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Abstract The multiphase optimization strategy (MOST) is a
new methodological approach for building, optimizing, and
evaluating multicomponent interventions. Conceptually rooted in engineering, MOST emphasizes efficiency and careful
management of resources to move intervention science
forward steadily and incrementally. MOST can be used to
guide the evaluation of research evidence, develop an optimal
intervention (the best set of intervention components), and
enhance the translation of research findings, particularly type
II translation. This article uses an ongoing study to illustrate
the application of MOST in the evaluation of diverse
intervention components derived from the phase-based
framework reviewed in the companion article by Baker et al.
(Ann Behav Med, in press, 2011). The article also discusses
considerations, challenges, and potential benefits associated
with using MOST and similar principled approaches to
improving intervention efficacy, effectiveness, and costeffectiveness. The applicability of this methodology may
extend beyond smoking cessation to the development of
behavioral interventions for other chronic health challenges.
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Introduction
Despite the need for tobacco cessation approaches that
work, the development of novel cessation interventions of
demonstrated effectiveness and cost-effectiveness has been
relatively slow. If all tobacco users could be provided with
evidence-based treatments that substantially increased their
chances of becoming tobacco-free, not only would morbidity and mortality be reduced but also millions of dollars in
health-related costs could be saved. This article, in
conjunction with Baker et al. [1], presents a new approach
for improving smoking cessation treatments. Baker et al.
[1] describe a phase-based framework for tobacco use
cessation research. The goal of the present article is to present
a methodology that will enable researchers to be efficient and
programmatic in their development of novel, effective, and
cost-effective smoking cessation interventions and to describe
an ongoing application of this methodology to a smoking
cessation intervention based on the phase-based framework.
The applicability of this methodology may extend beyond
smoking cessation to the development of behavioral interventions for other chronic health challenges, such as prevention and treatment of addiction to alcohol and other drugs,
prevention of obesity, promotion and maintenance of weight
loss, and management of disorders such as diabetes, asthma,
HIV/AIDS, and cancer.

The Phase-Based Framework and Multicomponent
Interventions for Smoking Cessation
Briefly, the Baker et al. framework partitions the cessation
process into four discrete phases based on current theories of
cessation and empirical data: (a) motivation, (b) precessation,
(c) cessation, and (d) maintenance. The phase-based framework can be integrated with models that support the use of
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particular interventions to address phase-specific challenges to
cessation success. For instance, associative learning models,
pharmacologic and motivational models of dependence, or
social learning models can be incorporated with data on
dependence and the process of smoking cessation to identify
challenges, opportunities, or intervention targets for the four
phases. Then these same models and data can be integrated
with prior treatment evaluation research to generate intervention components suitable for the four different phases of
cessation. Thus, the phase-based framework provides an
organizational structure that helps integrate data and more
molecular theories to guide intervention strategies during each
of the four phases of the cessation process.
Implicit in the phase-based framework is the idea that it
may be necessary to include multiple treatment components
both within and across the four phases of cessation.
Multicomponent interventions that combine various behavioral and pharmacotherapy treatments are common in
smoking cessation (e.g., [2, 3]). Behavioral interventions
include techniques such as skill training, problem solving,
support provision, motivational interventions, and education. Multicomponent interventions may also include
pharmaceutical components such as nicotine replacement,
bupropion, or varenicline.
Multicomponent cessation interventions are typically
subjected as a package to a program evaluation [3] that
seeks to address the question: “Does this intervention have
a statistically significant effect?” In this article, we propose
that although this is a critically important question, there is
another, equally important question: “Is this intervention
achieving its maximum public health impact?” Depending
on the situation, the term “public health impact” may
be assessed in terms of efficacy, effectiveness, costeffectiveness, or some other relevant criterion. Statistical
significance and maximum public health impact are distinct
and independent concepts, as Table 1 shows. If an
intervention does not achieve a statistically significant
effect and has not achieved its maximum public health
impact, it is possible that improvements could result in an
effect that is large enough to reach statistical significance.
However, if the intervention is already yielding its
maximum public health impact and this effect is not large
enough to achieve statistical significance, a different

approach is warranted. Similarly, a statistically significant
behavioral intervention may or may not have achieved its
maximum public health impact. In our view, it is likely that
the vast majority of behavioral interventions that achieve
statistically significant program effects could readily be
modified to increase their public health impact appreciably.
We suggest that behavioral intervention development can
and should be aimed at both statistically significant
program effects and maximum public health impact.

