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Abstract

Introduction

The multi-decade debates within the field of behavior 
analysis as to the possible value and threat of group design 
methodology and statistical analyses on the purity of the 
field have weakened the discipline’s maximal impact on 
the world. This paper rebukes the concerns and suggests 
that through such adoption behavior analysis may likely 
better achieve its world-changing ideals, and pragmatic 
initiatives. We begin with a historical trace of the current 
debate and describe the pros and cons to design/analysis 
inclusion, frame such matters within the context of 
contemporary issues which applied behavior analysts find 
themselves concerned, and ultimately put forward means 
by which broader, and perhaps more impactful, research 
questions can be asked and interpreted.

One of the most distinguishable characteristics of the 
field of behavior analysis is its reliance on a research 

method approach entitled “single-subject design” (Cooper 
et al., 2007; DeRosa et al., 2019). This exploratory approach is 
not to be confused with a case study (Bolgar, 1965) whereby 
a single individual is studied in an uncontrolled manner and 
simply reported upon afterwards. Single-subject design (SSD) 
approaches to research questions instead systematically 
analyze the repeated effects of an independent variable 
on a dependent variable across one or more individual 
subjects (Cooper et al., 2007). This cluster of techniques are 
employed within the field because of the concerns that 
many of the field’s founders had regarding the limitations 
of traditional research methods – often described as group 
or statistical research methods (Sidman, 1960; Skinner, 1956). 
In the early days of behavior analysis, B. F. Skinner himself 
recommended this departure from traditional psychological 
statistical methods and analysis because:
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You cannot easily make a change in the conditions of 
an experiment when twenty-four apparatuses have 
to be altered. Any gain in rigor is more than matched 
by a loss of flexibility. We were forced to confine 
ourselves to processes which could be studied with 
the baselines already developed in earlier work. We 
could not move on to the discovery of other processes 
or even to a more refined analysis of those we were 
working with. No matter how significant might be the 
relations we actually demonstrated, our statistical 
Leviathan had swum aground (Skinner, 1956, pp. 113-
114)

Essentially, Skinner was concerned that the analysis 
of the group did not provide meaningful analysis of 
any of the group members, and as such little could 
be discerned about the behavior of the single subject. 
And to Skinner, that single subject mattered as it was 
the level of analysis that appeared to be necessary 
for evaluating and changing behavior. Today the 
utilization of SSD reaches far beyond behavior analysis 
into other clinical and helping professions such as 
social work and health care (see Bloom et al., 2009 for 
a textbook length treatment). 

There is no debate we wish to have over the utility 
of the SSD as a method within the field of behavior 
analysis, as the approach has been of great utility for 
decades in crafting a precise analysis of the controlling 
variables on an individual’s behavior. Furthermore, we 
make no dismissal over clear discoveries that such a 
research tradition has allowed for in the field’s history 
(e.g., functional analysis and intervention; see Beavers 
et al., 2013 for a review of literature of functional 
analysis). We do, however, have concern that the 
overreliance on SSD and omitting the inclusion of more 
traditional research designs has marginalized the 
impact the field is having on matters of great concern 
to behavior analysts. For our work to be taken more 
seriously beyond the walls of our own discipline, we 
may need to start writing, speaking, and describing 
our results in broader non-technical language, and 
look carefully at what is gained and lost by the 
specific research design chosen by the researcher. 
This approach is not meant to imply defeat or suggest 
minimizing of our research endeavors, but rather 
simply to greatly embrace the very core elements of 
what it is to be a pragmatic behaviorist – functional 
utility. 

Beyond the initial proclamations by Skinner regarding 
research methods, many well-known scholars have 
spoken out against the incorporation of group 
designs into the field. In the late 1990s, a group of 
presenters at the annual Association for Behavior 
Analysis convention debated the adoption of these 
“non-behavioral” methods, and their views were 
eventually assembled within a special section of one 
of the field’s peer-reviewed journals. In this special 
section of papers, a range of opinions are presented 
with repeated concerns being made about loss of 
understanding the behavior of the individual person 

