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Abstract

Meaningfully synthesizing single case experimental data from intervention studies comprised of 

individuals with low incidence conditions and generating effect size estimates remains 

challenging. Seven effect size metrics were compared for single case design (SCD) data focused 

on teaching speech generating device use to individuals with intellectual and developmental 

disabilities (IDD) with moderate to profound levels of impairment. The effect size metrics 

included percent of data points exceeding the median (PEM), percent of nonoverlapping data 

(PND), improvement rate difference (IRD), percent of all nonoverlapping data (PAND), Phi, 

nonoverlap of all pairs (NAP), and Taunovlap. Results showed that among the seven effect size 

metrics, PAND, Phi, IRD, and PND were more effective in quantifying intervention effects for the 

data sample (N = 285 phase or condition contrasts). Results are discussed with respect to issues 

concerning extracting and calculating effect sizes, visual analysis, and SCD intervention research 

in IDD.
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Evidence-based practice (EBP) has become a standard for an increasing number of 

educational and human services disciplines (American Speech-Language-Hearing 

Association [ASHA], 2014; Jenson, Clark, Kircher, & Kristjansson, 2007; Meline & Wang, 

2004; Odom, 2009). Meta-analyses contribute to EBP by providing a high level of scrutiny 

when evaluating an evidence base (Orlikoff, Schiavetti, & Metz, 2015). However, for some 
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domains of applied research, meta-analyses can be more challenging to implement because 

of the lack of agreed upon effect size metrics (Lipsey & Wilson, 2001; Shadish, Hedges, & 

Pustejovsky, 2014).

One area where this is particularly evident involves intervention research with low-incidence 

populations including individuals with intellectual and developmental disabilities (IDD) with 

moderate to profound levels of impairment. In the specific area of speech generating device 

(SGD) interventions for individuals with IDD with moderate to profound levels of 

impairment, for example, the population is extremely heterogeneous. This has resulted in a 

preponderance of single case design (SCD) studies for which there is not a standard effect 

size metric. In this article, we used the results from SCD SGD intervention studies as a 

vehicle to further evaluate different non-parametric effect size metrics from SCD studies. 

Our rationale was, in part, pragmatic. That is, the literature specific to SGD and severe 

disabilities is a manageable literature. Additionally, SGDs represent an area of a relatively 

rapid growth with tablet-based systems emerging and proliferating (Kuster, 2012; 

McNaughton & Light, 2013). In the following sections we provide a brief overview of the 

literature addressing SGD and SCD. Subsequently, we provide a rationale for the SCD effect 

size comparisons that were conducted.

The Need for Effect Size Clarity for Applied Intervention Research With 

Low-Incidence Populations Using SGDs

Within the past decade, SGD interventions have become more accessible to individuals with 

IDD with moderate to profound levels of impairment. In part, this is the result of increased 

attention to the use of SGDs with “beginning” communicators, including older children and 

adults with IDD with significant levels of impairment who are still developing basic 

communication skills (Johnston, Reichle, Feeley, & Jones, 2012; Reichle, Beukelman, & 

Light, 2002). Additionally, the use of SGDs with individuals with IDD experiencing more 

significant levels of impairment has increased as a result of advances in technology 

(Fernandez, 2011; Hershberger, 2011; McNaughton & Light, 2013). Only 5 years ago, high-

tech, touch screen SGDs were often obtained from specialized SGD manufacturers, after a 

complete evaluation from a licensed speech and language pathologist, followed by a funding 

request and approval (Beukelman & Mirenda, 2013). Today, consumers can immediately 

obtain an SGD by purchasing a portable, touch-screen computer from a retailer and 

downloading one of the numerous low-cost or free augmentative and alternative 

communication (AAC) software applications that are readily available (Kuster, 2012). 

Consequently, interventionists are reporting increased rates of care partners pursuing SGD 

interventions for individuals with IDD with significant levels of impairment (Gosnell, 

Costello, & Shane, 2011).

With increasing use, there is a need for EBP guidelines addressing outcomes specific to 

SGDs and IDD. Systematic reviews related to SGD interventions often involve the analysis 

of studies in which SCDs were used. Although many parametric or non-parametric effect 

size metrics have been proposed for SCD studies (see Table 1), there has not been wide-

spread agreement on which effect size metric(s) best serve the evaluation of SCD research 
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(Gast & Ledford, 2014; Wolery, Busick, Reichow, & Barton, 2010). As a result, the majority 

of the extant systematic reviews for SCD studies involving SGDs have not reported effect 

size metrics (e.g., Gevarter et al., 2013; Kagohara et al., 2013; Lancioni, O’Reilly, et al., 

2007; Mirenda, 2003; Rispoli, Franco, van der Meer, Lang, & Camargo, 2010; Schlosser & 

Blischak, 2001; Schlosser & Sigafoos, 2006; Snell, Chen, & Hoover, 2006; Snell et al., 

2010; van der Meer & Rispoli, 2010), or have reported a single overlap-based effect size 

metric (e.g., Percentage of Nonoverlapping Data [PND] in Branson & Demchak, 2009, in 

Millar, Light, & Schlosser, 2006, in Schlosser & Wendt, 2008, and in Stephenson & 

Limbrick, 2013; and Improvement Rate Difference [IRD] in Ganz et al., 2012).

Existing research comparing different effect size metrics for SCDs (see Table 2 for a brief 

overview) has provided important evidence for the utility of several newer effect size metrics 

(e.g., IRD, PAND [percent of all nonoverlapping data], Phi, NAP [nonoverlap of all pairs], 

Taunovlap [Kendall’s tau nonoverlap]) by analyzing their correlations with some earlier 

metrics such as PEM [percent of data points exceeding the median], PND, and Pearson R2; 

their ability to differentiate intervention effects of different magnitudes; and their agreement 

with visual analysis judgments. Among these studies, some used phase contrasts exclusively 

from withdrawal or multiple baseline designs (e.g., Ma, 2006; Parker & Hagan-Burke, 2007; 

Parker, Hagan-Burke, & Vannest, 2007), although most used phase contrasts for which no 

specific research design information was provided (e.g., Campbell, 2004; Parker & Vannest, 

2009; Parker, Vannest, & Brown, 2007; Parker, Vannest, & Davis, 2011; Parker, Vannest, 

Davis, & Sauber, 2011; Wolery et al., 2010). Schlosser, Sigafoos, and Koul (2009) reported 

that important SGD-related research questions often include comparing the relative effect of 

treatments such as interventions involving SGDs, manual signs, and nonelectronic picture 

exchange systems (e.g., van der Meer et al., 2013). Comparison designs (e.g., alternating 

treatment designs) are critical for these types of SGD-related research questions, but data 

from studies using comparisons designs, in which different intervention conditions are 

compared, have been largely overlooked in the existing effect size metric comparison 

studies.