The Multiphase Optimization Strategy
Achievement of both of these outcomes is the goal of the
methodological framework described in this article, the
multiphase optimization strategy (MOST) [4, 5]. Based on
ideas drawn from engineering and related fields and
adapted to behavioral intervention science, MOST is a
principled and comprehensive framework for optimizing
and evaluating behavioral interventions. In engineering,
optimization is a goal that sometimes can be unambiguously attained; in intervention science, optimization is more
likely to be a conceptual standard to work toward. Thus, in
intervention science, optimization can be considered a
process rather than an end goal per se.
Optimization of behavioral interventions is relevant to
both type I and type II translational research. Type I
translational research involves moving basic science (e.g.,
laboratory) findings to the clinical context and is commonly
referred to as “bench-to-bedside” research. Type II translational research involves moving from more controlled
clinical trials to real-world community settings. We are
particularly interested in type II translation because of its
importance in tobacco control. Translating cessation intervention research into healthcare settings and other realworld health care contexts (e.g., quit lines) is crucial
because such settings offer unparalleled opportunities to
deliver cessation treatments to large numbers of smokers.
Despite its importance, such translation research is relatively rare [6–8], perhaps because using current approaches
translation can be arduous and slow, sometimes taking 15 to
20 years [9, 10]. We see MOST as a means of making type
II translational research more efficient and, we hope, more

Table 1 Two critical questions about behavioral interventions
Is this intervention achieving its
maximum public health impact?

No
Yes

Does this intervention have a statistically significant effect?
No

Yes

Improvements to improve public health impact possible, may
lead to statistically significant effect
Different intervention approach called for

Improvements to improve public
health impact possible
Objective of multiphase
optimization strategy

210

common. This will ultimately facilitate the broad implementation of promising cessation strategies.

The Present Article
This article has several objectives. The first is to present an
updated description of MOST that is more detailed than
those in earlier articles [4, 5]. The second is to illustrate
MOST by describing an application from our work. The
third is to show how MOST can be used in translational
research, particularly type II translational research. The
fourth is to review some considerations, challenges, and
potential benefits associated with using MOST and similar
principled approaches to improving intervention efficacy,
effectiveness, and cost-effectiveness.
In this article, we describe research we are currently
conducting using MOST to develop a multicomponent
smoking cessation intervention. The research is aimed at
optimization of intervention effectiveness and takes place in
healthcare settings. The intervention components under
consideration stem directly from the phase-based framework reviewed in the companion article by Baker et al. [1]
and constitute a diverse set representing both counseling
and pharmacotherapy.

An Approach to Intervention Development
and Optimization Inspired by Engineering:
the Multiphase Optimization Strategy
Why Should Intervention Science Adopt Ideas
from Engineering?
Because the methods used in intervention science today have
been developed for purposes of intervention evaluation rather
than optimization, smoking cessation intervention scientists
currently do not have clear methodological guidelines about
how to conduct optimization research. We suggest turning to
research methods developed for fields such as engineering,
manufacturing, and product development (e.g., [11, 12]) to
provide a blueprint for efficient and programmatic smoking
cessation research. At first glance it may seem that
engineering has little in common with clinical intervention
development, but reflection reveals several parallels. In
manufacturing and product development, theory often suggests many different component parts or materials that could
be used, which could then be combined to form many
alternative “draft” versions of the product, or prototypes, that
could be built and tested. Because building and testing each
of these alternative prototypes would be expensive in terms of
personnel and materials and could slow progress, engineering
methodologists have developed a more efficient strategy. The
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strategy is based on the premise that out of the large array of
potential prototypes, there is a much smaller number that are
the best and most promising. For this reason, rather than
building and testing all possible prototypes, engineers
typically first conduct experiments to search efficiently and
systematically through the various components (and versions
of those components) that are candidates to be included in the
product, with the objective of identifying the most promising
set without having to assemble and test each prototype. After
the search for promising components has been completed in
an initial phase and fine-tuning has taken place if necessary,
in subsequent phases a prototype is built out of the
components that have been identified as promising. This
prototype is then subjected to a full test. Taking a
programmatic and sequenced experimental approach enables
product development to make faster progress while husbanding research resources.
In much the same way, the phase-based framework of
tobacco cessation, along with various tobacco dependence
theories, suggests many different intervention components.
For example, different intervention components may be
intended to motivate a smoker to attempt to quit, increase
initial abstinence, increase cessation program participation,
increase patient adherence, prolong abstinence, or promote
re-quitting. The many intervention components suggested by
theory could be combined to form hundreds or even
thousands of plausible alternative smoking cessation intervention packages. We propose that by adopting a programmatic and sequenced experimental approach similar to that
used in engineering, it is possible to search efficiently and
systematically to identify the most promising smoking
cessation intervention components and levels of components,
assemble these components and levels into an optimal
treatment package, and then subject only the optimal
treatment package to a full efficacy or effectiveness trial.
We believe that just as it has hastened product development
in other fields, a phased experimental approach will hasten
progress in building better smoking cessation interventions,
while making the most of research resources.
Two Basic Principles from Engineering
Based on our examination of engineering methods, we have
identified two basic principles that translate readily to
methodology for intervention science. According to the
first, the resource management principle, available research
resources must be managed strategically so as to gain the
most information and the most reliable information and
thereby move science forward fastest. The resource management principle has implications for how research should
be conducted. In engineering, research designs are chosen
by prioritizing which information is most important to gain
and then targeting resources accordingly [12]. There is an
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emphasis on randomized experimentation because such
designs produce the most reliable scientific information,
usually most efficiently (e.g., [13]). According to the
resource management principle, an investigator using
MOST should seek an experimental design that addresses
the highest-priority research questions in the most efficient
way. The choice of a specific experimental design depends
upon the research questions to be investigated.
The second principle, the continuous optimization principle, states that a new cycle of research should begin as soon
as the previous round of development research is concluded,
in order to build on previous work and make further
incremental improvements. In the manufacturing and product
development fields, there is rarely an expectation that once a
product has been developed and is ready to be marketed, the
job is done. Instead, research generally begins anew, devoted
to adding or refining features so that the new product does
more than its predecessor; to developing a product that does
what its predecessor did but more effectively, efficiently,
conveniently, or cheaply; or to responding to changes in the
environment or in the needs, desires, and preferences of the
customer base. The new cycle is informed both by the
research conducted as part of previous cycles and by
hypothesis-generating secondary data analyses.
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intensity level of the component should be used (e.g., one vs.
five sessions of counseling). In the next step, additional
experimental or nonexperimental work may be done for the
purpose of refinement and fine-tuning. As is consistent with
the resource management principle, the designs of any
randomized experiments are carefully chosen with a high
priority on efficiency and economy. The purpose is to gather
information that will be used to make decisions about which
intervention components and component levels will be
included in the intervention. Once the information is
gathered, it is used to assemble a beta (i.e., draft) version
of the intervention. The efficacy or effectiveness of this draft
intervention is then confirmed in an evaluation by means of a
standard randomized controlled trial (RCT). If efficacy/
effectiveness is confirmed, the intervention is released.
Consistent with the continuous optimization principle, a
new cycle of MOST, aimed at further improvements, would
begin immediately.
In the next section, we walk through the steps of MOST
illustrated in Fig. 1, using as an example our research
applying the MOST framework to optimize the effectiveness
of a clinic-based smoking cessation intervention. We hope
that this example may motivate some readers to consider
how MOST could be applied in their intervention research.

