likert-type scale from 1 to
5) of target behaviors across baseline (including PM) and treatment. Three behaviors each from
participant 3 and participant 7 were selected to display visually. These participants were selected
to graphically display because they had a similar number of target behaviors but differed in the
overall ESBC found (Participant 3 g = 1.75, 95% CI [1.42, 2.07]; Participant 7 g = 0.68, 95% CI
[0.37, 0.98]). Thus, although they had a similar number of behaviors undergo treatment, the
treatment effects were larger for Participant 3. Furthermore, both participants’ confidence
intervals do not overlap with the confidence intervals of ESBC_All Behaviours, Participant 3 is
above the upper interval and Participant 7 is below the lower interval. Therefore, it was of
interest to investigate further using visual analysis.
There are two sets of graphs displayed per participant. The first set displays the data
based on how it was arranged according to the specifications of the DHPS.sps macro. Thus, the
data is presented complete and consecutively in the first set. The second set displays the raw data
which includes spaces where parents had forgotten to provide a response.
Using traditional visual analysis techniques to consider the functional relationship
between the treatment and the parent responses of the target behaviors, the following
considerations were made: the number of data points, the variability of data, the levels of the
data, and the direction and degree of trends in the data (Cooper et al., 2020). For Participant 3,
the parent responses recorded in baseline are very stable for behaviors 1 and 6 and somewhat
variable for behavior 3. The level recorded in baseline suggests the target behaviors are
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occurring at pre-treatment levels. When the treatment is introduced, the graphs for all three
behaviors suggests that based on the parent ratings, the behaviors are reduced after
approximately three days to partial improvement from pre-treatment levels and the desired posttreatment level of OCB. When inspecting participant 7’s three graphs a lot of variability is
observed. Two of the three behaviors have variable responses in baseline and in treatment
without a clear representation of level or trend. However, the graph of behavior 22 displays an
eventual stable trend in baseline such that parent ratings were at pre-treatment levels and once
treatment is introduced the ratings quickly go down to the desired post-treatment level of OCBs.
Thus, on average across behaviors visual analysis suggests parent ratings of the OCBs are
reduced.

36
Figure 6
A sample of participant 3 behaviors of which parent rating responses were collected. The graphs
have been developed based on the data inputted into the DHPS.sps macro, thus data is
consecutive. Participant 3 parent rating responses of behavior 1 (top panel), behavior 3 (middle
panel), and behavior 6 (bottom panel).
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Figure 7
A sample of participant 3 behaviors of which parent rating responses were collected. The graphs
have been developed based on the original data, thus including spaces where parents had
forgotten to provide a response. Participant 3 parent rating responses of behavior 1 (top panel),
behavior 3 (middle panel), and behavior 6 (bottom panel).
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Figure 8
A sample of participant 7 behaviors of which parent rating responses were collected. The graphs
have been developed based on the data inputted into the DHPS.sps macro, thus data consecutive.
Participant 7 parent rating responses of behavior 21 (top panel), behavior 22 (middle panel),
and behavior 23 (bottom panel).
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Figure 9
A sample of participant 7 behaviors of which parent rating responses were collected. The graphs
have been developed based on the original data, thus including spaces where parents had
forgotten to provide a response. Participant 7 parent rating responses of behavior 21 (top
panel), behavior 22 (middle panel), and behavior 23 (bottom panel).
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For discussion purposes and to provide further information on the effects found in the
selected graphs, traditional effect size calculations for SCDs were utilized. The two approaches
used were PND and PEM. The two equations used are
𝑃𝑁𝐷
=

# 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠 𝑏𝑒𝑙𝑜𝑤 𝑡ℎ𝑒 𝑙𝑜𝑤𝑒𝑠𝑡 𝑝𝑜𝑖𝑛𝑡 𝑜𝑓 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑖𝑛 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑝ℎ𝑎𝑠𝑒
𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠

and
𝑃𝐸𝑀 =

# 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠 𝑏𝑒𝑙𝑜𝑤 𝑡ℎ𝑒 𝑚𝑒𝑑𝑖𝑎𝑛
𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠

from the paper by Ma (2006). The results from these calculations are displayed in table 2.