Given the current state of evidence addressing SCD effect size metrics and prior SCD effect 

size metric comparisons, our goal was to better understand the performance of the various 

effect size metrics across different SCD design types used in SGD research. To accomplish 

this, we identified and compared seven effect size metrics that were previously reported on 

by Parker, Vannest, and Davis (2011): PEM, PND, IRD, PAND, Phi, NAP, and Taunovlap. In 

the current investigation we chose to focus on non-parametric effect size metrics because 

they are more often used in practice by analyzing the overlap of data points across phases as 

compared to parametric effect size metrics (Maggin et al., 2011; Shadish et al., 2014). 

Additionally, the calculation of non-parametric effect size metrics is more aligned with the 

advocacy for a “bottom-up” approach to analysis of SCD data in comparison to a “top-

down” approach (Parker & Vannest, 2012). Specifically, the bottom-up approach refers to 

combining data from individual phase contrasts to form one or more effect size metrics that 

represent the entire design; whereas the top-down approach refers to using data from the 

entire design to form an omnibus effect size metric by use of statistical models, such as 

hierarchical modeling, randomization, or complex multiseries regression (Parker & Vannest, 

2012). Therefore, although top-down models seem promising, the bottom-up approach is 
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advocated for use given its easier accessibility for interventionists and behavior analysts, 

higher consistency with the logic of visual analysis, and more intuitive and meaningful 

results (Parker & Vannest, 2012).

The specific analysis objectives for this investigation included an analysis of (a) the 

intercorrelation among the seven effect size metrics, (b) the discriminability of seven effect 

size metrics with respect to the magnitude of intervention effects, and (c) the agreement 

between the seven effect size metrics and visual analyses. These three areas have been 

frequently explored in previous effect size metric comparison research for other applied 

study domains and are relevant to the judgment of relative utility of effect size metrics for 

SCD studies (e.g., Parker & Vannest, 2009; Parker, Vannest, & Davis, 2011; Wolery et al., 

2010; also see Table 2).

Method

Search Procedures

Electronic searches were conducted to identify articles addressing SGD interventions with 

the targeted population. The following search procedures were executed in January 2014 and 

yielded a total sample of 220 studies to which inclusion and exclusion criteria were applied.

First, an SGD was defined as an electronic, aided, augmentative and/or alternative 

communication device that provides auditory stimuli via digitized and/or synthesized speech 

output (adapted from Schlosser et al., 2009). Six electronic databases were searched 

including: Academic Search Premier, Education Resources Information Center (ERIC; 

Access via CSA), PsychINFO, Medline (Ovid), Education Full Text, and LLBA (Linguistics 

& Language Behavior Abstracts). The search was limited to English-language peer-reviewed 

studies published between 1985 and 2013. Historically, SGDs have been referred to by a 

variety of terms, including voice output communication aid (Olive et al., 2007), VOCA (e.g., 

Sigafoos, Drasgow, et al., 2004), and voice output device (e.g., Dicarlo & Banajee, 2000). In 

other sources, no specific term was used to describe the device itself. Instead, the SGD was 

referred to as assistive technology (e.g., Kagohara, 2010), or by the method it was accessed 

by the communicator such as microswitch (e.g., Lancioni et al., 2006). To ensure that a 

sufficiently broad search was conducted, six separate multiword search terms were entered 

into each database including speech generating device, voice output communication aid, 

voice output device, VOCA and assistive technology, communication device and assistive 
technology, and microswitch and communication.

Next, an archival search strategy was used. Hand or electronic searches of the tables of 

contents of six journals published between 1985 and 2013 were conducted using the same 

search terms as the electronic database search listed previously. The journals were 

Augmentative and Alternative Communication (AAC); Journal of Applied Behavior 
Analysis (JABA); Journal of Developmental and Physical Disabilities (JDPD); Journal of 
Speech, Language, and Hearing Research (JSLHR); Language, Speech, and Hearing 
Services in Schools (LSHSS); and American Journal of Speech-Language Pathology 
(AJSLP). These journals were selected because the first three yielded the most returns from 

the initial database search and the second three represented the American Speech Language 
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Hearing Association journals that historically have published a breadth of communication 

and SGD intervention literature.

Finally, an ancestral search was conducted through the reference lists of 11 recent SGD-

related literature reviews (Branson & Demchak, 2009; Ganz et al., 2012; Gevarter et al., 

2013; Kagohara et al., 2013; Lancioni, O’Reilly, et al, 2007; Millar et al., 2006; Rispoli et 

al., 2010; Schlosser & Sigafoos, 2006; Snell et al., 2006; Stephenson & Limbrick, 2013; van 

der Meer & Rispoli, 2010).

Inclusion/Exclusion Criteria Applied to Articles Identified

To be included in the analysis, an article was required to (a) be published between 1985 and 

2013, (b) employ an experimental single case design (e.g., withdrawal design, multiple 

baseline or multiple probe design, alternating treatment design, or combined design), (c) 

utilize at least one SGD throughout an intervention, (d) serve at least one learner with a 

developmental disability/delay who had moderate to profound levels of intellectual 

impairment (i.e., an IQ of 50 or below based on standardized tests; DSM-5 [American 

Psychiatric Association, 2013], or an author[s]’ description of a participant as experiencing a 

moderate, severe, or profound levels of intellectual impairment. In multiple-participant 

studies, only those participants meeting this criterion were included in the data analysis. 

Seventy-six percent of the included participants had their cognitive status described 

narratively with IQ from standardized testing used for the remainder), (e) report on one or 

more relevant dependent variables of the participant’s communication comprehension or 

production skills, (f) graphically display the participant’s acquisition-related data with a 

minimum of one communication skill involving an SGD, (g) permit an effect size 

calculation (e.g., sufficient resolution in relevant graph[s], or raw data to permit graphing); 

(h) be peer reviewed, and (i) be published in English.