(Branch, 1999; Perone, 1999), and inferencing beyond 
the data (Ator, 1999; Branch, 1999; Davison, 1999), and 
the additional distraction that statistical analyses 
create (Perone, 1999) as a drift away from SSD could 
have for the field. Only an occasional pro-group 
design approach was presented (Crosbie, 1999), and 
statements as such hinted at a potential fractioning 
that might be underway even within the field of 
behavior analysis. More recent discussions on the 
superiority of SSDs have echoed similar sediments 
(Kyonka et al., 2019). Examples of group design methods 
and statistical analyses will occasionally appear in 
behavior analytic journals today (e.g., Dixon et al., 
2022; Jang et al., 2012, Sutton et al., 2022; Silverman 
et al., 2007; Yi et al., 2022), yet they are a minority 
compared to the continued use of SSDs throughout. 
Even with such examples appearing within our own 
collection of scholarly journals, most behavior analytic 
textbooks fail to describe the rationale and usage of 
group methods and analyses for behavior analysts 
(Cooper 2007; Mayer et al, 2019; Sidman, 1960; yet see 
Belisle et al, 2021 as an exception) – thus potentially 
limiting an awareness of value and an understanding 
of how to construct research questions utilizing group 
designs. 

The current social and political environment often has 
placed the field of behavior analysis in its crosshairs. 
We are increasingly being described as a field of 
insensitive determinants of client autonomy (Kirkham, 
2017; McGill & Robinson, 2021), responsible for the 
development of alleged trauma in former clients 
(Kupferstein, 2018), insensitive to racial injustices (e.g., 
Čolić et al., 2022; Zarcone et al., 2019), and behind 
trends of interest that need to be more fully addressed 
and analyzed (e.g., DeFelice & Diller, 2019; Fontenot et 
al., 2019; Kornack et al., 2019; Morris et al., 2021; Wang 
et al., 2019). Even our most heavily dominated applied 
appendage – autistic care – is being challenged as 
non-effective (United States of America Department 
of Defense, 2021). Critics from within and beyond the 
field itself seem to believe that perhaps behavior 
analysis has not aged well in a fast-changing and 
culturally evolving society. We are clear of the risks 
that any field of inquiry may encounter when it too 
quickly drifts from historical roots because of modern 
themes and current interests. Yet on the other hand, 
a field which ignores the critique of itself by its own 
members suggests that a possible reappraisal may 
be indeed necessary. And furthermore, if the field’s 
reaction to such criticism is with rhetoric and not 
data, increased dismissal of the utility and value of 
the overall field may result. Even those who speak up 
about creating change in the discipline (e.g., Jaramillo 
& Nohelty, 2022; Mathur & Rodriguez, 2022; Pritchett et 
al., 2022; Wright, 2019), doing better than in the past 
(e.g., Baires et al., 2022; Li et al., 2019), or improving 
inclusivity (e.g., Deochand & Costello, 2022; Levy et al., 
2022; Lovelace et al., 2022) cannot and should not rest 
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after such assertions alone, but only after producing 
data by which to support such claims. We believe 
that only through data that change will occur at 
the magnitude of impact that appears desired, and 
most importantly the type of data that will yield the 
greatest change-making potential will be gathered 
using between group, large sample sized research 
designs and statistical analyses. 

Many of the most impactful contributions in terms of 
scalability to improving the human condition have 
occurred when behavior analysts have adopted 
non-SSD approaches to demonstrating effects of 
the independent variable. One example involves the 
use of contingency management for the treatment 
of substance use disorders (e.g., Dunn et al., 2008; 
Higgins et al., 1994; Higgins et al., 1991; Ledgerwood 
et al., 2008). In many of these published studies, a 
comparison is made between groups of individuals 
assigned to either a traditional treatment condition 
in which participants receive drug treatment as usual 
(e.g., standard relapse prevention support, health risk 
education, group meetings, and individual counseling 
sessions), or a contingency management condition 
wherein abstinence behaviors resulted in payment in 
the form of vouchers exchangeable for community 
retail items (see Higgins et al., 2019 for a recent review 
of the literature). Related studies on analyzing the 
choice making of drug users have also centered 
around non-SSD methods and analyses (e.g., Heil et 
al., 2006; Nighbor et al., 2019; Thrailkill et al., 2022; Yoon 
et al., 2007). Another example of behavioral solutions 
that have been quite successful at achieving wide-
scale acceptability and adoption is using relational 
framing techniques to treat mental and physical 
health conditions under the auspices of Acceptance 
and Commitment Therapy (Dixon et al., 2023). This 
treatment approach has almost exclusively utilized 
between-subjects research methods (see Twohig et 
al., 2007 as an outlier in its use of SSD), and gathered 
enough data to be deemed as effective enough for the 
World Health Organization (WHO, 2020) to distribute 
ACT self-help material in 21 languages “for anyone 
who experiences stress, wherever they live and 
whatever their circumstances” (p. 5). A final example 
comes from Positive Behavior Intervention and 
Supports (PBIS; Horner & Sugai, 2015) whereby social-
culture and behavioral supports are implemented 
school-wide (Tier 1 and Tier 2) and at the level of the 
individual (Tier 3) to promote improved educational 
and social outcomes. Many documented successes of 
this work are presented with group designs speaking 
to comparisons made between non-PBIS exposed and 
PBIS exposed student groups of varying demographics, 
whereby the PBIS exposed students tend to fair better 
regarding social-emotional functioning, behavioral 
concerns, academic performance, bullying and peer 
rejection, and prosocial behavior (Bradshaw et al., 2010; 
Bradshaw et al., 2012; Horner et al., 2009; Waasdorp et 