Table 2
Results of PND and PEM calculations for the six selected behaviors of Participant 3 and
Participant 7.
Participant Behavior

3

7

PND

PEM

1

.000

.763

3

.061

.909

6

.000

.789

21

.000

.967

22

.000

.897

23

.000

.286
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Discussion
The present study is the first known to explore and compare the effect size estimates of a
treatment on participants’ behaviors that was evaluated as a SCD as well as a group-based
design. The aim of the present study was to analyze treatment effects from SCD data and
compare them to the effects found from group-based analyses of the same participants
undergoing the same treatment. More specifically, the following research questions were asked:
1) Does the between-case standardized mean difference effect sizes found corroborate with the
effects found using group-based analyses on the same participants that underwent the same
treatment? 2) What comparisons can be made between the overall between-case standardized
mean difference effect size found across all behaviors with the effect sizes found per participant?
3) Can additional information of treatment effects be described by utilizing statistical tools to
acquire between-case standardized mean difference effect sizes from SCD research? 4) Can the
additional information of treatment effects found using statistical tools to acquire between-case
standardized mean difference effect sizes further complement traditional SCD methodologies?
One of the most intriguing questions of the present study was if the ESBC across all
behaviors and per participant would corroborate with the group-based effect sizes found in the
original Vause et al. (2018) study. It was found that the effects were quite comparable. The
parent rating responses were collected and analyzed as an AB design. The overall ESBC of the
treatment was found to be large at g = 1.22, suggesting that the treatment across behaviors
reduced parent rating scores by one and a fifth standard deviations. This analysis confirms what
was already found using group-based analyses in the Vause et al. (2018) study. The original
group-based analyses concluded that across all the outcomes, the mean effect size was large at g
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= 0.99. Although these effects differ by approximately a fifth of a standard deviation, they both
suggest a large effect.
In addition to the overall ESBC found, the effects of treatment across behaviors per
participant were also calculated. Of the 17 participants, the ESBC estimates in the form of
Hedges’ g ranged from 0.36 to 1.98. This suggests, depending on the participant, there were
small, medium, and large effects found (according to Cohen’s 1988 interpretations of effect
sizes). Although these effects appear to be variable, there are some considerations to be made.
When completing analyses, the number of cases analyzed, and the amount of data will
influence the effects found. From the Vause et al. (2018) data the largest number of behaviors
that received treatment per participant was 10 and the least amount was three. The other
consideration is that out of the 8039 data points used to analyze the overall ESBC of treatment
across all behaviors, the largest amount of data points involved in the analysis per participant
were 824 parent responses and the least amount were 117 parent responses. To more specifically
exemplify how this will affect outcomes, we will consider the outcomes of Participant 3 and
Participant 11. Participant 3 received treatment for 10 behaviors and the total amount of data
included in the analyses were 824 parent responses. The ESBC estimate of Participant 3 was
found to be g = 1.75. Whereas Participant 11 received treatment for only three behaviors and the
total amount of data included in the analyses were 162 parent responses. The ESBC estimate of
Participant 11 was found to be g = 0.36. Although treatment effects may differ based on
contextual variables such as setting or treatment integrity, it is important to also recognize how
sample size and total number of data points can influence an overall outcome.
The statistical technique to analyze the SCD data can be applied to explore the overall
effect of a treatment within one study or many. Based on the structure of this design, the present
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study exemplifies how an overall stable ESBC can be generated across multiple participants, like
a meta-analysis. Also, a ESBC per participant can be generated once the data is rearranged in
accordance with the statistical tool’s requirements.
This approach may allow researchers to verify an overall treatment effect and treatment
effects per participant. This will provide SCD researchers with the natural opportunity to
evaluate how variables such as sample size, number of data points, or other contextual variables
might affect the outcomes of the treatment across studies. This will allow researchers to dive
deeper into interpretations of how a treatment can affect certain behaviors, which has the
potential to drive future research projects and influence EBP. Furthermore, the use of a visual
display using these results, such as a forest plot, can provide even more valuable information.
To exemplify what kind of information can be discovered with a visual aid, a forest plot
of the findings was created (figure 5). The number of behaviors analyzed per participant is
represented by the size of the data point indicating the effect found. The display of all effects
presents the opportunity to compare results and reveal any variation of the outcomes. When
viewing figure 5, there are a few immediate observations to note. The first is that the effect size
of ‘ESBC_All Behaviours’ is only slightly higher on the x-axis than the four effect sizes from