Building on Engineering Principles: an Overview of MOST
MOST [4, 5], which has some conceptual roots in the phased
approach to intervention development and evaluation proposed by the UK’s Medical Research Council [14, 15]
applies the resource management and continuous optimization principles to improve the efficiency of smoking
cessation research and the effectiveness and costeffectiveness of smoking cessation interventions. MOST is
a framework for building and optimizing multicomponent
behavioral interventions. We wish to stress that by “framework” we mean a general approach rather than an off-theshelf procedure. How MOST is conducted in any specific
application may vary greatly depending upon the motivating
research questions, public health area, available resources,
and other aspects of the situation. In this article, we offer an
expansion, clarification, and elaboration of MOST.
Figure 1 is a flowchart outlining MOST. As the figure
shows, MOST consists of a sequence of steps aimed at the
systematic optimization of a multicomponent intervention.
The sequence of steps begins with a theoretical model, which
informs the identification and selection of intervention
components to be examined. Next, the intervention components are examined via randomized experimentation. This
experimentation is aimed at gathering information that will
be useful in making decisions about each of the intervention
components. For example, a decision may concern whether
to include a particular component in an intervention or which

An Illustration of the Application of MOST to Optimize
a Smoking Cessation Intervention
Step 1: Establishment of Theoretical Model
A clearly articulated theoretical model is the starting point
for MOST. As Fig. 1 shows, this theoretical model may be
derived from theory, scientific literature, clinical experience, exploratory data analyses, or any other relevant
information. In our work, this theoretical model is based
on the phase-based framework described in detail in the
companion article by Baker et al. [1], as well as various
tobacco dependence theories.
Step 2: Identification of the Set of Intervention Components
to Be Examined
Our theoretical model suggests multiple intervention
components and levels that could be included in a
smoking cessation treatment package. We selected six
intervention components to examine experimentally.
Three of these components pertain to the precessation
phase, two pertain to the cessation phase, and one pertains
to the maintenance phase. For each of these components,
we ultimately need to make a decision either about
whether to include the component in the intervention or
about what level of the component is best. It is important
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Fig. 1 Flowchart of the multiphase optimization strategy. A
rectangle represents action. A
rhombus represents information
that may be input and/or output.
A diamond represents a
decision. The round-cornered
rectangle represents the product,
in this case the new intervention
to be released

to recognize that although these intervention components
have been analyzed previously in clinical trials, the
research described here is intended to produce unique
information on these components, i.e., estimates of
individual component effects in a real-world effectiveness
setting. Prior research does not directly supply this
information.
The specific decisions to be made, research questions,
intervention components, and levels of the intervention
components we selected for examination are:
1. Decision: Use of the nicotine patch is common during
the cessation phase, but research [16] indicates that the

nicotine patch may also be helpful during precessation.
We need to decide whether our intervention should
include use of the nicotine patch during precessation.
Research question: Does precessation use of the
nicotine patch improve initial cessation outcomes
relative to no precessation use of the nicotine patch?
Intervention component: precessation nicotine patch.
Levels: patch, no patch.
2. Decision: Research also indicates that use of oral
nicotine replacement therapy (NRT) self-administered
ad lib (as needed) may be helpful during precessation
[17]. We need to decide whether our intervention
should include use of oral NRT during the precessation
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3.

