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Mobile technologies are growing rapidly around the world to broad demographics of society. These
technologies hold great promise for their integration with Single Case Designs (SCDs) and the study of
individuals in their natural environment. This paper discusses the theoretical, methodological and
analytic implications of these tools for the advancement of the contextual behavioral etiology of
behavioral disorders, and their remediation. We hope this paper will highlight the scientific advantages
of combining mobile technologies and SCDs and encourage their adoption among CBS scientists.

& 2014 Association for Contextual Behavioral Science. Published by Elsevier Inc. All rights reserved.

Psychology is rooted in the study of individuals. Skinner (1938),
whose work is very familiar to behavioral scientists, derived the
principles of positive and negative reinforcement from the study
of individuals from two single species (rattus norvegicus and
columba livia). The development of applied interventions in areas
such as education (e.g., Layng et al., 2004), psychopathology (e.g., ;
Kazdin, 1977; Wolpe, 1968), addiction (e.g., McDonell et al., 2013;
Petry et al., 2006), or developmental disabilities (e.g., Sisson et al.,
1993), draw directly from the principles derived from such
individual analysis. Further, many experiments in other fields of
psychology relied on single individuals to validate scientific
hypotheses and theories. For example, Ebbinghaus (1913) discov-
ered new insights into memory and cognition through experi-
ments he conducted primarily on himself.

Creating models to explain individual variation has the advan-
tage of generating knowledge that is directly transportable to
clinical practice. In areas such as medicine, these designs have
become increasingly popular (e.g., Backman and Harris, 1999;
Kravitz et al., 2008; Shamseer et al., 2012), such that an extension
of the CONSORT guidelines is currently being developed in the
medical field (e.g., CENT guidelines: Shamseer et al., 2012). This
revival of SCD methods has its origin in ethical, financial and
methodological arguments. Authors such as Lillie et al. (2011)

argue that these methods are central for the development of
personalized medicine. In their view, despite the fact that a central
axiom in medicine is that of providing treatment to the individual
patient, it is surprising that SCD methods remained exclusive to
areas such as education, a point also made by Kravitz et al. (2008).
Riley et al. (2013) discussed the benefits of SCDs for pilot trials,
given their flexibility, cost-efficiency and ability to quickly gen-
erate data. In the authors' view, SCDs play a central role in what
they call rapid, responsive and relevant research, since these
methods can reduce the costs of exploring the feasibility of new
interventions and accelerate scientific innovation. Finally, the use
of randomization tests (or permutation tests) allows the statistical
analysis of SCDs without relying on the assumptions of most
frequentist statistical techniques (i.e., random sampling, indepen-
dence, normality). As this special issue shows, randomization tests
have a long history (Dugard, 2014), are quickly evolving, and can
be run with freely available software packages (Heyvaert &
Onghena, 2014).

1. Mobile technologies: a 21st century tool for CBS scientists

Throughout history, scientists have taken advantage of any
tools available to interact with their subject of study. In astronomy,
the telescope substituted for the bare eye in the observation of
stars and planets, leading to a greater precision in the definition of
astronomical terms. Likewise, the microscope was a critical source
of innovation in biology. Computer technology had a similar effect
across scientific disciplines. The software and hardware revolution
of the 1950s had a great impact in science, both in terms of
computation power and of speed of transfer of information (Fertig,
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1985). However, aside of the availability of word processors, data
analysis and communication software (e.g., internet, email), this
revolution did not have a profound impact on the basic tools for
studying the individual in its natural environment. Mobile tech-
nologies are changing this.

Mobile technologies have been defined as “wireless devices
and sensors (including mobile phones) that are intended to be
worn, carried, or accessed by the person during normal daily
activities” (Kumar et al., 2013, p. 228). This definition includes a
broad range of devices, from cellphones and portable digital
assistants (PDAs) to state of the art smartphones. It is also broad
enough to include devices that can be used for a variety of
purposes, such as help people monitor behavior, provide thera-
peutic content or respond to time sensitive self-report data. For
example, smartphones are enabling behavioral scientists to model,
instigate and reinforce individual behavior change in “real-world”
settings, and the active and passive assessment of outcomes. The
sophistication and capabilities of these new mobile technologies
are such that they are “a dream come true” from a contextual
behavioral science standpoint. Further, mobile devices are already
carried by 83% of individuals in the United States, and smart-
phones are used by 34% of the population (Smith, 2012). The
popularity of mobile technology is reflected by the fact that there are
currently 12,000 health related apps in the market (Mobihealthnews,
n.d.), and by 2016 it is estimated that there will be 146 million
downloads of mobile health apps (iHealthBeat, n.d.).