al., 2012). Many more examples of behavior analytic 
researchers who have stretched beyond the SSD 
research tradition can be found in the context of 
functional analysis (Kurtz et al., 2013), gambling 
(Habib & Dixon, 2010), and The Good Behavior Game 
(Joslyn et al., 2019). All of this is not to suggest that SSD 
themselves do not yield utility for better understanding 
of human behavior. We completely agree that SSD 
has a crucial role to play in the behavior analysis of 
today and tomorrow. However, we also must accept 
that in order to advance beyond our current limited 
impact we have made to changing the world through 
behavioral science (Dixon et al., 2018), that we should 
look carefully at what many of our most successful 
endeavors all appear to have in common – group 
research designs. 

Single-subject research designs have limitations 
related to the generalizability of the study findings 
as well as the methodological constraints that limit 
the use of inferential statistical methods. Conclusions 
can hardly be made regarding a group or groups 
of subjects, as the baseline logic (Cooper et al., 
2020) underneath most SSDs fundamentally focuses 
on inferencing the likelihood that a procedure is 
responsible for producing the observed changes at 
an individual level. This does not speak to the likelihood 
that a similar effect can be observed when such a 
procedure is applied to the population, the group of 
individuals upon whom behavior analysts wish to bring 
socially significant changes. To a certain degree this 
limitation is mitigated through systematic replications. 
Population-level inference is usually drawn by first 
randomly sampling the target population to create 
a group of subjects and then using the changes 
observed in the group under the procedure to make 
inferences about the likelihood of whether the 
population will respond in similar ways. Additionally, 
the field of applied behavior analysis (ABA) takes pride 
in its continued use of technical terminology which 
has largely allowed behavior analysts to effectively 
communicate with other behavior analysts. However, 
this technical language may be a barrier preventing 
behavior analysis to reach professionals from other 
disciplines (Becirevic et al., 2016). Historically, this 
insular vocabulary and research approach were the 
very reason the field crafted its own scientific journals 
(e.g., Journal of Applied Behavior Analysis, Journal 
of the Experimental Analysis of Behavior) to combat 
the inability to publish its research using SSDs in more 
traditional psychology journals that were departing 
from a behavioral tradition (Gollub, 2002). 

 All the positive features of group design and analysis 
do not imply that shortcomings of the approach fail to 
exist. Issues of sample representation, clinical/practical 
significance, effect sizes, maintenance, functional 
control, and generalization all remain ripe for 
continued debate. In conclusion, we believe that the 
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benefits of incorporating group designs and analyses 
outweigh the limitations – and as such, behavior 
analysts can advance further towards having a 
positive impact on the world by incorporating these 
sorts of methods into the means by which they speak 
to matters of interest, react to critics, and advocate 
for behavioral solutions to non-behavioral audiences.

Group Designs in Behavior Analytic Settings

In contrast to single-subject designs, quantitative 
studies using group designs use variables among 
participants within one group or across multiple groups 
to examine the impact of independent variables on 
dependent variables. In order to aggregate these 
data, various descriptive and inferential statistical 
methods are used to provide a relatively objective 
interpretation. There are many nuances in how group 
design studies are categorized and the different 
optimal statistical methods that go with them, such 
as complex mixed designs better analyzed using 
structural equation modeling (Duncan, 1969) and time 
series designs (Gottman et al., 1969). In this section, 
though, we primarily focus on three types of group 
design in their basic forms: within-subject group 
design, between-subject group design, and mixed 
group design. We also provide a brief description 
of the design, common statistical methods used, a 
sample question that can be studied using this design, 
and how this research method can be used to address 
some contemporary issues surrounding our field. 