Exclusion criteria were (a) quasi-experimental (AB design) studies (e.g., Russell & Beard, 

1992), phase designs without a return to baseline following an intervention condition (e.g., 

AB [e.g., Reichle & Ward, 1985; Russell & Beard, 1992], ABC [e.g., Sigafoos, O’Reilly, 

Seely-York, et al., 2004], ABCD [e.g., one participant in Logan et al., 2001); (b) group 

design studies (no group design studies were found in the current sample of 220 articles); (c) 

articles providing only maintenance or generalization data with no acquisition data (e.g., 

Fragale, O’Reilly, Aguilar, & Pierce, 2012; Sigafoos, Didden, & O’Reilly., 2003; van der 

Meer et al., 2011); (d) phase design studies that did not provide baseline data for the targeted 

communication skill (e.g., Radstaake et al., 2013; Wacker et al., 1990); (e) articles that did 

not report at least one communication skill involving SGD use as the dependent measure 

(e.g., Ferris & Fabrizio, 2008); (f) data displayed with insufficient resolution for data 

extraction (e.g., Schlosser, Belfiore, Nigam, Blischak, & Hetzroni, 1995); (g) SGDs used for 

noncommunicative purposes (e.g., leisure purposes; Lancioni et al., 2007); (h) preference-

only studies assessing learners’ preference for the SGD and other different AAC strategies 

(e.g., the study 2 in the article by Sigafoos et al., 2009); and (i) individuals who experienced 

disability onset after age 21 (based on the definition for developmental disability from the 

U.S. Department of Health and Human Services Developmental Disabilities Assistance and 

Bill of Rights Act (2000; e.g., Lancioni, O’Reilly, Singh, Buonocunto, et al., 2009).
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Preparation for the Data Sample

Based on the inclusion and exclusion criteria, 285 phase or condition contrasts from 45 

studies across 21 different journals were identified. These consisted of 181 AB phase 

contrasts from seven studies with withdrawal design (i.e., ABAB, ABABA, or ABA design), 

14 studies with multiple-baseline designs (i.e., across participants [n = 9], across teaching 

tasks or materials [n = 2], across communication partners [n = 1], across participants and 

settings [n = 1], and across participants and teachers [n = 1]), and 12 studies with multiple-

probe design (i.e., across responses [n = 6], across participants [n = 2], across devices [n = 

1], across participants and teaching materials [n = 1], across participants and time periods [n 
= 1], and across time periods and settings [n = 1]). The remaining 39 AB phase contrasts and 

65 condition contrasts were derived from six studies with alternating treatment design and 

six studies with combined designs (i.e., the combination of multiple-probe and alternating 

treatment designs [n = 3], the combination of multiple-baseline and alternating treatment 

designs [n = 2], and the combination of withdrawal and alternating treatment designs [n = 

1]). The median number of data points per phase or condition contrast was 15, and the 

interquartile range (IQR) was 8 to 22. The median number of data points in Phase A (i.e., the 

baseline condition) was 5 (IQR: 3-9), and in Phase B (i.e., the intervention condition) was 8 

(IQR: 4-16). The 285 phase or condition contrasts were derived from 72 graphs, among 

which 57 graphs were from withdrawal designs, multiple-baseline or multiple-probe designs, 

and 15 graphs were from alternating treatment designs or combined designs.

To prepare the data sample, the graphs in the identified 45 studies were saved as 

individual .jpeg images. These were uploaded into PlotDigitizer® (Huwaldt, 2010) data 

extraction software and digitally converted into numerical data. Then, the numerical data 

points were extracted from the graphs and downloaded into a spreadsheet that displayed the 

data from each graph. Although the PlotDigitizer® software identifies values up to the 5th 

decimal place, values of each dependent measure were rounded to the decimal place that 

was reported in the original study. For instance, if a target dependent measure of the 

frequency of requests was reported using a whole number in a study, the data extracted 

through PlotDigitizer® were also rounded to the whole number. Additionally, if the original 

data were graphed in a cumulative manner (e.g., Sigafoos & Drasgow, 2001, sessions two 

through 28), the cumulative data were extracted through PlotDigitizer® and then the data 

were further transformed into noncumulative data by subtracting the first session data from 

the second session, subtracting the second session data from the third session, and so on, 

until only the data for each respective session were obtained.

For graphs using withdrawal, multiple-baseline, or multiple-probe designs, each of the 

adjacent AB data series was extracted and treated separately (i.e., each intervention phase 

was compared with the immediately preceding baseline). If a combination of withdrawal and 

multiple-baseline or multiple-probe design was used, each adjacent AB series involved was 

extracted. For studies using phase designs such as ABA, ABAC, or ABACA, each AB phase 

contrast was extracted based on the same principle described earlier. That is, the data for 

each intervention phase and its immediately preceding baseline phase were extracted. When 

a return to baseline was involved, the resulting adjacent BA data contrast was also extracted, 

with the designation of baseline and intervention phases remaining unchanged. For graphs 
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using alternating treatment designs, the baseline-and-condition comparison and/or between-

condition comparison were extracted. Baseline-and-condition comparison referred to the 

comparison of a dependent variable involving SGD use between the adjacent baseline and 

intervention conditions. Between-condition comparisons referred to the comparisons 

between two different concurrently implemented intervention conditions, in which at least 

one of the two intervention conditions involved SGD use.

Some examples of a between-condition comparison included an intervention condition with 

an SGD and an intervention condition without an SGD (e.g., Sigafoos & Drasgow, 2001), 

the comparison between an intervention condition with an SGD and an intervention 

condition with another AAC strategy such as manual signs or picture symbols (e.g., Soto, 

Belfiore, Schlosser, & Haynes, 1993; van der Meer, Kagohara, et al., 2012), and the 

comparison between two intervention conditions in which some aspect of the SGD differed 

(e.g., a condition with an SGD producing long utterances versus a condition with an SGD 

producing short utterances [Sigafoos et al., 2011]). If three or more intervention conditions 

were alternated, each pairwise comparison was extracted, with at least one intervention 

condition among each pair involved SGD use. Additionally, if one intervention condition 

involving SGD use was superior to other condition(s) and then a final phase was 

implemented involving continued use of the superior condition alone, data from the final 

phase were not extracted for analysis. For data extraction and later effect size metric 

computations of between-condition comparisons, the condition involving the use of an SGD 

served as the intervention condition whereas the condition involving no use of an SGD was 

considered as the baseline condition. If both conditions involved the use of an SGD, the 

condition that was reported to be the more complex or sophisticated use of the SGD was 

considered as the intervention condition whereas the other condition was considered as the 

baseline condition. For example, the use of an SGD with voice output was considered as the 

intervention condition, whereas the use of an SGD without voice output was considered as 

the baseline condition (e.g., Sigafoos et al., 2011).

For data sets using combined designs, if a combination of alternating treatment and 

withdrawal, multiple-baseline, or multiple-probe designs were implemented, data were 

extracted based on the rules established for alternating treatment designs (e.g., Kennedy & 

Haring, 1993). Data from maintenance and/or generalization conditions were not analyzed in 

the current investigation.