Despite the fact that very few mobile health apps have been
empirically tested (Chen et al., 2012; Déglise et al., 2012), these
technologies have created great excitement in the field (e.g., Miller,
2012), including major research funding institutions (e.g., Kumar et al.,
2013; Nilsen et al., 2012). Mobile technologies allow for the feasible
implementation of SCDs in an individual's natural environment,
providing real time assessment and testing of contextual behavioral
hypothesis and theories. Currently, a number of papers have dis-
cussed the use of mobile technologies in the social and behavioral
sciences (e.g., Aguilera andMuench, 2012; Chen et al., 2012; Dallery et
al., 2013; Kumar et al., 2013; Miller, 2012; Morris and Aguilera, 2012;
Nilsen et al., 2012), but none has elaborated on their value from a CBS
perspective. Furthermore, some studies have discussed the implica-
tions of SCDs for the rapid testing of technology-based interventions
(e.g., Dallery et al., 2013), but not the scientific implications of mobile
technologies for the implementation of SCDs. Therefore, the goal of
this paper is to discuss the theoretical, methodological and analytic
implications of combining mobile technologies and SCDs for the study
of individuals in their natural environment from a CBS standpoint.

2. Theoretical advantages: examining the impact of verbal
influence in natural contexts

Mobile technologies are a means to an end, rather than an end
themselves. From a scientific perspective these technologies are an
empty shell if not at the service of testing specific hypotheses or
theories. One of the most innovative behavioral theories that came
out of the contextual behavioral tradition is Relational Frame
Theory (RFT; Hayes et al., 2001). RFT was built upon Skinner's
(1957) classic work on verbal behavior and Kantor's (1963)
interbehaviorism. This scientific approach to language and cogni-
tion targets the ecological determinants of individual behavior,
and studies how over time, the verbal context experienced by a
single individual and its consequences, form a relational repertoire
(a.k.a. “relational network”). RFT reignited the naturalistic and
non-reductionist study of areas such as self-awareness (e.g.,
Dymond and Barnes, 1997), cognition (e.g., Golijani-Moghaddam
et al.,2013), values-driven behaviors (e.g., Hooper et al., 2012) and
metaphor (e.g., Stewart et al., 2004), and has informed the

development of psychotherapy models such as Acceptance and
Commitment Therapy (Hayes et al., 2011). A more detailed
description of RFT and its historical and current status can be
found elsewhere (e.g., Dymond, 2013; Hughes et al., 2012).

RFT attempts to understand how specific verbal cues (e.g.,
naming, comparing, contrasting) put forward by individuals in
the social environment have an impact on individual's experiences
(thinking, feeling, wanting) and overt behavior. These verbal cues
have been traditionally experienced through different forms of
writing, but more recently through other media, such as text
messaging or websites. One example of verbal event is the
common experience of receiving and responding to a text mes-
sage. A specific verbal cue (e.g., “how are you doing”), in combina-
tion with a specific physical context (e.g., a restaurant, an empty
classroom or an open space), has the function of prompting an
emotional, relational or overt behavioral response (e.g., feeling
connected, responding back, ignoring it, providing another verbal
cue, etc.). These antecedents, behaviors and consequences will
shape the overall verbal context of this individual and influence
future interactions.

In that way, mobile technologies have the potential to serve as
a platform to study the impact of verbal cues on individuals'
behavior in their natural environment. Furthermore, the combina-
tion of mobile technologies and measurement procedures such as
ecological momentary assessments (e.g., Wenze and Miller, 2010)
and a variety of mobile sensors (Ali et al., 2012; Plarre et al., 2011;
Preece et al., 2009) have enabled the gathering of real time
environmental and observational data, a possibility that haunted
the field almost from its inception (Dougher and Dougher, 2000).