4.

5.

6.

phase. Research question: Does precessation use of
oral NRT improve initial cessation outcomes relative to
no precessation use of oral NRT? Intervention component: precessation ad lib oral NRT. Levels: oral NRT,
no oral NRT.
Decision: Research indicates that counseling addressing
issues such as smoking reduction, withdrawal coping,
environmental restrictions on smoking, intra-treatment
social support, autonomous motivation, and practice
quit attempts may be helpful during the precessation
phase [3, 18]. We need to decide whether to include
this counseling in our intervention. Research question:
Does precessation counseling improve initial cessation
outcomes relative to no precessation counseling?
Intervention component: precessation counseling.
Levels: intensive, none.
Decision: Counseling during the cessation phase,
emphasizing elements such as intra-treatment social
support and skill-based competence, is efficacious [3],
but it is not known how much counseling is costeffective. Given the expense of counseling, this is an
important question. We need to decide whether it is
justified to include more intensive counseling, operationally defined as three 20-min sessions, or whether a
minimal level of counseling, consisting of one 3-min
session, is sufficient. The minimal in-person counseling
level is based on the 2008 Public Health Service
Guideline recommendations for brief clinician counseling [3] and resembles what happens in many real-world
clinic settings. Research question: Does intensive inperson counseling during the cessation phase improve
initial cessation outcomes relative to minimal in-person
counseling? Intervention component: cessation inperson counseling. Levels: intensive, minimal.
Decision: It is very efficient to deliver counseling over
the telephone. These phone sessions are similar to the
cessation interventions typically offered via a tobacco
cessation quitline, such as those offered by Free and
Clear [19–22]. We need to decide whether it is justified
to include intensive phone counseling during the
cessation phase, operationally defined as three 15-min
sessions, or whether a minimal amount of phone
counseling, consisting of one 10-min session, is
sufficient. Research question: Does intensive counseling during the cessation phase delivered over the
telephone improve initial cessation outcomes relative
to minimal counseling delivered over the telephone?
Intervention component: cessation phone counseling.
Levels: intensive, minimal.
Decision: There is some evidence that long-term medication use during the maintenance phase may be more
effective than brief use [23–27], but the evidence is mixed
[28]. We anticipate that extending medication to 16 weeks
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will be particularly effective at enhancing long-term
cessation outcomes because extended medication directly
addresses major threats to long-term success (e.g.,
progression from lapse to relapse, anhedonia [29–32])
identified via the phase-based framework. We need to
decide whether our intervention should include extended
medication duration. Research question: Does an extended duration of 16 weeks of medication use during the
maintenance phase improve long-term cessation outcomes more than the standard 8-week duration of
medication use? Intervention component: maintenance
medication duration. Levels: 16 weeks, 8 weeks.