Computation of Effect Sizes

The seven effect size metrics computed included PEM, PND, PAND, Phi, IRD, NAP, and 

Taunovlap (Parker, Vannest, & Davis, 2011). All computations were conducted in a 

programmed Excel spreadsheet (Microsoft Company, 2007) based on the computation 

procedures for each index (available from the first author upon request). IRD, NAP, and 

Taunovlap can also be computed by an online calculator at http://www.singlecaseresearch.org/

calculators (Vannest, Parker, & Gonen, 2011). After the required raw data were entered onto 

the Excel spread sheet, the Excel spread sheet computed and exported the results 

automatically.
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Procedures for Visual Analysis

One judge independently rated all 45 studies comprised of 285 phase/condition contrasts, 

and a second judge independently rated 30 studies comprised of 219 phase/condition 

contrasts. Both raters had completed doctoral-level specialized coursework on SCD research 

methods and had collaborated on several SCD studies. Procedures for visual analysis 

implemented by Petersen-Brown, Karich, and Symons (2012) were replicated in the current 

investigation. Specifically, four indicators were adopted to make visual analysis judgments 

and if changes in at least two out of four indicators were detected in a phase or condition 

contrast, an intervention effect was coded for the specific contrast. The indicators were: 

immediacy, variability, trend, and level.

For phase contrasts, we utilized the same operational definitions for the four indicators as 

those described in Petersen-Brown et al. (2012). Immediacy was defined as whether there 

was a difference between last three data points in Phase A versus the first three data points in 

Phase B. Variability was defined as whether there was a difference in the data fluctuation 

about the mean in Phase A versus the mean in Phase B. Trend was defined as whether there 

was a difference between the slope of the data in Phase A versus that in Phase B. Level was 

defined as whether there was a difference between the mean of Phase A and the mean of 

Phase B.

The study by Petersen-Brown et al. (2012) did not involve condition contrasts. 

Consequently, for condition contrasts we applied the same logic evident in the phase contrast 

definitions and developed the corresponding operational definitions. Immediacy was defined 

as whether there was a difference between the first three data points of two conditions being 

compared. Variability was defined as whether there was a difference in data fluctuation 

about the mean of Condition A versus the mean of Condition B. Trend was defined as 

whether there was a difference between the slope of the data in Condition A versus that in 

Condition B. Level was defined as whether there was a difference between the mean of 

Condition A and the mean of Condition B.

In addition to conducting visual analysis for each of the 285 phase or condition contrasts, we 

adopted the same criteria as described in Petersen-Brown et al. (2012) and made a holistic 

judgment of the intervention effect of each of the 45 studies included. That is, for studies 

with four or more contrasts involved, the whole study was judged to demonstrate a large 

intervention effect if 75% or more of the contrasts resulted in an intervention effect after 

application of the criteria described above. A small effect was recorded if at least 50% but 

no more than 75% of the contrasts showed an intervention effect. No effect was recorded if 

less than 50% of the contrasts showed an intervention effect. For studies with fewer than 

four contrasts, the entire study was judged to demonstrate a large intervention effect if all 

contrasts resulted in an intervention effect as described above. A small effect was recorded if 

at least 50% but not all of the contrasts showed an intervention effect. No effect was 

recorded if less than 50% of the contrasts resulted in an intervention effect. For studies that 

involved condition contrasts, the holistic judgment of the study was based only on the 

condition contrasts, regardless of whether there were phase contrasts extracted from the 

study. The core research question in comparison designs is to compare the effects of 

different intervention conditions (Barlow & Hayes, 1979). Thus, conducting a visual 
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analysis for the comparison of different intervention conditions and comparing that analysis 

with the results of effect size metrics for the condition contrasts was conceptually aligned 

with our research questions.

Statistical Data Reduction

The 45 studies were separated into two data subsets. The first dataset included the phase 

contrasts that were derived from the 23 studies that did not include any condition contrasts 

(i.e., the studies with withdrawal, multiple baseline, and multiple probe designs). The second 

dataset included the phase and condition contrasts that were derived from the 12 studies that 

included condition contrasts (i.e., the studies with alternating treatment design or combined 

designs that were previously described). The original dataset was separated into these two 

subsets because the results tended to be different between these two general types of SCDs. 

Next, a correlation analysis using Pearson’s r was conducted to examine the intercorrelation 

among the metrics for the two datasets. Subsequently, uniform probability distributions for 

the seven metrics were plotted to test the ability of each effect size metric in discriminating 

the intervention effects of different magnitudes for the two datasets (Parker & Vannest, 

2009).

Consistent with the procedures used in Petersen-Brown et al. (2012), two steps were 

implemented to compare the agreement between effect size metrics and visual analysis 

judgments for all 45 studies. First, receiver operating characteristic (ROC) analysis was 

conducted to find the cutoff score for each effect size metric to differentiate intervention 

effects based on the visual analysis results of the 45 studies. To measure the accuracy of a 

ROC analysis, area under the curve (AUC) was reported, which should be above .80 to be 

acceptable (Muller et al., 2005). The sensitivity and specificity values were also reported. 

Sensitivity represents the degree to which a metric correctly detects the true effect, while 

specificity represents the degree to which a metric correctly rules out no effect (Petersen-

Brown et al., 2012). Second, after the corresponding cutoff score was identified, kappa 

coefficients were calculated to gauge the convergence between effect size metrics and visual 

analysis results.

Interobserver Agreement and Fidelity

To ensure fidelity in the application of established procedures throughout this study, 

interobserver agreement (IOA) was computed for search procedures, the application of 

inclusion and exclusion criteria, the computation of effect size metrics, and visual analyses. 

Unless otherwise specified, IOA was computed using the formula of agreements being 

divided by agreements plus disagreements x100. Throughout the agreement comparison 

process, any disagreements were discussed and a final consensus was reached.

Search procedures—Once the initial systematic search was completed, a second 

independent observer (a doctoral-level graduate student) conducted an independent 

electronic search using the same keywords, which yielded 99.7% IOA. Subsequently, the 

independent observer also reviewed the six journals used in the archival search, resulting in 

97.0% IOA. Finally, the independent observer implemented an ancestral search of two SGD-
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related literature reviews randomly selected from the 11 literature reviews scrutinized by the 

first author, which produced 100% IOA.

Inclusion and exclusion criteria—Among the initial pool of 220 articles yielded by 

electronic, journal, and ancestral searches, a total sample of 79 (35.9%) articles was 

randomly selected for IOA. Two independent observers reviewed each of the 79 articles to 

determine whether each article should be included based on the inclusion and exclusion 

criteria. This yielded an IOA of 98.7%. Subsequently, the two observers reviewed each of 

these 79 articles to determine which individual participants within each study met inclusion 

criteria for the present study. This yielded an IOA of 100%, using the same item-by-item 

agreement formula.

Interrater agreement of effect size metric computation—After the initial 

calculation of effect size metrics for the final 45 studies, a research assistant independently 

re-extracted numerical data from graphs through PlotDigitizer® and recomputed the effect 

size metrics for 23% of the total 285 phase or condition contrasts. A difference larger than .

01 was set as the criterion for disagreement (the criterion recommended by Parker, Hagan-

Burke, & Vannest, 2007). Two raters reached agreement on 64 phase or condition contrasts 

with an agreement coefficient of 98.2%.