These devices provide an excellent opportunity to RFT and
clinical CBS researchers. By deliverately manipulating a variety of
daily verbal cues, researchers can extend the reach of their
experimental verbal manipulations to real world settings. These
verbal cues can be designed to enhance more flexible repertoires
such as deictic relations (Vilardaga et al., 2012), motivative aug-
mentals (Dahl et al., 2009), or combinations of relational cues (e.g.,
in the form of metaphors). These mobile technologies, when
combined with an RFT analysis of language can also be used as
stand-alone interventions or to enhance existing face-to-face
interventions. In addition, mobile technologies can enable
researchers to study the contextual antecedents and consequences
of specific verbal cues and potentially design functionally appro-
priate schedules of verbal prompting that are unique to a parti-
cular individual. For example, machine learning algorithms can be
programmed to track specific sequences of events, behaviors and
consequences to readjust the ratio of motivative augmentals
provided to a specific individual for a specific target behavior.
Furthermore, if deictic relations are at the core of rigid forms of
sense of self and a range of clinical phenomena, as argued by ACT
and RFT researchers (e.g., Barnes-Holmes et al., 2000; Vilardaga et
al., 2012), then it would be expected that a mobile texting
intervention in which machine learning algorithms are used to
modulate the delivery of deictic contextual cues could have the
effect of increasing individual's levels of psychological flexibility.
Machine learning algorithms have already been used to improve
behavioral interventions (e.g., Burns et al., 2011), although to our
awareness, not using RFT.

3. Methodological advantages: increasing the precision, scope
and depth of contextual behavioral research

Precision, scope and depth are important qualities of scientific
theories (Biglan and Hayes, 1996). Precision is attained by having
a limited number of concepts referring to a given phenomenon.
This requires tools that can bridge the concept and the phenomena
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closer to each other. Scope is achieved when certain scientific
principles are applicable to a broad range of phenomena, and
depth when those principles cohere across levels of analysis (e.g.,
biological or social).

Current contextual behavioral tools have limited capacity to
evaluate the precision, scope and depth of our theoretical models
of intervention. The lack of instruments to directly observe
behaviors of interest, such as levels of activation, social interac-
tions, or moment to moment mood symptoms, is typically
approached by designing laboratory and analog studies (e.g.,
Cooke, 1966). These studies test “analogs” of a clinical intervention
through tightly controlled procedures. However, analog studies are
difficult to generalize to real-world settings (Kazdin, 1978), and
this research approach cannot fully substitute for a precise
evaluation of specific clinical problems in a “real-world setting,”
or the scope and depth of our strategies to remediate them.

Given that precision, scope and depth are important features of
CBS (Hayes et al., 2012; Hayes et al., 1993), clinical contextual
behavioral science's growth and potential impact will be limited as
long as we continue to rely on tools that do not allow for the direct
observation of the contextual determinants of individual's beha-
vior in their natural environment (Vilardaga et al., 2009).

Mobile technologies offer the opportunity to measure beha-
viors with greater precision. Some of these behaviors can be self-
reported (e.g., a specific mood item), while others automatically
tracked (e.g., GPS location). Capturing data in an individual's
natural context allows an examination of the specific antecedents
and consequences of certain behaviors and this is an important
requisite for the behavioral definition of constructs with higher
precision. Further, the capacity of mobile technologies to circum-
vent the retrospective bias that comes along with most retro-
spective global self-reports (e.g., Ben-Zeev and, 2012; Sato and
Kawahara, 2011) cannot be minimized. Mobile technologies also
enable researchers to experimentally examine the scope of
specific interventions, as these technologies can illuminate to
what degree certain interventions (e.g., motivative augmental
cues) generalize across behaviors, emotional responses and
physical locations. For example, clinical experience shows that
patients often use the psychological strategies they learn (e.g.,
smoking cessation strategies) to target other problem behaviors
(e.g., excessive eating), but there might be situations in which
these skills are not warranted. This process of generalization is
often not evaluated due to the difficulties of accessing indivi-
dual's natural environment. Thus mobile technologies can help
researchers evaluate the limits and scope of these principles.
Finally, mobile technologies can be used to assess the degree to
which certain principles of change have depth, cohering across a
variety of levels of analysis. An evaluation of the depth of
scientific theories facilitates important communication among
disciplines and cross-fertilization of ideas. For example, the
impact of certain contextual behavioral interventions on mood
ratings might extend to an individual's heart rate variability,
demonstrating its health benefits. Heart rate variability can be
measured using mobile sensor technology. Likewise, contextual
behavioral interventions at the level of an individual might have
an impact on the larger social environment (e.g., social networks)
and facilitate pro-social behavior or cooperation.