Step 3A: Experimentation to Examine Individual
Intervention Components
Overview
The traditional approach of choosing intervention components and levels is based solely on information such as
clinical experience, informal hypotheses, and post hoc
nonexperimental analyses. This information directly
informs assembly of a treatment package. In contrast,
MOST calls for using this kind of information to inform
randomized experimentation designed to provide definitive
answers about the performance of each component. The
experimental results then directly inform assembly of a
treatment package. The purpose of this step of MOST is to
conduct the experimentation.
In our research, in this step we are conducting randomized
experimentation to gather evidence about the effectiveness of
the six individual intervention components described above.
Ultimately this evidence will form the basis for decisions
about which components and component levels will be
included when the beta version of the smoking cessation
treatment package is assembled in step 4.
Because selection of an experimental design for use in
step 3A is critically important, we will describe the
considerations that went into our choice. In general, the
experimental design chosen should possess two signature
characteristics. First, it must separate component effects,
enabling estimation of the contribution of each component.
Second, it must husband time and research resources—in
other words, it must be highly efficient.
We estimated the sample size that would be needed to
achieve sufficient power for a comparison of the two levels
of each of the components listed in Table 1. The smallest
effect size could be detected with power ≥0.9 with N=512
(this allows for 5% attrition), using number of days
abstinent during the 2-week post-quit period as a shortterm outcome (the companion article by Baker et al. [1]
discusses the need to choose phase-appropriate outcome
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variables. For this research, these are short-term outcome
variables that focus on cessation phase events). We then
considered several design alternatives that would enable
us to maintain this level of power, computing the sample
size requirements using the formulas that appear in Collins
et al. [33]. The alternatives considered were individual
experiments, a comparative treatment design, a complete
factorial design, and a fractional factorial design. We
review these alternatives below; some key similarities and
differences among the designs considered are summarized
in Table 2.
Individual Experiments and Comparative Treatment
Designs
The individual experiment approach involves conducting
separate two-condition experiments. In this example, there
would be six experiments, one corresponding to each of the
intervention components. In each experiment, the treatment
would consist of one intervention component set to on, with
the remaining five intervention components set to off. To
maintain power, each experiment would require N=512, for
a total required sample size of N=3,072 across the six
experiments. In the comparative treatment design, there
would be a single control group and six treatment groups.
In each of the treatment groups, one of the intervention
components would be set to on, and the remaining five
would be set to off. This design is essentially the same as
conducting six separate experiments, except that six
treatment groups share a single control group. Thus, the
comparative treatment approach requires only seven experimental conditions, as opposed to a total of 12 conditions
required by the individual experiments approach. To
maintain the same level of power as conducting six separate
experiments, the comparative treatment experiment would
require N=1,792 subjects. A key limitation to both the
individual experiments and comparative treatment
approaches is that interactions among treatment components cannot be estimated, even though these interactions
remain present [33] and potentially have an impact on
the results.

Factorial Designs
In a complete factorial experiment [34], the levels of two or
more independent variables are systematically varied, or
“crossed”, so that all possible combinations of levels of the
factors are implemented. The classic and most familiar
example is the 2×2 factorial design, in which there are two
factors, each with two levels, resulting in four experimental
conditions (more about the use of factorial experiments in
intervention science may be found in Collins et al. [33] and
Chakraborty [35]). Although currently factorial experiments
with more than two factors are rarely conducted in
intervention science, they have some attractive properties
and merit consideration alongside other alternatives. One
attractive property is their efficient use of experimental
subjects. Table 2 shows that a factorial experiment
examining the six intervention components of interest here
would require only N=512 subjects, which is less than 20%
of what is required by the individual experiments approach
and less than 30% of what is required by the comparative
treatment approach. Another attractive property of factorial
experiments is that they enable estimation of interactions
between factors.
These attractive properties led us to consider conducting a factorial experiment to examine the effects of the six
intervention components. However, the efficiency of
factorial experiments is a two-edged sword: on the one
hand, factorial experiments permit tests of multiple
factors; on the other hand, as the number of factors
increases, the number of experimental conditions required
increases rapidly. Table 2 shows that a factorial experiment with six two-level factors requires 64 experimental
conditions (i.e., unique combinations of factors for a
group of subjects). This large number of different
experimental conditions presents a significant implementation challenge. At this point, we wondered whether we
could find an experimental design that would enable us to
examine all six intervention components using N=512 but
would require implementation of fewer than 64 experimental conditions. This led us to consider a fractional
factorial design.

Table 2 Comparison of features of design alternatives
Design

Number of subjects needed to
maintain power ≥0.9

Number of experimental conditions

Interactions

Individual experiments
Comparative treatment
Complete factorial
Fractional factorial