Interrater agreement of visual analysis—Two thirds of the studies (30 out of 45) were 

randomly selected to compute IOA on visual analysis. The phase or condition contrasts that 

comprised these studies represented 77% (219 out of 285) of the total phase or condition 

contrasts. The two doctoral student visual analysts agreed on their rating results for 212 out 

of the 219 independently analyzed phase or condition contrasts, resulting in an IOA of 

97.0%, and on 30 out of 30 holistic judgments of each study’s intervention effect, resulting 

in an IOA of 100%.

Results

Intercorrelations Among Effect Size Metrics

Pearson’s r intercorrelations (see Table 3) among effect size metrics for the 181 phase 

contrasts from dataset of studies that only involved phase contrasts (i.e., did not compare 

interventions) were moderate to strong (range: .7 to .9). For the 104 phase or condition 

contrasts from studies that involved intervention comparisons, intercorrelations were 

somewhat lower (range: .4 to .9.) reflecting less consistency among the seven effect size 

metrics for this group of contrasts. In both datasets (i.e., studies with and without 

intervention comparisons) PEM, NAP, and Taunovlap were consistently highly correlated (r 
= .9). Similarly, PAND, Phi, and IRD were consistently highly correlated (r = .9). The high 

correlation between NAP and Taunovlap is understandable given that they can be mutually 

transformed and the computations for both are based on examining the pairwise 

comparisons of data points between Conditions A and B (Parker, Vannest, & Davis, 2011). 

The high correlation between PAND and Phi is also understandable given that Phi can be 

computed based on PAND (Parker, Hagan-Burke, & Vannest, 2007). PAND and Phi were 
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correlated similarly with the other five effect size metrics. NAP and Taunovlap were also 

correlated similarly with the other five effect size metrics.

The correlation between PEM and four other metrics (i.e., PND, IRD, PAND, and Phi) in the 

dataset that only involved phase contrasts ranged from .7 to .8. In the dataset that included 

intervention comparisons, it ranged from .4 to .5. Similarly, in the dataset that only involved 

phase contrasts, the correlation of PND with PAND and Phi was higher than in the dataset 

that included intervention comparisons. However, the correlation between PND and IRD 

was similarly high across both datasets. Also, in the dataset that involved condition 

contrasts, the correlations between the two metrics of PAND and Phi and the two metrics of 

NAP and Taunovlap were lower. In general, across both datasets PAND, Phi, IRD, PND were 

more correlated whereas NAP, Taunovlap, and PEM were more correlated.

Discriminability for Intervention Effects

Parker and Vannest (2009) observed that the utility of an effect size metric depends, at least 

partially, on its capability of effectively discriminating the intervention effects of different 

magnitudes among a data sample (i.e., discriminability). They plotted the uniform 

probability distribution proposed by Cleveland (1985) for each effect size metric to indicate 

its discriminability for intervention effects. The criteria for a metric having high 

discriminability included the appearance of 45 degree diagonal lines; no floor or ceiling 

effects; and no gaps, clumping, or flat segments (Chambers, Cleveland, Kleiner, & Tukey, 

1983). The uniform probability distribution plots (see Figure 1 and Figure 2) for the seven 

effect size metrics for the contrasts from both datasets (i.e., studies with and without 

intervention comparisons) were examined using the same criteria proposed by Chambers et 

al. (1983).

As Figure 1 shows, for the contrasts from investigations that only involved phase contrasts, 

none of the seven probability distributions completely met the criteria for high 

discriminability. There were clear ceiling effects across seven effect size metrics around their 

60th percentile, suggesting that these metrics may not discriminate well among 40% of the 

most successful interventions. No obvious floor effects were found for the seven effect size 

metrics that were the focus of this investigation. In contrast, the IRD and Phi distributions 

were relatively superior to the others because they were slightly closer to the diagonal line 

(see Figure 1), especially between zero and the 60th percentile.

As Figure 2 shows, the contrasts from the studies that involved intervention comparisons 

exhibited clear ceiling effects across the metrics around their 80th percentile, suggesting that 

these metrics may not discriminate well among 20% of the most successful interventions. 

No obvious floor effects were found. Overall, IRD and Phi distributions were superior to the 

others because they were much closer to the diagonal line (see Figure 2). Notably, the 

superiority of IRD and Phi in terms of discriminability seemed better reflected for the 

dataset that included both phase and condition contrasts.

Comparison of Effect Size Metrics With Visual Analysis Outcomes

Agreement between effect size metrics and visual analysis has been considered a critical 

criterion for determining the relative utility of the effect size metrics for SCD studies (Gast 
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& Ledford, 2014; Wolery et al., 2010). In terms of the visual analysis for the holistic 

judgment of each of the 45 studies’ intervention effect, only five studies were rated as 

having a small effect, 40 studies were rated as having a large effect, and no studies were rate 

as having no effect. Table 4 displays the cutoff scores for each effect size metric in 

differentiating small and large intervention effects, the corresponding AUC, as well as 

sensitivity and specificity values. Overall, the cutoff scores differed across these seven effect 

size metrics, ranging from .47 to .77. Their AUC results were all above the reasonable level 

of .80. In particular, each of the seven metrics had almost perfect specificity in terms of 

ruling out a small effect.

Table 5 displays the agreement between the visual analysis and the effect size metrics, as 

well as the corresponding kappa coefficients for all 45 studies. The kappa coefficients were 

all above .40 (range: .40 - .67). Values between .41 and .60 are usually considered moderate 

(Landis & Koch, 1977, Petersen-Brown et al., 2012). Based on this criterion, six of the seven 

effect size metrics (i.e., all except PEM) reasonably differentiated whether a study’s 

intervention effect was large or small.

Overall, the seven effect size metrics tended to have a low level of false positives (i.e., when 

the visual analysis judged it as small effect, but effect size metric indicated a large effect 

based on its cutoff score). There were no false positives for any of the seven effect size 

metrics. However, all of the seven effect size metrics tended to have high levels of false 

negatives (i.e., when the visual analysis judged it as large effect, but effect size metric 

indicated a small effect based on its cutoff score). The percentage of false negatives for the 

seven effect size metrics ranged from 10% to 25%.

Discussion

This study used the outcomes from SCD studies in which SGD interventions were 

implemented with persons with IDD with moderate to profound levels of impairment to 

compare seven effect size metrics (i.e., PEM, PND, IRD, PAND, Phi, NAP, and Taunovlap). 

Overall we examined 285 SCD phase or condition contrasts from a sample of 45 studies 

published between 1985 and 2013. Findings relevant to the seven effect size metrics are first 

discussed, followed by a discussion of what we believe are the major implications for meta-

analysis and SCD related to evidence-based practice and individuals with IDD. Finally, 

limitations and future research directions are summarized.

