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As school-based practitioners become the primary behavioral service providers for 

children and adolescents, educators need effective and feasible behavioral interventions 

to meet the needs of all students. Interventions with robust research support should be 

selected to optimize outcomes for students. As the behavioral literature base grows, 

practitioners are tasked with evaluating the quality of the available research and 

synthesizing the results. This study seeks to evaluate the present evidence for one of the 

most frequently used behavioral interventions: token economies. With the variety of 

quality indices and quantitative metrics available, the present study examines the 

available single case literature for token economies as a school-based intervention for 

improving student behavior. 26 studies were included in the present analysis. Studies 

were analyzed according to their adherence to Council for Exceptional Children (CEC) 

Quality Indicators and What Works Clearinghouse (WWC) design standards, as well as 

their risk of bias. Overall, the current literature base meets WWC standards for token 

economies to be considered an evidence-based practice. However, the overall quality of 

the studies varied dramatically based on which indicator was examined. Additionally, a 
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quantitative analysis using seven non-overlap approaches and a meta-analysis using the 

d-statistic for single-case design studies was conducted. The overall effect was estimated 

to be large in the meta-analysis. Effect sizes as estimated by nonoverlap methods varied 

from medium to large effects. However, significant methodological issues within many 

of the included studies limit the generalization of these results. Overall, this study 

suggests that, while the evidence-base for token economies may be adequate for WWC 

design criteria, additional transparency and consensus on how to best assess SCD 

outcomes may further strengthen the evidence-base.   
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A Synthesis and Meta-Analysis of the Effects of Token Economies on Student Behavior 

Student behavior continues to be a key area of focus for educators, legislators, and 

researchers alike due to the long-term impacts of problem behavior in the classroom. 

Behavioral concerns can lead to poorer outcomes across a variety of domains. Student 

behavior has a direct impact on academic performance; disruptive classroom behavior is 

related to poor academic skills due to lack of engagement and lack of access to 

instruction (Muscott, Mann, & LeBrun, 2008; Theodore, Bray, & Kehle, 2004). Students 

with disruptive behavior in the classroom are at an increased risk of grade retention and 

academic failure (Hamre & Pianta, 2001, 2005; Theodore et al., 2004). Behavioral 

concerns can emerge as early as kindergarten and begin to have an impact on academic 

performance immediately. Research has found a significant relationship between 

academic and behavioral skills deficits in early elementary school (Spira, Bracken, & 

Fischel, 2005; Welsh, Parke, Widaman, & O’Neil, 2001). Students who are at risk for 

reading difficulties in kindergarten are more likely to have continued reading skills 

deficits if they also struggle with behavioral skills (Spira et al., 2005). Even mild 

behavioral concerns during elementary school, such as restlessness or inattention, can 

have a negative impact on long term academic outcomes (Alexander, Entwisle, & 

Dauber, 1993). 

The academic risks brought on by problem behavior increase as students enter 

adolescence (Nelson, Benner, Lane, & Smith, 2004; Tremblay et al., 1992). Students who 

displayed problem behavior in first grade were likely to have poorer academic and social 

outcomes in sixth grade in the absence of any intervention (Tremblay et al., 1992). 
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Without appropriate behavioral supports, the impact of problem behavior persists (Lane, 

Oakes, & Menzies, 2010; Nelson et al., 2004); students with behavioral problems in early 

elementary school are at a higher risk of school failure (Hamre et al., 2001). Some 

research has examined the academic and social behavior of sixth grade students who are 

at risk for antisocial behaviors as determined by current engagement in disruptive or 

aggressive behavior and teacher report (Shinn, Ramsey, Walker, Stieber, & O’Neill, 

1987). Overall, these students are less engaged academically and have poorer social 

behavior than their low-risk peers (Shinn et al., 1987). These risks continue throughout 

grade levels, as students who received disciplinary referrals in early middle school were 

highly likely to continue to engage in disruptive behavior at school and were more likely 

to be suspended during ninth grade (Tobin & Sugai, 1999). Peers of students with 

behavioral concerns are also impacted; peers of students at risk for antisocial behavior 

were more likely to engage in verbal aggression than adolescents whose peers did not 

display risk factors for significant delinquent behavior (Shinn et al., 1987).  

These poorer outcomes for students with behavioral concerns extend beyond the 

classroom; students exhibiting problem behavior face poorer social and mental health 

outcomes throughout childhood and into young adulthood (Masten et al., 2005). Students 

who display disruptive behavior in early elementary school are less likely to adapt well to 

school and develop school connectedness, a key predictor of later academic and social 

success (Hamre & Pianta, 2005). Additionally, the presence of problem behaviors 

predicts both peer rejection and depressive symptoms for adolescents (Alexander et al., 

1993). Students with emotional and behavioral disorders report more social challenges 
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than unaffected children (Lane et al., 2010) and have higher drop-out rates, even when 

compared to students with other types of disabilities (Wood & Cronin, 1999). Overall, 

untreated childhood mental health and behavioral concerns are likely to lead to fewer 

educational and employment opportunities, heightened risk of social isolation, and 

increased likelihood of persistent mental health concerns in adulthood (Bardone, Moffitt, 

Caspi, Dickson, & Silva, 1996; Copeland, Shanahan, Costello, & Angold, 2009; 

Harrington, Fudge, Rutter, Pickles, & Hill, 1990; Knapp, King, Healey, & Thomas, 2011; 

Veldman, Reijneveld, Almansa Ortiz, Verhulst, & Bültmann, 2015).  

Service Provision within Schools  

Due to the significant portion of time children spend at school and the influence 

of environmental variables on behavior, schools are a prime environment for providing 

children with behavioral interventions. Providing services within a school context 

reduces the barriers associated with seeking behavioral services in the community, 

especially the financial and social stigma (Bringewatt & Gershoff, 2010; Gulliver, 

Griffiths, & Christensen, 2010). Additionally, school-based services promote 

generalization as students can practice the skills in the environment where they are 

needed (Gresham, 2004; McEvoy & Welker, 2000), whether that is with peers on the 

playground or within a classroom during an academic lesson. Children with behavioral 

and mental health needs are highly likely to only receive services through the school 

(Gresham, 2004), further indicating the importance of effective school-based 

interventions. 
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Schools are being pushed to implement sufficient behavior supports legislatively 

as well. Under the Individuals with Disabilities Education Act (IDEA; 2004), students 

with disabilities must be educated in the least restrictive environment (LRE). As a result, 

more schools are moving towards inclusion in general education for students with 

disabilities (McLeskey, Landers, Williamson, & Hoppey, 2010). However, students with 

emotional and behavioral disabilities are less frequently included in the general education 

classroom than students with other types of disabilities due to behavioral concerns 

(McLeskey et al., 2010). For students with emotional and behavioral disabilities to be 

effectively served in the general education classroom, effective behavioral interventions 

are needed, and educators must be able to implement them with fidelity (Shapiro, Miller, 

Sawka, Gardill, & Handler, 1999).  

However, schools have historically relied upon exclusionary disciplinary practices 

to address behavioral concerns causing students to miss out on crucial academic 

instruction during in or out of school suspensions (Muscott et al., 2008). Removing 

adequate access to the curriculum through removal from the classroom may be a 

contributing factor to the increased risk of school failure facing these students (Scott, 

Nelson, & Liaupsin, 2001; Zhang, Katsiyannis, & Herbst, 2004). Reliance on these 

practices cause students with behavioral concerns to fall farther behind, leading to 

additional academic and social challenges for these students. Without adequate 

behavioral supports, educators spend additional time on discipline, reducing the amount 

of instructional time available for all students (Muscott et al., 2008). Overall, 

exclusionary discipline practices implemented with the aim of reducing problem behavior 
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appear to have unintended academic consequences: creating an increased risk of dropout 

and academic failure for the students displaying problem behavior and limiting 

instructional time as teachers implement these policies.  

Beyond having a detrimental academic impact, these exclusionary discipline 

practices are ineffective at reducing the problem behaviors they are targeting (Sugai & 

Horner, 2002). First, disciplinary practices such as detention and suspension can only be 

implemented after the behavior has occurred, and as a result, are ineffective preventative 

measures. Exclusionary discipline policies act as a short-term deterrent at best; students 

already engaged in disruptive or delinquent behaviors frequently continue to engage in 

the behaviors even after experiencing an exclusionary disciplinary action (Sugai & 

Horner, 2002). These reactionary and exclusionary discipline policies have the 

unintended consequence of further isolating at-risk students from the school community 

and encouraging academic disengagement (Michail, 2011). Students of minority status 

and students with disabilities disproportionally experience these consequences for school 

misconduct (Sugai & Horner, 2002; Vincent, Randall, Cartledge, Tobin, & Swain-

Bradway, 2011), further harming groups already at a heightened risk of school failure 

(Heckman & LaFontaine, 2010; Michail, 2011; Sugai & Horner, 2002).  

Fortunately, a movement away from exclusionary discipline and towards 

preventative behavior supports applied at both the school-wide and individual level can 

lower the incidence of problem behavior and reduce their associated risks (Muscott et al., 

2008; Sugai & Horner, 2006). Students who receive behaviorally-focused interventions 

display significant reductions in disruptive classroom behavior (Stage & Quiroz, 1997). 
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Equipping educators to recognize behavioral risks and implement class-level 

interventions improves social and long-term outcomes (Lane et al., 2010). Teachers who 

use appropriate classroom management strategies may help promote school bonding 

among the most at-risk students, which can reduce the likelihood of a variety of adverse 

outcomes, including alcohol use, dropout risk, and delinquent behaviors (Catalano et al, 

2004). Students who are at risk for emotional and behavioral disorders who receive 

effective behavioral interventions fare better academically, behaviorally, and socially 

than those who do not; improvements in academic performance and social outcomes are 

sustained over time if appropriate behavioral strategies are implemented (Muscott et al., 

2008; Catalano et al., 2004). At the systems level, the benefits spill over to all students; 

implementing schoolwide positive behavior supports resulted in significantly lower usage 

of disciplinary referrals, dramatically increasing the amount of time students were in the 

classroom and reducing the amount of instructional time lost to teachers handling 

disciplinary referrals (Muscott et al., 2008). Additionally, schools with effective behavior 

management strategies in place showed less discrepancy in disciplinary referrals for 

children from culturally and linguistically diverse households (Vincent et al., 2011), 

which is critical to improving outcomes and reducing disproportionality in special 

education.  

Schools as a whole benefit from these effective behavioral management 

strategies. All students at schools that implement effective behavioral interventions may 

benefit from a more positive school or classroom climate (Koth, Bradshaw, & Leaf, 

2008); these students frequently report more school connectedness, a protective factor 
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against poor social and emotional outcomes (Bond et al., 2007). Teachers who feel able 

to implement effective classroom management strategies that limit problem behavior 

experience less burn out (Brouwers & Tomic, 2000). Additionally, these teachers are 

often able to develop more positive relationships with their students, providing an 

additional support for students at risk for internalizing and externalizing behavioral 

concerns (Hamre & Pianta, 2001, 2005). Schools with effective positive behavior 

management strategies show better academic and social outcomes, reporting higher 

standardized test scores and less bullying than schools without adequate behavior support 

(Ayllon & Roberts, 1974; Muscott et al., 2008; Ross, Horner, & Higbee, 2009; Sugai & 

Horner, 2006).  

Using Research to Guide Behavioral Supports 

Given the adverse outcomes associated with behavioral concerns, educators are in 

need of effective behavior interventions. Practices with sufficient research support are 

needed to ensure the effectiveness of behavior management strategies (Gresham, 2004; 

Cook & Cook, 2011). The term “evidence-based practice” is often reserved for practices 

with the most robust research base and with a high likelihood of producing positive 

effects (Cook & Cook, 2011). These practices can provide educators with behavioral 

supports that are more likely to produce the desired outcomes quickly. Implementing an 

effective intervention immediately may temper the likelihood that students will need 

more intensive services later on and reduces the amount of resources that may be 

allocated to ineffective practice (Sugai & Horner, 2006, 2009). Due to the importance of 

ensuring that effective practices are used, the use of evidence-based practices has also 
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been required by ethical standards of professional organizations, such as the National 

Association of School Psychologists (NASP) whose guidelines urge practitioners to use 

evidence-based practices in academic, mental health, and behavioral interventions 

(National Association of School Psychologists, 2010).  

Further indicating the necessity of evidence-based behavioral interventions, 

legislative changes are mandating the provision of effective behavioral supports within 

schools. The No Child Left Behind (NCLB) Act of 2001 requires the application of 

practices backed by rigorous scientific evidence for addressing both behavioral and 

academic challenges (NCLB, 2002). Additionally, NCLB (2002) provided additional 

federal funding to increase the implementation of these behavioral practices within public 

schools to benefit all students (Cook et al., 2014; Cook, Tankersley, & Landrum, 2009). 

Providing additional legislative pressure, IDEA of 2004 requires that students with 

disabilities who have behavioral concerns that impact their academic achievement receive 

research-based individualized behavioral interventions. As the benefit of implementing 

effective behavioral interventions is clear to educators, legislators, and researchers alike, 

research is continually being generated to evaluate a variety of behavioral interventions. 

While the current literature base on behavioral interventions provides educators with 

information about a variety of intervention practices (e.g., Maggin, Pustejovsky, & 

Johnson, 2017; Wilson, Gottfredson, & Najaka, 2001), educators must be able to evaluate 

the quality of this evidence, utilize data to evaluate the effectiveness of the intervention 

when applied, and quickly determine if the selected intervention is appropriate for both 

the problem behavior and population of interest. As researchers and educators aim to 



 

9 

bridge the research to practice gap, effective methods for evaluating the quality of 

research and synthesizing the results are being developed (Cook et al., 2014; Institute of 

Education Sciences, 2017; Kratochwill et al., 2010). For behavioral interventions, this 

requires systematic evaluation of primarily single-case design (SCD) research. 

Single case research methodology. One of the most popular methodologies in 

educational and behavioral research is single case design. Single case design research can 

be defined by three primary conditions. First, the individual case serves as a unit of 

analysis, which is typically the student, teacher, classroom, or school in educational 

psychology (Kratochwill et al., 2010). Next, each individual case serves as its own 

control, meaning that the case is systematically exposed to both the treatment and the 

baseline condition (Kratochwill et al., 2010). Finally, the dependent variable must be 

measured repeatedly in order to gather data about the trend and level of the variable with 

and without intervention (Kratochwill et al., 2010). Within SCD, various design types 

enable researchers to demonstrate causal relationships between an independent variable 

of interest and a socially-relevant outcome (Wolf, 1978). Within education research, 

studies often seek to demonstrate that an academic or behavioral intervention improves 

meaningful student outcomes such as academic performance, disruptive behavior, or 

academic engagement.  

While group design studies can also facilitate causal decision making, SCD 

enables researchers to do this in a way that can allow for examination of complex, 

individualized causal claims (Kratochwill et al., 2010). For both group design and single-

case studies to provide evidence of a causal effect, they must demonstrate that the 
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independent variable had an impact on the dependent variable that would not be seen if 

no intervention been implemented (Shadish, Hedges, Horner, & Odom, 2015). In 

essence, the experimenter must use counterfactual inference, comparing what happened 

to the dependent variable in the treatment condition to a hypothetical scenario in which 

no treatment had taken place (Shadish et al., 2015). Since a true counterfactual is 

impossible, both single-case and group design studies must approximate one (Shadish et 

al., 2015). Group studies attempt to create as close to a counterfactual comparison as 

possible through randomization into treatment and control groups (Shadish et al., 2015). 

Single-case researchers create a comparison counterfactual through the evaluation of a 

baseline condition (Shadish et al., 2015). While both of these approaches enable 

researchers to make causal claims, each has limitations due to the imperfect estimation of 

the counterfactual (Shadish et al., 2015).  Since the same individuals cannot be in both 

the treatment and the control groups, group design studies cannot provide information 

about how the treatment impacted individuals, only how it affected the group on average 

(Shadish et al., 2015). In SCD, the baseline and treatment conditions occur at different 

time points, emphasizing threats to internal validity such as the influence of time or 

maturation on behavior change (Shadish et al., 2015).   

Single-case design decisions provide researchers robust tools to minimize 

potential threats to validity. To show a causal relationship, multiple demonstrations of 

effect indicate that when the researcher systematically introduces an independent variable 

the desired change in dependent variable occurs (Kratochwill et al., 2010, 2013). 

Methodological choices strengthen the ability to make a causal inference by controlling 
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how and when the intervention is implemented (Kratochwill et al., 2010; Shadish et al., 

2015). This repeated demonstration can be seen across time, cases, or both. For example, 

in a multiple baseline design where the intervention is systematically implemented across 

cases at different times, the effect of the intervention is seen not just through the change 

in the outcome variable when it is implemented for the first case but also in the lack of 

change in the other cases who have not yet been exposed to the intervention. The 

subsequent implementation of the intervention and changes in outcomes provides support 

that the effects on the dependent variable were not due to extraneous variables, such as a 

maturation effect, but were rather caused by the intervention (Shadish et al., 2015). Due 

to the ability to control for numerous internal threats to validity by systematically 

manipulating the independent variable across time, SCD studies provide robust evidence 

for the causal impact of interventions (Shadish et al., 2015).  

In addition to their methodological rigor and utility to make causal inferences, 

SCD is often selected as a preferred research design in applied settings for several 

logistical reasons. First, SCD can be utilized with a small number of participants, which 

is useful for exploring the effectiveness of interventions for individuals with rare 

disabilities or concerns (Kratochwill et al., 2010; Odom et al., 2005). SCD studies also 

provide more experimental flexibility, enabling researchers to modify intervention 

components across phases to identify key variables that support an independent variable’s 

effectiveness (Kratochwill et al., 2010; Odom et al., 2005. Additionally, SCD methods 

are often used within school contexts and are therefore familiar to practitioners and 

educators (Kratochwill et al., 2010; Odom et al., 2005). SCD approaches can be applied 
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outside of formal research studies by practitioners and educators to evaluate the 

effectiveness of interventions; most response to intervention data is evaluated using 

methods from SCD analysis (Odom et al., 2005). Finally, SCD studies may be more 

flexible than group design studies in some instances and can provide information about 

the impact of particular intervention components for individuals (Kratochwill et al., 2010; 

Odom et al., 2005). Unlike group design studies where participants’ data are aggregated 

and analyzed, each case is evaluated as its own entity providing information on which 

individuals may not respond to intervention or which components of intervention are 

necessary for different populations (Kratochwill et al., 2010; Shadish et al., 2015). As a 

result of both the feasibility and robustness of properly designed single-case studies for 

evaluating the effectiveness of treatments, they remain one of the most popular methods 

in the behavioral and educational intervention literature (Kratochwill et al., 2010; Shadish 

et al., 2015). However, SCD studies, like group design studies, only provide evidence for 

interventions if they are methodologically sound (Kratochwill et al., 2010; Shadish et al., 

2015). Regardless of design type, the literature available for an intervention must be 

critically evaluated before a treatment can be considered evidence-based. 

Quality Indicators. Guiding the identification of evidence-based practices are 

research standards from a variety of organizations. These quality indicators provide a 

consistent standard by which to evaluate the available literature by highlighting the 

methodological benchmarks studies must meet to qualify as robust. While different sets 

of standards exist, most share similar requirements for research to be considered rigorous 

(Cook et al., 2014; Kratochwill et al., 2010; Reichow, Barton, & Maggin, 2017). With the 
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aim of supporting educators and practitioners in the identification of evidence-based 

practices, these quality indicators provide one benchmark for evaluating research quality.  

What Works Clearinghouse’s Guidelines. One of the most widely-used resources 

for determining research quality and identifying evidence-based practices is the What 

Works Clearinghouse (WWC; Institute of Education Sciences, 2017). In line with the 

federal push to use evidence-based practices in education, the Institute of Educational 

Sciences (IES) established the WWC to provide practitioners with resources to quickly 

evaluate the research base for interventions (Institute of Education Sciences, 2017). 