Gordon Paul's statement, “what treatment, by whom, is most
effective for this individual with that specific problem under
which set of circumstances, and how does it come about” (1969,
p. 44), is difficult to answer with the measurement and interven-
tion tools currently available (e.g., global self-report measures,
face-to-face interventions). The synergy between mobile technolo-
gies and CBS research has the potential to improve its methodolo-
gical rigor and help advance its underlying theory and models of
intervention.

4. Analytic advantages: empowering visual and statistical
analysis of SCDs

The advantages of mobile technologies do not end with the
contextual assessment and delivery of verbal interventions in their
natural environment, and a better examination of their precision,
scope and depth. Mobile technologies also have analytic implica-
tions for the interpretation of SCDs.

4.1. From ecological momentary assessments to ecological
momentary experiments

The use of real-time data collection tools such as Ecological
Momentary Assessments (EMAs) and the Experience Sampling
Method (ESM) have been present in the field for several decades
now (e.g., Csikzentmihalyi et al., 1977; Stone and Shiffman, 1994).
Although both tools have their origin in different philosophical
frameworks (e.g., ESM was inspired by phenomenology; Hektner
et al., 2007), both share the approach of measuring psychological
and contextual variables in order to examine their association with
a variety of outcomes.1 This approach, highly consistent with the
CBS framework, has contributed to the environmental and natur-
alistic analysis of psychological phenomena. The repeated mea-
surement of psychological and contextual events improves the
ecological validity and measurement reliability of the data col-
lected (Hektner et al., 2007). Unfortunately, the majority of these
studies have used observational designs in which there is no
experimental manipulation of independent variables (e.g.,
Csikszentmihalyi and Larson, 1987; Hektner et al., 2007), limiting
their utility and conclusions.

EMAs were gradually combined with earlier forms of mobile
technology, such as pagers, wristwatches, portable digital assis-
tants and cell phones. However, the advent of smartphones with
wireless and programming capability enabled the use of these
devices as proactive intervention tools, not just for assessment.
Since smartphones can be used to deliver a variety of verbal cues,
prompts and signals, EMAs have the potential to evolve into what
we can call ecological momentary experiments: studies in which
specific intervention components are deliberately manipulated to
observe an effect (see also Proudfoot, 2013). Furthermore, because
SCDs are less logistically complex than randomized controlled
trials, and can be flexibly combined with other SCD experiments
(see Heyvaert and Onghena's tutorial on meta-analysis of SCDs in
this special issue), their potential to rapidly advance treatment
development is at hands reach (Kumar et al., 2013; Nilsen et al.,
2012; Riley et al., 2013).

4.2. Fine grain visual inspection

The ability to detect reliable treatment effects over time greatly
depends on the amount of observations. In laboratory experi-
ments, where multiple measures can be repeatedly taken in a
short period of time under highly controlled conditions, measure-
ment reliability is not difficult to achieve, especially when the
subjects involved are not humans. However, in clinical settings,
SCDs encounter several measurement and logistical barriers. First,
behavioral disorders can be observed in their natural environment
only in some settings (e.g., school settings, inpatient units). This is
generally not possible for the majority of mood, anxiety or
psychotic disorders (Dougher and Dougher, 2000). Second, due
to difficulties of observing individuals in their natural environ-
ment, observations of adults with a clinical behavioral disorder are
restricted to weekly encounters and retrospective reports. This

1 From now on we will refer to both as EMAs.
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adds two problems: recall bias and low measurement frequency.
Asking individuals a battery of questions with strong internal
validity partially solves those problems, but such global and
decontextualized measures ignore the dynamic patterns of beha-
vior dependent upon a specific history of antecedents and
consequences.