Within-Subject Group Design

The concept of a within group research design is 
that individual subjects are evaluated multiple times 
during the experiment. Such a design is more similar 
to an SSD than other sorts of group designs, whereby 
the individual subject is only examined once and 
compared to other subjects. Here in a within group 
design, a group of subjects may be exposed to one 
same independent variable multiple times, a range of 
levels of an independent variable, or a combination 
of variables. For example, 20 children with attention-
deficit/hyperactivity disorder (ADHD) may be 
exposed to behavioral interventions for 8 weeks, and 
also medication for 8 weeks. The order of delivery 
of treatment may be randomized across the entire 
20 children, and after exposure to both (i.e., 16 total 
weeks), an analysis could be made as to which sort 
of treatment was better in terms of outcomes on a 
dependent variable (e.g., performance, attention 
in class, parent reports of homework completion). 
Variations of this basic framework could include 
comparing low and high doses of ADHD medication, 
comparing behavioral treatment alone to behavioral 
treatment with medication, a period of no-treatment 
to that of behavioral treatment, or even low and high 
doses of behavioral interventions alone.

As these examples illustrate, in a within-subject group 
design, dependent variables are collected from 
participants within one same group assignment, 
sometimes across multiple time points. Participants 
are usually selected based on similar criteria (e.g., 
demographic compositions, existing conditions, 
exposure to similar interventions), and statistical 
methods are used to compare the relationships of 
group-level measures across multiple time points or 
to identify patterns and relationships among different 
variables. Using within-subject group design, behavior 
analysts craft purpose statements such as evaluating 
treatment progress over time for one group of 
participants, identifying relationships between 
outcome measures and potential predictors, and 
evaluating the extent to which measurements used 
are reliable and accurate. In contrast to SSD which 
heavily relies on visual inspection of the data obtained 
to determine effects of the intervention, group designs 
supplement the visual graphical differences that are 
plotted through the use of statistical procedures. Most 
commonly, these questions can be answered using 
the data obtained through repeated measure T-tests, 
simple linear regression, and correlation analysis. To 
comprehensively discuss these statistical methods is 
beyond the scope of the current paper, and interested 
readers are highly encouraged to reference statistics 
textbooks in psychology or education (e.g., Howell, 
2012). Here we present examples with from published 
peer-reviewed articles to briefly discuss these study’s 
conceptualization and statistical analysis process, 
as well as suggestions on how similar investigations 
can be made to address some emerging research 
questions and challenges the field faces.

Treatment Progress Overtime

Consider the following scenario: A behavior analyst 
is interested in evaluating whether a comprehensive 
treatment model (CTM) newly introduced at their 
clinic effectively produces measurable gains among 
a group of autistic learners. Although such a question 
can be examined by individually evaluating the 
outcome measures of each learner, it might be 
difficult to aggregate such data due to insurance 
reimbursement or comparisons across agencies 
when some learners are showing improvement in 
outcome measures, and some are showing decreases. 
Furthermore, with varying baseline measures, it is 
difficult, if not impossible, to control for the potential 
differing effect of the intervention on learners with 
varying abilities. Although interpretations can be 
made by categorizing learners into different groups 
and evaluating the change in the outcome measure’s 
level, trend, and variability, as routinely done in visual 
analysis (Cooper et al., 2020), such interpretation is 
largely subjective in nature although some tools have 
been constructed to improve objectivity (Dowdy et al., 
2022).
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A within-subject group design will be a good fit in 
scenarios like this. In this case, the investigator will 
gather all learners’ (i.e., population) or randomly select 
a subgroup of learners’ (i.e., sample) data before and 
after the implementation of the CTM. Here we would 
compare each learner’s follow-up measure against 
their baseline measures, and the most common will 
use repeated measure T-tests to detect whether there 
are statistically significant changes between the two 
time points. For example, Yi et al. (2022) investigated the 
impact of ABA service embedded within the student’s 
Individualized Education Program (IEP) using data 
obtained from a public school. A repeated measure 
T-test showed a statistically significant difference 
between students’ performance at the beginning 
and the end of the school year. Figure 1 illustrates the 
comparison being made in this scenario.

Figure 1. 
Illustration for using within-subject group design to 
evaluate changes for a group of participants between 
baseline and follow-up.