Reflecting that purpose, the WWC has published Technical Standards that outline 

rigorous methodological requirements for studies evaluating interventions (Institute of 

Education Sciences, 2017; Kratochwill et al., 2010). Published for both group design and 

single-case studies, the standards center around ensuring studies demonstrate 

experimental control over the variable of interest (Institute of Education Sciences, 2017). 

The design standards aim to provide a framework for both objectively evaluating the 

available research and guiding the development of future research (Institute of Education 

Sciences, 2017; Kratochwill et al., 2010). Using those standards as criteria to judge the 

quality of research, the WWC developed review protocols to synthesize the quality of 

available research. By conducting rigorous research evaluations using their published 

protocols, the WWC has published numerous intervention guides identifying practices 

with rigorous support in a variety of academic and behavioral domains (Institute of 

Education Sciences, 2017). Research that meets the highest standards set forth by the 

WWC are identified as “meeting standards,” while those with minor methodological 
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weakness are categorized as “meeting standards with reservations” (Institute of Education 

Sciences, 2017; Kratochwill et al., 2010).  

Additionally, researchers have used the WWC standards as a benchmark to 

determine which studies have adequate methodological rigor to be included in syntheses 

and reviews (e.g., Maggin, Briesch, & Chafouleas, 2013; Maggin, Chafouleas, Goddard, 

& Johnson, 2011). WWC guidelines have recently been applied within several systematic 

reviews (e.g., Fallon, Collier-Meek, Maggin, Sanetti, & Johnson, 2015; Maggin et al., 

2011, 2017). For instance, Maggin and colleagues (2013) applied the WWC standards to 

research evaluating the effectiveness of self-management interventions (Kratochwill et 

al., 2010). High interrater reliability was reported by the study, suggesting that the 

standards were able to be applied consistently across coders (Maggin et al., 2013). The 

WWC standards appear to provide researchers with an additional tool to systematically 

evaluate research (Kratochwill et al., 2010).  

Despite their widespread use, the WWC standards are not without criticism. First, 

researchers report concerns about the categorical groupings of studies created by the 

standards; while they indicate some level of research quality, some argue that these labels 

do not provide sufficient detail about the methodological strengths and weakness of a 

given literature base (Maggin et al., 2013). Additionally, the WWC design and review 

standards give priority to randomized control trials (RCT) over other designs that may 

have equal methodological validity and increased feasibility (Wolery, 2012). Although 

RCTs are often considered the “gold standard” in research design (Shadish, Cook, & 

Campbell, 2002), they can be challenging to apply in an educational setting where 
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participants are often already nested within classrooms, grades, and schools. Furthermore, 

ethical concerns can arise when interventions are systematically withheld. Additional 

concerns stem from the treatment of single-case design (SCD) methodology in the 

standards (Wolery, 2012). Wolery (2012) argues that the design standards compare single 

case methodology to group design studies in an inaccurate and unfavorable light by 

attempting to apply group design principles to the SCD literature. Within the SCD 

standards, additional concerns arise; Maggin and colleagues (2013) assert that only 

including studies that support an interventions’ effectiveness based on the results of a 

visual analysis within reviews leads to the possibility of over-estimation of effect sizes 

within meta-analyses and other quantitative syntheses. Even with the criticism, the WWC 

standards remain as one of the primary tools available for objectively evaluating the 

quality of research (Kratochwill et al., 2010). The standards provide a tool to uniformly 

evaluate the quality of the evidence base and create a common language to describe 

quality that can be applied across studies.  

Council for Exceptional Children’s Quality Indicators. Building upon the WWC 

standards, the Council for Exceptional Children’s (CEC) Quality Indicators were 

developed to offer researchers guidelines when developing their own studies as well as 

provide a framework for evaluating the present quality of research in special education 

(Cook et al., 2009, 2014). The CEC quality indicators incorporate aspects of the WWC 

standards to create quality indicators for the major designs used within educational 

research: group, including experimental and quasiexperimental designs, and single 

subject or single case designs (Cook et al., 2014). Building upon the WWC standards that 
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prescribe strict criteria for quantifying research quality (Kratochwill et al., 2010), the 

quality indicators provide a more qualitative approach to assessing studies (Cook et al., 

2014). Each set of indicators provides guidelines for evaluating the internal validity, 

external validity, and replicability of the study (Cook et al., 2014). A study must include 

all the necessary quality indicators to be considered as evidence for a practice (Cook et 

al., 2014). Evidence-based practices are identified by looking at the quality of research as 

a whole for that particular intervention. Unlike WWC’s numerous review guides for 

various interventions and standards based upon research design types (Institute of 

Educational Sciences, 2017), the CEC outlines an across-method criteria to evaluate the 

literature of an intervention, which is applied to categorically label practices as an 

evidence-based practice, potentially evidence-based practice, having mixed evidence, 

insufficient evidence, or negative effects (Cook et al., 2014). Only studies meeting all of 

the quality indicators listed for their particular design type receive an effects rating based 

on the strength of evidence the study presents (Cook et al., 2014). For single case design 

studies, effects ratings are based upon the results of a visual analysis (Cook et al., 2014).  

Similar to the WWC design standards, these indicators reflect the importance of 

using evidence derived from rigorous scientific studies to inform the practice in education 

(Cook et al., 2014; Kratochwill et al., 2010). As such, they have been applied to several 

systematic reviews and meta-analyses (e.g., Kaldenberg, Watt, & Therrien, 2014; 

Losinski, Cuenca-Carlino, Zablocki, & Teagarden, 2014; Wood, Oakes, Fettig, & Lane, 

2015). Losinski and colleagues (2014) conducted a meta-analysis evaluating self-

regulation interventions for students with emotional and behavioral disorders. After 
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conducting the search and identifying eligible studies, Losinski and colleagues (2014) 

applied the CEC quality indicators to determine which studies had adequate 

methodological strength to be included in the meta-analysis. Only studies meeting all 

indicators were included (Losinski et al., 2014). Kaldenberg and colleagues (2014) 

approached the CEC indicators differently. Rather than utilizing them as inclusionary 

criteria, they applied the indicators to all studies and provided summaries regarding how 

well the literature base adhered to the indicators (Kaldenburg et al., 2014). These various 

applications reflect the more qualitative approach of the quality indicators.  

Other Considerations: Bias in Research. Although educational research heavily 

relies on the WWC standards and CEC indicators to evaluate research quality, these 

criteria are not all encompassing (Cook et al., 2014; Kratochwill et al., 2010). Due to the 

WWC’s categorical rankings and the CEC’s more generalized quality indicators (Cook et 

al., 2014; Kratochwill et al., 2010), additional screening is needed to create a 

comprehensive picture of the literature quality. One important consideration is the 

measure of bias or potential risk of bias within a study (J. P. Higgins & Altman, 2008). 

Risk of bias can be defined as the risk of a study “will overestimate or underestimate the 

true intervention effect,” (J. P. Higgins & Altman, 2008; p. 187). Although both the 

WWC and CEC guidelines touch on the concept of bias within the literature base, neither 

assesses it outright or provides a framework for how to examine the risk of bias within 

studies (Cook et al., 2014; Kratochwill et al., 2010). Some researchers have argued that 

the risk of bias within studies provides a more accurate means of determining the quality 

of evidence a study provides when compared to methodological standards (United States 
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Institute of Medicine Committee on Standards for Systematic Reviews of Comparative 

Effectiveness Research, 2011; Liberati et al., 2009). The risk of bias within a study or set 

of studies becomes increasingly important when conducting research syntheses; any 

potential over- or underestimation of the effect as a result of bias can impact the 

conclusions drawn by the synthesis (J. P. Higgins & Altman, 2008; Liberati et al., 2009). 

Due to this concern, researchers and literature consumers across fields are encouraging a 

comprehensive analysis of risk when evaluating the strength of evidence for an 

intervention (Liberati et al., 2009; Reichow, Barton, & Maggin, 2017). For example, the 

Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) 

standards were developed to increase the quality of syntheses and meta-analyses within 

the field of medicine and require a report of risk of bias for individual studies included 

within a synthesis (Liberati et al., 2009). While ways to assess risk of bias for group 

design studies have been well defined by organizations (J. P. Higgins & Green, 2008), 

assessing risk of bias for SCD studies is less well defined. Since behavioral research 

relies so heavily on SCD designs, effective evaluation areas where bias may be present in 

SCD studies is crucial. 

Fortunately, new methods are emerging to support researchers in evaluating the 

level of risk in SCD studies. One method is the Risk of Bias in N-of-1 Trials (RoBiNT) 

by Tate and colleagues (2013). Raters can use this 15-item measure to evaluate SCD 

methods on key areas related to quality and potential risk (Tate et al., 2013). Although the 

measure has adequate interrater reliability, the items are not directly comparable to any 

group design risk of bias measures, making it challenging to draw comparisons across the 
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literature base (Reichow et al., 2017). In order to fill this gap, the Risk of Bias for Single 

Case Design (RoB) assessment developed by Reichow and colleagues (2017) was 

designed to align with the group design risk of bias standards (J. P. Higgins & Green, 

2008). This allows researchers to more directly compare potential bias in SCD and group 

design studies, potentially enabling a more comprehensive evaluation of the literature. 

The Risk of Bias has been applied in two prior syntheses and has been found to have high 

interrater reliability with evidence of its validity as a measure of risk (Barton, 

Pustejovsky, Maggin, & Reichow, 2017; Barton, Reichow, Schnitz, Smith, & Sherlock, 

2015; Reichow et al., 2017). Using all of these quality metrics in conjunction with one 

another may help practitioners determine how robust the research that supports various 

behavioral interventions truly is. 

Meta-Analytic Methods 

Once the quality of a practice’s literature base has been fully examined, 

practitioners still need an understanding of the overall strength of an interventions’ effect. 

Quantitative syntheses, most robustly enabled through meta-analysis, provide a tool for 

estimating the effects of an intervention across studies. Meta-analyses have been widely 

used to evaluate the effectiveness of treatments across applied sciences, including 

medicine, psychology, and education (e.g., United States Institute of Medicine 

Committee on Standards for Systematic Reviews of Comparative Effectiveness Research, 

2011; Liberati et al., 2009; Shadish, Rindskopf, & Hedges, 2008). Group design studies 

have robust methodology for synthesizing research, and effect sizes calculated for 

experimental and quasiexperimental studies can be easily compared to one another 
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(Liberati et al., 2009; Shadish et al., 2008). Single-case meta-analyses lack those same 

techniques due to the unique features of SCD research. SCD studies rely heavily upon 

visual analysis to determine effects, which does not provide a quantitative measure of the 

interventions’ effect (Kratochwill et al., 2010, 2013). Additionally, SCD data are 

inherently dependent, violating the statistical assumptions of many frequently-used group 

design effect sizes (Shadish et al., 2008; Hedges et al., 2012). Thus, the effect sizes used 

within group design studies cannot appropriately capture the effects displayed within 

SCD data without significant modification. 

 Nonoverlap Methods. Fortunately, quantitative methods for evaluating the 

effects observed in SCD research have been developed. Historically, the most popular 

approaches are nonoverlap methods (Kratochwill et al., 2010). These approaches to SCD 

effect size analysis have been used extensively in SCD studies and syntheses to quantify 

results (Maggin et al., 2011; Parker, Vannest, & Davis, 2011; Shadish, 2014). Numerous 

different nonoverlap methods are used frequently in the literature on behavioral 

interventions (Parker, Vannest, & Davis, 2011). However, each method attempts to 

estimate the effects seen in an SCD study using slightly different information and 

calculation approaches, resulting in various limitations. One of the first measures 

developed is the Percentage of Non-Overlapping Data (PND; Scruggs, Mastropieri, & 

Casto, 1987). PND can be calculated by identifying the highest baseline point, counting 

the number of intervention points that exceed the highest baseline point, and then 

calculating the proportion of non-overlapping to total number of intervention points 

(Scruggs et al., 1987). While PND is easy to calculate and interpret, several issues limit 
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its utility. First, it only accounts for the highest baseline point, ignoring all other baseline 

data. Additionally, it cannot detect changes in slope in any conditions (Wolery, Busick, 

Reichow, & Barton, 2010), which is problematic given that the impact of an intervention 

may be detected or seen primarily through changes in trends. Finally, the effect size it 

provides is not comparable to group design effect size calculations (Parker, Vannest, & 

Davis, 2011; Wolery et al., 2010).  

Most nonoverlap methods are plagued by similar challenges. For example, the 

Percent Exceeding the Median (PEM) (Ma, 2006) approach is similarly easy to calculate 

but with significant limitations. Calculating PEM involves locating the median data point 

in the baseline phase, drawing a horizontal line through the baseline median into the 

treatment conditions, and then computing the percentage of treatment phase points above 

the median line if behavior increase is expected or below the median line if a decrease is 

expected (Ma, 2006). Like PND and most other nonoverlap methods, PEM does not 

account for the magnitude of change observed and does not consider trend or variability 

(Parker, Vannest, & Davis, 2011). Another frequently used approach is Improvement 

Rate Difference (IRD) (Parker, Vannest, & Brown, 2009), which involves evaluating the 

proportion of all non-overlapping data across conditions. While IRD has some statistical 

benefits, including the ability to calculate confidence intervals, it still does not account 

for trend or the magnitude of level differences in the data (Parker et al., 2009; Parker, 

Vannest, & Davis, 2011). As a result of these limitations, most nonoverlap methods 

should not be used if the baseline trend is increasing and cannot account for significant 
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changes in level across conditions (Kratochwill et al., 2010; Parker, Vannest, & Davis, 

2011).  

Only two non-overlap methods are able to account for any trend in the baseline 

condition: ECL and Tau-U (Parker, Vannest, & Davis, 2011, 2014). While ECL is limited 

to controlling for only linear upward trends in the baseline condition, Tau-U provides an 

estimate of effect that is able to control for any monotonic trend in the baseline condition 

(Parker, Vannest, & Davis, 2011; Parker, Vannest, Davis, & Sauber, 2011). Tau-U can be 

considered “the index of between and within-phase trend” (Parker, Vannest, Davis, & 

Sauber, 2011; p. 291) and is not limited by the artificial ceiling that limits most other 

non-overlap effect sizes (Parker, Vannest, & Davis, 2011). As a result of these properties, 

Tau-U is considered by some to be one of the most robust non-overlap methodologies 

(Parker, Vannest, & Davis, 2011; Parker, Vannest, Davis, et al., 2011). 

Despite its popularity, Tau-U has some significant limitations. First, the exact 

approach to calculating Tau-U can vary depending on how trend in the baseline is 

managed, and as a result, some ambiguity exists when researchers report using Tau-U 

without indicating which specific baseline trend correction was applied (Tarlow, 2017). 

Additionally, despite using a correlation coefficient in the calculation, it is not bound 

between -1 and 1, like traditional correlation coefficients, due to the baseline correction 

method (Tarlow, 2017). As a result, it may be less interpretable (Tarlow, 2017). Third, 

Tau-U does not easily relate to visual analysis of data. Most non-overlap approaches can 

be visualized using the graphical depiction of the data, but Tau-U is not easily 

interpretable from viewing the graph due to its baseline trend correction (Tarlow, 2017). 
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Finally, Tau-U is significantly impacted by phase length, as the length of the baseline 

phase compared to the treatment length directly impacts the correction applied and the 

subsequently calculated Tau-U (Tarlow, 2017). As a result, Tau-U can be modified by 

collecting additional data in either phase, meaning it does not merely reflect the 

effectiveness of a treatment (Tarlow, 2017).  

Limitations. Overall, nonoverlap effect sizes have significant limitations. First, 

many are not derived from statistical theory with a set of well-defined assumptions 

(Parker, Vannest, & Davis, 2011; Shadish, 2014); as a result, the comparative meaning of 

the values across studies and their significance is challenging to define (Shadish, 2014). 

Additionally, many of these methods are limited by artificial ceilings (Parker et al., 

2011). Most nonoverlap approaches cannot exceed an effect size of 1.00. Finally, most of 

the commonly used effect sizes cannot be easily compared to group design studies. These 

limitations led to criticism of the techniques (Kratochwill et al., 2013; Parker, Vannest, & 

Davis, 2011; Parker, Vannest, & Davis, 2014; Shadish et al., 2008; Wolery et al., 2010) 

and the development of more robust approaches.  

 New Approaches. To address the lack of robust effect size measures for SCD 

studies, new approaches are applying concepts from group design effect sizes to SCD 

research. Each of these effect size estimators is derived from a prior statistical theory 

with testable assumptions and understood distributions, making them a more robust 

estimator of effect (Hedges et al., 2012; Kratochwill & Levin, 2014; Shadish, 2014). 

While they have numerous statistical advantages over the overlap methods, one of their 

primary advantages may be practical; they may be more comparable to group design 
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effect sizes (Hedges et al., 2012; Kratochwill & Levin, 2014; Shadish, 2014. Despite 

being only recently developed, these effect sizes are gaining support from SCD experts 

due to their strengths over nonoverlap methods (Kratochwill & Levin, 2014; Shadish, 

2014).  

 Multilevel Modeling. Several of the new effect size estimators utilize multilevel 

modeling (MLM) to estimate effect sizes for SCD studies, a natural fit for single case 

data due to its inherently nested design (Hedges et al., 2012; Kratochwill et al., 2010; 

Kratochwill et al., 2013; Shadish, 2014). Two primary approaches stem from MLM: 

Bayesian and Likelihood estimation (Rindskopf, 2014; Shadish, Hedges, Pustejovsky, et 

al., 2014; Swaminathan, Rogers, & Horner, 2014). 

 Bayesian Approach. The Bayesian approach uniquely suited to single case design 

due to its robustness even with small sample sizes (Swaminathan et al., 2014). The 

Bayesian approach involves estimating the likelihood of a parameter against a 

distribution of parameters, rather than testing a parameter against the null hypothesis 

(Swaminathan et al., 2014). One advantage of the Bayesian approach is the ability to 

incorporate known information about an effect when estimating a parameter (Shadish, 

2014; Swaminathan et al., 2014). When applying a Bayesian approach, a researcher is 

able to utilize information gained from prior studies to inform the estimation of the 

parameters (Shadish, 2014; Swaminathan et al., 2014). Because of this approach, some 

have argued that Bayesian statistics are more interpretable than more traditional models 

(Shadish, 2014; Swaminathan et al., 2014). However, Bayesian models do require the 

prior distribution be specified, which increases complexity and can increase the size of 
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the error in the model depending on the appropriateness of the model (Rindskopf, 2014). 

Overall, Bayesian models do present a useful alternative to overlap methods that 

potentially provide more robust estimates of the effects (Shadish, 2014; Swaminathan et 

al., 2014). 

 Likelihood Estimation. The likelihood estimation method evaluates the 

appropriateness of various multilevel models using a maximum likelihood approach 

(Shadish, 2014; Shadish, Hedges, Pustejovsky, et al., 2014). By evaluating a variety of 

potential parameter estimates and models, this approach allows researchers to identify the 

model and variance components that have the most significant impact on the outcome 

variable (Shadish, 2014; Shadish, Hedges, Pustejovsky, et al., 2014). While this approach 

to evaluating effect sizes is in line with traditional MLM (Shadish, 2014; Shadish, 

Hedges, Pustejovsky, et al., 2014), it is not without limitations. First, it is not as robust to 

violations of assumptions as other approaches (Moeyaert, Ferron, Beretvas, & Van den 

Noortgate, 2014). Additionally, it may not be comparable to group design effect 

estimators, limiting its utility for comparing findings across studies (Shadish, Hedges, & 

Pustejovsky, 2014). As such, this approach may not be the most effective for meta-

analysis at the present time. 

d-statistic. One of the most common effect size estimators within meta-analyses 

utilizing group design research is d (Cohen, 1988; Hedges, Pustejovsky, & Shadish, 

2012; Shadish, Hedges, Pustejovsky, et al., 2014). Essentially, d-statistics can be defined 

as the estimation of effect based on the difference between the treatment and control 

compared to the variance (Cohen, 1988; Hedges et al., 2012). For between subjects or 
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group design studies, the d-statistic can be calculated as the difference between the 

treatment and the control group outcome variable means divided by the estimated 

standard deviation on the outcome variable (Cohen, 1988; Shadish, Hedges, & 

Pustejovsky, 2014). When this has been applied to within subject designs (i.e., single-

case designs), the variation used is simply the within case variation, which does not 

account for any differences between subjects. By not accounting for between-case 

variance, these d-statistics are not comparable to between subject estimators (Shadish, 

Hedges, & Pustejovsky, 2014).  