Relative Utility of the Seven Effect Size Metrics

Potential pattern consistency among effect size metrics—For the data sample 

analyzed in this study, the intercorrelations among the seven effect size metrics suggested 

that two subgroups of these measures may yield similar outcomes. The first group included 

PAND, Phi, IRD, and PND, and the second included NAP, Taunovlap, and PEM. 

Consequently, for meta-analyses of SCD intervention studies, once the choice between these 

two groups has been made; the specific effect size metric chosen may be a somewhat less 

important methodological decision. For instance, some existing meta-analyses in the field 

(e.g., Branson & Demchak, 2009; Millar, Light, & Schlosser, 2006; Schlosser & Wendt, 

2008; Stephenson & Limbrick, 2013) used PND as the effect size metric whereas others 
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(e.g., Ganz et al., 2012) used IRD as the effect size metric. The relatively high correlation 

between PND and IRD in the current study provided some evidence that the results from 

these meta-analyses may be comparable in terms of quantifying effect size.

In this study, NAP was less correlated with PAND (r = .7 for the dataset that only involved 

phase contrasts and .4 for the dataset that included condition contrasts). This result was not 

consistent with results reported by Parker and Vannest (2009) in which NAP and PAND 

were highly correlated (r = .9). Given that the correlation between NAP and PAND differed 

across the two datasets (i.e., studies with and without intervention comparisons) in the 

current study, it is reasonable to suspect that the correlations among effect size metrics may 

vary as a function of the data samples selected for effect size analysis and this may explain 

the differences between the results reported by Parker and Vannest (2009) and the current 

study. Notably, Parker and Vannest (2009) used data obtained through a convenience sample 

of published studies, whereas the data for the current study was obtained through a 

systematic search of a specific content area that was known to include a diversity of SCDs 

that compare clinically relevant interventions (i.e., they require alternating treatment 

designs). Parker and Vannest (2009) did not include alternating treatment designs in their 

convenience sample, whereas the data sample in the current study included both SCDs that 

only had phase contrasts, as well as alternating treatment designs with condition contrasts. 

Therefore, the degree to which specific, highly correlated effect size metrics are 

interchangeable may at least partly depend on how the dataset is selected.

Discrimination of intervention effect magnitude—Results from the probability 

distributions (Figure 1 & Figure 2) should be considered with caution. Visual analysis results 

for each study suggest the possibility of publication bias. None of the 45 studies examined 

for this investigation were judged as having no intervention effect, only five were judged as 

having a small effect, and 40 were judged as having a large intervention effect. Due to 

potential publication bias toward studies yielding positive intervention effects (Ickowicz, 

2014) and the general characteristics of SCD research (Wolery, Dunlap, & Ledford, 2011), it 

is unlikely that the results of the seven effect size metrics were normally distributed. Overall, 

the analysis of the uniform probability plot for the seven effect size metrics revealed that 

none of the seven effect size metrics fully discriminated intervention effects ranging from a 

very small to very large magnitude. In particular, at around 60th to 80th percentile, the 

maximum had been reached. However, when the dataset was comprised of both phase and 

condition contrasts, the relative superiority among these effect size metrics in discriminating 

intervention effects became more clear. This finding suggests that the discriminability of 

these metrics may be also a function of the data sample and design selected. When only 

phase contrasts were included, due to potential publication bias, there seemed to be little 

room for the effect size metrics to reflect their discrimination ranges. When condition 

contrasts were included, there seemed to be more room for these effect size metrics to show 

their capacity in discriminating intervention effects of different magnitude. One potential 

reason might be that performance data from condition contrasts comparing two different 

interventions may provide more variable data sets than those generated by phase contrasts in 

which no intervention is compared to an intervention, the latter likely contribute to 
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publication bias in favor of studies featuring phase contrasts of high magnitude with less 

variability.

The probability distributions (see Figures 1 and 2) revealed less ceiling effect when the 

plotted dataset involved studies including both phase and condition contrasts. While there 

was still some evidence of ceiling effect, this difference suggested that these effect size 

metrics may be better able to discriminate intervention effects of small to moderate 

magnitude. One explanation for this finding is related to the limits of non-parametric 

overlap-based effect size metrics in differentiating the magnitude of intervention effects 

when two phase or condition contrasts have the same data overlap patterns (Gast & Ledford, 

2014; Wolery et al., 2010). For example, consider an intervention study in which two 

participants obtained the same baseline data of 0, 1, 1, 0, 0. The intervention data for one 

participant were 6, 7, 5, 7, 6, and the intervention data for the second participant were 60, 

70, 50, 70, 60. Clearly, the magnitude of the change between baseline and intervention was 

greater for the second participant. Because overlap is the major consideration when 

computing a non-parametric effect size metric, the same effect size would be obtained for 

both the first and second participants. Consequently, non-parametric, overlap-based effect 

size metrics may more accurately be referred to as effect size estimators (Shadish, 

Rindskopf, & Hedges, 2008) and this limitation of overlap-based effect size metrics may 

help explain the results revealed by the probability distributions in the current study.

In spite of the moderate discriminability of the seven effect size metrics, comparatively, IRD 

and Phi seemed to better meet the criteria for discriminating the magnitude of intervention 

effects among the current data sample. Their uniform probability distributions seemed to be 

closer to the diagonal line, especially through the 60th or 80th percentile (see Figure 1 and 

Figure 2; these results were similar to Parker and Hagan-Burke, 2007). That is, although 

IRD and Phi were also limited in differentiating among the large intervention effects, they 

seemed to be the most effective in differentiating the intervention effects of small to 

moderate magnitude. Thus, IRD and Phi may be more promising metrics in terms of their 

ability to differentiate intervention effect magnitude.

Agreement with visual analysis judgments—Parker and Hagan-Burke (2007) 

suggested that given the holistic nature of visual analysis as well as its historical significance 

for SCD research, statistical analysis would not be a substitute for visual analysis but could 

augment it. From this perspective, the utility of effect size metrics for SCD research is partly 

dependent upon whether the inferences about intervention effects from the two analysis 

approaches are in agreement at a high level. In this study, the cutoff scores for each effect 

size metric to differentiate large versus small intervention effects in accordance with visual 

analysis results ranged from .47 for Taunovlap to .77 for PAND. Notably, our cutoff score for 

NAP was .73 which was lower than the .96 cutoff score reported by Petersen-Brown et al. 

(2012) who used the same computation procedure. This may suggest that cutoff scores might 

also be influenced by the data sample selected. That said, when cutoff scores were identified 

using this procedure, most of the effect size metrics (i.e., all of them except PEM) 

corresponded well with the visual analysis findings. In particular, IRD corresponded best 

with visual analysis findings, having the highest kappa coefficient of .67, followed by PAND 

and Phi which both had kappa coefficients of .56.