Within-subject designs using similar methods to 
evaluate participants’ outcomes over time can have 
meaningful impact in the contemporary field of 
behavior analysis. There has been increasing attention 
in using behavior analytic principles to address social 
issues such as systematic racism (Shea et al., 2022), 
as well as critical reflections on the research and 
clinical practice of behavior analysis among the 
Black community (Čolić et al., 2022; Lovelace et al., 
2022). Čolić et al. (2022) synthesized black caregivers’ 
experience when it comes to autism care and 
provided specific accounts on racism manifested 
across its multiple stages. Čolić et al. provided multiple 
examples of how to address institutional racism and 
offered specific recommendations for ABA providers to 
combat racial bias. Sevon (2022) also proposed similar 
recommendations on increasing awareness on anti-
Black racism. An important step the field should take 

is to diligently listen to the voice from the community, 
consumers, and stakeholders and act accordingly 
to design and implement the behavior-changing 
system to dismantle these issues. Such endeavor can 
be strengthened by using within-subject research 
designs. For example, as an extension to Čolić et 
al., researchers might design and implement an 
intervention package among service providers 
consisting of awareness training on Black cultural 
values and intersectionality between Blackness 
and autism. They could subsequently incorporate 
behavior skill training on strengthening partnerships 
among stakeholders. A study can be conducted by 
first gathering qualitative and quantitative data on 
Black caregiver experience within behavior analytic 
settings. After the implementation of the intervention 
package among service providers, multiple waves 
of follow-up measures can be taken. Using within-
subject group designs, statistical analysis can be done 
to detect whether the intervention package produced 
measurable improvements on Black caregivers’ 
experience. Surely a single-subject approach could 
also be crafted here, however external validity is 
inherently reduced.

Predictors for Outcome 

Another area where within-subject group design can 
be used is to identify predictors for certain outcome 
measures. Consider the following scenario: A 
behavior analyst who works at a local school district is 
interested in exploring whether there is a relationship 
between the amount of ABA service received and 
students’ progress. In order to advocate for more 
resources devoted to ABA, the education team needs 
to reasonably demonstrate a relationship between 
the dosage of ABA and the amount of progress. In this 
situation, SSDs cannot easily answer this question. The 
outcome of ABA is often measured across multiple 
weeks or months. With alternating treatment designs, 
the short exposure to each dosage condition is not 
powerful enough to produce meaningful changes 
that can be detected. With reversal designs across 
multiple dosage levels, the potential confound of 
sequence effect and carryover effect is so large that 
it is very difficult to attribute measured gains to a 
specific condition. An alternative is to visually inspect 
a scatterplot with the treatment dosage on the x-axis 
and the amount of progress on the y-axis. However, 
when the number of learners is low and with high 
variability in outcome measures, it might be difficult 
to visually interpret the trend of the progress as the 
dosage increases along the x-axis. 

A within-subject group design would be a good fit 
in this situation. Instead of relying on SSDs or visual 
analysis of the scatterplot, a linear regression analysis 
can be done to identify whether the dependent 
variable can be reliably predicted by a single or 
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multiple independent variables. For example, Yi et al. 
(2022) was interested in identifying factors that could 
predict participants’ gain in school readiness skills. 
Using a cohort of 17 autistic students within a public 
school, the researcher conducted a simple linear 
regression on the dosage of PEAK-based instruction on 
participants’ gain in Bracken School Readiness Scale 
(BSRA; Bracken, 2007). Results showed that the amount 
of PEAK-based instruction was a statistically significant 
predictor for their gain on BSRA, F(1,14) = 5.31, p = .036. 
The dosage of PEAK-based instruction accounted for 
27.80% of the variance observed in BSRA gain.

Studies and analyses like this can deepen our 
understanding among several issues regarding the 
training for the next generation of behavior analysts 
and ensuring high quality of care. Several recent 
studies analyzed data released by the Behavior Analyst 
Certification Board (BACB) on certification outcomes 
among accredited and verified course sequences in 
this field (Dubuque & Kazemi, 2022; Matson & Konst, 
2014). By comparing certification outcomes among 
multiple applicant characteristics (e.g., program mode 
and accreditation status), researchers reported trends 
in the number of applicants in the last decade and 
differences observed among applicants experienced 
different modes of learning (e.g., in person, remote, 
hybrid). An extension of this body of work would 
be to use within-subject group designs and to use 
analyses such as linear and logistic regression models 
in identifying the environmental factors that are 
mostly likely to impact the educational outcome. 
Researchers need to first gather more comprehensive 
applicant data, such as demographic information, 
social economic status, educational information (e.g., 
program mode, curriculum design, faculty-student 
ratio), fieldwork and supervision experience, and 
continue education. Researchers also need to collect 
more comprehensive outcome measures besides the 
board exam pass rate, such as consumer satisfaction, 
and apply appropriate statistical tests to identify 
predictors of these outcome variables. Similarly, the 
field has become increasing aware of staff burnout 
and its detrimental impact on the quality of care 
(Plantiveau et al., 2018). By using similar group design 
method, researchers can identify predictors of staff 
burnout and develop corresponding strategies to 
improve the quality of care.