The Hedges, Pustejovsky, and Shadish d-statistic for SCD. To improve the 

comparability of effects across research design types, the Between-Case Standardized 

Mean Difference (Hedges et al., 2012; Shadish et al., 2014) effect size was developed. 

This d treats single case data as nested data; level one is the change over time within each 

case, and level two is the case (Hedges et al., 2012; Shadish et al., 2014). However, it 

does not apply multilevel modeling, which may make this approach easier to apply than 

alternative models with additional assumptions and reduce the variability of the estimate 

due to modeling differences (Hedges et al., 2012; Shadish et al., 2014).  

The term d is used to refer to this statistic in its general form, while g refers to the 

same estimator after a correction has been applied to account for a small sample size 

(Hedges, 1981; Shadish, Hedges, & Pustejovsky, 2014). This correction is comparable to 

the correction made in the between-case Hedges’ g statistics (Hedges, 1981; Shadish, 

Hedges, & Pustejovsky, 2014). This effect size estimator has several advantages. First, it 

accounts for the data’s nested status (Shadish, Hedges, & Pustejovsky, 2014). 
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Additionally, this effect size enables researchers to conduct moderator analyses, 

providing crucial information about variables that may impact an intervention’s efficacy 

(Shadish, Hedges, & Pustejovsky, 2014). This estimator is also robust to violations of 

normality, which may make it appropriate in cases where Bayesian or likelihood 

estimation approaches could not be applied (Hedges et al., 2012; Pustejovsky, Hedges, & 

Shadish, 2014; Shadish, Hedges, & Pustejovsky, 2014). As a result, the between-case 

standardized mean difference effect size for SCD provides researchers with an effect size 

that is not only able to be directly compared to those derived from group design studies 

but also is more robust than other SCD estimators applied (Hedges et al., 2012; 

Pustejovsky et al., 2014; Shadish, Hedges, & Pustejovsky, 2014). The d statistic can also 

be applied within and across studies, making it an ideal method for meta-analytic work 

(Hedges et al., 2012). Using this approach to evaluate the effectiveness of various 

behavioral interventions in a meta-analytic framework could provide practitioners with 

valuable information about how best to remediate student behavior concerns.  

While this effect size provides a robust estimate that is comparable to group 

design studies, it is not without limitations. First, this effect size can only be calculated 

for reversal designs or multiple baseline designs, limiting the studies it can be applied to 

(Hedges et al., 2012; Pustejovsky et al., 2014; Shadish, Hedges, & Pustejovsky, 2014). 

Additionally, this model assumes no trend in the data over time, which may be violated in 

some cases; corrections exist to overcome this violation that, when applied, bring 

additional assumptions into the model (Hedges et al., 2012). Finally, the error of estimate 

can be large when only a few cases are included within a study (Hedges et al., 2012). 
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Despite these limitations, this effect size provides a modern, more robust approach to 

evaluating the effects seen with single-case design studies. 

Token Economies 

 While meta-analytic work can help inform evidence-based practice, interventions 

must be more than efficacious to be implemented with success in schools. In order to 

provide adequate behavioral support for all students, educators must have access to 

interventions that are feasible, customizable to students’ needs, and effective. One of the 

most popular categories of interventions that meets educators’ and students’ diverse 

needs is token economies (e.g., Maggin et al., 2011; Soares, 2011). Token economies are 

behavioral interventions in which participants earn tokens for appropriate behavior that 

can be exchanged for back-up reinforcement at a later time (Cooper, Heron, & Heward, 

2007; Kazdin & Bootzin, 1972; Maggin et al., 2011). Tokens become generalized 

conditioned reinforcers through their continued pairing with other types of reinforcement 

(Cooper et al., 2007). Conditioned reinforcers are advantageous in that they can be 

delivered when other reinforcers may not be available and can be generalized across 

behaviors (Kazdin & Bootzin, 1972). Token economies provide a systemized way to 

apply conditioned reinforcers to increase specific desired behaviors. Token economies 

can be implemented on a group or individual level, and they can be used alone or in 

conjunction with other strategies (e.g., Cavalier, Ferretti, & Hodges, 1997; Filcheck, 

McNeil, Greco, & Bernard, 2004; Kazdin, 1982; Kazdin & Bootzin, 1972; Maggin et al., 

2011). Given the flexibility of the intervention, token economies have been applied in a 
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variety of settings, including schools, psychiatric hospitals, and residential facilities 

(Cavalier et al., 1997; Kazdin & Bootzin, 1972; Maggin et al., 2011).  

Within schools, token economies have been utilized with students with and 

without disabilities and across grade levels to target a variety of behaviors (e.g., Alstot, 

2012; Donaldson, DeLeon, Fisher, & Kahng, 2014; Hewett, Taylor, & Artuso, 1969; 

Maggin et al., 2011; Soares, 2011). Due to their extensive literature base and flexibility, a 

token economy system is a recommended component of a multi-tiered school-wide 

positive behavior support system (Sugai & Horner, 2009, 2006). Despite their wide use, 

the current support for this intervention within a school context remains mixed. 

 Current Evidence. Numerous studies exist that evaluated the effectiveness of 

token economies with various populations and behaviors within educational settings. A 

substantial amount of literature on token economies focuses on individuals with low 

incidence disabilities, primarily intellectual disabilities (e.g., Adcock & Cuvo, 2009; 

Carnett et al., 2014; Matson & Boisjoli, 2009). While Matson and Boisjoli (2009) found 

that the findings are generally positive for this population, those results may not 

generalize to students outside of that population. For instance, some research on token 

economies for students with ASD have utilized a system that aligns with the student’s 

perseverative interests (e.g., Adcock & Cuvo, 2009). Additionally, the behaviors targeted 

may differ for this population; for example, research on token economies for students 

with autism have focused on increasing appropriate social interactions (e.g., Carnett et 

al., 2014). Given the high rates of students without intellectual and developmental 

disabilities (IDD) in schools (National Center for Education Statistics, 2018), evaluating 
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the effectiveness of token economies for students without disabilities or with high 

incidence disabilities is crucial.  

Two recent systematic reviews of token economies within educational contexts 

were conducted. The first, conducted by Maggin and colleagues (2011), aimed to 

evaluate the effectiveness of token economies for addressing behavioral concerns for 

students without intellectual or developmental disabilities. Twenty-four studies met 

inclusion criteria and were evaluated in the review. Using the WWC criteria for SCD 

research (Kratochwill et al., 2010), studies were evaluated for methodological quality. 

Few of the studies met the WWC standards, and beyond that, few met criteria to be 

considered strong evidence for token economies (Kratochwill et al., 2010). While a 

quantitative analysis using IRD, standardized mean difference, and raw data, multilevel 

effect sizes revealed positive effects from token economy interventions, the lack of 

methodological rigor in the included studies limits their validity. Maggin and colleagues 

(2011) argued that the lack of transparency in the token economy literature coupled with 

significant methodological issues across the literature base made determining the 

effectiveness of token economies challenging. The primary finding of this review 

indicates that token economies do not have sufficient research support to be considered 

evidence-based practices at the time of publication (Maggin et al., 2011). 

Counter to the Maggin and colleagues’ (2011) quantitative review, Soares’s 

(2011) meta-analysis evaluating the effectiveness of token economies asserts that token 

economies can be considered evidence-based practice. The meta-analysis focused on the 

implementation of token economies within school settings. Similarly to Maggin and 
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colleagues’ (2011) review, 24 studies were identified, and effect sizes were calculated 

using Tau-U. A significant positive effect was found for token economies; however, the 

quality of the included studies were evaluated in terms of number of phases and data 

points (Soares, 2011). Additionally, both the inclusion criteria and the evaluation of 

evidence differed substantially in Soares’ (2011) analysis. First, only studies published in 

peer-reviewed journals between the years 1980 and 2011 were considered (Soares, 2011). 

Participants with intellectual or developmental disabilities and participants in preschool 

were eligible for inclusion (Soares, 2011). Finally, quality of the studies was evaluated on 

a three-point, researcher created scale that considered design type (Soares, 2011). These 

differences led to different conclusions than those made Maggin and colleagues (2011; 

Soares, 2011). The mixed conclusions of these two systematic reviews adds further 

challenges to determining the effectiveness of token economies for school-aged 

populations.  

 Limitations of current research. Further compounding the issue of whether token 

economies can be considered an evidence-based practice are the limitations of the present 

research. While Maggin and colleagues’ (2011) systematic review of token economies 

highlighted weaknesses in the current research base, there are some significant limitations 

of that review. First, the review conducted is nearly a decade old; research conducted 

since the initial search may provide additional clarity regarding the effectiveness of token 

economies (Maggin et al., 2011). Second, wide variations in effect sizes were reported 

across approaches. This may be due to the limitations of the effect size methods selected, 

which were primarily nonoverlap approaches, making the validity of those effect sizes 
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questionable. Finally, the lack of transparency in reporting the methods of each of the 

studies limited the researchers’ ability to draw conclusions about the true effectiveness of 

token economies (Maggin et al., 2011).  

 Soares’ (2011) study had additional challenges that may limit its validity. First, 

this study did not apply comprehensive quality indicators to evaluate the methodological 

strength or risk of bias in the studies included (Soares, 2011). As a result, this analysis 

may be skewed in a more positive direction than the current research warrants. The meta-

analysis also relied solely on Tau-U as an estimate of effect sizes (Soares, 2011). While 

Tau-U is able to account for trend in the baseline condition, it still presents significant 

statistical limitations which were not adequately addressed in the meta-analysis (Tarlow, 

2017). As a result of these weaknesses, this meta-analysis may not provide the most 

actionable portrait of the quality of evidence available for token economies (Soares, 

2011). 

 Overall, the conflicting findings of these two reviews mirror the current state of 

the literature for token economies (Meggin et al., 2011; Soares, 2011). Additionally, no 

reviews exist at the present time that critically evaluate the most recent research on token 

economies and use the most robust statistical methods to estimate the true effectiveness 

of token economies. Given their widespread use, an updated meta-analysis that provides a 

critical and comprehensive evaluation of the current literature base for token economies 

could assist practitioners in better determining if token economies should be considered 

an evidence-based intervention.  
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Present Study 

Given the impact of behavior on a variety of student outcomes, effective 

interventions that can be feasibly implemented within a school context are needed. This 

study seeks to evaluate the effectiveness of one of the most popular interventions 

examined in the literature and utilized in schools: token economies. Despite the robust 

search and inclusion criteria used in Maggin and colleague’s (2011) study, the limitations 

of the quantitative synthesis methods prevent this study from providing robust evidence 

about the effectiveness of token economies. Furthermore, the two most recent syntheses 

evaluating token economies were completed in 2011 (Maggin et al., 2011; Soares, 2011), 

and an updated search may be warranted. The aim of this study is three-fold: (1) to 

update and replicate an earlier quantitative synthesis to determine if token economies 

have sufficient evidence to be considered an evidence-based practice using both WWC 

and CEC criteria (Cook et al., 2014; Kratochwill et al., 2010), (2) to use modern meta-

analytic methods and newly-developed between-case effect sizes to determine the overall 

effectiveness of token economies on student behavior, and (3) to leverage meta-analysis 

in order to determine predictors of effectiveness for token economy interventions.  

The research questions are as follows: 

1. To what extent do token economies have sufficient research support to be 

considered evidence-based practice as measured by the WWC design standards 

and CEC quality indicators? 

2. To what extent can token economies have a positive impact on student behavior 

as indicated by historic qualitative methods and modern meta-analytic methods? 
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3. To what extent does the presently available token economy literature have 

adequate methodological rigor as evaluated by CEC quality indicators, Risk of 

Bias assessment, and WWC standards? 

Methods 

Procedures 

Search and inclusion. The search and screening procedures for the current study 

were aligned with Maggin et al.’s (2011) quantitative synthesis to ensure that the newly 

identified studies are comparable. 20 of the original 24 studies included the quantitative 

synthesis were included in the current study. Two were excluded due to ineligible 

intervention, and two were unable to be located in the search. Additionally, the following 

search and screening procedures were used to identify any studies written after the 2011 

synthesis were included in this study. 

Search procedure. Relevant databases were searched for studies and dissertations 

published between 2010 and 2018 that evaluated the effectiveness of token economies. 

This date range was selected to capture any studies published since the search performed 

by Maggin and colleagues (2011). ERIC, PubMed, PsychInfo, Sociological Abstracts, 

PubMed, and Medline databases were searched for relevant studies. The keywords used 

in the search included the following: token, voucher, ticket, coupon, economy, 

intervention, treatment, school, classroom, at-risk, behavior, learning disability, 

behavioral problem, emotional disturbance, emotional and behavioral disorder, 

disruptive, aggressive, engagement, on-task, and off-task. Search terms were entered in 

using the following Boolean phrase: “token” OR “ticket” OR “voucher” OR “coupon” 
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AND “economy” AND “intervention” OR “treatment” AND “school” OR “classroom” 

AND “at-risk” OR “behavior” OR “learning disability” OR “behavioral problem” OR 

“emotional disturbance” OR “emotional and behavioral disorder” OR “disruptive” OR 

“aggressive” OR “engagement” OR “on-task” OR “off-task.” 

A total of 1,699 peer reviewed articles and 19 dissertations were generated in the 

search. Titles and abstracts were reviewed to determine which studies should be screened 

for inclusion. A total of 51 studies were considered candidate studies and were 

subsequently screened for inclusion. After screening the studies (described below), an 

ancestral search of the reference lists of all eligible studies was conducted after the initial 

screening. The reference lists of eligible studies were reviewed to identify any additional 

studies for the analysis. No additional studies were identified during the ancestral search; 

any relevant studies identified during the ancestral search had either been previously 

identified or included within the prior quantitative synthesis by Maggin and colleagues 

(2011).  

Screening and inclusion. For a study to be eligible for inclusion, the following 

criteria must have been met. The study must have been published in English between the 

years 1960 and 2018 inclusive to ensure all studies included within the quantitative 

synthesis by Maggin and colleagues (2011) and any subsequently conducted research are 

included. The studies must be either published in peer-refereed journals or be publicly 

available dissertations or theses. The studies must have been conducted with kindergarten 

through twelfth grade students and within a school or classroom environment. A school 

or classroom environment was defined as any environment where the participant received 
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their academic instruction that was a primary educational placement, including 

nonpublic, residential, private, and public school settings. Settings such as home and 

community tutoring centers were excluded. The intervention must be targeting students 

with problematic behaviors, which were defined as any disruptive or off-task behavior 

that could impact the student’s or other students’ academic functioning. The intervention 

must be a token economy system as opposed to a token reinforcement system. A token 

economy was defined as a reinforcement system in which individuals receive tokens that 

become generalized conditioned reinforcers through the purchasing of a variety of 

primary reinforcers (Cooper et al., 2007). A token reinforcement system was defined as 

an intervention in which a specified number of tokens can be redeemed for a singular, 

predetermined reinforcer (Kazdin, 1982; Maggin et al., 2011). The studies must also have 

graphs available for data extraction in order to facilitate analyses. Participants with 

disabilities are included within the present study; however, participants with autism and 

intellectual disability were excluded from the analysis to ensure the results from this 

study are focused on the typically developing population within schools and that the 

updated search is comparable to Maggin and colleague’s (2011) original search. Studies 

in which data from participants with ASD and ID could be removed from the analysis 

while still having adequate data from participants without ASD and ID to establish a 

causal relationship were included. However, if studies included participants with ASD 

and ID and removing those participants from the analysis eliminated the ability to 

establish a causal relationship, those studies were excluded from the present study. For 

example, if a study included four subjects, one of which had ASD, the data from the three 
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subjects without ASD would be eligible for inclusion in the analysis. None of the 

included studies had any participants with ASD or ID. Any study with students with ID 

or ASD were excluded during the initial screening due to all participants meeting the 

exclusionary criteria. 

During screening, each of the 51 candidate studies found in the search was 

evaluated on each of the above criteria to determine if it was eligible for inclusion. A 

total of six studies were deemed eligible for inclusion in the present study (Alstot, 2012; 

Donaldson et al., 2014; Fiksdal, 2014; Iverson, 2010; Reed & Martens, 2011; Trevino-

Maack, Kamps, & Wills, 2015). All screening decisions were documented using 

Qualtrics, a customizable online survey tool, and 30% of the eligible studies were 

screened by two raters. The first rater was the primary investigator, and the second rater 

was a doctoral candidate with experience using single-case design. Interrater reliability 

for inclusion was 100%. Ineligible studies were coded on which aspects of inclusion 

criteria they did not meet and could be coded on multiple factors. Studies were excluded 

for the following reasons: ineligible population, such as populations with developmental 

disabilities and preschool-aged populations (N = 23), ineligible setting, primarily pre-

school (N = 5), ineligible intervention such as token reinforcement systems (N = 11), 

ineligible dependent variable including only academic outcomes or social skills (N = 5), 

not a single case design study (primarily group design studies; N = 11), not an 

experimental study such as a literature review or synthesis (N = 8), and no graphs 

presented (N = 9). All studies included in Maggin et al.’s (2011) synthesis were 

considered for inclusion. 22 of the 24 studies were found during the search. The two 
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studies unable to be located were excluded from the present analysis (Maglio & 

McLaughlin, 1981; Ward-Maguire, 2007). During screening of the studies included in the 

Maggin and colleagues’ (2011) synthesis, two studies that do not meet inclusionary 

criteria were identified (O’Leary, Drabman, & Kass, 1973; Sullivan & O’Leary, 1990). 

Both studies implemented a token reinforcement program instead of a token economy. As 

a result, these studies were excluded from the present analysis. Figure 1 displays the flow 

of studies through the search and screening process. 

After screening studies for inclusion, individual cases and outcomes were 

examined to determine if they met inclusion criteria. Academic outcomes, defined as any 

outcome assessing the accuracy or mastery of an academic skill, were excluded from the 

analysis. Outcomes such as problems completed were included, as they were considered a 

proxy for academic engagement. Additionally, outcomes focusing on teacher behavior, 

such as rate of praise, were also excluded. Finally, outcomes examining number of tokens 

earned were excluded. A total of 26 studies and 111 cases were included in the present 

analysis. 

Coding Procedures. Each of the six studies identified in the updated search and 

all of the 20 included studies from Maggin and colleagues’ (2011) synthesis were coded 

using Qualtrics and Excel. General information on each of the studies was coded utilizing 

Excel, including journal of publication and year published for peer-reviewed articles or 

completed for dissertations. For each individual case, case specific information was 

recorded, which entailed coding all of the following demographic information reported 

by the study: gender, race, grade, age, and disability status. The following treatment 
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specific variables were also coded: interventionist, treatment integrity, training provided 

to interventionist, dependent variable name, desired dependent variable direction, 

dependent variable category (academic engagement vs. disruptive behavior), dependent 

variable measurement method, and length of observation.  

