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Methodologies for optimizing behavioral interventions:
introduction to special section

An extensive literature has established the effective-
ness of various behavioral interventions for a range of
conditions [e.g., 1–3], but this literature often fails to
isolate the intervention components that are more or
less effective. Therefore, despite numerous controlled
trials of various interventions for a given problem, the
field has little guidance on how to improve upon
previously studied interventions, adapt them to spe-
cific populations, contexts, or delivery mechanisms,
or streamline them to facilitate use in real-world set-
tings with constrained resources. Behavioral interven-
tion research cannot become a cumulative science that
builds upon prior research until intervention studies
can answer not only if the intervention changed be-
havior, but also how it changed behavior, and which
intervention components were most effective in
changing behavior.
To illustrate the current state of behavioral interven-

tion research, Fig. 1 shows a common meta-analysis
forest plot, in this case, the effects of group interven-
tions versus self-help for smoking cessation [4]. Like
many systematic reviews of behavioral interventions,
this one finds considerable heterogeneity of treatment
effects across studies. This heterogeneity can be the
result of a variety of factors including differences be-
tween studies in sample characteristics, delivery
mechanisms and context, and/or differences in inter-
vention components, including the nature, dose, and
sequence of these components. In this illustrative me-
ta-analysis, different intervention components were
used across the included studies, and treatments were
delivered in different dosages by different providers in
different contexts. A researcher wanting to develop an
improved intervention for group-based smoking ces-
sation would receive little guidance on how to do so
from the studies in this meta-analysis.
Intervention development largely remains a black

box that receives little attention within the typical
constraints of publication page limits. Intervention
developers typically review the prior intervention lit-
erature to glean components for the intervention be-
ing developed. The selection of components, howev-
er, is predominately a process of educated guesses
based on the components frequently used in prior
effective interventions and the experience of the inter-
vention developer with these intervention compo-
nents in the sample of interest. Theory also contrib-
utes to intervention development. Some research

suggests that interventions based on theory are more
effective than those not based on theory [5], but others
have failed to find this relationship [6], and the asso-
ciation could be the result of a thoughtful, conceptual
approach to intervention development rather than the
validity of a particular theory. Moreover, interven-
tions based on the same theory can differ substantially
in their intervention components, whereas interven-
tions based on different theories can appear quite
similar. Funding for behavioral intervention research
also explicitly rewards innovation. This incentive
structure may influence intervention developers to
create new, previously untested intervention compo-
nents and incorporate them into an admixture of
existing intervention components obtained from
theory-based conceptual models and prior interven-
tion studies.
Once developed, these interventions are seldom

refined and rigorously tested prior to the randomized
controlled trial designed to determine the efficacy of
the final intervention. Qualitative studies of individ-
uals from the target population are increasingly being
used to assess the acceptability of intervention com-
ponents, dosages, and delivery mechanisms [7]. These
qualitative studies are critical for assessing acceptabil-
ity and initial engagement in the intervention. Inter-
ventions that are unacceptable or unduly burdensome
and fail to achieve good engagement and adherence
are unlikely to be found effective; however, one can-
not infer that an intervention will be effective just
because it is judged highly acceptable by a small group
of target individuals. Indeed, it is quite possible that
intervention components deemed acceptable may
have no effect on changing their behavior, or vice
versa. For example, sleep restriction is one of the least
acceptable components of behavioral treatments for
insomnia but it is also one of the most effective com-
ponents [8].
Once initially developed, the prototype intervention is

often subsequently tested in a pilot trial, typically an
open trial with a small number of participants. In addi-
tion to testing the feasibility of the study procedures, the
pilot trial is also used to test the feasibility of delivering
the intervention and to determine if the intervention
effect size is sufficient to justify a larger randomized
controlled trial (RCT) of the intervention. In these small
samples, however, the effect size’s confidence interval is
quite large which limits the ability of the pilot trial to
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estimate effect sizes for the larger study [9]. Moreover,
because the full intervention package is commonly tested
in these pilot trials, these trials provide minimal insight
into which intervention components produced the effect
observed. Although interventions are often modified
following the pilot trial, these modifications are typically
based on the participants’ post-study qualitative re-
sponses regarding intervention component feasibility,
usability, and perceived effectiveness. As a result, large-
scale controlled trials of a behavioral intervention usually
evaluate a multi-component intervention for which it
remains unclear which intervention components are es-
sential, useful, or unnecessary, or which putative media-
tors of behavior change are affected by these various
intervention components.
This special section of Translational Behavioral Medi-