Psychometric Properties

Behavior analysts have a long history in designing 
measurement systems for behavior changes overtime. 
Focusing on the individual’s learning history, the field 
has long cautioned against standardized testing 
due to concerns on the inability to individualize the 
assessment’s process, which might more accurately 
reflect on the behavior observed (Ayllon & Kelly, 1972; 
Koegel et al., 1997). As the field continues to evolve 

and expand, concerns have been raised on the 
reliability of many assessments ABA providers use in 
clinical settings. The field of psychometrics studies 
the construction and application of assessment 
tools and an assessment’s psychometric properties 
describe how well it measures what it claims to 
measure. Most commonly, researchers evaluate 
the instrument’s validity and reliability, and, often 
time for a newly developed instrument, the extent 
to which the instrument yields similar outcome to 
established measures (Nunnally & Bernstein, 1994). 
In a systematic review conducted by Ackley et al. 
(2019), only four of the 18 ABA-based assessments 
reported data supporting its reliability. Evaluating 
psychometric properties of ABA-based assessment 
is not only a valid scientific objective, but also offers 
many benefits such as increasing the external validity 
of the field, simplifying assessment process, and 
increasing dissemination beyond behavior-analytic 
journals (Sutton et al., 2022). Issues like this cannot be 
answered by SSD, and within-subject designs can be 
useful in studying the psychometric properties of the 
instrument. For example, Sutton et al. (2022) evaluated 
the convergent validity and internal consistency of the 
PEAK Comprehensive Assessment. Lenoir et al. (2022) 
evaluated the convergent and age appropriateness of 
the Children’s Psychological Flexibility Questionnaire. 

Research studying psychometric properties is critically 
important to our field. An inaccurate or skewed 
measurement system is likely to render whatever 
conclusions made based on the observation or 
whatever progress captures via data collection 
invalid. This need is further amplified as the field 
keeps expressing interests on social issues, such as 
cultural humility and cultural responsiveness (Kolb et 
al., 2022; Wright, 2019). The behavior being measured 
can no longer be limited to simple operant classes. 
When a measurement system is developed and 
used to capture a group of behavior constituting a 
dynamic behavior system, the lack of psychometric 
studies on these instruments is concerning. Luckily, 
researchers are beginning to pay more attention 
during the development process and often seek 
to obtain feedback to revise their early draft. For 
example, Gatzunis et al. (2022) developed a Culturally 
Responsive Supervision Self-Assessment (CRSS) 
tool for supervisors to self-reflect on their cultural 
responsiveness during supervisions. Gatzunis et al. 
gathered feedback on CRSS and collected social 
validity data for its final form. An extension of their 
work would involve rigorous psychometric analysis of 
CRSS. Using within-subject group designs, researchers 
can extend this work by collecting responses 
among a large number of supervisors. CRSS’s three 
domains can be verified by calculating the internal 
consistency among all items within the same domain. 
Furthermore, factor analysis can be used to examine 
whether the construct of the instrument correspond 



283

Improving the Methodological, Analytical, and Cultural Impact of Behavior Analysis / Dixon, Yi, Chastain & Matthews

to its theoretical underpinning, with the rationale 
being that items measuring the same domain should 
converge while items from different domains should 
be relatively independent. Test-retest reliability can 
be examined by administering the CRSS twice with 
one same group of participants and calculating the 
correlation between the two outcomes. Convergent 
validity can be examined by comparing the outcome 
of CRSS with established measures. Content validity 
can be examined by synthesizing the input from a 
group of subject matter experts. And most importantly, 
researchers can compare whether the self-reported 
CRSS outcome corresponds to perceptions from the 
supervisee.

Between-Subject Group Design

In contrast to within-subject group designs, between-
subject group designs compare dependent variables 
collected between two or more groups of participants. 
Participants are usually categorized into multiple 
groups based on conditions and demographic 
characteristics, or are intentionally assigned to 
different groups which, later on, are exposed to 
different conditions (e.g., treatment options, waitlists). 
Here, the analysis primarily focuses on detecting 
the differences between the groups, which in turn, 
speaks to the impact independent variables have 
on dependent variables. Researchers can answer 
questions such as whether an added component 
of ACT can increase parental adherence to an 
online ABA caregiver training program (Yi & Dixon, 
2021), comparing the efficacy of relational training 
procedures on intelligence (May & St. Cyr, 2021), and 
whether autistic individuals perform differently during 
skill assessments compared with neurotypical peers 
(Dixon et al., 2017). Most commonly, these questions 
are answered using independent sample T-tests or 
analysis of variance (ANOVA), depending on the 
number of groups. Figure 2 illustrates the comparison 
being made in this scenario.