3,072
1,792
512
512

12
7
64
8–32 depending on design chosen

None can be estimated
None can be estimated
All can be estimated
Selected subset can be estimated
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Fractional Factorial Designs
In fractional factorial designs, only a carefully selected
fraction of experimental conditions are implemented. These
designs have the same statistical power as a complete
factorial experiment and therefore require the same number
of subjects. However, they require fewer experimental
conditions and thus are more economical and easier to
implement. Table 2 shows that depending on the design
chosen, a fractional factorial experiment with six factors
requires anywhere from eight to 32 experimental conditions. The trade-off presented by fractional factorial designs
is that certain effects cannot be disentangled from other
effects. This phenomenon, known as aliasing [12], is an
inevitable result of removing conditions from a complete
factorial experiment (aliasing is also present in individual
experiments and comparative treatment designs; see Collins
et al. [33]. Only complete factorial experiments are free of
aliasing). In general, the more economy that is afforded by
a fractional factorial design, the more aliasing of effects is
required. In other words, when six factors are to be
investigated, a fractional factorial design with eight experimental conditions will involve more aliasing than a
corresponding fractional factorial design with 32 experimental conditions.
Because any fractional factorial design’s aliasing can be
readily determined, the investigator can choose strategically
from among the wide variety of available fractional
factorial designs. The first step in considering a fractional
factorial design is to sort the effects in the ANOVA into
three categories: effects that are the primary targets of the
experiment (category A), effects that are not the primary
targets of the experiment and are likely to be negligible in
size (category B), and effects that are not the primary target
of the experiment but are potentially sizeable (category C).
It is given in every fractional factorial experiment that all
the main effects are primary targets of the experiment and
are therefore in category A. Usually, selected two-factor
interactions and, for some studies, a three-factor interaction
are placed in category A as well. In general, using fractional
factorial designs requires making the assumption that most
higher-order interactions (i.e., interactions that involve three
or more factors) are in category B.
If a target effect is aliased with one or more other
effects that are negligible, the resulting estimate will be
primarily attributable to the target effect. It follows that
the general strategy in selecting a fractional factorial
design is to find a design in which the effects that are the
primary targets of the experiment (category A) are aliased
only with effects that are not targets of the experiment and
are likely to be negligible (category B) and are not aliased
with any possibly sizeable effects (from either category A
or category C).
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Note that, as was discussed above, the primary objective
of this experiment is to acquire information for use in
making decisions about which components and levels to
include in an intervention. In other words, the primary
objective is not to obtain pristine estimates of effects per se.
From this perspective and based on the resource management principle, aliasing is acceptable as long as it
appreciably increases the efficiency of the design and is
unlikely to lead to a poor decision.
Table 3 shows how we categorized the effects. In
addition to the main effects, we identified five two-way
interactions as targets of the experiment and therefore
placed them in category A. These are the two-way
interactions between pairs of precessation components and
the two-way interactions between precessation counseling
and each of the cessation counseling modalities. We also
identified one three-way interaction as a target effect: the
three-way interaction among the precessation components.
We selected these target effects because we believe that
they are likely to have the largest impact on our decisions
about which components and levels of components to
include in the intervention. Although we expect the
remaining two-way interactions to be negligible, we placed
them in category C to ensure that they would not be aliased
with any category A effects. We did this to be conservative,
in case we were wrong about the size of these effects. The
remaining three-way interactions and all interactions involving four or more factors were placed in category B.
The Design We Chose
Once we had thought through the categorization of effects,
selecting a design was accomplished readily using Proc
FACTEX in SAS [36, 37] (a brief tutorial about how to
select a fractional factorial design may be found in Collins
et al. [33]). We identified a fractional factorial design that
cut the number of required conditions in half to 32. In this
design, each effect is aliased with one other effect. Each
main effect is aliased with a five-way interaction, and each
two-way interaction is aliased with a four-way interaction.
The three-way interaction in category A is aliased with
another three-way interaction. In every case, the target
effects are aliased with effects that are expected to be
negligible. The design is depicted in Table 4.
With N=512, there will be 16 subjects assigned to each
of the 32 experimental conditions in this factorial experiment. The reader may wonder how statistical power ≥0.9
can be maintained with only 16 subjects per condition,
when, in the individual experiments, comparative treatment,
or RCT approaches, 16 subjects per condition would nearly
always be far from adequate. The answer lies in an
important difference between how effects are estimated
based on factorial experiments and how effects are
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Table 3 Categorization of effects in preparation for selecting a fractional factorial design
Category

Effects

A: Targets of the experiment

All six main effects
Two-way interactions
Precessation patch × Precessation oral NRT
Precessation patch × Precessation counseling
Precessation oral NRT × Precessation counseling
Precessation counseling × Cessation in-person counseling
Precessation counseling × Cessation phone counseling
Three-way interaction

B: Not targets of the experiment; negligible in size
C: Not targets of the experiment; possibly sizeable

Precessation patch × Precessation oral NRT × Cessation counseling
All interactions involving three or more factors except the three-way interaction
in category A
All two-way interactions except those in category A

NRT nicotine replacement therapy

estimated in these other approaches. In factorial experiments, main effects and interactions are estimated based on
combinations of experimental conditions. Different effects
are based on different combinations of experimental
conditions, but each effect is based on all of the conditions
and therefore on all of the subjects. For example, the main
effect of precessation nicotine patch will be based on a
comparison of the mean of the conditions in which the
patch is given (conditions 1–16 in Table 4) to the mean of
the conditions in which the patch is not given (conditions 17–32). Similarly, the main effect of precessation
counseling will be based on a comparison of the mean of
the conditions in which precessation counseling is provided
(conditions 1–4, 9–12, 17–20, and 25–28 in Table 4) to the
mean of the conditions in which precessation counseling is
not provided (conditions 5–8, 13–16, 21–24, and 29–32).
Each of these comparisons involves all 512 subjects. Thus,
in factorial experiments, adequate power can readily be
achieved even when the per-condition sample size is very
small, as long as the overall N is sufficiently large.
By contrast, suppose we had used a comparative
treatment design with N=512. This design would have a
control group plus six experimental conditions, one
corresponding to each intervention component; there would
be roughly 73 subjects assigned to each condition. Here the
effect of precessation patch would be estimated by
comparing the mean for those in the one condition that
was assigned the precessation patch to the mean for the
control group (this would not be exactly the same effect as
the one based on the factorial experiment described above).
Because this two-group comparison would omit the
subjects who were in the other treatment conditions in the
design, it would be based on only 146 subjects. Thus, it
would be associated with much less statistical power than