Studies were then coded on their adherence to the three quality indicator metrics 

within Qualtrics. To obtain information about the quality of studies, each study was 

coded on their adherence to WWC design standards, specifically if they meet standards, 

meet with reservations, or do not meet (Kratochwill et al., 2010). For the CEC quality 

indicators (Cook et al., 2014), coders categorized the studies’ adherence to each indicator 

into “yes,” “no,” or “maybe” categories along with rationale for any “maybe” codings 

(Cook et al., 2014). For the present analysis, “maybe” ratings were reviewed by the 

primary investigator and the reliability coder to determine if sufficient detail was 

available in other parts of the study to determine if the indicator was met, as described by 

Cook and colleagues (2014). Any studies that still received “maybe” ratings after further 

review were considered to not meet the quality indicator. Two “maybe” ratings were 

revised to “yes” during the review to indicate sufficient information was presented to 

assume the indicators were met. Coders utilized the Risk of Bias assessment coding 

procedures for each study as well (Reichow et al., 2017). Finally, visual analyses were 

conducted using the WWC evaluation criteria examining if each graph showed strong, 

moderate, or no evidence of support (Kratochwill et al., 2010). Each coder recorded a 

brief rationale for the visual analysis to support the decision making. 
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Interrater Reliability. Coders for the present study included the primary 

investigator and three trained graduate students with coursework and/or research 

experience using SCD. Each of the trained graduate students were doctoral candidates 

within school psychology whose research or clinical experiences included single case 

design. The primary researcher coded all studies on the dependent variable, independent 

variable, and quality indicators outcomes, and the secondary coders provided reliability 

coding. Studies were randomly selected for reliability coding and were assigned to coders 

based on coder availability. Reliability coding was completed for six of the studies for the 

following quality assessments: WWC standards, the CEC quality indicators, Risk of Bias 

assessment, and visual analysis (Cook et al., 2014; Kratochwill et al., 2010; Reichow et 

al., 2017). Percent agreement for WWC standard adherence, the CEC quality indicators, 

and the Risk of Bias assessment was 100%, 89%, and 83% respectively. A spot check 

was also conducted of moderators by a secondary coder to ensure accurate coding. 

During the check, a secondary coder reviewed the coding of moderators for the six 

studies reviewed in the reliability coding. No errors were identified in the coding of 

moderators during this review. For the visual analysis, a second coder examined ten of 

the studies, and any disagreements in visual analyses were brought to a third analyst. The 

three coders reviewed the study to reach a consensus.  

Data Digitization. To facilitate the quantitative analysis, behavioral outcome data 

from each study was digitized by an additional coder trained by the primary investigator. 

Each relevant graph from included studies was digitized using the WebPlotDigitizer 

software (Rohatgi, 2018). This software was selected due to its usability and quality of 
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generated data (Moeyaert, Maggin, & Verkuilen, 2016). The y-coordinate of each data 

point was collected and paired with the relevant session number as the x-coordinate. The 

digitized data from 19 of the studies included in the Maggin and colleagues’ (2011) 

synthesis was obtained from the authors of the synthesis; the remaining study was 

digitized in using the same procedures. The previously digitized data were visually 

compared to the graphs of the studies, and any discrepancies between the graphs and the 

digitized data, including missing sessions or outcome values that were impossible when 

compared to the axis, resulted in the graph being re-digitized. This occurred for one study 

(Kuypers, Becker, & O’Leary, 1968). The digitized data were combined into a master 

data file to be used for analysis.  

Quality Indicators Analysis 

The quality of the available research was evaluated using several presently-

available criteria. First, the What Works Clearinghouse (WWC) standards were used to 

evaluate the initial quality of the studies (Kratochwill et al., 2010). The Center for 

Exceptional Children (CEC)’s quality indicators (Cook et al., 2014) and the Risk of Bias 

guidelines were used to further critique the studies and determine the strength of the 

available evidence for token economies (Reichow et al., 2017). The ratings and coding 

for each of the quality indicators were recording in Excel, where data were synthesized 

using descriptive functions. 

What Works Clearinghouse Design Standards. To evaluate the quality of the 

research included in this quantitative synthesis, the WWC design standards for SCD 

research were applied to all studies (Kratochwill et al., 2010). Despite not being 
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universally agreed upon (Hitchcock et al., 2014; Wolery, 2012), the WWC standards 

were selected due to their widespread use and discrete criteria that provide an objective 

evaluation of the studies (Fallon et al., 2015; Kratochwill et al., 2010; Maggin et al., 

2013). For a study to meet criteria, it must control for internal and external threats to 

validity. This can be demonstrated by systematic manipulation of the independent 

variable, replications of the effects through the design choice, and sufficient data 

sampling in terms of both phases and data points within phases (Kratochwill et al., 2010). 

For instance, reversal designs need at least at least four phases and five data points in 

each phase to meet standards, and four phases with at least three data points in each phase 

to meet standards with reservations (Kratochwill et al., 2010). Additionally, sufficient 

inter-observer agreement must be reported; specifically, studies must collect 

interobserver agreement for each dependent variable in at least 20% of the sessions in 

each phase, and the agreement must be at least 80% or kappa of 0.60 (Kratochwill et al., 

2010). If a study meets standards or meets standards with reservations, a visual analysis 

of each graph must be performed by examining the trend, level, and variability of the 

datapoints within and across conditions (Kratochwill et al., 2010). Studies are considered 

to provide strong evidence based on visual analysis if three demonstrations of effect are 

seen and no non-effects are seen (Kratochwill et al., 2010). Non-effects include latency of 

the treatment effect, problematic trend in the baseline condition, and variability of the 

data (Kratochwill et al., 2010). Studies provide moderate support if three demonstrations 

of effect and one or more non-effects are seen (Kratochwill et al., 2010). If less than three 
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demonstrations of effect are seen, the studies provide no evidence (Kratochwill et al., 

2010).  

The WWC standards have been applied to studies evaluating a variety of 

behavioral interventions, including self-management interventions, treatments for 

students who are deaf or hard of hearing, and performance feedback (Fallon et al., 2015; 

Maggin et al., 2013; Wendel, Cawthon, Ge, & Beretvas, 2015). Maggin and colleagues 

(2011) also applied the WWC standards in their prior review of the token economy 

literature (Kratochwill et al., 2010). To facilitate a comparison between the historic 

review and provide a comprehensive evaluation of the literature quality, the current study 

also applied the WWC standards (Kratochwill et al., 2010). The WWC Technical 

Standards for Single Case Designs were applied to each of the included studies 

(Kratochwill et al., 2010). Studies were coded into three categories as outlined in the 

WWC document: meets standards, meets standards with reservations, and does not meet 

standards (Kratochwill et al., 2010). A visual analysis of each graph was then conducted 

to identify the strength of support the study provides. As recommended by Kratochwill 

and colleagues (2010), the trend and variability of the data were examined along with the 

immediacy of the effect and level change to determine if demonstrations of effects were 

seen. The primary investigator completed a visual analysis of all the graphs, and a 

secondary coder analyzed graphs of nine of the studies. The primary investigator and 

secondary coder agreed on all visual analyses. Studies that did not meet design criteria 

received a rating of “no support” due to insufficient methodological qualities 

(Kratochwill et al., 2010).  
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Center for Exceptional Children’s Quality Indicators. The CEC quality 

indicators provide a framework to evaluate the quality of available research and guide the 

design of new studies. The CEC indicators have been applied primarily within the special 

education literature to evaluate the quality of evidence for interventions for individuals 

with disabilities (e.g., Kaldenberg et al., 2014). For the present study, the CEC indicators 

were selected to provide additional data on the quality of available research. Although 

overlap between the CEC quality indicators and the WWC design standards exists, the 

CEC provides additional requirements regarding participant information, implementer 

training and qualifications, and social validity (Cook et al., 2014; Kratochwill et al., 

2010).  

The quality indicators are divided into eight subcategories: (1) context and setting, 

(2) participants, (3) intervention agent, (4) description of practice, (5) implementation 

fidelity, (6) internal validity, (7) outcome measures/dependent variables, and (8) data 

analysis (Cook et al., 2014). Specific indicators are contained within each of these 

categories, and each specific indicator relates to group design studies, SCD studies, or 

both. Indicators relating to SCD or both were coded for the present study (Cook et al., 

2014). Context and setting has only one quality indicator in the category, which examines 

the extent to which the article reports sufficient information on the setting where the 

study was conducted (Cook et al., 2014). Within the participants category, two indicators 

examine the reporting of demographic information and reporting of risk status of 

participants (Cook et al., 2014). Quality indicators pertaining to intervention agent 

include one pertaining to the role of the interventionist and another pertaining to the 
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training of the interventionist (Cook et al., 2014). The description of practice category 

examines both the procedures and the materials needed for the intervention. 

Implementation fidelity targets three specific areas of fidelity: treatment adherence, 

dosage or exposure to the intervention, and the comprehensiveness of the fidelity data 

collected, including the timing and frequency of the fidelity measure across 

interventionists (Cook et al., 2014). Internal validity assessed five aspects of internal 

validity, including description of the baseline condition, lack of access to the intervention 

during the baseline phase, at least three demonstrations of effect, sufficient data points in 

the baseline condition, and adequate design to account for common threats to internal 

validity (Cook et al., 2014). Within the outcome measure category, the social validity of 

the dependent variable, the measurement of the dependent variable, the reporting of the 

outcome, and the appropriateness of the measurement of the variable is assessed (Cook et 

al., 2014). Finally, the data analysis category evaluates if the study provides graphical 

data of all outcomes measured (Cook et al., 2014). Each of the quality indicators relevant 

to SCD were coded for a total of 22 ratings per study.  

Studies that met all of the 22 quality indicators were assigned an evidence rating 

as outlined by the CEC guidelines (Cook et al., 2014). Studies could be categorized as 

having positive, neutral, or mixed effects based on the number of cases included and the 

percentage of participants’ data that display a functional relationship between token 

economies as determined by visual analysis (Cook et al., 2014). A study must have a 

minimum of three cases and at least 75% of included cases must show a functional 

relationship between the independent variable and the dependent variable to receive a 
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positive effects rating (Cook et al., 2014). Unlike the WWC standards (Kratochwill et al., 

2010), specific guidelines regarding how to conduct the visual analysis were not 

provided. However, Cook and colleagues (2014) recommended using standard visual 

analysis methods, including examination the immediacy of the effect and the change in 

level, trend, and variability in data. For a practice to be considered evidence-based as 

determined by SCD research exclusively, at least five studies that meet all 22 quality 

indicators with a minimum of 20 participants total across studies must show positive 

effects (Cook et al., 2014). Additionally, no studies meeting all 22 criteria can show any 

negative effects for the practice to be considered evidence-based. For a practice to be 

labeled as potentially evidence-based, two to four studies meeting all 22 criteria must 

show positive effects, and no studies that meet all quality indicators can show negative 

effects from the practice (Cook et al., 2014). A rating of mixed evidence is assigned when 

the research overall meets the criteria for evidence-based or potentially evidence-based 

practice while at least one study meeting all the methodological criteria displaying 

negative effects exist (Cook et al., 2014). For the mixed evidence rating, the number of 

studies showing a negative effect cannot outnumber the number of studies showing a 

positive effect (Cook et al., 2014). A rating of negative effects is given if more than one 

study meeting all 22 quality indicators displays negative effects in the visual analysis, and 

more negative effect studies than positive effect studies are present in the literature (Cook 

et al., 2014). A rating of insufficient evidence for a practice is assigned when not enough 

literature exists for any other rating to be assigned (Cook et al., 2014). 
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Risk of Bias for Single Case Design Research. The Risk of Bias for SCD 

protocol (Reichow et al., 2017) was applied to evaluate the potential for bias and threats 

to internal validity in each of the studies based upon both the transparency and quality of 

the methods. This measure evaluates four different potential types of bias within studies: 

selection bias, performance bias, detection bias, and other types of bias (Reichow et al., 

2017). Within these four general types, nine domains of potential bias are assessed. 

Sequence generation and participant selection fall within the selection bias category 

(Reichow et al., 2017). Performance bias contains blinding of participants and personnel 

and procedural fidelity (Reichow et al., 2017). Detection bias includes blinding of 

outcome assessment, missing outcome data, dependent variable reliability, and data 

sampling (Reichow et al., 2017). These eight domains code into three primary ratings: 

low risk of bias, unclear risk, and high risk (Reichow et al., 2017). Reichow and 

colleagues (2017) outline specific criteria for each of the three potential ratings. The final 

domain, which assesses other potential sources of bias, does not have any specific ratings 

and is open-ended to allow the coder to indicate any other potential areas of risk 

(Reichow et al., 2017).  

Quantitative Analysis 

 A meta-analysis and non-overlap effect sizes were evaluated to provide a 

quantitative estimate of the effectiveness of token economy interventions. DHPS effect 

sizes used within the meta-analysis were calculated using the DHPS macro for SPSS 

(Shadish et al., 2014). Both the meta-analysis and the calculations of non-overlap effects 

were conducted in R (version 3.3.2; R Core Team, 2018). Nonoverlap effect sizes were 



 

48 

calculated using the ‘SingleCaseES’ (Pustejovsky & Swan, 2017) and ‘dplyr’ (Wickham, 

François, Henry, & Müller, 2018) packages. The meta-analysis was conducted using the 

following packages: ‘psych’ (Revelle, 2018), ‘metafor’ (Viechtbauer, 2010), ‘tidyverse’ 

(Wickham, 2017), ‘ggplot2’ (Wickham, 2009), ‘markdown’ (Allaire, Horner, Marti, & 

Porte, 2017); ‘shiny’ (Chang, Cheng, Allaire, Xie, & McPherson, 2018), ‘devtools’ 

(Wickham, Hester, & Chang, 2018), and ‘dplyr’ (Wickham, François, Henry, & Müller, 

2018). 

Meta-Analysis 

To synthesize the available research and draw robust conclusions about token 

economies’ efficacy, meta-analytic methods were applied. Meta-analysis allows 

researchers to combine effect sizes across studies to create one effect size estimate that 

reflects the estimated overall effect for a particular independent variable (Glass, 1976). 

Originally developed by Glass for the purpose of statistically analyzing the results of all 

studies conducted on the effectiveness of psychotherapy, meta-analyses have been 

applied widely in applied fields to determine the effects of interventions (Glass, 1976; 

Glass & Smith, 1979; Kaldenberg et al., 2014). Since its inception, meta-analysis has 

been widely applied to across fields to evaluate the effectiveness of various independent 

variables (e.g., Barton et al., 2017; Hedges, Gurevitch, & Curtis, 1999; Liberati et al., 

2009).  

Two overarching methods for approaching meta-analyses exist that allow 

researchers to make different conclusions from the available data (Hedges & Vevea, 

1998). Fixed effects meta-analyses provide estimates of effects that can only be applied 
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to the sample of studies included within the current meta-analysis (Hedges & Vevea, 

1998). Random effects meta-analyses assume that the included studies are a sample of a 

greater universe of potential studies, and as a result, effect size estimators can be 

generalized beyond the included sample (Hedges & Vevea, 1998). This study utilized a 

random effects meta-analysis for the purpose of generalization (Hedges & Vevea, 1998).  

Hedges, Pustejovsky, and Shadish d-statistic for SCD (DHPS). The effect size 

used within the meta-analysis was the Between-Case Standardized Mean Difference 

effect size for SCD (Hedges et al., 2012). This effect size, the Hedges, Pustejovsky, and 

Shadish d-statistic for SCD (DHPS), provides researchers with an estimate of effect that 

is comparable to those derived within group design studies (Hedges et al., 2012; Shadish 

et al., 2014). The DHPS approach allows researchers to calculate an effect size 

comparable to Cohen’s d, and for small sample sizes, such as those in most SCD studies, 

offers a correction similar to Hedges’ g (Hedges et al., 2012). The d-statistic generated by 

this model accounts for the inherently dependent nature of the data within SCD studies 

(Hedges et al., 2012; Shadish et al., 2014). The g generated from the model is a d 

corrected for small sample sizes (Hedges et al., 2012; Shadish et al., 2014). Given the 

small samples within SCD studies, the g-statistics generated from this approach were 

entered into the meta-analysis. A total of 14 effect sizes were generated for the analysis. 

When more than one effect size was estimated for a study, an unweighted mean of all 

effect sizes within a study was taken, and the within study mean was utilized in the meta-

analysis (Shadish, Hedges, & Pustejovsky, 2014).  
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Requirements and assumptions. For a d to be calculated using the DHPS 

approach, a study must meet certain methodological standards. The d-statistic can only be 

calculated on single comparison or reversal designs (ABk ) and multiple baseline designs 

(Hedges et al., 2012; Shadish et al., 2014). For the current study, two studies that were 

alternating treatment designs were not included in the meta-analysis. Additionally, at 

least three cases must exist within the study (Hedges et al., 2012; Shadish et al., 2014). 

Twelve studies were eliminated from the meta-analysis due to an insufficient number of 

cases or insufficient phase comparisons. For calculation using the SPSS macro developed 

for the DHPS approach, only treatment phase with a preceding, adjacent baseline phase 

can be utilized in the effect size (Hedges et al., 2012; Shadish et al., 2014). As a result, 

any treatment phases not meeting these requirements were removed from the analysis.  

In addition to the structural requirements of the studies, the d-statistic model relies 

on several assumptions. The model assumes that baseline phases lack any time-based 

trends and that the treatment leads to a constant change in level across cases (Shadish, 

Hedges, & Pustejovsky, 2014). The trend in baseline phases can be evaluated through a 

trend analysis. Studies with problematic baseline trends can be detrended when the d-

statistic is generated. The variance between cases and the within-case errors must be 

normally distributed and homoscedastic (Shadish, Hedges, & Pustejovsky, 2014), which 

can be evaluated through an examination of the Shapiro-Wilk statistic. Additionally, the 

within-case errors must “follow an AR(1) auto-correlation structure” (Shadish, 2014). 

Fortunately, the d-statistic is robust to violations of normality and auto-correlation 

structure (Shadish, Hedges, & Pustejovsky, 2014).  
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When entering these effects into a meta-analysis, several additional considerations 

must be made to ensure the robustness of the analysis. First, several studies had multiple 

effect sizes calculated. A single effect size for each study was calculated by taking an 

unweighted mean of all effect sizes for the particular study (Shadish et al., 2014). Second, 

any outliers can significantly impact the effect size (Shadish et al., 2014). Outliers can be 

identified through examining the influence and outlier plots (Shadish et al., 2014). For the 

present study, Shook and colleagues’ (1990) study was identified as an outlier. The meta-

analysis was conducted twice: once with the study included and once with it removed 

from the meta-analysis. The results of both analyses are presented below.  

Nonoverlap methods 

Due to the historic focus on ad hoc effect estimators (e.g., Kratochwill et al., 

2010; Parker, Vannest, & David, 2009; Parker, Vannest, & Davis, 2014, 2014), 

nonoverlap, or dominance, methods were used as a comparison point to more modern 

approaches. Nonoverlap methods share several advantages when applied to SCD 

research. The first is that they do not require all data are independent (Parker et al., 2014). 

Given the inherent nested structure of SCD data, being robust to dependent data is 

crucial. Additionally, nonoverlap methods can be directly interpreted and align closely 

with the results seen in visual analysis (Parker, Vannest, & David, 2009).  

Seven of the most utilized non-overlap effect sizes were selected to evaluate the 

quality of the evidence across historic and modern methods, as well as evaluate the 

strength of effects across studies with varied methodological quality. Nonoverlap 

methods were calculated in three ways. First, an overall effect size was calculated by 
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taking a mean of all phase comparisons. Next, a within-study effect size was calculated 

for each estimator by taking a mean of all of the across phase comparisons for a particular 

nonoverlap approach. Finally, effect sizes were calculated for between adjacent and 

nonadjacent phases by taking a mean of all phase comparisons for each category. 

Adjacent phases were considered any phases that occurred next to each other in the 

treatment design. For example, the first baseline and first treatment phase would be 

considered adjacent, while the first baseline and second treatment phase would be 

considered nonadjacent. In alternating treatment designs with more than one phase, 

conditions within the same phase were coded as adjacent while those in phases next to 

each other were coded as nonadjacent.  

Percent of Non-overlapping Data (PND). One of the first effect size estimates 

developed for SCD is PND (Scruggs et al., 1987). PND can be calculated in several steps. 

First, the highest baseline point must be identified, and then the total number of 

intervention points that exceed the highest baseline point must be counted. PND is 

calculated by finding the proportion of nonoverlapping to total number of intervention 

points (Scruggs et al., 1987). PND is one of the most widely used nonoverlap methods. It 

aligns closely with visual analysis findings (Parker, Vannest, & David, 2009; Scruggs et 

al., 1987). However, it relies on a singular datapoint, notably the most extreme datapoint 

(Parker et al., 2014), which may be unreliable due to measurement error or may reflect an 

abnormal variation in the individual’s behavior making it not representative of the true 

behavior at baseline. Additionally, PND is not robust to floor and ceiling effects (Parker 
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et al., 2014). Finally, due to a lack of sampling distribution, no statistical tests can be 

applied to determine its significance (Parker et al., 2014).  