Figure 2. 
Illustration for using between-subject group design to 
compare differences among multiple groups.

Compared with within-subject group designs, 
between-subject group designs have several 

methodological advantages and challenges. In a 
between-subject group design, one major concern 
is the inherited differences between the two groups. 
Suppose the researcher wants to compare two types 
of ABA intervention on participants skill gain across six 
months. Had two groups not being equal at the baseline 
condition, one can make the argument that any 
observed differences in skill gain might be attributed 
to the differing foundational learning skills between 
the two groups, rather than the different intervention. 
In within-subject group designs, differences among 
participants are less of a concern as participants 
are each compared against themselves, thus 
controlling for this difference. Another disadvantage 
for between-subject group designs is the requirement 
of the sample size. A between-subject group design 
using two groups of participants effectively double 
the number of participants required. This also leads 
to its potential insensitivity in detecting the treatment 
effect. More variability is inherently introduced with 
a larger number of participants. This variability often 
leads to smaller power in the statistical method used, 
decreasing its ability in detecting smaller changes. In 
other words, with all things being equal, studies using 
between-subject group designs need to produce a 
larger effect to avoid type-II errors. 

At the same time, between-subject groups design also 
offer many methodological advantages. It is generally 
more flexible than within-subject group designs in 
the statistical methods used (Keppel, 1982), and can 
avoid sequence effects, which could be detrimental 
in certain within-subject design studies. When 
evaluating the differences across multiple treatment 
conditions using a within-subject research design, 
the order in which these conditions are exposed to 
participants might have a significant impact on the 
dependent variable. At the same time, a previously 
exposed condition might have carryover effects on 
the latter condition. This concern is similar to that of 
reversal designs used in SSDs. When using between-
subject group designs, however, sequence effect is 
less of a concern since each group is independently 
exposed to its own condition.

Comparing Treatment Outcomes

A common application of between-subject group 
designs in behavior analytic settings is to compare 
outcomes of multiple treatment options. This is 
arguably one of the most important applied questions 
the field needs to answer: what works and what works 
better. Although SSDs such as alternating treatment 
designs and component analysis provide powerful 
demonstration on the impact of behavior-change 
procedures with an individual, and allows a direct 
comparison between different treatment conditions, 
aggregating such findings at a group level would 
better address the question on what is likely to work 
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when similar intervention is applied to a larger group 
of individuals. 

For example Dixon et al. (2021) evaluated the impact 
of relational training procedures on participants’ 
intelligence. The researcher randomly assigned a 
group of 17 autistic participants into two groups: a 
comprehensive ABA (C-ABA) group involving relational 
training procedures and a traditional ABA (T-ABA) 
group receiving instructions based on contingency-
based learning and generalization, but not content 
that incorporated derived relational responding. In 
addition, 11 participants currently on the waiting list for 
ABA services served as a convenient waitlist control 
group. All participants’ IQ was measured at baseline 
and after 12 weeks of intervention. A one-way 
ANOVA was conducted to compare the differences 
in participant’s IQ change score. Results showed a 
statistically significant difference in participant’s IQ 
change score among the three groups, F(2,26) = 5.80, 
p = .008. Post-hoc analysis indicated a statistically 
significant difference between participants in 
the C-ABA group and T-ABA group (p = .042), and 
participants in the C-ABA group and the waitlist 
control (p = .009). No statistically significant difference 
was detected between participants in the T-ABA 
group and those in the waitlist control (p = .841).

Studies like this using between-subject group designs 
are extremely important as functional utility is at 
the very core for a pragmatic behaviorist: questions 
concerning what works and what does not work to 
produce behavior change. With new intervention 
approaches and competing treatment options being 
developed daily, partitioners are ultimately tasked with 
providing the most appropriate and effective care. 
To answer the “what works” question requires using 
between-subject group designs. For example, there 
has been ongoing debate on optimal parameters of 
error correction and prompting strategies in discrete 
trial training. Yet often time, research remained at 
the individual level, with different studies reporting 
different outcomes. This speaks to the issue mentioned 
above, as it is difficult to synthesize outcomes from 
multiple or even a single study SSD with participants 
showing varying outcomes. An alternative would be 
to randomly assign participants into multiple groups, 
with each group exposed to one study condition. For 
example, participants in Group A will always receive 
errorless teaching procedures while participants in 
Group B will always receive least-to-most prompting. 
Researchers can then compare outcome measures 
between the two groups, such as trial to criteria, 
number of targets mastered, and social validity data. 
Often time, such analyses can be strengthened by 
introducing within-participants variables and this 
research design is called mixed group design.