cine attempts to provide alternative approaches to the
current intervention development paradigm that can
better isolate the effects of intervention components
and adjust the dosage and sequencing of intervention
components to optimize the intervention. Linda Col-
lins and colleagues have led the development of meth-
odologies to optimize behavioral interventions, and
the first paper in this special section [10] describes
the Multiphase Optimization Strategy (MOST). Guid-
ance is offered about decisions that need to be made to
conduct a MOST trial, including criteria for optimiza-
tion, the components to be tested, and which cells of a
full factorial model can remain untested in a fractional

factorial model. These principles of MOST are illus-
trated through a hypothetical example based on
smoking cessation, where the intervention compo-
nents include nicotine patch, nicotine gum, two forms
of in-person counseling, and telephone support. The
design of an informative fractional factorial experi-
ment, the corresponding analysis of variance, and the
decision making process regarding which components
should form the optimized intervention based on
MOST findings are demonstrated. Collins and col-
leagues also provide online several artificial data sets
to practice the application of the decision making
framework.
Wyrick and colleagues [11] describe the application

of MOST to optimize an online program to prevent
substance abuse by college athletes.While oneMOST
trial is often sufficient, this paper shows how the find-
ings from one MOST trial could lead to additional
intervention questions that may require additional
MOST trials to insure an optimized intervention. This
iterative approach to intervention testing is consistent
with the engineering roots of MOST. This paper also
illustrates how MOST can be conducted as a cluster
randomized design, in this case with school as the unit
of randomization. Sample size concerns have been
raised regarding cluster randomized trials as well as
MOST designs, yet Wyrick and colleagues estimated
that they would need to randomize 56 schools with
100 students per school to achieve 90 % power to

Fig. 1 | Forest plot of group versus self-help programs for smoking cessation (reprinted from Stead and Lancaster, Cochrane
Database Syst Rev. 2005; CD001007)
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detect a 0.3 effect size, a feasible N for a web-based
intervention. Finally, for those concerned about the
length of time to conduct a MOST study, Wyrick
et al., note that the traditional intervention testing
paradigm of conducting a treatment package RCT,
followed by post-hoc analysis, treatment package revi-
sion, conducting a second treatment package RCT,
and repeating the cycle, is a much longer and less
efficient process than MOST.
Progressing from the selection of components via

MOST, Almirall and colleagues [12] focus on the se-
quencing of intervention components using the Se-
quential Multiple Assignment Randomized Trial
(SMART) for an adaptive weight loss intervention.
SMART trials test the optimal sequencing of interven-
tion components and the decision rules for when an
intervention dosage should be increased (or de-
creased), when an intervention should be augmented
with another intervention, and/or when an interven-
tion should be terminated due to lack of efficacy and
another intervention attempted. In contrast to the stan-
dard treatment package RCT, the SMART trial closely
parallels the treatment decisions of clinical practice. If
clinicians were to practice as per the standard RCT,
they would provide the intervention that was found on
average to be most effective, and then at the end of the
treatment period, if the treatment did not work, at-
tempt no further treatment. Empirically guided clini-
cians, however, first attempt the treatment with the
highest likelihood of success, but if not successful, try
other treatment approaches that have at least some
support in the literature. These decisions regard if
and when to try other approaches, and which ones to
try and when, are the essence of adaptive interven-
tions. SMART uses sequential re-randomizations of
study participants to isolate the effects of various treat-
ment options, tailoring variables, and decision rules.
MOST and SMART designs were derived in part

from engineering approaches, and the paper by
Deshpande and colleagues [13] draws even more ex-
plicitly from engineering approaches with the applica-
tion of control systems engineering for optimizing
behavioral interventions. Control systems are perva-
sive in our daily lives. Control systems run the ther-
mostats that maintain a comfortable temperature in
our homes regardless of the weather, and the cruise
controls on our automobiles that maintain a steady
speed regardless of the slope of the road. Applied to
behavioral interventions, these same regulatory prin-
ciples can be used to achieve and maintain a steady
state of a desired behavior by adjusting the magnitude
of system inputs (i.e., dosages of intervention compo-
nents) and adjusting for the effects of extraneous vari-
ables (i.e., noise, disturbances, uncertainty). This paper
illustrates the application of control systems to inter-
vention optimization for low-dose naltrexone treat-
ment for fibromyalgia. In the first part of the paper, a
dynamical systems model is obtained idiographically
from intensively collected measures during the course
of a clinical trial. The estimatedmodels are then shown
to serve as the basis for an optimization procedure