Percent of All Non-overlapping Data (PAND). Building upon PND, PAND is the 

percentage of the total number of data points that do not overlap between baseline and 

intervention phases (Parker, Hagan-Burke, & Vannest, 2007; Parker et al., 2014). This 

effect size is considered a complete nonoverlap comparison, as it uses all data points 

within the study, unlike PND which only compares intervention data points to a singular 

baseline data point. (Parker et al., 2014) However, this effect size, like most non-overlap 

methods, is unable to control for positive baseline trend (Parker et al., 2014).  

Percent Exceeding the Median (PEM). Developed by Ma (2006), PEM is “the 

percentage of Phase B data points exceeding the median of the baseline phase” (Parker et 

al., 2014, p. 138). It is calculated by locating the median point in the baseline phase, 

drawing a horizontal line passing through baseline median point into treatment phases, 

and then computing percentage of treatment phase points above the median line if a 

behavior increase is expected or below the median line if a decrease expected (Ma, 2006). 

PEM is an incomplete nonoverlap approach, since not all the datapoints are considered 

(Parker et al., 2014). PEM involves a sampling distribution, allowing for some statistical 

significance testing (Parker et al., 2014). However, like most non-overlap methods, it is 

insensitive to magnitude of change and does not consider trend or variability (Parker et 

al., 2014). Also, if the median is a poor representation of the data, this effect size may not 

be reflective of the data. Finally, it is highly susceptible to ceiling effects (Parker et al., 

2014).  
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Nonoverlap of All Pairs. NAP is a complete nonoverlap method since all 

datapoints are used and a dominance statistic as it examines the relative superiority of the 

treatment condition compared to the baseline (Parker et al., 2014). It is calculated by first 

identifying pairs of datapoints between the A and B phases. Then, the number of pairs in 

which the B point exceeds the A data point (or vice versa depending on the desired 

dependent variable direction) is determined (Parker et al., 2014). Finally, a percentage is 

generated by comparing the number of nonoverlapping pairs to all pairs. This can be 

calculated by hand using a SCD graph or using statistical methods, such as Area Under 

the Curve (AUC) from a Receiver Operator Characteristics (ROC). As a result of the 

computerized calculation methods, some argue that this method less likely to be impacted 

by human error (Parker & Vannest, 2009; Parker et al., 2014). However, similar to other 

nonoverlap approaches, NAP is insensitive to trends in the data (Parker et al., 2014).  

Improvement Rate Difference (IRD). IRD is “the proportion of high or 

‘improved’ scores between Phases B and A,” (Parker et al., 2014, p. 140). Improvement 

rate difference considers the change from baseline to treatment phases by calculating the 

ratio between improved data points to total data points to find the improvement rate for 

each phase (Parker et al., 2014). The difference between the proportions for the baseline 

and treatment phases is the IRD (Parker et al., 2009). IRD provides an estimate of the 

improvement rate from the treatment; however, the potential range of IRD is limited by 

the amount of data points in each phase (Parker et al., 2009).  

 Standardized Mean Difference (SMD). The SMD is the difference between the 

mean outcomes in baseline and treatment phases divided by the standard error in the 



 

55 

baseline phase (Shadish, Hedges, Pustejovsky, et al., 2014). A correction is applied for 

the small sample sizes present in SCD studies (Shadish, Hedges, Pustejovsky, et al., 

2014). SMD is conceptually similar to effect size calculations in group design studies 

(Shadish, Hedges, Pustejovsky, et al., 2014). One significant limitation of this effect size 

is that small variation in the baseline phase will lead to an exceptionally large effect size, 

which may not be the most accurate reflection of the data (Shadish, Hedges, Pustejovsky, 

et al., 2014).  

 Tau-U. Tau-U can be conceptualized as “the index of between and within-phase 

trend” (Parker, Vannest, Davis, et al., 2011). Tau-U is conceptually similar to NAP, but 

Tau-U corrects for monotonic trend in the baseline condition by only comparing each 

data point with one that was collected at a later point in time (Parker, Vannest, Davis, et 

al., 2011). The comparisons are then rated as positive, negative, or neutral depending on 

the level difference between the datapoints and the desired dependent variable direction 

(Parker, Vannest, Davis, et al., 2011; Parker et al., 2014). The number of pairs showing a 

negative change subtracted by the number of pairs showing positive difference is divided 

by the total number of pairs to generate Tau-U (Parker, Vannest, Davis, et al., 2011). 

Various corrections can be made to Tau-U to correct for monotonic trends in the baseline 

or treatment conditions (Parker, Vannest, Davis, et al., 2011; Tarlow, 2017). As a result 

of the corrections, Tau-U appears to be a nonoverlap method that adjusts for trend 

(Parker, Vannest, Davis, et al., 2011; Parker et al., 2014). However, Tau-U becomes 

statistically more complex than other nonoverlap methods (Parker et al., 2014). 

Additionally, Tau-U is not as interpretable as other non-overlap methods, does not clearly 
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relate to visual analysis results, and the ratio of baseline to treatment phase length can 

impact this effect size (Tarlow, 2017). As a result of these limitations, Tau-U may not be 

the most accurate reflection of the effectiveness of an intervention (Tarlow, 2017).  

Results 

Included Studies 

  A total of 26 studies published between 1967 and 2015 were included in the 

analysis. No studies published before 1967 or after 2015 were found eligible for 

inclusion. Included studies used the following design types: alternating treatment (N = 2), 

multiple baseline designs (N = 4), reversal/withdrawal (N = 10), and single comparison or 

ABA/ABC designs (N = 11). One study utilized a reversal design for one case and a 

single comparison for another (O’Leary, Becker, Evans, & Saudargas, 1969). Four 

studies were conducted by the same research group, as authors were similar across 

studies (Kuypers et al., 1968; O’Leary & Becker, 1967; O’Leary et al., 1969; Sullivan & 

O’Leary, 1990). However, the remainder of studies were conducted by unique research 

groups. Four of the included studies are dissertation or thesis studies (Alvarez, 1973; 

Fiksdal, 2014; Iverson, 2010; Kirk, 2008), one included study is a published conference 

paper (Terry, Kretsch, & Rawlings, 1981), and the remainder are published articles in 

peer reviewed journals (N = 21). Most studies analyzed data at the individual level 

(80.2%; N = 89) with few studies analyzing data at the group level (19.8%, N = 22). Each 

study had between one and three eligible dependent variables for inclusion in this 

analysis.  
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  Most studies focused on the elementary school population, with only six studies 

examining the effectiveness of token economies in sixth grade and above. Studies 

included participants in grades kindergarten through twelve. However, two studies did 

not report any grade level information (Alvarez, 1973; Hewett et al., 1969). Five studies 

reported the ethnicity of the participants; however, only two studies reported on the 

demographics of each of the included participants (Christensen, Young, & Marchant, 

2004; Iverson, 2010) as opposed to reporting on the group demographics. Of those that 

reported ethnicity data, participants were diverse, including students who were Black, 

Hispanic, Caucasian, Native American, and multiracial. Approximately 40% of the cases 

studied were within a general education setting (N = 46). The remaining 60% of cases 

were within special education settings, with 56 described as a special education setting 

and 9 described as a remedial or resource classroom. Similarly, 62% of cases included 

students with disabilities (N = 69). Disability status of the participants was not reported 

for 26% of the cases (N = 29). The most frequently reported disability was emotional 

disturbance or emotional and behavioral disorder. Table 1 displays descriptive 

information for the studies included, and Table 2 provides a summary of the participant 

and interventionist characteristics. 

 Dependent variables of interest were any classroom behavior that could impede or 

support academic engagement. Specifically, disruptive behaviors and academic 

engagement variables were examined. Of the 26 included studies, 11 studies included 

variables that targeted academic engagement, 12 examined disruptive behaviors, and 

three measured both. Academic engagement variables included outcomes such as percent 
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of on-task behavior, number of problems completed, and appropriate study behavior (e.g., 

Kirk, 2008; Nevin et al., 1982). Variables that examined the accuracy of academic work 

were excluded. Disruptive behaviors of interest included broad categories of disruptive 

behaviors, such as “deviant behaviors,” (e.g., Donaldson et al., 2014) and more specific 

behaviors such as “talk outs” or “out of seat behavior” (e.g., J.W. Higgins et al., 2001). 

Methods of measurement for dependent variables varied across and within studies based 

upon the specific behavior examined. Measurement techniques included momentary time 

sampling, whole interval recording, frequency, rates, and percent duration. 

 Each of the 26 studies implemented a token economy, either as a standalone 

intervention (N = 22) or in conjunction with other behavioral interventions (N = 4). 

Studies that included other techniques focused on other components of effective 

classroom management, such as increased praise, environmental modifications, and 

planned ignoring of problem behavior (Broden, Hall, Dunlap, & Clark, 1970; Hewett et 

al., 1969; O’Leary et al., 1969; Walker, Hops, & Fiegenbaum, 1976). Six of all of the 

included studies had a response cost component to the token economy (Broden, Hall, 

Dunlap, & Clark, 1970; Donaldson et al., 2014; Drege & Beare, 1991; Fiksdal, 2014; 

Iverson, 2010; Terry et al., 1981). Several studies evaluated how specific modifications 

impacted token economies effectiveness. For example, Donaldson and colleagues (2014) 

evaluated participants’ preference for a token economy where they could either earn 

tokens for appropriate behavior or lose tokens for inappropriate behavior. Kirk (2008) 

examined how the effectiveness of a token economy changed when the tokens could be 

exchanged for functionally relevant reinforcers. Studies also varied on the type of tokens 
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with approximately half of the studies utilizing tangible tokens (N = 14). Back-up 

reinforcers offered by studies also varied across studies, with eight of the included studies 

provided various tangible reinforcers, five offered access to preferred activities, six 

studies included multiple types of reinforcers, and three did not report the type or types of 

reinforcers available.  

Quality Metrics 

 WWC Design Standards. The WWC design standards provide specific criteria 

for individual studies and cases to meet to be considered appropriate evidence in support 

of a practice. These design standards provide three categories for studies to fall into: 

studies that meet standards, those that meet with reservations, and those that do not meet 

standards (Kratochwill et al., 2010). First, a study must obtain interobserver agreement 

(IOA) in at least 20% of sessions across the baseline and treatment phases, and the 

agreement must be above 80% or above 0.60 kappa for a study to meet standards or meet 

standards with reservations (Kratochwill et al., 2010). Studies without adequate IOA 

cannot meet standards with or without reservations (Kratochwill et al., 2010). Next, a 

study must have a sufficient number of phases to show at least three demonstrations of 

effect (Kratochwill et al., 2010). Finally, at least five data points must be obtained for 

each phase for the study meet standards, and three data points are sufficient to meet 

standards with reservations (Kratochwill et al., 2010). For an intervention to be 

considered evidence-based, it must have a minimum of five studies from at least three 

unique research teams with at least 20 unique cases that meet WWC design standards 
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with or without reservations and show strong or moderate effects for the intervention 

based upon a visual analysis (Kratochwill et al., 2010). 

A total of eight different studies from eight unique research teams and 32 total 

cases had sufficient data and phase changes to either meet standards or meet standards 

with reservations, indicating token economies have sufficient research support to be 

evaluated as an evidence-based practice. Of the 111 cases examined in the study, 12% of 

cases (N = 13) met design standards, 22% met standards with reservations (N = 25), and 

66% did not meet standards (N = 73). Within studies in which the unit of analysis was 

group, 59% of studies did not meet standards (N = 13). For studies analyzing at the 

student level, 67% did not meet standards (N = 60). The primary reason a case did not 

meet standards was inappropriate design (N = 46), which was due to a single comparison 

design or ABA/ABC design. However, the second most common cause of not meeting 

standards was inadequate interobserver agreement (IOA) and/or inadequate information 

to determine IOA (N = 39), which aligns with the findings from Maggin and colleagues 

(2011). For example, one study collected IOA in six out of 45 sessions (Ayllon & 

Roberts, 1974), which does not meet the 20% of sessions across phases requirement 

(Kratochwill et al., 2010). Other studies reported a range of IOA that did not exceed the 

80% agreement (Kuypers et al., 1968). Some studies reported that adequate IOA was 

obtained but provided little detail on how frequently it was collected (Walker, Hops, & 

Fiegenbaum, 1976). Inadequate number of data points were the primary cause of cases 

meeting standards with reservations (N = 25). Studies with a larger number of cases, such 

as Donaldson and colleagues study (2014), often had several cases that did not meet 
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standards due to lack of baseline data points. This inadequate number of datapoints was 

often seen in the second baseline condition. 

A visual analysis was conducted using WWC guidelines (Kratochwill et al., 

2010). Cases were considered to provide strong evidence for token economies if three 

demonstrations of effect were seen and no non-effects were present. Moderate evidence 

was provided if a case showed three demonstrations of effect and at least one non-effect. 

No evidence was provided by cases that do not meet minimum design requirements. Of 

the 26 included studies, 11 had at least one case that met design standards with or without 

revisions. and as a result, only those cases could provide evidence for token economies 

based upon the visual analysis. A total of 38 cases met standards or met standards with 

reservations, and of those, 32 provided moderate or strong support for token economies 

based on the results of a visual analysis.  

When considered in light of all 111 included studies, results of a visual analysis 

reveal that most cases provide no evidence or moderate support, with only 12% of all 111 

included cases meeting WWC criteria for strong support (N = 13). Only 17% of all cases 

provide moderate support (N = 19; Figure 2). Studies that provided moderate support 

displayed evidence of non-effects, including latency of a treatment effect and variability 

in the data causing overlap across phases. The primary cause of studies providing no 

evidence for token economies was due to not meeting evidence standards, specifically for 

lack of phases, which occurred more frequently in studies published before 1990. 

Inappropriate design type accounted for most of the cases that did not provide evidence. 

Per the WWC criteria, studies that do not meet standards are unable to provide robust 
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research evidence for token economies. Six studies accounted for 13 of the cases that 

provided strong support. Only one of the six were from the updated literature search 

(Donaldson et al., 2014). Two studies displayed strong effects for all included cases 

(Christensen et al., 2004; Salend & Gordon, 1987); however, both of these studies only 

had two cases included within the study.  

CEC Quality Indicators. The CEC Quality Indicators provide general reporting 

guidelines for SCD research (Cook et al., 2014). The guidelines evaluate eight key areas 

of reporting: (1) context and setting, (2) participants, (3) intervention agent, (4) 

description of practice, (5) implementation fidelity, (6) internal validity, (7) outcome 

measures/dependent variables, and (8) data analysis (Cook et al., 2014). Studies were 

rated as to whether or not they met the quality indicator. Studies could also receive a 

“maybe” rating on a domain if its adherence to the indicator was unclear; however, 

“maybe” ratings were considered to not meet the quality indicator. Studies that meet all 

22 of the quality indicators were rated according to the strength of evidence they 

provided as determined by a visual analysis (Cook et al., 2014). The number of studies 

providing positive evidence for token economies determine if the practice can be 

considered evidence-based as rated by the CEC quality indicators. 

The number of quality indicators met by any individual study ranged from 8 to 22 

(M = 14.38, SD = 3.68). The number of indicators most commonly met was 17. Table 3 

provides a summary of these findings. Only two studies met all the quality indicators, and 

therefore, only two studies were considered methodologically rigorous enough to receive 

an effects rating (i.e., Christensen et al., 2004; Fiskdal, 2014). Both studies showed a 
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positive functional relationship between token economies and student behavior based 

upon visual analysis; however, neither study had an adequate number of cases to meet 

CEC visual analysis criteria for positive effects. As a result, according to CEC quality 

indicators, token economies have insufficient evidence to be considered an evidence-

based practice at the present time (Cook et al., 2014).  

Despite an insufficient evidence rating for token economies, an evaluation of the 

CEC quality indicators reveals some positive trends in the literature. First, both studies 

that met all 22 quality indicators were studies that provided strong support according to 

WWC standards (i.e., Christensen et al., 2004; Fiksdal, 2014), indicating some 

convergence across quality evaluation tools. The methodological quality of studies also 

appeared to improve over time. Most studies published after the year 2000 received some 

of the highest ratings (M = 15.90, SD = 4.04), while studies published prior to 2000 

received lower ratings on average (M = 13.50, SD = 3.22). Additionally, the studies 

published since Maggin and colleagues’ (2011) synthesis met more quality indicators on 

average (M = 15.83, SD = 4.26) than those published prior (M = 13.85, SD = 3.59). The 

study with the lowest number of quality indicators met was one of the oldest included 

studies (Kuypers et al., 1968). Table 3 shows the summary of CEC quality indicator data. 

 All studies received “yes” ratings for systematic manipulation of the independent 

variable (Quality Indicator 6.1), adequate description of the dependent variable (Quality 

Indicator 7.1) and the social importance of the dependent variable (Quality Indicator 7.2). 

The social validity of one dependent variable was questionable (“poor posture”), but the 

remaining two dependent variables in the study were socially significant (“talk outs” and 
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“out of seat”) (J. W. Higgins, Williams, & McLaughlin, 2001). Most studies also met the 

indicator for graphical displays of data. One study was questionable in this area due to 

unclear graphs; two cases were plotted per graph, and due to the data overlap between 

participants, effects could not be easily determined for each participant (Trevino-Maack 

et al., 2015). Twenty-one of the included studies met the context and setting standards. 

Most studies provided adequate information on the setting in which the intervention was 

conducted. Four studies received a “no” rating on this criterion, and one received a 

“maybe” rating. Each of those five studies were published prior to 1985 (Ayllon & 

Roberts, 1974; Breyer & Allen, 1975; Kuypers et al., 1968; Nevin, Johnson, & Johnson, 

1982; O’Leary & Becker, 1967). Other categories where many studies met criteria for the 

indicators include: description of the intervention (Quality Indicator 4.1) and materials 

(Quality Indicator 4.2), and baseline condition has limited or no access to the intervention 

(Quality Indicator 6.3; Cook et al., 2014). 

 Few studies met the requirements of quality indicators related to implementation 

fidelity (Quality Indicators 5.0-5.3). This was primarily due to lack of reporting; most 

studies did not report any information on treatment fidelity. The studies that did report 

treatment fidelity data are more recent, with five of the six published in the last 10 years 

(Alstot, 2012; Christensen et al., 2004; Fiksdal, 2014; Iverson, 2010; Reed & Martens, 

2011; Trevino-Maack et al., 2015). One earlier study reported limited fidelity data on 

teacher use of praise, but this was unrelated to the fidelity of the token economy 

intervention (O’Leary et al., 1969).  
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Additionally, little information on the interventionists of the studies were 

provided (Quality Indicators 3.1 and 3.2). Most studies did not provide sufficient 

information to meet quality indicators examining the intervention agent. While most 

studies reported who the interventionist was, they provided little additional information 

on the training received or background experience needed to implement the intervention. 

As a result, both quality indicators related to the intervention agent were met by only 

seven of the 26 studies. Ten included studies received a “maybe” rating for Quality 

Indicator 3.1, examining the role of the interventionist and relevant background 

information. This was due to insufficient background information. The studies that 

received a “maybe” rating frequently provided some additional information beyond 

merely the title of the intervention (i.e. teacher), but the information was insufficient to 

determine the level of experience needed to implement the intervention or what 

demographic characteristics may have influenced the intervention. For example, one 

study that received a “maybe” rating reported that the interventionist was a teacher who 

was certified, but no additional information on the certification or background of the 

teacher was provided (J. W. Higgins et al., 2001). Another study that received a “maybe” 

rating reported that the interventionist was the researcher, but little information was 

reported within the study regarding the researcher’s prior experiences or any information 

on the level of training needed to implement the intervention (Iverson, 2010). 