Weekly and global self-report measurements also complicate
the analysis of SCDs. Visual inspection is one of the most common
strategies to examine data gathered from SCDs (e.g., Hayes et al.,
1999). The presence of a specific baseline pattern is used to decide
whether or not to apply a new treatment phase. An ideal baseline
is generally defined as two or three datapoints in which there is a
stable level or a trend in the opposite direction than the desired
level or trend of the targeted behavior (e.g., a reduction in
tantrums; Hayes et al., 1999). However, even when participants
consent to participate in research studies, baselines must have a
reasonable limit (e.g., 2–4 weeks). Moreover, when baselines can
be extended, the total amount of observations derived from a
clinical trial in which measures are collected on a weekly basis is
small (e.g., 12 measurement points). Thus the use of weekly global
self-reports in SCDs limits the ability of these designs to reliably
detect the effect of interventions on targeted problems.

Mobile technologies can enhance the visual analysis of SCDs.
First, mobile devices can be implemented in real-world settings
without interfering with the normal course of a behavioral inter-
vention in a clinical setting. For example, between an intake
appointment and an intervention session, global self-report mea-
sures can gather between 1 and 2 datapoints of the targeted
behavior. Instead, mobile devices can enable the gathering of at
least 6 datapoints of the desired target behavior (e.g., daily mood
ratings). Carefully designed EMA studies sometimes involve 10
measurements per day (e.g., Hektner et al., 2007; Kimhy et al.,
2006), so this number can be doubled or tripled by adding two to
three measurements per day, which should not interfere with
individual's normal day-to-day activities. In this manner, a
researcher can obtain a more reliable level and trend in only
1 week. This can help draw stronger conclusions about changes in
level and trend as a result of the intervention. Furthermore, if
sensing technology were to be used (e.g., motion trackers for
behavioral activation), a more continuous and effortless flow of

data could be obtained in the same time period. Fig. 1 shows
simulated data of global self-report measures of a mood outcome.
These are compared to an EMA chart of the same outcome. Based
on the global self-report chart, it is difficult to conclude that self-
reported mood ratings were due to the experimental manipula-
tion. These data might reflect an existing trend. The daily EMA
chart provides more conclusive evidence that there was a disrup-
tion in the level and trend between the baseline and the inter-
vention phases.

4.3. Increased statistical power

Global self-report measurements can become a barrier for the
statistical analysis of SCDs using randomization tests (see Heyvaert
& Onghena, 2014). This non-parametric statistical procedure relies
on considering all the observations from a SCD as a population of
datapoints, and the random assignment of the beginning of
treatment to one of those observations within that time con-
tinuum. The statistical power of any given dataset is directly
proportional to the amount of available observations (Edgington
and Onghena, 2007; Todman and Dugard, 2001).

The limited measurement frequency attained with weekly
global self-reports limits the use of these analytic methods. For
example, in an AB SCD with 12 data points in which the beginning
of treatment is randomly assigned to weeks 1 through 12 and
we require in each phase a minimum of 3 observations, the
probability of obtaining a similar result given the assumption that
there were no treatment effects is p¼1/7¼0.142. In other words,
given the small number of permutations, there is little power to
detect an effect (Edgington and Onghena, 2007; Ferron and
Sentovich, 2002; Levin et al., 2012; Todman and Dugard, 2001).
A meta-analysis of sequential SCDs would increase statistical
power (as described by Heyvaert and Onghena in this special
issue), but this would also require more subjects and resources.

Researchers interested in conducting randomization tests of
SCD experiments with mobile technology could highly increase
their statistical power. Taking the example described above and
assuming that data was gathered once a day, there would be a
total of 84 observations (see Fig. 1). This would lead to an 11-fold
increase in the experimenter's ability to detect a treatment effect
p¼1/79¼0.012. Statistical power could be further increased by
simply adding more than one measurement per day or by using
sensing technology.