Mixed Group Designs

Mixed group designs usually involve analyses that 
are conducted both at the within-subject level and 
at the between-subject level. They are often used 
in longitudinal studies involving multiple treatment 
conditions. Here participants are compared against 
their peers with different group assignments and 
against themselves across different timepoints. A wide 
range of statistical models can be used to detect the 
effect of group assignment and time, as well as to 
explore the interaction effect of the two independent 
variables. General linear models and mixed-ANOVA 
are often used in studies using group designs. Figure 3 
illustrates the comparison being made in this scenario.

Figure 3. 
Illustration for using a 2 (Time 1 VS Time 2) x N (Group 
1 VS Group 2 VS … VS Group N) mixed group design to 
compare differences among multiple groups at both 
timepoints.

Randomized Controlled Trials

Among the few studies in the field of behavior analysis 
that utilize mixed group designs, the majority of them 
fall under the category of randomized controlled trials 
(RCTs). RCTs are widely accepted as a good standard 
in conducting casual analysis on the treatment’s 
outcome with agreed upon procedural safeguards 
in maintain its internal and external validity (e.g., 
the CONSORT Statement; Schulz et al., 2010). In an 
RCT, eligible participants are randomly assigned 
into multiple groups of conditions with dependent 
measures captured throughout the study at various 
timepoints. During the analysis, researchers analyze 
the trajectory of dependent variables within each 
group, as well as comparing them among all groups 
at various timepoints. 

For example, Sanders et al. (2020) conducted a RCT 
evaluating the impact of a rapid ABA assessment 
and treatment protocol among hospitalized autistic 
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children. Sanders et al. randomly assigned 36 
eligible participants into two conditions. Those in the 
treatment group received a latency-based functional 
analysis and corresponding function-based behavior 
reduction plan. Those in the control condition received 
no active behavioral intervention. Participants clinical 
functioning, length of hospitalization, and perception 
from the medical team were evaluated before and 
after discharge. Results showed preliminary support 
of incorporating ABA procedures in in-patient hospital 
settings as those assigned to the treatment group 
demonstrating more improvements at a statistically 
significant level. In another example, a re-analysis 
of the Dixon et al. (2021) study was conducted using 
mixed-ANOVA to explore the potential interaction 
effect between group assignments (C-ABA VS T-ABA 
VS waitlist) and time (baseline BS follow-up; Yi et al., 
2021). Results showed a statistically significant main 
effect of time and a statistically significant interaction 
effect. RCTs can be one of the most powerful tools for 
applied researchers, especially in addressing concerns 
on ABA’s overall effectiveness (United States of 
America Department of Defense, 2021). A longitudinal 
RCT with multiple waves of data tracking participants 
overall development will provide strong evidence on 
the intervention’s effectiveness or the lack of.

Conclusions

The exponential rise in the number of behavior 
analytic professionals signals an extremely bright 
future for the field of behavior analysis. The growth 
of the discipline alone is a metric of utility that our 
science has on saving the world around us (Dixon 
et al 2018). The time is ripe to couple this rise in 
popularity of the discipline with a rise of impact and 
verification that yes indeed – this field matters. We 
believe that a slight pivot from the reliance of SSDs 
to a greater adoption of group design methodology 
could produce great influences for our field to be 
taken seriously by outsiders. Training programs in 
behavior analysis should broaden their coursework in 
research designs to include some of methods noted 
here within. Clinicians should begin to more carefully 
examine how to optimize a blend of routine care with 
research techniques such as regression models, wait-
list controls, and environmental comparison studies. 
Activists within the field wishing to champion a cause, 
should come forward with data – as such will more 
quickly alter cure idle hands and silent majorities. 
Our field has been defined as an enterprise deeply 
entrenched in pragmatic utilitarianism. Therefore, it 
is time to make peace with the pragmatic gains that 
can be accomplished via the occasional adoption of 
group designs into the field of behavior analysis at a 
more robust level than historically has occurred.
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