 Risk of Bias. The Risk of Bias for SCD tool was utilized to evaluate the potential 

for bias present in each study. The assessment examines nine domains; eight of which 

have categorical rankings based on degree of risk. Studies received ratings of “low” risk, 
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“unclear” risk, or “high” risk based upon reporting and methodological decisions. On the 

Risk of Bias assessment, most commonly studies received two “low” ratings (M = 2.00, 

SD =1.21) and four “high” ratings (M = 3.19, SD =1.10). Table 4 summarizes the Risk of 

Bias results. The most “low” ratings received by any particular study was four, which 

indicates that all included studies had some level of risk of bias for at least half of the 

domains assessed. The studies that received the four “low” ratings were diverse in terms 

of publication date and sample size (range: 1-12) (Alstot, 2012; Christensen et al., 2004; 

Cook et al., 2014; Drege & Beare, 1991; Fiksdal, 2014; Kratochwill et al., 2010). 

However, these studies had high methodological quality as determined by the other 

quality metrics. For example, both Christensen and colleagues’ (2004) and Fiskdal’s 

(2014) studies met WWC standards and all of the CEC quality indicators (Cook et al., 

2014; Kratochwill et al., 2010).  

More than half of studies received “low” ratings in the dependent variable 

reliability (N = 15) and data sampling domains (N = 14). Studies that did not receive low 

ratings in these areas primarily received “unclear” ratings. For the data sampling domain, 

the cause of “unclear” ratings was study design; studies that received the unclear ratings 

were primarily single-comparison design studies. Studies that received “unclear” ratings 

for the dependent variable reliability domain often did not provide sufficient information 

to determine if inter-rater reliability was collected in 20% of the sessions. For example, 

Kuypers and colleagues (1968) reported IOA that exceeded the WWC cut-offs 

(Kratochwill et al., 2010); however, the information provided was insufficient to 

determine if an adequate number of sessions were observed. 
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Most studies were at a high risk of bias in the blinding of participants and 

personnel, procedural fidelity, and blinding of outcome assessment (coders) categories, 

with 20, 21, and 20 studies receiving high ratings in each of those categories respectively. 

This aligns with the relatively few studies that met CEC standards for treatment fidelity. 

Additionally, many studies received “high” or “unclear” ratings in the two domains 

examining blinding due to lack of information about the interventionist and other 

personnel. Finally, when examining other potential sources of bias, aggregated data was 

identified for several studies as a possible source. For example, one study provided 

graphs for six exemplar students, despite implementing the intervention for entire class 

(Reed & Martens, 2011). As a result of lack of transparency and sufficient detail, most 

studies received primarily “high” or “unclear” ratings across domains.  

Meta-analysis 

 Effect Size and Meta-Analytic Diagnostics. A total of 14 Hedges’s g effect sizes 

from 11 studies were calculated using the DHPS method (Hedges et al., 2012). The 11 

studies were diverse in terms of publication year, adherence to the quality metrics, and 

design aspects. Three of the 11 studies were published since Maggin and colleague’s 

(2011) synthesis (Donaldson et al., 2014; Reed & Martens, 2011; Trevino-Maack et al., 

2015). These three studies each had more than one case that met WWC design standards, 

but none met all 22 CEC quality indicators (Cook et al., 2014; Donaldson et al., 2014; 

Kratochwill et al., 2010; Reed & Martens, 2011; Trevino-Maack et al., 2015). The eight 

remaining studies included three published before 1980 (Kuypers et al., 1968; O’Leary & 

Becker, 1967; Walker et al., 1976). None of these eight studies met WWC design 
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standards or CEC quality metrics (Cook et al., 2014; Drege & Beare, 1991; Kirk, 2008; 

Kratochwill et al., 2010; Kuypers et al., 1968; O’Leary & Becker, 1967; Shook, LaBrie, 

Vallies, McLaughlin, & Williams, 1990; Smith, Young, West, Morgan, & Rhode, 1988; 

Terry et al., 1981; Walker et al., 1976). These 11 studies included single comparison, 

reversal, and multiple baseline designs.  

Since DHPS assumes no trend within baseline phases, effect sizes were calculated 

with and without detrending to determine if trends in the baseline had a problematic 

impact on the effect estimators generated. Using the interaction between session and 

phase type to detrend the data (Hedges et al., 2012), the effect sizes were unchanged 

when the data was detrended. As a result, the meta-analysis was conducted using the 

effect sizes without the detrending correction. Although some of the calculated effect 

sizes were initially negative, this was due to a desired decrease in the dependent variable 

observed after implementation of the token economy. To correct for this, the absolute 

value of those effect sizes were used in the analysis. DHPS effect sizes ranged from .14 

(Smith et al., 1988) to 6.83 (Shook et al., 1990) with a median of 1.74. 

 Prior to running the meta-analysis, the impact of publication bias and outliers 

were assessed. First, the influence and outlier analyses were conducted to determine if 

any particular studies may have disproportionate impact on the analysis (Hedges et al., 

2012). Two plots were examined to evaluate normality of the residuals: a radial plot 

using a fixed-effects model (Figure 3) and a normal quantile-quantile plot using the 

random-effects model (Figure 4; Hedges et al., 2012; Pustejovsky et al., 2014; Shadish, 

Hedges, & Pustejovsky, 2014). Neither plot indicated a violation of the assumption. An 
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influence plot was then examined to check for outliers (Figure 5; Hedges et al., 2012; 

Pustejovsky et al., 2014; Shadish, Hedges, & Pustejovsky, 2014). Study 6, Shook and 

colleagues’ (1990) study, significantly deviated from the other included studies. An 

examination of the forest plot (Figure 6) confirmed this, as the study’s effect size was 

substantially larger than the other 10 studies. This indicated Shook and colleagues' (1990) 

study to be a consistent outlier. As a result, the meta-analysis was conducted twice: first 

with all studies included and then with the outlier study removed. Figure 8 and 9 show 

the changes in the radial plot and normal quantile-quantile plot when Shook and 

colleagues’ (1990) study was removed. The distribution of residuals is closer to the 

diagonal, indicating a more normal distribution once the outlier was removed. 

Additionally, the radial plot shows that all effect sizes fall close to within ± 2 z-scores on 

the residual plot, indicating that most of the effect sizes now vary within 2 z-scores from 

the mean. Although the DHPS is robust to violations of normality (Hedges et al., 2012; 

Pustejovsky et al., 2014; Shadish, Hedges, & Pustejovsky, 2014), the distribution appears 

more normal once the outlier study is removed. The forest plots shown in Figure 10 and 

11 displays how the distribution of effect size accuracy changes as the outlier study is 

removed.  

Next, publication bias was assessed through the examination of the funnel plot 

and the regression test for funnel plot asymmetry (Figure 7). The test for funnel plot 

asymmetry was nonsignificant, indicating no problematic publication bias (t(9) = 1.343, p 

= 0.212). A visual examination of the funnel plot supports this finding. Based on these 
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tests, there is no evidence to suggest that publication bias is present in the 11 studies 

included in the meta-analysis.  

Meta-Analysis Results. A random effects model was used to conduct the meta-

analysis in order to generalize the results to the larger population studies beyond those 

included in the present analysis (Hedges & Vevea, 1998). The random effects model 

assumes the effect sizes generated for each study are not estimates of an overall effect 

size; rather they are true effect sizes for each of the studies (Hedges & Vevea, 1998). The 

meta-analysis aims to use these assumed true effects to estimate the overall effect across 

the potential universe of studies evaluating token economies. To calculate this, the 

restricted maximum likelihood estimation method was used with the Hedges’ g-statistics 

and variances calculated using the DHPS approach. Results from the random-effects 

model using all studies estimated an overall effect of 2.21 (SE = 0.54, 95% CI [1.01, 

3.41], p < .001), suggesting a significant positive effect of token economies on student 

behavior. Cochran’s test of heterogeneity was significant (Q(df = 10) = 193.545, p < 

.001), indicating that the effects across studies are heterogeneous indicating that effects 

significantly differed based upon study. Total variability of effect sizes across studies was 

97.14% as estimated by I2, indicating that almost all of the variability in effect sizes is 

attributable to true differences.  

Results from the meta-analysis without the outlier study (Shook et al., 1990) 

provided similar evidence for the positives impact of token economies; the estimated 

effect is 1.796 (SE = 0.357, 95% CI [.99, 2.603], p < .001). Cochran’s test of 

heterogeneity remained non-significant (Q(9) = 153.269, p < .001), suggesting that 
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effects remain heterogeneous once the outlier was removed. Finally, the total variability 

attributable to differences in effect sizes remained high, (I2 = 94.07%). Overall, token 

economies were found to have a significant, positive effect on student behavior.  

Nonoverlap Effect Sizes 

 All 26 studies were included in the analysis for nonoverlap effect sizes. A total of 

721 between-phase comparisons were made. Means of effect sizes generated for each of 

the phase comparisons were calculated in four different ways: (1) a mean of all the phase 

comparisons across all studies for an overall effect size, (2) within studies as a mean 

across all phase comparisons within each individual study, (3) adjacent phase 

comparisons across all studies, and (4) nonadjacent phase comparisons across all studies. 

Effect sizes were interpreted based upon guidelines specific to the method, if 

interpretations are available (Parker et al., 2014). Table 5 displays all nonoverlap effect 

sizes calculated. The nonoverlap method with the largest absolute mean effect size across 

studies is SMD (M = 2.45, SD = 1.75), while the lowest is PND (M = 0.64, SD = 0.41). 

The effect size with the smallest range across studies was PEM (range: 0.62-1.00), while 

SMD had greatest (range: 0.52-11.20). Adjacent phase comparisons produced lower 

mean effect sizes for six of the seven methodologies examined. When examining 

individual studies, no studies consistently had the highest effect sizes across methods, but 

across effect sizes, Hewett and colleagues’ (1969) study has the lowest mean effect size 

for four of the seven effect sizes measured. Despite variability in the individual effect 

sizes and methods of calculation, all mean effect sizes indicate that token economies had 

a moderate to large effect on student behavior.  
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 Improvement Rate Difference (IRD). The range of IRD across all 26 studies 

was 0.13 to 1.00 (M = .72, SD = 0.30), with an average 72% improvement rate difference 

between the improvement rate in the treatment and baseline phases. When comparing 

IRD between adjacent and nonadjacent phases, the effect sizes were similar. Adjacent 

phase comparisons had a slightly lower effect size (M = .71, SD = .29) than the effect 

generated for nonadjacent pairs (M = .74, SD = .31). The study with the lowest IRD is 

one of the few alternating treatment design studies included in the analysis (Alstot, 2012). 

Two studies had an IRD of 1.00 (Boegli & Wasik, 1978; Klimas & McLaughlin, 2007). 

However, both have significant methodological issues. For example, neither study meets 

WWC design standards (Kratochwill et al., 2010) due to a single comparison design. 

Additionally, both studies had limited numbers of subjects, with Klimas and 

McLaughlin’s (2007) study only having one subject and Boegli and Wasik (1978) only 

having two cases. Hewett and colleagues’ (1967) study had the lowest IRD. Overall, IRD 

effect size suggests that token economies have a positive effect on student behavior. 

 Standardized Mean Difference (SMD). When examining all SMD values 

generated, extreme values were noted due to low levels of variability in some baseline 

sessions (Range: -683.80 – 554.64; Kirk, 2008). The variance of those baseline sessions 

was subsequently quite small; since SMD is calculated by dividing the mean difference 

between the treatment and baseline phases by the baseline standard deviation, the 

resulting SMD estimate was inappropriately large. In order to limit the effects of outlier 

SMDs upon the calculated mean, the SMD effect sizes used within the final analysis were 

Winsorized means which trimmed the most extreme 20% of values (Algina, Keselman, & 
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Penfield, 2005; Searls, 1966). Some SMD estimates also were initially negative, due to a 

desired decrease in behavior occurring during the treatment phases. As a result, the 

absolute value of all SMD estimates are reported here and were used to calculate the 

mean SMD. The overall SMD ranged from 0.52 to 11.20 (M = 2.45, SD = 1.75). Adjacent 

phase comparisons yielded an SMD of 2.00 (SD = 1.43), while nonadjacent phase 

comparisons had a slightly higher SMD of 2.85 (SD = 2.01).  

The study with the largest SMD is Kirk (2008; M = 11.2, SD = 6.66). This may be 

due to the scale on which some of the outcome variables were measured. For example, 

one outcome measured was number of problems completed, and some subjects completed 

over 600 problems, making the mean difference between baseline and treatment 

dramatically larger than other variables measured on a scale with a more restricted range 

(Kirk, 2008). As a result, the mean SMD may be disproportionately high in this study. 

However, other outcome variables within the same study were measured as percent 

durations. Given the significantly different scales and the calculation approach of SMD, 

the significant variability in SMD accurately reflects the diversity of outcomes targeted 

within the study. The study with the next largest effect size was Broden and colleague’s 

(1970) study (M = 5.72, SD = 1.44), which is a single comparison design study across 

two cases. The study with the smallest SMD is Hewett and colleagues’ (1969) study (M = 

0.52, SD = N/A). Only one effect size was able to be calculated for this study due to the 

single comparison design of the study. Overall, SMD suggests that token economies have 

a large effect on student behavior based on Cohen’s (1988) effect size interpretation 

guidelines. 
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Nonoverlap of All Pairs. The mean NAP across all comparisons indicated a 

medium effect of token economies on student behavior based on the guidelines provided 

by Parker and Vannest (2009), with an average of 81% of nonoverlapping pairs compared 

to all pairs across the baseline and treatment phases (M = 0.81, SD = 0.27; Cohen, 1988). 

The mean effect size remained within the medium range and no difference was seen 

when comparing both adjacent (M = 0.81, SD = 0.25) and nonadjacent phases (M = 0.81, 

SD = 0.29). Although this suggests evidence for the effectiveness of token economies, 

NAP only provides information about the frequency of nonoverlap, and it does not 

account for the magnitude of the effect or any trends in the data. Five studies had a mean 

NAP of 1.00 (Boegli & Wasik, 1978; Drege & Beare, 1991; Fiksdal, 2014; Klimas & 

McLaughlin, 2007; Shook et al., 1990), indicating all pairs were nonoverlapping and 

large effects (Parker & Vannest, 2009). Despite these large effect sizes, none of these 

studies met design standards from the WWC due to either being a single comparison 

design study or inadequate IOA (Kratochwill et al., 2010; Parker & Vannest, 2009). The 

smallest mean NAP within a particular study was 0.67 (SD = N/A; Hewett et al., 1969), a 

medium effect (Parker & Vannest, 2009).  

Percent of All Nonoverlapping Data (PAND). The mean PAND across all phase 

comparisons indicated that token economies have a positive effect on student behavior; 

an average of 88% of all intervention points not overlapping with any baseline data points 

(M = 0.88, SD = 0.14). Adjacent phase comparisons had a similar mean (M = 0.87, SD = 

0.13) PAND to nonadjacent comparisons (M = 0.88, SD = 0.15). Although these effect 

sizes provide evidence that token economies are likely to have a moderate effect 
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according to Scruggs and Mastropieri’s non-overlap interpretation guidelines (1998), they 

do not provide any information about trends in the data or magnitude of the effect. 

Examining the mean PAND within each study revealed that Iverson’s dissertation study 

(2010) had the lowest mean PAND, with only 78% of intervention data points exceeding 

baseline data (M = 0.78, SD = 0.23). This study did not meet WWC standards due to its 

use of an ABA design. Three studies all had a mean PAND of 1.00 (Breyer & Allen, 

1975; Klimas & McLaughlin, 2007; Kratochwill et al., 2010; Shook et al., 1990), 

indicating that all intervention data points did not overlap with baseline data. One of 

these studies met WWC design standards (Breyer & Allen, 1975), while the other two are 

single comparison designs and lacked sufficient phase repetitions to meet standards 

(Klimas & McLaughlin, 2007; Shook et al., 1990).  

Percent Exceeding Median (PEM). The mean PEM across all phase 

comparisons suggests a positive effect of token economies, with an average of 83% of the 

data points in the intervention phases exceeding the median baseline point (M = 0.83, SD 

= 0.30). The magnitude of the effect did not change when only adjacent or nonadjacent 

phases were compared; nonadjacent (M = 0.84, SD = 0.38) and adjacent (M = 0.83, SD = 

0.31) phase comparisons indicate similarly large effect sizes. These effect sizes suggest 

that most of the treatment data exceeds the baseline median data point; however, this 

does not provide any evidence regarding the magnitude of the effect or about any trends 

in the data between the phases. Ten of the included studies had a mean PEM of 1.00 

(Boegli & Wasik, 1978; Christensen et al., 2004; Drege & Beare, 1991; Fiksdal, 2014; 

Hewett et al., 1969; J. W. Higgins et al., 2001; Klimas & McLaughlin, 2007; O’Leary & 
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Becker, 1967; Salend & Gordon, 1987; Shook et al., 1990). These studies varied in 

adherence to the WWC design standards and other measures of methodological quality 

(Cook et al., 2014; Kratochwill et al., 2010; Reichow et al., 2017). For instance, 

Christensen and colleagues’ study received high ratings across quality indicators while 

O’Leary and Becker’s (1967) met only 10 of the 22 CEC quality indicators and did not 

meet design standards for WWC (Cook et al., 2014; Kratochwill et al., 2010). Terry and 

colleague’s (1981) study had the lowest mean PEM across all phase comparisons (M = 

0.62, SD = 0.10). This study adhered to 17 of the 22 CEC quality indicators but did not 

meet WWC design standards due to a single comparison design (Cook et al., 2014; 

Kratochwill et al., 2010).  

Percent of Nonoverlapping Data (PND). PND effect sizes were interpreted 

using the guidelines set forth by Scruggs and Mastropieri (1994); interventions with a 

PND exceeding 70% are considered effective, while those below 50% are considered to 

show no effect (Scruggs & Mastropieri, 1994, 1998). Interventions with a PND between 

50% and 70% are considered to be questionable in terms of their effectiveness (Scruggs 

& Mastropieri, 1994, 1998). For the present analysis, mean effect sizes for PND were 

lower than most of the other effect size metrics; the mean PND across all comparisons 

suggests that token economies have a questionable effect on student behavior (Scruggs & 

Mastropieri, 1994, 1998); on average, 64% of data points in the intervention did not 

overlap with data points in the baseline phases (M = 0.64, SD = 0.41). This suggests a 

that more than half of treatment data have a level difference from the baseline data; 

however, this does not provide any information about the magnitude of the level 
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difference or any trend in either phase. The strength of the effect remained constant 

across nonadjacent and adjacent phase comparisons; although, the mean PND of adjacent 

phase comparisons (M = 0.61, SD = 0.40) was slightly lower than that of the nonadjacent 

comparisons (M = 0.67, SD = 0.41). The lowest PND was significantly lower than that of 

other effect sizes; Iverson’s study demonstrated a PND of 0.13 (SD = 0.13). This study 

suggests that token economies may not contribute to practically significant changes in 

student behavior. Similar to other effect sizes, the mean PND of several studies was 1.00 

(Boegli & Wasik, 1978; Klimas & McLaughlin, 2007; Shook et al., 1990). These three 

studies also had the largest effect sizes for several other methods. Despite their high 

effect sizes, they have limited methodological rigor as determined by WWC design 

criteria (Kratochwill et al., 2010). 

Tau-U. The mean Tau-U across all phase comparisons indicates that token 

economies may have a positive effect on student behavior. In comparison to other 

nonoverlap measures examined, Tau-U had more variability compared to the mean. The 

mean overall Tau-U across all phase comparisons is 0.66 with a similar standard 

deviation of 0.61. Adjacent (M = 0.65, SD = 0.57) and nonadjacent (M = 0.67, SD = 

0.64) phase comparisons showed similar medium effect size strength. The smallest effect 

size was seen for Reed and Martens’ (2011) study (M = 0.22, SD = 0.44). Cases within 

this study met WWC design standards with reservations due to insufficient number of 

data points (Kratochwill et al., 2010). The largest effect size was Christensen and 

colleagues’ (2004) study (M = 1.13, SD = 0.13), which suggests that token economies 

have a positive effect on student behavior. Christensen and colleagues’ study had strong 
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methodology as it met WWC design standards and met all of the CEC quality indicators 

(Cook et al., 2014; Kratochwill et al., 2010).  

Discussion 

This study sought to evaluate the strength of the evidence presently available for 

token economies as an intervention targeting student behavior within a school setting. 