the corresponding main effect based on the factorial
experiment.
The fractional factorial design depicted in Table 4 has
some interesting features. Like many fractional factorial
designs, it does not contain a traditional control condition in
which each factor is set to the lower level. It also does not
contain a “full” experimental condition in which each
treatment factor is set to the higher level. Thus, the two
conditions that would make up a traditional RCT are absent.
Although it may seem counterintuitive, these conditions are
expendable in this design because the purpose is to examine
the effect of each of the six components, not to evaluate a
treatment package as a whole. It is also worth noting that
every condition in this design involves giving the participant at least one component of the intervention set to the
higher level, and over 80% of participants will receive at
least two components set to the higher level. By contrast, in
a two-arm RCT, half the participants are assigned to the
control group.
Outcome Variables
Depending on the intervention component, different sets of
outcome variables will be used for decision making. As
discussed in the Baker et al. [1] companion paper, the
phase-based framework, in concert with dependence theories, not only suggests intervention components but it also
suggests the use of phase-specific outcomes. The three
precessation phase components will be evaluated using the
following phase-specific outcome variables: ability to
establish initial cessation, number of days abstinent in the
2-week period following the target quit day, a measure of
post-quit self-efficacy, and a measure of withdrawal and
craving. The two cessation phase components will be
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Table 4 Experimental conditions in fractional factorial design used to investigate six intervention components
Condition

Precessation
nicotine patch

Precessation ad
lib oral NRT

Precessation
counseling

Cessation in-person
counseling

Cessation phone
counseling

Maintenance medication
duration (weeks)

1
2
3
4
5
6
7
8
9
10
11
12
13

Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch
Patch

Oral NRT
Oral NRT
Oral NRT
Oral NRT
Oral NRT
Oral NRT
Oral NRT
Oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT

Intensive
Intensive
Intensive
Intensive
None
None
None
None
Intensive
Intensive
Intensive
Intensive
None

Minimal
Minimal
Intensive
Intensive
Minimal
Minimal
Intensive
Intensive
Minimal
Minimal
Intensive
Intensive
Minimal

Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal

8
16
16
8
16
8
8
16
16
8
8
16
8

14
15
16
17
18
19
20
21

Patch
Patch
Patch
No patch
No patch
No patch
No patch
No patch

No oral NRT
No oral NRT
No oral NRT
Oral NRT
Oral NRT
Oral NRT
Oral NRT

None
None
None
Intensive
Intensive
Intensive
Intensive

Minimal
Intensive
Intensive
Minimal
Minimal
Intensive
Intensive

Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive

16
16
8
16
8
8
16

22
23
24
25
26
27
28
29
30
31

No
No
No
No
No
No
No
No
No
No

patch
patch
patch
patch
patch
patch
patch
patch
patch
patch

Oral NRT
Oral NRT
Oral NRT
Oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT
No oral NRT

None
None
None
None
Intensive
Intensive
Intensive
Intensive
None
None
None

Minimal
Minimal
Intensive
Intensive
Minimal
Minimal
Intensive
Intensive
Minimal
Minimal
Intensive

Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal
Intensive
Minimal

8
16
16
8
8
16
16
8
16
8
8

32

No patch

No oral NRT

None

Intensive

Intensive

16

Bold font indicates high level of factor.
NRT nicotine replacement therapy

evaluated using number of days abstinent in the 2-week period
following the target quit day and the measure of withdrawal
and craving. Maintenance medication duration will be
evaluated using two outcomes: latency to first cigarette after
the target quit day and latency to seven consecutive days of
smoking after the target quit day. We are also collecting data
on costs associated with each intervention component.
Making Decisions Based on Experimental Results
Once the experiment has been conducted, the results will be
used to address the six research questions listed above. For