Chen et al. Page 14

Am J Intellect Dev Disabil. Author manuscript; available in PMC 2017 February 17.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Effect size metric comparison summary—As described earlier, given the current data 

sample, there may be two subgroups among the seven effect size metrics. One group 

consisted of PAND, Phi, IRD, and PND. The other group consisted of NAP, Taunovlap, and 

PEM. IRD and Phi may be slightly superior over the other five effect size metrics in terms of 

differentiating the magnitude of intervention effects. IRD was most consistent with visual 

analysis judgment. Therefore, it seems likely that the effect size metrics from the group 

including PAND, Phi, IRD, and PND may better represent the current data sample, 

especially IRD and Phi, than effect size metrics from the other group.

Implications for Meta-Analysis in the Field of SGD or Related Communication Interventions 
in Low-Incidence Populations for Which SCD Will Be Used

Findings from the current study have several implications for conducting meta-analyses in 

the field of SGD interventions involving participants with an IDD. First, prior to conducting 

meta-analyses to inform EBP in a particular content area, the rationale for selecting any one 

particular effect size metric should be established because different metrics may lead to 

different conclusions. Second, although the general effect size metric comparison research 

may provide us with some confidence in utilizing certain effect size metric(s) for meta-

analyses, it is likely that the results from the extant comparison research studies may not be 

readily generalizable. In particular, a majority of the comparison research was based on 

convenience samples of published studies, which is not the case for meta-analyses that 

require systematic searches. Third, there may be “subsets” of effect metrics within which the 

effect sizes may be comparable and interchangeable, as shown in the current data sample. 

Knowing that some SCD effect sizes may be comparable or interchangeable, could create 

some confidence in lining up and interpreting the results from meta-analyses for SGD 

interventions involving SCD studies.

Finally, the current study suggests that it is feasible to utilize different effect size metrics to 

more fully represent data from comparison design studies (e.g., alternating treatment 

designs). To do this, one critical procedure is to clearly define the baseline and intervention 
conditions for the two or more intervention conditions that are being alternated or compared 

within the study. In the current study, we defined the condition involving no use or less 

complex or sophisticated use of SGDs as the baseline, while the condition involving the use 

or more complex or sophisticated use of SGDs as the intervention condition. In this manner, 

we were able to apply the same analysis procedures that have been commonly applied to 

phase contrasts. Applying this type of procedure could support the generation of informative 

and meaningful meta-analyses by more easily allowing the inclusion of between-condition 

contrasts generated by comparison design studies.

Limitations and Directions for Future Studies

We did not randomly sample from the universe of SCD intervention studies using SGDs in 

interventions for individuals with more diverse developmental disabilities. Consequently, the 

generality of our findings with respect to effect size metrics applied to SGD interventions is 

limited to the sample of studies we located that included learners with IDD with moderate to 

profound levels of impairment. It may be helpful to explore whether similar findings would 

be found for other curricular areas. Second, our findings are specific to the metrics we 
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evaluated. Future work should systematically address the relative performance of other effect 

size metrics, including parametric effect size metrics such as ANOVA-based procedures like 

Cohen’s d and Hedges’s g. Doing so would expand the evidence addressing the potential 

equivalence or relative superiority of different effect size metrics. Determining the most 

representative metric, which could then be more consistently applied in meta-analyses, 

would better permit aggregation of existing datasets.

Third, we aimed to examine the relative utility of seven non-parametric effect size metrics in 

representing a data sample systematically searched from peer-reviewed studies involving 

SGD interventions for individuals with IDD. However, we did not appraise the degree of 

experimental control in each of the included studies, nor the EBP status of the SGD field. To 

investigate whether the practice of SGD interventions for individuals with IDD is evidence-

based, some systematic methods for evaluating EBP associated with SCD studies are 

available, such as the procedural and coding manual for review of evidence-based 

interventions outlined by the Task Force on Evidence-Based Interventions in School 

Psychology of American Psychological Association (2002), and the What Works 

Clearinghouse (WWC) standards for SCD studies (Kratochwill et al., 2010). The WWC 

standards, for example, suggest that for a literature base to be determined as scientifically 

validated, it needs to be gauged against standards in terms of design, visual analysis, 

quantitative measurement, and replication (Kratochwill et al., 2010; Maggin, Briesch, & 

Chafouleas, 2013). Although we acknowledge these procedures for standardizing the EBP 

evaluation, the present study did not seek to validate the evidence status for the SGD field 

and instead only examined effect size. For instance, effect size metrics were computed for 

data from ABA designs, which does not meet the WWC standard of three intra-individual 

replications. In part, this was because including effect size metrics pertaining only to studies 

that meet predetermined standards and demonstrate strong experimental control may bring 

about other limitations (Manolov, Sierra, Solanas, & Botella, 2014; Nickerson, 2000). 

Because our focus was on the comparison of effect size metrics, we hope our results may 

inform one aspect of the EBP evaluation for SCD studies, that is, quantifying effects.

Fourth, although the studies we identified covered diverse experimental SCDs (e.g., 

withdrawal designs, multiple-baseline or multiple-probe designs, and alternating treatment 

designs), it remains premature for us to suggest exactly which effect size metric(s) may or 

may not be appropriate for certain designs, although our findings suggest that IRD and Phi 

may better serve studies involving both phase and condition contrast (e.g., studies using 

comparison designs). Notably, some other designs, such as the changing criterion design, 

were not included in the current study. Thus, future research could identify several groups of 

studies representing each type of single case research designs and compare the relative 

utility of different effect size metrics for the different designs.

Finally, we conducted visual analysis using the approach proposed by Petersen-Brown et al. 

(2012). Other approaches to visual analysis, possibly more rigorous ones, are available, such 

as the one delineated in the study by Maggin et al. (2013) based on the WWC standards. 

One potential future research direction could be to examine whether the agreement between 

effect size metric(s) and visual analysis may vary as a function of how visual analysis is 

conducted.
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In general, with increasing requirements in accountability highlighted by the Individuals 

with Disabilities Education Act (IDEA, 2004), and a continued recognition for the 

importance of evidence-based practice in the SGD content area associated with data utilized 

in this investigation (e.g., ASHA, 2014), improving our understanding of effect size metrics 

for SCD studies should continue to be addressed because of the premium placed on meta-

analyses in providing evidence of what works, as well as to contribute to current methods of 

judging intervention effect sizes among SCD communication intervention studies for 

samples and populations of individuals living with significant IDD.
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Figure 1. 
Uniform probability plots for seven effect size metrics on 181 phase contrasts from studies 

that did not involve intervention comparisons. PEM = percent of data points exceeding the 

median; PND = percent of nonoverlapping data; IRD = improvement rate difference; PAND 

= percent of all nonoverlapping data; NAP = nonoverlap of all pairs; Taunovlap = Kendall’s 

tau nonoverlap.
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Figure 2. 
Uniform probability plots for seven effect size metrics on 104 phase/condition contrasts 

from studies that involved intervention comparisons. PEM = percent of data points 

exceeding the median; PND = percent of nonoverlapping data; IRD = improvement rate 

difference; PAND = percent of all nonoverlapping data; NAP = nonoverlap of all pairs; 

Taunovlap = Kendall’s tau nonoverlap.
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Table 1

Major Effect Size Metrics for Single Case Design (SCD) Studies

Category Examples Brief Description

Parametric Standardized Mean Difference
 (SMD)

The mean difference between Phase B and Phase A,
 divided by the standard deviation of Phase A
 (Busk & Serlin, 1992).