Specifically, it examined whether token economies can be considered an evidence-based 

practice based upon the criteria set forth by the WWC (Kratochwill et al., 2010) and the 

CEC quality indicators (Cook et al., 2014). Additionally, the strength of the evidence was 

evaluated using several qualitative methodological assessments and quantitative metrics. 

For quantitative methods, a meta-analysis was conducted using the modern DHPS 

approach on studies for which a Hedges’ g estimate was able to be calculated (Hedges et 

al., 2012; Shadish et al., 2014), and seven of the most commonly used nonoverlap effect 

sizes were evaluated for all studies (Parker et al., 2014). The WWC standards were used 

to categorize studies based upon design criteria, and visual analysis was performed using 

the WWC guidelines (Kratochwill et al., 2010). Additionally, the methodological rigor of 

each study was evaluated using the CEC Quality Indicators and the Risk of Bias for SCD 

assessment (Cook et al., 2014; Reichow et al., 2017). These various methods were 

examined to determine the strength of the literature and the effectiveness of token 

economies.  

Overall, the evidence for token economies as a classroom intervention to improve 

student behaviors appears to be positive, but both the strength of the available research 

and the magnitude of the effect varies based upon which metric is being examined. 
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Compared to the results from Maggin and colleagues’ study (2011), this analysis 

indicates stronger evidence for token economies. The additional research published since 

the original synthesis provides sufficient support for token economies to be considered an 

evidence-based practice by WWC standards (Kratochwill et al., 2010). Across a variety 

of quantitative metrics, the evidence for token economies appears to support their use for 

improving student behavior. Results from the quantitative analyses indicate that token 

economies likely have a medium to large effect on student behavior (Cohen, 1988). 

These findings align well with Maggin and colleagues’ (2011) quantitative findings that 

token economies improve student behavior. Due to the addition of more robust research, 

this analysis provides stronger support for the use of token economies within schools. 

However, the evidence for token economies remains insufficient according to the CEC 

quality indicators (Cook et al., 2014). Additionally, examination of qualitative metrics 

reveals some weaknesses within the literature base. Despite improvements in reporting, 

none of 26 included studies meet all of the quality assessments examined. While clear 

improvements in research quality and reporting have been made, additional 

improvements continue to be needed. 

Strengths of the Token Economy Literature Base 

While each of the studies within the analysis examined slightly different 

populations or components of token economies, the overall results seem to tentatively 

support the use of token economies within a school setting. Varied approaches to 

implementing token economies all appear to have some research support. A diverse set of 

intervention characteristics were also represented within this literature base, including 
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nontangible and tangible tokens, a variety of back-up reinforcer types, and different 

implementors such as peers, students, or teachers. Across the spectrum of intervention 

options, examination of the nonoverlap methods appear to indicate that token economies 

are effective at improving student behavior. The diversity of intervention design within 

the existing literature base suggests that interventionists have a great deal of freedom in 

selecting intervention components for token economies that are likely to be effective for 

students with behavioral challenges.  

Research support for token economies continues to improve. Included studies 

published after 2000 met more of the quality indicators set forth by the CEC than those 

published prior (Cook et al., 2014). Based on this metric, research quality and reporting 

appear to be improving, bolstering the strength of evidence for the use of token 

economies within a school context. The included studies examined token economies 

across a broad range of demographic variables including age, disability status, and 

educational context. Studies also had substantial differences in terms of intervention 

variables, such as duration of the intervention, tangible vs. nontangible tokens, and a 

variety of back-up reinforcement options. While some studies examined the impact of a 

token economy over short time periods or during a particular task (e.g., Alstot, 2012; 

Donaldson et al., 2014), others focused on the impact of a token economy across months 

or the entire academic year (e.g., Hewett et al., 1969; Walker et al., 1976). Across this 

breadth of the variables, token economies continue to emerge as an effective intervention 

strategy when most of the effect sizes are examined. Most effect sizes indicated positive 

effects for token economies, regardless of effect size method. 
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Studies published after Maggin and colleagues’ (2011) synthesis met more CEC 

quality indicators, adhered more closely to WWC design standards, and had slightly 

lower risk of bias than most of close included in the original synthesis (Cook et al., 2014; 

Kratochwill et al., 2010; Reichow et al., 2017). Overall, eight articles and 32 cases met 

WWC standards or met standards with reservations, suggesting adequate methodological 

rigor to provide evidence for token economies (Kratochwill et al., 2010). Of those eight, 

three were published after 2010 and were subsequently not included in Maggin and 

colleagues’ (2011) analysis (Alstot, 2012; Donaldson et al., 2014; Trevino-Maack et al., 

2015). These eight studies provide support for token economies’ effectiveness for 

students across grade levels, from first grade to eleventh grade (Alstot, 2012; Donaldson 

et al., 2014; Trevino-Maack et al., 2015). Token economies with and without response 

costs appear to have positive impacts on student behavior (Alstot, 2012; Christensen et 

al., 2004; Donaldson et al., 2014). Visual analysis of these studies supports these 

improvements, with each of the eight studies indicating moderate to strong support for 

token economies based upon WWC visual analysis guidelines (Kratochwill et al., 2010). 

Overall, the breadth of research on token economies seems to provide adequate support 

for their use within diverse educational settings. 

Despite these improvements in methodology, a gap between the rigor called for 

within quality indicators and the current literature base remains. Only two of the eight 

studies that meet WWC design standards also provide the methodological quality 

required by the CEC; however, neither have a sufficient number of cases to provide 

support necessary for token economies to be considered evidence-based practice 
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according to the CEC criteria (Christensen et al., 2004; Cook et al., 2014; Fiksdal, 2014; 

Kratochwill et al., 2010). Qualitative examinations of the evidence reveal that only a 

small proportion of all the included studies have adequate methodological reporting to 

meet WWC standards, and many still received high ratings in terms of risk of bias 

(Kratochwill et al., 2010; Reichow et al., 2017). Additionally, only 11 studies had 

sufficient cases and adequate experimental design to be included in the meta-analysis, 

and many of those studies were weak methodologically. Although some improvement is 

seen in the more recent studies published, insufficient reporting and methodological rigor 

as originally identified by Maggin and colleagues (2011) as well as limited consensus for 

how to evaluate single case design research continue to limit the impact of these findings. 

Limitations of Included Studies 

 Even with improvements in methodological transparency and reporting in more 

recent research, less than a third of included studies have cases that meet WWC standards 

(Kratochwill et al., 2010). On average, studies met around 14 of the 22 CEC quality 

indicators, and studies received few “low” ratings on the Risk of Bias measure (Cook et 

al., 2014; Reichow et al., 2017). While results of this study suggests token economies 

may be able to be considered an evidence-based practice given the WWC guidelines and 

have significant effects on student behavior (Cohen, 1988; Kratochwill et al., 2010), 

issues identified by Maggin and colleagues (2011) remain within the literature base.  

Across many of the studies examined, a lack of transparency and insufficient 

reporting raised concerns about the internal validity of the studies and external validity of 

the findings (Maggin et al., 2011). First, although every study included a token economy, 
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the depth of information presented about the intervention and exact components of the 

token economy varied widely across studies. For example, while some specified how the 

tokens were delivered and the exact items available as back-up reinforcers (Alstot, 2012), 

others omitted many specifics of the intervention including implementation length and 

type of tokens (Nevin et al., 1982). One study did not report who implemented the 

intervention (Drege & Beare, 1991), which is a key quality indicator identified by the 

CEC (Cook et al., 2014). As a result, three included studies received a “maybe” rating on 

the quality indicator examining intervention descriptions, suggesting the studies’ reports 

may be inadequate for replication. This lack of reporting was also present in the amount 

demographic information provided about the participants (Maggin et al., 2011). Several 

studies reported age and grade on the aggregate across all participants when data was 

examined on the individual participant level (Alvarez, 1973; Shook et al., 1990; Smith et 

al., 1988; Terry et al., 1981; Walker et al., 1976). Due to this aggregated reporting, the 

effectiveness of token economies for different demographic groups is unable to be 

identified.  

Additional concerns arise when examining the experimental design selected by 

many studies, an issue identified in Maggin and colleagues’ (2011) synthesis as well. Ten 

of the 26 studies relied upon single comparison designs. These designs significantly 

hamper the researchers’ ability to make causal claims about their findings. As a result, 

several of the studies that received lower risk ratings on the Risk of Bias measure cannot 

provide support for token economies according to the WWC or CEC (Cook et al., 2014; 

Kratochwill et al., 2010; Reichow et al., 2017). For example, Klimas and McLaughlin’s 
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(2007) study met 16 of the 22 CEC quality indicators and failed to meet WWC design 

standards due to a single comparison design (Kratochwill et al., 2010). Even studies that 

selected more robust experimental designs did not always have adequate demonstrations 

of effect to offer strong evidence in support of token economies according to WWC 

visual analysis standards (Kratochwill et al., 2010). One example of this can be seen in 

Trevino-Maack and colleagues’ (2015) study; although this study meets standards, 

significant variability in the data prevents it from providing strong support. Additionally, 

the formatting of the graphs led to significant overlap of individual datapoints (Trevino-

Maack et al., 2015). As a result, visual analysis revealed noneffects due to variability of 

the data, and unclear graphs were identified as an additional source of potential bias on 

the Risk of Bias measure (Kratochwill et al., 2010; Reichow et al., 2017). 

Further potential issues with the internal validity of these studies is apparent in the 

lack of treatment integrity reporting, which was reflected in both the CEC quality 

indicator and risk of bias results (Cook et al., 2014; Reichow et al., 2017). Studies often 

provided an adequate description of the token economy but failed to report any treatment 

fidelity information. Lack of information on whether the treatment was implemented as 

intended makes ascertaining the true effectiveness of the intervention challenging to 

deduce; any alterations or deviations from the protocol were not documented, and any 

potential deviations may have impacted the outcome of the studies. Despite recent 

evidence of the importance of treatment integrity and the call to increase treatment 

integrity reporting by Maggin and colleagues (2011), several of the more recent studies 

do not include any treatment integrity data (Alstot, 2012; Donaldson et al., 2014; 
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Gresham, Gansle, & Noell, 1993; Iverson, 2010). The lack of treatment integrity 

reporting within the token economy literature is reflective of a larger problem within 

behavioral intervention research as a whole (Gresham et al., 1993; Gresham, MacMillan, 

Beebe-Frankenberger, & Bocian, 2000). These findings indicate only a marginal 

improvement in treatment fidelity reporting since Maggin and colleagues’ (2011) 

synthesis. 

Studies that did report treatment integrity had fairly robust methods. Of the 

studies that reported treatment integrity (Christensen et al., 2004; Fiksdal, 2014; Reed & 

Martens, 2011; Trevino-Maack et al., 2015), three of the four also met WWC design 

standards with or without reservations (Kratochwill et al., 2010). While each of these 

studies reported some treatment fidelity, each reported adherence on different aspects of 

the treatments, which mirrors the findings of Maggin and colleague’s (2011) study. These 

studies also happened to be some of the longest of the included studies; two were 

dissertations or studies derived from a dissertation (Fiksdal, 2014; Trevino-Maack et al., 

2015), while another was one of the longest of the peer-reviewed articles (Christensen et 

al., 2004). Due to the relationship between length and transparency of the reporting, these 

potential methodological issues may be due to page limits preventing researchers from 

full disclosure, rather than inherent issues within the studies. This issue may be remedied 

by increasing transparency and access to the methods used within research through tools 

such as Open Science Framework.  

The Risk of Bias assessment highlighted these issues further (Reichow et al., 

2017). No studies received more than four “low” ratings, suggesting that the token 
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economy literature base may be at risk for significant bias. Studies received, on average, 

three “high” and close to three “unclear” ratings out of the eight domains with categorical 

rankings (Reichow et al., 2017). The most significant areas of identified bias were those 

related to blinding of personnel and treatment fidelity (Reichow et al., 2017). Within the 

token economy research, considerations about blinding were consistently unreported. 

Many of the studies received “high” or “unclear” ratings on the blinding domains purely 

because the information provided was insufficient to determine if the personnel were 

blind to the treatment. This issue could reflect a larger belief that blinding is more crucial 

for group design studies. Even when the issue of blinding of coders were examined, 

studies were unlikely to report if the coders were blind, which is problematic due to the 

potential for expectancy bias (Michelson, Mannarino, Marchione, Kazdin, & Costello, 

1985). Examination of the Risk of Bias findings suggest that more transparency in 

methodological decision making is needed within single case design research (Reichow 

et al., 2017). 

The limitations with the individual studies impacted the quantitative analysis; to 

wit, only 11 of the 26 included studies were able to be included in the meta-analysis. The 

DHPS method requires that studies have at least three subjects or cases and must be a 

reversal or multiple baseline design (Hedges et al., 2012; Pustejovsky et al., 2014; 

Shadish, Hedges, & Pustejovsky, 2014). Few of the 26 studies met both of those 

requirements. Of those that did, only two also met WWC criteria with or without 

reservations (Donaldson et al., 2014; Kratochwill et al., 2010; Trevino-Maack et al., 

2015). While the meta-analysis indicates that token economies have a strong effect on 
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student behavior (Cohen, 1988), the methodological rigor of the 11 included studies may 

not be sufficient to support that claim. Additionally, due to the small number of studies 

within the analysis, moderator analyses were unable to be conducted. As a result, 

quantitative information about which components of treatment are most critical or which 

populations benefit the most is unable to be gathered at this time. Finally, additional 

issues arose in the nonoverlap effect size analyses. The strength of the effect varies 

greatly depending upon which overlap method is used. The variability in effect sizes and 

strength of the studies limits conclusions to merely a broad estimate of the effectiveness 

of token economies.  

Challenges in Evaluating Single Case Research 

 The issues within the token economy literature base may be symptomatic of a 

larger issue: the lack of consensus about the most appropriate methods of assessing the 

quality and quantifying the outcomes of single case design research. Nonoverlap methods 

varied greatly in the strength of effect for individual studies. Studies with the highest 

effect when using one of the nonoverlap methods did not consistently have the highest or 

close to the highest across all remaining methods. This is problematic as the conclusions 

made about the effectiveness of the intervention could vary greatly depending upon 

which method is selected. For instance, within one case and one dependent variable, the 

effect size ranged from 0.13 for PND to 1.20 for SMD (Iverson, 2010), which could lead 

to wildly different conclusions about the effectiveness of the intervention depending on 

the choice of effect size method.  
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Additionally, the strength of the nonoverlap effect sizes do not necessarily relate 

to the quality of the studies. For instance, studies with both high and low effect sizes 

across effect size methods had similar methodological challenges. Hewett’s study (1969), 

which demonstrated the lowest effect size across four of the seven effect sizes, was not 

very robust methodologically. This study did not meet design standards set forth by 

WWC, met only 14 of the 22 CEC quality indicators, and received a high rating on four 

of the nine Risk of Bias domains (Cook et al., 2014; Hewett et al., 1969; Kratochwill et 

al., 2010; Reichow et al., 2017). Potentially more problematically, however, several 

studies that had the highest mean effect sizes also were weak methodologically. Kirk’s 

(2008) study with the highest effect size for SMD also did not meet WWC standards and 

only met 10 of the CEC quality indicators (Cook et al., 2014; Kratochwill et al., 2010). 

Drege and Beare’s (1991) study which had the highest effect sizes for NAP and PEM had 

similar methodological ratings as Kirk’s (2008) study. However, Christensen and 

colleagues’ (2004) study had high effect sizes across nonoverlap methodologies and was 

one of the strongest studies methodologically as evaluated by WWC, CEC quality 

indicators, and the Risk of Bias tool (Cook et al., 2014; Kratochwill et al., 2010; Reichow 

et al., 2017). These qualitative data suggest that these effect sizes do not strongly relate to 

the strength of the research design. As a result of varying levels of methodological 

strength and effect size variability, the true effectiveness of token economies is 

challenging to gauge. 

Another consideration when using nonoverlap effect sizes to evaluate SCD 

research is the method of calculation. Overall, most nonoverlap effect sizes were larger 
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when the effects were calculated for nonadjacent phase comparisons rather than adjacent 

phase comparisons. When visual analyses are conducted, typically adjacent phases are 

examined to determine if an effect is present (e.g., Kratochwill et al., 2010). As a result, 

the adjacent phase comparison method may be a more conservative and appropriate 

approach to estimating effect sizes.  

Within the qualitative metrics outlined by WWC (Kratochwill et al., 2010), CEC 

(Cook et al., 2014), and Reichow and colleagues (2017), consensus regarding which 

studies were the most robust was challenging to reach. While the WWC provided 

objective means by which to categorize studies based on methodological strength, those 

categorizations did not consistently align with the ratings on the CEC indicators or Risk 

of Bias measures (Cook et al., 2014; Kratochwill et al., 2010; Reichow et al., 2017). For 

example, while Trevino-Maack and colleague’s (2015) study met WWC standards with 

reservations, it also received only two “low” ratings on the Risk of Bias tool (Kratochwill 

et al., 2010; Reichow et al., 2017). Similarly, Donaldson and colleagues’ study only met 

15 of the 22 CEC quality indicators despite most cases within the study meeting WWC 

standards with reservations (Cook et al., 2014; Kratochwill et al., 2010). Another 

significant issue with these measures was the qualitative nature of the tools, leading to 

lower than desired interrater reliability. For instance, while the Risk of Bias measure 

provides a unique look into the potential for bias within studies, coders often disagreed 

on what level of detail was sufficient for a “low” versus “unclear” rating (Reichow et al., 

2017). While these measures provide single case researchers guidelines to help inform 

methodological decision making, they may not have sufficient operationalization to be 
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used for evaluating research in a consistent manner. Additional challenges were presented 

by the CEC quality indicators (Cook et al., 2014). The quality indicators report that 

explicit reporting on a particular quality indicator is not needed as long as the evaluating 

researcher can determine that the indicator is met based upon other information reported 

in the study (Cook et al., 2014), leaving the decision of whether or not a study is 

methodologically sound more or less in the hands of the evaluator. The application of the 

CEC quality indicators was conservative in this study (Cook et al., 2014); however 

different evaluators may have found stronger or weaker evidence for token economies 

based on their interpretation of the indicators’ application. 

Limitations of Current Study 

 Several limitations may impact the results and generalizability of this study. First, 

this study examined SCD research only. While SCD is relied upon heavily for behavioral 

research (Shadish et al., 2015), group design studies that may have provided additional 

information regarding the effectiveness of token economies within schools were not 

considered. Secondly, challenges within the search of this study should be noted. This 

study relied upon the search from Maggin and colleagues’ (2011) initial quantitative 

synthesis to identify any studies published between 1960 and 2010. Any studies 

published prior to 2010 that were missed during that original search were also excluded 

from this paper. Additionally, although the search performed for the present study was 

designed to be exhaustive, a chance that a relevant study was missed in the search and 

subsequently left out of the analysis remains. Finally, two of the studies included within 
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Maggin and colleagues’ (2011) synthesis were unable to be located. As a result, this 

review is unlikely to be fully comprehensive of the SCD token economy literature base.  

 The inclusion criteria also likely limit the generalizability of these findings. Since 

studies including students with intellectual and developmental disabilities were excluded 

from the analysis, these results cannot be generalized to all children with disabilities. 

Additionally, this review does not examine the utility of token economies for improving 

children’s behavior in clinic, home, or community settings. This study also did not 

evaluate the effect of token economies on academic performance. As a result, conclusions 

from this study can only be drawn regarding kindergarten through twelfth grade student 

behavior within an educational context and should not be applied to academic outcomes 

or other settings. 

 Variability within the studies themselves also provided a significant limitation. 

Although the diversity of included intervention components and dependent variables 

captured provide evidence for token economies for a variety of outcomes and 

implementation options, there was also insufficient numbers of studies evaluating each 

component for a moderator analysis. As a result, this study cannot provide evidence for a 

particular intervention design or component. The various dependent variable 

measurement approaches also posed challenges for synthesizing results across studies.  