As we have seen, there is a synergy between mobile technol-
ogies and SCDs for the experimental study of individuals in their
natural environment. The amounts of data gathered by these
devices can enhance the visual and statistical analysis of SCDs.
Integrating mobile technologies, SCDs and randomization tests can
open up a new wave of cost-effective, real-world, and experimen-
tally and clinically useful research at the individual level. Table 1
presents a summary of these advantages together with specific
examples.

5. Summary and conclusions

The task of creating a powerful behavioral science to tackle
problems of human concern requires a combination of strong
theory, experimental methods and technical innovation. In other
words, in the same way that the results of our studies cannot be
separated from our scientific questions and the content areas we
choose to study from our methods, scientific progress and innova-
tion cannot be separated from its technical means to achieve it.
Thus the aims of this paper were to describe the synergy between
mobile technologies and single case designs for the contextual

Fig. 1. Simulated chart showing the advantages of EMAs as compared to global
self-report measures for the visual and statistical analysis of SCDs.
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behavioral understanding of the behavior of individuals in their
natural environment.

We argued that mobile technologies allow CBS researchers to
empirically examine hypotheses derived from learning theories of
language and cognition (such as RFT). This can be accomplished by
manipulating the verbal context experienced by the individual and
observing its effect in their day to day experience. Methodologi-
cally, mobile technologies can be used to evaluate the antecedents
and consequences of specific behaviors and thus provide a more
precise assessment of specific target behaviors. These contextual
assessments can also be used to evaluate the scope of specific
principles of change (i.e., their impact across a range of behaviors)
and their depth across levels of analysis (e.g., physiology, social
networks). Finally, we discussed the analytic implications of
mobile technologies. We described how mobile technologies can
enhance traditional strategies to analyze SCDs. Thanks to
increased number of observations, visual analysis can be improved
with a fine grain charting of phase changes, and randomization
tests dramatically improved with statistical power.

Mobile technologies are not without limitations. First, the
development of these interventions still requires either grant
funding or specialized expertise. Despite this, if Moore's law
(Wikipedia, 2013) continues to hold in the years to come, the cost
of mobile behavioral health technologies will continue to drop,
making more feasible the development of these tools by a wider
range of contextual behavioral scientists. Second, even though
SCDs can improve our understanding of the contextual beha-
vioral etiology of behavioral problems, SCDs experiments should
not be a substitute for larger population based trials. Randomized
controlled trials have helped us improve our behavioral inter-
ventions. Therefore, we think the choice between SCDs and group
designs is not an “either/or” decision. An increased use of SCDs
would simply have the effect of diversifying our methods of
exploration and make the process of discovery more agile (Riley
et al., 2013). Finally, standalone mobile contextual behavioral
health interventions can extend the reach of our treatments to a
larger section of the population. However, these interventions
have reduced ability to foster engagement and have notorious
drop out rates (e.g., Christensen et al., 2009; Christensen and
Mackinnon, 2006; Eysenbach, 2005). Combining mobile contex-
tual behavioral interventions with face-to-face interventions
might offer the advantage of capitalizing on a therapeutic
relationship (e.g., direct modeling of processes, provision of
non-verbal contingencies), while at the same time providing
contextual behavioral assessments of target behaviors and an
extension of the verbal context of the therapeutic relationship
with targeted verbal cues.

In conclusion, we believe that if behavior therapy were created
today, mobile technologies would probably be a primary tool
of choice for behavioral scientists. However, behavior therapy
emerged during the 1950s (e.g., Lindsley et al., 1953), not in
2013. The widespread growth of mobile technologies gives beha-
vioral scientists a readily available platform to conduct single case
behavioral experiments, and thus mobile technologies hold great
promise for the next generation of contextual behavioral science.
We hope this paper provided a theoretical framework to under-
stand their scientific advantages and encourages their integration
with SCDs.
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Improved visual inspection Fine grained analysis of level and trend phase changes (see Fig. 1)
Increased statistical power Drastic increase in measurement frequency enhances the use of randomization tests for SCDs
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