called “Model Predictive Control” that adjusts the
dosage of intervention components at daily intervals
from observed measures of participant response and
the influences of external factors. Although the con-
cepts described in this paper are perhaps the most
foreign to behavioral scientists among all of the papers
in this special section, these concepts are worth taking
the time to fully grasp. As our ability to continuously
monitor behavior and its mechanisms improves via
sensor technologies and smartphones, our ability to
frequently adjust intervention type and intensity be-
comes possible, and these computational models will
be critical tomaking effective intervention adjustments
over time.
The rapid advances in behavioral sensors and

ecological momentary assessment technologies
have also re-invigorated the single-case design.
Single-case designs were frequently used when op-
erant behavioral interventions were in their infan-
cy, but the need for frequent and extensive behav-
ioral observations to establish stable baselines and
strengthen causal inference were burdensome to
obtain. Mobile and wireless technologies now al-
low us to automate behavioral observations and
gather the intensive longitudinal data necessary
for rigorous single-case designs. Dallery and col-
leagues [14] describe the advances in methodology
of single-case studies and the application of single-
case studies to intervention optimization, specifi-
cally the use of parametric and component analy-
ses which can be used to test different intervention
dosages or components, respectively. In contrast to
a typical pilot trial in which the intervention re-
mains unchanged during the trial, a series of single-
case trials allows the intervention developer to test
the intervention package and specific components
of that package in a few participants, revise the
intervention based on these findings, and continue
to iterate between a few single-case studies and
intervention refinements to optimize the interven-
tion. For the same number of participants, many
more intervention variants can be tested via a se-
ries of single-case studies than the traditional pilot
trial.
These various intervention optimization designs are

being increasingly accepted as viable alternatives to
the traditional intervention development model. As
Wyrick and colleagues note, his project and others
have been funded by the National Institutes of Health
(NIH), and there are NIH Funding Opportunity An-
nouncements that encourage the use of these ap-
proaches, specifically the “Innovative Research
Methods: Prevention and Management of Symptoms
in Chronic Illness (R01)” program announcement
(http://grants.nih.gov/grants/guide/pa-files/PA-13-
165.html). A strategic priority of the National Cancer
Institute’s Science of Research and Technology
Branch (SRTB) is the development and adaptation of
new methodologies for the behavioral sciences, in-
cluding these intervention optimization methods
(ht tp://cancercontrol .cancer.gov/brp/sr tb/
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about.html). Broadening the base of expertise in these
approaches among behavioral scientists remains im-
portant, not only for facilitating the adoption of these
approaches to optimize behavioral interventions, but
also to provide adequate expertise for grant applica-
tion and journal article reviews.
The optimization approaches described in this spe-

cial section of Translational Behavioral Medicine offer a
diverse and novel set of methodologies that are rele-
vant for optimizing interventions at various stages of
intervention development, and for disentangling the
effects of various intervention components in multi-
component behavioral interventions. With these data,
the field can build a cumulative science of behavior
change that retains the more effective intervention
components, discards the less effective components,
and adds new components in a testable, empirical
manner. While there are obvious practice and public
policy implications for developing optimized interven-
tions that provide the largest effects in the most effi-
cient manner, these approaches also have important
implications for advancing the theory and science of
behavior change. If intervention components are
cleaved based on the mechanism of change targeted,
the results from these optimization studies also provide
the field with critical insights into the mechanisms of
behavior change. In contrast to repeating cycles of
RCTs that test various admixes of intervention com-
ponents, these optimization approaches provide an
efficient approach for developing behavioral interven-
tions that cost-efficiently produce the largest effects for
the most people. These approaches inform innovation
in behavioral medicine in significant ways, from deliv-
ering the most important and effective components in
the proper amount at the right time to ultimately
aiding in the search to better understand the mecha-
nisms of behavior change.
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