Vause et al. (2018) study. The proximity of these effects confirms what has already been
deduced: both types of analyses, SCD and group-based, obtained similar effects of the treatment
on the behaviors. The second noteworthy finding from figure 5 is that all but one set of
confidence intervals (Participant 11) excludes zero. When a confidence interval excludes zero it
suggests that the effect found was statistically significant at p < 0.05.
The length of the confidence intervals per outcome provides this study with important
information. Firstly, the width of the confidence interval often is influenced by the sample size or
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the observation points involved in the analysis. The intervals can be further interpreted such that
the narrower the confidence interval, the larger the sample size or observation points. The
confidence interval will be narrower because it is a more precise estimate of the effect found.
Furthermore, if the confidence intervals of the outcomes overlap, this suggests they are not
significantly different. Thus, when considering the overall ESBC found using the SCD data and
the original group-based effect size estimates, they fully overlap suggesting they are not
significantly different. In addition, this strategy allows further exploration of the individual ESBC.
There are some outcomes found that do not overlap with the ‘ESBC_All Behaviours’ which
suggests there are significant differences; however, all individual outcomes display overlap with
the group-based outcomes suggesting there are no significant differences.
To further explore how the SCD ESBC outcomes found can complement traditional SCD
methodologies, single-case graphs were generated (figures 6-9), visual analysis was applied to
the graphs, and corresponding calculations were completed (table 2). Although it would be
interesting to view and visually analyze all 110 behaviors plotted in graphs, this would be
excessive. Thus, two participants and three of their behaviors were selected to provide a visual
representation of traditional SCD methodologies and calculations. The graphs were generated
with and without the spaces that represent parents forgetting to respond. This allowed a visual
representation of how data was arranged consecutively for the DHPS.sps macro and how it was
originally collected. Based on the visual analysis conducted, on average across the six behaviors
analyzed, the parent ratings of the OCBs reduced to post-treatment levels of OCBs. This analysis
corresponds with the ESBC outcomes of Participant 3 and 7.
In addition to visual analysis, PND and PEM calculations were completed. Although the
effect from these calculations are not in a comparable metric that can be included in meta-
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analyses, the calculations were completed to exemplify how a statistical approach can further
complement these more traditional analyses. On average, the PND calculations across all
behaviors suggested there was no effect. However, considering the visual analysis completed, it
is clear this is not the case. The PND calculation is vulnerable to outliers which may promote a
Type 2 error (Lenz, 2013). Therefore, another calculation was completed using PEM. Percentage
of data exceeding the median accommodates the presence of outliers in baseline, such as the
outliers that can be viewed in several of the graphs. Also, PEM can be utilized when there is
variability over time, such as the variability seen in the graphs of behaviors 3, 21, and 23.
Overall, the PEM calculations suggest there was a moderate to high effect. However, the PEM
calculation of behavior 23 suggests the treatment was ineffective.
From the exploration of these differing methodologies, it is discernable that the use of a
statistical technique can complement traditional SCD interpretations of treatment effects. The
application of the DHPS.sps granted the opportunity to analyze a very large dataset.
Additionally, depending on the design and arrangement of data, the data can be analyzed in a few
different ways. This may provide researchers with different perspectives on their overall
treatment outcomes across participants and behaviors. Furthermore, by utilizing this statistical
technique, the outcomes found can be used to generate a forest plot. As well as comparing the
numerical effect size estimates with each other, a visual representation can aid in comparisons. In
addition, the confidence intervals that were calculated using the computed Hedges’ g and
corresponding variance assists in establishing significant differences between the effects. Thus,
not only can researchers quickly recognize small, moderate, or large effects per case, depending
on the design, they can also be compared with the overall effect.
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Finally, the most significant benefit of utilizing the macro is that the analyzed effects are
in a comparable metric to group-based intervention or treatment effects. This outcome is more
recognizable to researchers and policy makers that are most familiar with group-based measures.
Thus, SCD outcomes and group-based outcomes can be merged and compared. Not only can
SCD results be included in research syntheses but they can be synthesized in meta-analyses.
Consequently, SCD findings will influence EBP and policy alongside group-based research
findings.
Limitations and Future Directions
While this study successfully exemplified how a d-statistic can be acquired using a
statistical tool to analyze the SCD dataset, there are some limitations to acknowledge.
Statistical Tool Software
The advancement of SCD methodology and statistical techniques have been in the works
for a number of years for the purpose of ensuring that validated findings from SCD research
methods are disseminated and included in the wealth of knowledge within the scientific