Pearson R or R2; Regression-
 Based Standardized Mean
 Difference (dREG)

The use of a linear-regression technique to remove
 trend from repeated observations by calculating
 predicted values based on data in Phase A only.
 The resulting adjusted R2 value is converted to
 dREG via a standard formula (Allison & Gorman, 1993).

Cohen’s d, Hedges’s g A measure of standardized difference between the
 mean of Phase A and that of Phase B (Beretvas & Chung, 2008).

Multilevel modeling The application of Hierarchical Linear Models
 (HLM) for synthesizing SCD data (van den Noortgate & Onghena, 2003; 2008).

Non-Parametric Mean Baseline Difference
 (MBD) or Mean Baseline
 Reduction (MBLR)

The difference between the mean of Phase A and
 the mean of Phase B, divided by the mean of
 Phase A and multiplying by 100 (Herzinger & Campbell, 2007).

Percent of Data Exceeding the
 Median of Baseline (PEM)

The percentage of data points in Phase B exceeding
 the median of data points in Phase A (Ma, 2006).

Percentage of Data Exceeding a
 Median Trend (PEM-T)

The percentage of data points exceeding the trend
 line (Wolery et al., 2010).

Kruskal-Wallis W A rank-based measure of agreement between Phase
 A and Phase B (Hintze, 2004).

Percentage of Nonoverlapping
 Data (PND)

The percentage of data points in Phase B exceeding
 the single highest data point in Phase A (Scruggs,
 Mastropieri, & Casto, 1987).

Percentage of Zero Data (PZD) The percentage of data points in Phase B that
 remain at zero since the first data point of zero
 including the first zero (Scotti, Evans, Meyer, &
 Walker, 1991).

Percentage of All
 Nonoverlapping Data
 (PAND)

The percentage of data points that overlap between
 Phase A and Phase B out of the total number of
 data points across Phase A and Phase B,
 subtracted from 100%. Overlapping data points
 refer to minimum number that would have to be
 transferred across phases for complete data
 separation (Parker, Hagan-Burke, & Vannest, 2007).

Phi A metric derived from PAND, can be easily
 calculated as PAND × 2 – 1 (Parker, Hagan-Burke, & Vannest, 2007).

Improvement Rate Difference
 (IRD)

The difference of the improvement rate (IR) in
 Phase B and that of Phase A. The IR for each
 phase is defined as the number of “improved data
 points” divided by the total data points in that
 phase (Parker & Hagan-Burke, 2007).

Pairwise Data Overlap (PDO)
 and Pairwise Data Overlap
 Squared (PDO2); Nonoverlap
 of All Pairs (NAP); Taunovlap

All these metrics examine the overlap between
 Phase A and Phase B by looking at the pairwise
 comparisons of data points in Phase A and Phase
 B. However each metric has its own specific
 calculation formula (see Parker & Vannest, 2009;
 Parker, Vannest, & Davis, 2011; Wolery et al., 2010).

Tau-U Family The family consists of four specific metrics:
 Taunovlap; A vs. B + TrendB (a metric examining
 overlap between Phase A and Phase B, as well as
 Phase B trend); A vs. B – TrendA (a metric
 examining overlap between Phase A and Phase B,
 with Phase A trend controlled); A vs. B + TrendB

 – TrendA (a metric examining overlap between
 Phase A and Phase B, as well as Phase B trend,
 with Phase A trend controlled; Parker, Vannest, Davis, & Sauber, 2011).
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Table 3

Intercorrelations Among Seven Effect Size Metrics for 181 Phase Contrasts From Studies That Did Not 

Involve Intervention Comparisons (Left Lower/Not Bold) and 104 Phase/Condition Contrasts From Studies 

That Involved Intervention Comparisons (Right Upper/Bold), Respectively

Metric PEM PND IRD PAND Phi NAP Taunovlap

PEM 1 .5 .5 .4 .4 .9 .9

PND .7 1 .8 .7 .7 .6 .6

IRD .8 .9 1 .9 .9 .5 .5

PAND .7 .9 .9 1 .9 .4 .4

Phi .7 .9 .9 .9 1 .4 .4

NAP .9 .7 .8 .7 .7 1 .9

Taunovlap .9 .7 .8 .7 .7 .9 1

Note. PEM = percent of data points exceeding the median; PND = percent of nonoverlapping data; IRD = improvement rate difference; PAND = 
percent of all nonoverlapping data; NAP = nonoverlap of all pairs; Taunovlap = Kendall’s tau nonoverlap.
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Table 4

Cutoff Scores for Effect Size Metrics in Differentiating Large and Small Effects Based on Visual Analysis, and 

Corresponding AUC, Sensitivity, and Specificity Values for All 45 Studies

Metric
Cutoff
Score AUC Sensitivity Specificity

PEM 0.72 0.87 0.76 0.98

PND 0.51 0.96 0.88 1.00

IRD 0.49 0.95 0.88 1.00

PAND 0.77 0.90 0.80 0.99

Phi 0.54 0.90 0.80 0.99

NAP 0.73 0.90 0.80 0.99

Taunovlap 0.47 0.90 0.80 0.99

Note. PEM = percent of data points exceeding the median; PND = percent of nonoverlapping data; IRD = improvement rate difference; PAND = 
percent of all nonoverlapping data; NAP = nonoverlap of all pairs; Taunovlap = Kendall’s tau nonoverlap.
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Table 5

Agreement Between Visual Analysis and Effect Size Metrics, and Corresponding Kappa Coefficients for All 

45 Studies

Metric Magnitude
of Effect

Visual Analysts’
Judgments

Kappa
Coefficient

Small Large

PEM Small 5 10 0.40

Large 0 30

PND Small 5 8 0.47

Large 0 32

IRD Small 5 4 0.67

Large 0 36

PAND Small 5 6 0.56

Large 0 34

Phi Small 5 6 0.56

Large 0 34

NAP Small 5 7 0.51

Large 0 33

Taunovlap Small 5 8 0.47

Large 0 32

Note. PEM = percent of data points exceeding the median; PND = percent of nonoverlapping data; IRD = improvement rate difference; PAND = 
percent of all nonoverlapping data; NAP = nonoverlap of all pairs; Taunovlap = Kendall’s tau nonoverlap.
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