 Next, the data were digitized using a digitization program with adequate 

reliability (Drevon, Fursa, & Malcolm, 2017; Moeyaert et al., 2016; Rohatgi, 2018); 

however, it was digitized by only one coder for each study. As a result, the reliability of 

the digitized data is unable to be established. Additionally, data from some of the studies 
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included in the Maggin and colleagues’ (2011) study was obtained from an author of the 

original synthesis, and any errors within that dataset may also be present in the current 

data. To minimize any errors, the data were checked by performing a visual survey of the 

graph and comparing the number of data points in each phase and the general values to 

the digitized data. Studies with inaccuracies identified were re-digitized for the current 

study. Despite these efforts, errors within the dataset may still exist and would have an 

unknown impact on the quantitative metrics.  

Another potential weakness is the application of CEC Quality Indicators as a 

research evaluation tool (Cook et al., 2014). The CEC Quality Indicators were designed 

to provide researchers with guidelines as to what information and methods need to be 

included for a study to be considered methodologically sound (Cook et al., 2014). 

However, the structure of the quality indicators and the description provided of how to 

evaluate studies leaves the ultimate decision about whether or not a study meets each 

indicator up to the educated interpretation of the evaluator (Cook et al., 2014). As a 

result, no coding schema exists for how to evaluate how closely a study matches these 

indicators. Although the CEC indicators have been historically used to evaluate a body of 

research (e.g., Kaldenberg et al., 2014), the criteria required to meet the indicators is not 

standardized (Cook et al., 2014). The coders for the present analysis provided 

conservative ratings regarding whether or not a study met each indicator. Although 

reliability coding was conducted for all indicators for six of the studies and maybe ratings 

for all studies were reviewed by both coders, these ratings may be different if the studies 
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were evaluated by different coders. This may impact the validity of the ratings associated 

with CEC quality indicators (Cook et al., 2014). 

The Risk of Bias tool also has several associated limitations (Reichow et al., 

2017). First, it is a relatively new tool. The present study is one of the first to apply the 

tool outside of studies published by the tool’s authors (Barton et al., 2015; Barton et al., 

2017; Reichow et al., 2017). As a result, the reliability of the tool across a diverse set of 

raters has yet to be established. Although the present study had an absolute agreement of 

.83, reliability coders reported that the tool was challenging to apply in a consistent 

manner. To rectify this, the primary investigator consulted with an author of the tool to 

ensure the application of the measure was as designed. Further research on the Risk of 

Bias tool may strengthen the validity of the findings (Reichow et al., 2017).  

 Additionally, nonoverlap effect sizes were evaluated for all of the 26 included 

studies, including some alternating treatment studies and studies with weak methodology. 

Since many of the nonoverlap methods are not frequently used for alternating treatment 

designs, their values may be less interpretable than the effect sizes for studies with other 

designs. Additionally, due to small variability in the baseline phase for several studies, a 

trimmed Winsorized mean was used for the SMD effect sizes (Algina et al., 2005; Searls, 

1966). This reduces the amount of variability in the effect sizes, which may be a more 

limited reflection of the data. 

 Finally, more than half of the included studies were eliminated from the meta-

analysis due to design type, insufficient sample size, or insufficient phase comparisons. 

The two alternating treatment design studies were immediately excluded. Only one of 
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these studies met WWC criteria, and so the meta-analysis does not include the most 

robust studies from this synthesis (Kratochwill et al., 2010). Additionally, the macro for 

calculating the DPHS g can only compare the treatment phases that have a corresponding 

baseline phase (Hedges et al., 2012; Shadish et al., 2014). As a result, studies in which 

multiple treatments were compared, only treatment phases with corresponding baseline 

phases could be entered. Data from phases that may provide additional evidence for or 

against the use of token economies may have been excluded due to the formatting of the 

macro (Shadish et al., 2014). Despite these challenges, no assumptions were violated 

computing the meta-analysis, and the results of the meta-analysis align well with the 

findings from the other quantitative metrics. 

Future Directions 

 With the push for evidence-based behavioral practice within schools and the 

heavy reliance upon single case design for behavioral research (Odom et al., 2005; 

Shadish et al., 2015), this study provides an inclusive examination of the literature 

supporting token economies within schools. This study indicates that the presently 

available literature supports the use of token economies as an evidence-based practice for 

improving student behavior according to WWC standards (Kratochwill et al., 2010). 

However, the research remains insufficient according to the CEC indicators (Cook et al., 

2014). Some of the limitations found by Maggin and colleagues (2011) within the token 

economy literature appear to remain; a lack of transparency and reporting limited the 

ability of this study to examine potential moderators for token economies. Additional 

research on token economies with more transparent methods would enable practitioners 
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to have a clearer picture of what elements of the intervention are more useful or for which 

populations the token economy is most effective. 

Single case research as a whole may benefit from clearer guidelines for evaluating 

research. This study revealed that studies rated highly on one measure of quality did not 

consistently receive high ratings on other measures. Consensus about the most 

appropriate methods to evaluate research may be beneficial. Regardless of which measure 

was applied, the insufficient reporting identified by Maggin and colleagues (2011) 

continues to be a persistent issue identified in the token economy literature. Since so 

much in the variability of the quality of the study was dictated by how much detail the 

author or authors included, single case researchers could consider increasing the 

transparency by including appendices with more methodological details. A movement 

towards increased transparency and consistent reporting standards may help improve the 

replicability of behavioral single case research.  
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Table 1. 

Included Studies Design Overview. 

Study 

Number 
Study Update 

Design  

Type 
Unit of 

Analysis 
Dependent 

Variable(s) 

Number of 

Cases 

Included 

S1 Alstot (2012) 1 Alt Tx Student Successful jumps 10 

S2 Alvarez (1973) 0 Alt Tx Student Aggressive Acts 8 

S3 Ayllon & Roberts (1974) 0 Reversal Group On-Task 1 

S4 Boegli et al. (1978) 0 AB Unit Disruption 2 

S5 Breyer et al. (1975) 0 Reversal Unit Disruption 1 

S6 Broden et al. (1970) 0 Reversal Class Study Behavior 1 

S7 Christensen et al. (2004) 0 Reversal Student 
Socially Appropriate 

Classroom Behavior 
2 

S8 Donaldson et al. (2014) 1 Reversal Student Disruptive Behavior 12 

S9 Drege & Beare (1991) 0 MBL Student 
Off-Task; Disruptive 

Behavior 
3 



 

 

1
1
2
 

S10 Fiksdal (2014) 1 Alt Tx Class 
Academic engagement; 

Disruptive behavior 
2 

S11 Hewett et al. (1969) 0 AB Class Task Attention 2 

S12 Higgins et al. (2001) 0 MBL Student 
Talk outs; out of seat; poor 

posture 
1 

S13 Iverson (2010) 1 ABA Student On-Task 1 

S14 Kilmas et al.  (2007) 0 ABA Student 
Minutes per assignment, 

assignments completed; 

inappropriate behavior 
1 

S15 Kirk (2008) 0 Reversal Student 
Off-Task; 

Problems Completed 
6 

S16 Kuypers et al. (1968) 0 Reversal Student Deviant Behavior 8 

S17 Nevin et al.  (1982) 0 ABA Class Study Behavior 1 

S18 O’Leary et al.  (1967) 0 AB 
Both (Class & 

Student) 
Disruptive Behavior 9 

S19 O’Leary et al. (1969) 0 Reversal Class Disruptive Behavior 2 



 

 

1
1
3
 

S20 Reed & Martens (2011) 1 MBL Student On-Task 6 

S21 Salend & Gordon (1987) 0 Reversal Group 
Inappropriate 

Verbalizations 
2 

S22 Shook et al. (1990) 0 MBL Student Inappropriate Behavior 3 

S23 Smith et al. (1988) 0 Reversal Student 
Off-Task and Disruptive 

Behavior 
4 

S24 Terry et al. (1981) 0 AB Student On-Task 8 

S25 
Trevino-Maack et al. 

(2015) 
1 Reversal Class Engagement 3 

       

S26 Walker et al. (1976) 0 AB 
Both (Class & 

Student) 
Appropriate Behavior 12 
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Table 2. 

Included Studies Participant and Interventionist Overview 

Study 

Number 
School 

Level 
Grades 

Age 

Range 
Age 

Mean(SD) 
Ethnicity 

Reported 
Educational 

Setting 
Disability Status Interventionist  

S1 Elementary 3 8 and 9 8.20(.40) N Gen Ed N/R Teacher 
 

S2 N/R N/R 10-13 N/R N SPED Y (EBD) Experimenter 
 

S3 Elementary 5 N/R N/R N Gen Ed N/R Teacher 
 

S4 Elementary N/R N/R N/R Y Gen Ed N/R Teacher 
 

S5 Elementary 1 N/R N/R N SPED N/R Teacher 
 

S6 Middle N/R N/R N/R N SPED Y (Multiple) Teacher 
 

S7 Elementary 3 8 8.00(.00) Y Gen Ed 
Unknown 

(Referred) 

Teacher w/ self-

monitoring and 

peer support  

S8 Elementary 1 6 to 7 6.67(.47) Y SPED N/R Experimenter 
 

S9 Elementary 1 and 2 6 to 8 7.00 (.82) N Gen Ed Y (EBD) N/R 
 



 

 

1
1
5
 

S10 Elementary 1 
6.67-

7.92 
N/R Y Gen Ed 

Y (one student 

per class) 
Teacher 

 

S11 N/R N/R 8-11 N/R N SPED Y (EBD) Teacher 
 

S12 Elementary 3 10 
Single 

Subject 
N Gen Ed Y (LD) 

Experimenter and 

Teacher  

S13 High 9 15 
Single 

Subject 
Y SPED Y (EBD) Experimenter 

 

S14 Elementary Kindergarten 6 
Single 

Subject 
N SPED N/R Experimenter 

 

S15 Elementary 4 and 5 
9.83-

11.42 
10.40(.47) N Both N/R Therapist 

 

S16 Elementary 3, 4, and 5 N/R N/R N SPED N/R Teacher 
 

S17 High 9 N/R N/R N N/R N/R Teacher 
 

S18 Elementary 3 9 9.00(.00) N SPED Y (EBD) Experimenter 
 

S19 Elementary 2 N/R 7.42 (N/R) N Gen Ed N/R 
Experimenter and 

Teacher  

S20 N/R 6 
11.42- 

12.58 
12.1 (0.3) N Gen Ed N Experimenter 

 



 

 

1
1
6
 

S21 Elementary 1, 2, and 3 
6.92- 

9.33 
8.25 (N/R) N 

Resource 

Room 
Y (ED and LD) Teacher 

 

S22 Elementary 1 7-8 7.33 (.47) N Gen Ed N Teacher 
 

S23 Middle N/R 13-15 N/R N 
Resource 

Room 
Y (ED and LD) 

Teacher w/ self-

monitoring  

S24 Elementary 2 and 3 7-8 N/R N SPED Y (LD) Teacher 
 

S25 High 10 and 11 N/R N/R Y 
Remedial 

Reading 

Class 
Y (LD) 

Teacher w/ self-

monitoring  

S26 Elementary 1, 2, and 3 6 to 9 N/R N SPED N/R Teacher 
 

 

 

Note. Gen Ed = general education; SPED = special education; ages are reported with as much specificity as it reported in the 

study; N/R = not reported; Y = yes; N = no. 
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Table 3. 

CEC Quality Indicator Summary by Study 

Study Number  Total Number of Ratings  Evidence 

Rating 

 Yes No Maybe 
 

S1 13 3 6 -- 

S2 17 5 0 -- 

S3 10 9 3 -- 

S4 9 9 4 -- 

S5 12 8 2 -- 

S6 14 5 3 -- 

S7 22 0 0 Insufficient 

number of 

cases 

S8 12 6 4 -- 

S9 17 5 0 -- 

S10 22 0 0 Insufficient 

number of 

cases 

S11 13 8 1 -- 

S12 14 5 3 -- 

S13 16 3 3 -- 
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S14 16 6 0 -- 

S15 10 8 4 -- 

S16 8 12 2 -- 

S17 11 6 5 -- 

S18 10 10 2 -- 

S19 17 2 3 -- 

S20 15 3 4 -- 

S21 17 4 1 -- 

S22 16 4 2 -- 

S23 15 4 3 -- 

S24 17 5 0 -- 

S25 19 1 2 -- 

S26 12 6 4 -- 
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Table 4.  

Risk of Bias Assessment Summary.  

Study 

Num

ber 

Sequen

ce 

Generat

ion 

Particip

ant 

Selecti

on 

Blinding 

of 

Participan

ts and 

Personnel 

Proced

ural 

Fidelity 

Blinding of 

outcome 

assessment 

(coders) 

Missing 

Outcome 

data 

Dependent 

variable 

reliability 

Data 

sampling 

S1 Low Unclear Unclear Low High Low Low Unclear 

S2 High Unclear High High High Unclear High Low 

S3 Unclear Unclear Unclear High Unclear Unclear High Low 

S4 Unclear High High High High Unclear Unclear Unclear 

S5 High Unclear High High High Unclear Low Low 

S6 High Unclear High High High Unclear Unclear Unclear 

S7 High Low High Unclea

r 

High Low Low Low 

S8 Unclear Low Unclear High Unclear Low Low Unclear 

S9 Unclear Unclear High High High Low Unclear Low 

S10 Low Unclear Unclear Low High Unclear Low Low 

S11 Low Unclear High High High Unclear Unclear High 

S12 High Unclear High High High Low Unclear Low 

S13 High Unclear High Low Unclear High Low Unclear 

S14 Unclear Unclear High High High Low Low Low 

S15 High Unclear Unclear High Unclear Low High Low 
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S16 High Unclear High High High Unclear Unclear Low 

S17 Unclear Unclear High High Unclear Unclear Low High 

S18 High Unclear High High High Low Unclear Unclear 

S19 High Unclear High High High Unclear Low Low 

S20 High Unclear Unclear Low High Unclear Low Unclear 

S21 High Unclear High High High Low Low Low 

S22 Unclear Unclear High High Unclear Low Unclear Low 

S23 High Unclear High High High Unclear Low Low 

S24 High Low High High High Low Low Low 

S25 Unclear Unclear High High High High Low Low 

S26 Low Unclear High High High Low Low Low 



 

 

1
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Table 5.  

Nonoverlap Effect Sizes 

    IRD SMD NAP PAND PEM PND TauU 

  M(SD) 

Total  0.72 (0.30) 2.45 (1.75) 0.81 (.27) 0.88 (0.14) 0.83 (0.30) 0.64 (0.41) 0.66 (0.61) 

Adjacent  0.71 (0.29) 2.00 (1.43) 0.81 (0.25) 0.87 (0.13) 0.84 (0.28) 0.61 (0.40) 0.65 (0.57) 

Nonadjacent 0.74 (0.31) 2.85 (2.01) 0.81 (0.29) 0.88 (0.15) 0.83 (0.31) 0.67 (0.41) 0.67 (0.64) 

Study 

S1 0.13 (0.02) 1.45 (0.28) 0.85 (0.14) 0.84 (0.12) 0.92 (0.14) 0.65 (0.25) 0.71 (0.33) 

S2 0.67 (0.12) 1.31 (0.29) 0.88 (.08) 0.88 (0.04) 0.93 (.08) 0.62 (0.18) 0.77 (0.15) 

S3 0.78 (0.26) 1.60 (0.52) 0.92 (.10) 0.90 (0.12) 0.94 (.07) 0.79 (0.24) 0.92 (0.36) 

S4 1.00 (N/A) 5.57 (N/A) 1.00 (N/A) 1.00 (N/A) 1.00 (N/A) 1.00 (N/A) 0.92 (N/A) 

S5 0.77 (0.20) 1.92 (0.46) 0.91 (0.12) 0.89 (0.09) 0.95 (0.14) 0.68 (0.27) 0.80 (0.29) 

S6 0.95 (0.15) 5.72 (1.44) 0.89 (0.06) 0.98 (0.07) 1.00 (0.00) 0.88 (0.35) 0.95 (0.25) 

S7 0.94 (0.11) 1.78 (0.20) 0.98 (0.04) 0.98 (0.05) 0.99 (0.03) 0.94 (0.13) 1.13 (0.13) 



 

 

1
2
2
 

S8 0.88 (0.15) 1.33 (0.70) 0.95 (0.08) 0.95 (0.06) 0.98 (0.05) 0.81 (0.32) 0.91 (0.16) 

S9 0.98 (0.04) 3.93 (1.24) 1.00 (0.01) 0.99 (0.02) 1.00 (0.00) 0.99 (0.03) 1.12 (0.38) 

S10 0.98 (0.06) 5.98 (0.87) 1.00 (0.01) 0.99 (0.03) 1.00 (0.00) 0.99 (0.03) 1.01 (0.22) 

S11 0.59 (N/A) 0.52 (N/A) 0.67 (N/A) 0.79 (N/A) 1.00 (N/A) 0.13 (N/A) 0.41 (N/A) 

S12 0.96 (0.09) 3.84 (1.09) 0.99 (0.02) 0.98 (0.05) 1.00 (0.00) 0.96 (0.01) 1.08 (0.74) 

S13 0.54 (0.48) 1.20 (0.82) 0.75 (0.25) 0.78 (0.23) 0.75 (0.35) 0.13 (0.13) 0.68 (0.44) 

S14 1.00 (0.00) 4.10 (1.14) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.92 (0.05) 

S15 0.63 (0.35) 11.20 (15.00) 0.70 (0.34) 0.83 (0.17) 0.72 (0.38) 0.49 (0.46) 0.48 (0.78) 

S16 0.57 (0.24) 1.05 (0.58) 0.77 (0.17) 0.80 (0.11) 0.78 (0.23) 0.46 (0.32) 0.52 (0.32) 

S17 0.58 (0.00) 1.14 (0.68) 0.75 (0.12) 0.80 (0.00) 0.67 (0.00) 0.67 (0.00) 0.50 (0.47) 

S18 0.94 (0.06) 4.06 (1.58) 0.99 (0.01) 0.98 (0.03) 1.00 (0.01) 0.94 (0.06) 1.00 (0.05) 

S19 0.26 (0.41) 1.17 (0.75) 0.67 (0.39) 0.82 (0.20) 0.67 (0.42) 0.54 (0.49) 0.26 (0.82) 

S20 0.43 (0.25) 0.69 (0.31) 0.59 (0.23) 0.73 (0.12) 0.66 (0.27) 0.22 (0.32) 0.22 (0.44) 



 

 

1
2
3
 

S21 0.96 (0.06) 2.16 (0.22) 0.98 (0.04) 0.98 (0.03) 1.00 (0.00) 0.73 (0.40) 1.04 (0.18) 

S22 0.99 (0.03) 2.07 (0.58) 1.00 (0.00) 1.00 (0.01) 1.00 (0.00) 1.00 (0.02) 1.12 (0.14) 

S23 0.84 (0.23) 1.85 (1.23) 0.90 (0.16) 0.94 (0.09) 0.92 (0.16) 0.77 (0.37) 0.80 (0.46) 

S24 0.79 (0.20) 2.10 (0.94) 0.91 (0.12) 0.91 (0.09) 0.62 (0.10) 0.70 (0.35) 0.97 (0.24) 

S25 0.49 (0.13) 0.74 (0.42) 0.75 (0.12) 0.83 (0.07) 0.75 (0.13) 0.51 (0.27) 0.49 (0.23) 

S26 0.77 (0.24) 2.49 (1.42) 0.89 (0.15) 0.91 (0.10) 0.91 (0.16) 0.77 (0.30) 0.73 (0.39) 
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Figure 1. 

Flow of Studies 
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Figure 2. 

Cases Categorized by WWC Design Standards  
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Figure 3. 

Radial Plot for All Included Studies 
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Figure 4.  

Normal Quantile Plot of All Included Studies. 
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Figure 5. 

Forest Plot of All Included Studies.  
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Figure 6. 

Influence Plot of All Included Studies 
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Figure 7. 

Funnel Plot of All Included Studies 
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Figure 8. 

Radial Plot After Removing Outlier Study 
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Figure 9. 

Normal Quantile Plot After Removing Outlier Study  
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Figure 10. 

Forest Plot of After Removing Outlier Study. 
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Figure 11. 

Influence Plot After Removing Outlier Study 

  

 