community (Maggin et al., 2017). One researcher that has contributed to this pursuit was
William Shadish. Based on the proposed standardized mean difference effect size for SCDs
(Hedges et al., 2012), Shadish (2015) developed the DHPS.sps macro software with the intention
of it being user friendly. There were three separate software releases to the public between 2013
and 2015.
The present study employed the most recently released version from 2015. Although the
use of this software successfully produced results, there were some technical difficulties that had
to be dealt with. Some compatibility issues were difficult to identify such that the software only
computed when employed on a Mac computer versus a PC computer. However, further attempts
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included the use of both types of computers and different SPSS versions. Eventually, one main
computer that evidently provided reliable output from the macro was used for all analyses.
Along with the links to download the software packages, there is a description of the
software on Shadish’s webpage. Within this description Shadish states “we will update the
software as needed”. Unfortunately, Shadish passed away in 2016, thus leaving this task to his
colleagues. However, there have yet to be anymore updates to the software since the last release
in 2015. Furthermore, within the corresponding DHPS.sps manual (Marso & Shadish, 2015), it
states that “future releases of DHPS will allow trend and nonnormally distributed data” (p. 5).
The frequent updates of technology and statistical software may require the macro to be
updated. If the macro software is not being maintained and updated this will limit future uses and
hinder the pursuit to disseminate SCD findings. Thus, in the future, it would be advantageous for
a professional to update and distribute an accessible SPSS package in order for this statistical
approach to receive broad appreciation.
Although this statistical package is available to use with single-case reversal designs and
multiple baseline designs, it unfortunately is unable to accommodate other variations such as
alternating treatment designs, changing criterion designs, and combined designs that involve
reversal and a multiple baseline.
Future Directions
Future research and exploration of SCD effect sizes could build on the present findings.
This study exemplified how a large dataset can be analyzed efficiently while also focusing on
individual effects. Thus, future studies should consider using a statistical tool to analyze their
data to complement traditional methods. There are two other statistical packages that are
available to calculate a SCD effect size that should be highlighted to aid in future research. The
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first is the Single-case effect size calculator created by Pustejovsky and Swan (2018). This
package involves functions to calculate basic effect size indices for SCDs. Although it does not
provide an output directly comparable to group-based effect sizes, the creation and accessibility
of such a package encourages SCD researchers to explore and recognize the potential in
statistical packages. The second R package is the scdhlm created by Pustejovsky (2020). This
package can be used to estimate hierarchical linear models and effect sizes from SCD data. The
package involves functions that will estimate standardized mean difference effect sizes from
reversal designs, multiple baseline designs, and multiple probe designs.
Not only is the highlighted software user friendly but it is open-source and freely
available. By utilizing statistical tools to acquire an effect size estimate it could help to further
substantiate and describe the effects found from SCD research. Furthermore, researchers
conducting group-based experiments could also consider collecting individual data like the
nested structure used by Vause and colleagues (2018). Although group-based research provides
an overall effect, some researchers may be interested in individual effects as well. Therefore,
with a comparable metric that can be calculated from SCD data, researchers may be more
inclined to explore effects on different levels.
And finally, if there is another study structured like the Vause and colleagues (2018)
study, it would be valuable to conduct explorative analyses to see if the same corroborative
outcome is found.
Conclusion
This study explored the utility of differing methodological approaches to measure
meaningful change in a treatment scenario. This is an important task such that by demonstrating
how different methodologies can be analyzed to produce a comparable metric, findings from
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differing experimental designs could be compared. However, there seems to be a lack of research
and evidence specifically about how SCD effects compare with group-based effects. Therefore,
to address this literature gap, the results of the present study have indicated that the analysis of
differing methodologies using the same participants that underwent the same treatment, produced
similar effects and were in a comparable metric. Not only do these findings support the ability to
compare SCD effects with group-based design effects, but also the effect found using different
methodologies were analogous. By presenting these results, it demonstrates the overwhelming
value in utilizing such software and reinforces how it can complement traditional analyses.
Additionally, perhaps more fulsome meta-analyses will be completed and lead to further
dissemination of important findings that may eventually influence EBP and policy. Thus, I invite
you to explore statistical tools to further demonstrate overall effects and disseminate your
findings.
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