the precessation components, the decisions to be made all
concern whether a component should be included in the
intervention. For the two cessation components and the
maintenance component, the decisions concern which level
of each component should be included in the intervention.
The decisions will be primarily based on the size and
direction of the main effect for a component.
Evidence of interactions with other components, particularly from the list of interactions in category A (Table 3),
will also be considered. An interaction occurs when the
effect of one factor varies significantly depending on the
level of at least one other factor. In particular, we will look
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carefully for evidence of interactions in which the effect of
two components together is much smaller than the sum of
the corresponding main effects. An example would be if
precessation nicotine patch and precessation counseling
each have a positive main effect, but when the two occur
together, the effect is much smaller than the sum of the
main effects. This might suggest that only one of the
intervention components is needed, even though both have
positive main effects. Other important considerations will
be tolerability/acceptability of the intervention, patient
adherence, and the cost of each component. For instance,
if a particular component is relatively expensive to be
considered for inclusion, it will need to demonstrate a
correspondingly larger effect size than will a relatively
inexpensive component.
Step 3B: Refinement via Experimentation and Other Methods
The rectangle representing this step in Fig. 1 is dashed to
indicate that the refinement step is optional. In this step,
additional research may be conducted as needed to gather
more fine-grained information that will be useful in
decision making. Our plans do not call for a refining step
in the present cycle of MOST, but we can provide some
hypothetical examples of the kind of work that might be
conducted in this refinement step.
One activity in this step might be to determine the optimal
level or dose of one or more intervention components. This
would pertain to intervention components that can take on a
range of levels, for example, the maintenance medication
duration factor in the present study. The fractional factorial
experiment described above will be used to determine whether
there is a difference between 8 and 16 weeks of medication. It
is necessary to perform this factorial experiment first because
if the results indicate that there is no difference, then no
refinement is warranted. However, if there is a difference
between 8 and 16 weeks, it may be desirable to collect
information about what would be the optimal number of
weeks. For example, the benefit of a longer duration may
begin to level off after, say, 14 weeks. This possibility can be
investigated via additional experimentation that randomly
assigns selected medication durations between 8 and 16 weeks.
Another example of a refining activity might be to fine-tune
the decision rules that govern the assignment of intervention
components and doses in an adaptive intervention, possibly
by using principles from control engineering [38, 39].
Step 4: Assembly of Beta Intervention
The objective of this step is assembly of the best beta (i.e.,
draft) version of the intervention. In this step, the
components to be included in the beta version and the
levels to which these components will be set are selected
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based on the information gathered in the two steps
discussed above.
Is the beta Intervention Expected to be Effective?
After the beta version of the intervention has been assembled,
we will have a rough idea of the potential effectiveness and
cost-effectiveness of the beta intervention, based on the
estimates of the sizes of main effects and selected interactions
obtained in the research conducted as part of the screening
and refining steps and the estimates of cost. It is possible that
the results will suggest that the beta intervention—which,
based on the experimental results, is the best combination of
intervention components and levels—is not likely to be more
effective or cost-effective than a currently available standard
of care intervention. If this happens, we will return to the
beginning of the MOST framework, reconsider the theoretical
model and data, and choose a new set of intervention
components for examination (this is represented by the dotted
arrow in Fig. 1). It is important to note that this would avoid
devoting resources to a full-scale RCT evaluation of a
smoking cessation intervention that is unlikely to be
successful.
This return to the beginning represents a continuation of
incremental progress toward a successful intervention. The
previously completed work is not wasted; on the contrary, it
provides a firm foundation for further progress. Based on
the experimental results, the investigator knows precisely
which components performed satisfactorily and which did
not. Any components that performed satisfactorily can be
retained for future inclusion in the intervention and in
general do not need to be re-examined in the new
experimentation and refinement steps. If the next MOST
cycle proceeds to step 5, these components can be included
in the treatment package to be evaluated in an RCT.
Exploratory and secondary data analyses performed on data
from the centralized database may be used to generate new
hypotheses, to point the way toward improving poorly
performing components, and to revise the theoretical model
underlying the intervention.
Step 5: Confirmation of Effectiveness of beta Intervention
via RCT
If the beta version of the smoking cessation intervention
appears likely to have a sufficiently large effect, we will
proceed to this step and conduct a standard RCT. The
purpose of the RCT will be to confirm that the beta
intervention has a statistically significant effect. The RCT
will have two conditions: an experimental condition in
which participants are assigned the beta version of the
smoking cessation intervention developed using MOST and
a comparison condition in which participants are assigned a
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representative example of “usual care”. In other studies,
depending on the key research questions, other suitable
comparison conditions could be used, such as a wait-list
control or pre-optimization version of the intervention. As
discussed above, based on the previous experimentation,
the investigator will have a rough sense of the expected
effect size. This knowledge can be useful in powering the
RCT. The primary outcome variables for the RCT will be
phase-based outcomes [1] and the more traditional longterm outcomes (time to lapse/relapse and point-prevalence
abstinence at 6 months post-quit).

analyses that may generate hypotheses for future cycles of
the MOST procedure aimed at additional improvements to
the intervention. These analyses may also inform the theory
underlying the intervention. This database is cumulative, so
that as the MOST procedure is repeated (as the continuous
optimization principle suggests), more data are acquired,
archived, and made available for analysis.

Is the beta Version of the Intervention Effective?

Several authors (e.g., [3, 40–43]) have suggested that the
process of translating research findings into real-world
interventions could be hastened through the use of a
strategy that builds translation potential into initial treatment evaluation. According to these authors, successful
translation of smoking cessation interventions depends
upon three criteria: (a) ease of delivery, (b) effectiveness
in real-world settings, and (c) compatibility and integration
with real-world delivery systems. We propose that using
MOST to select intervention components and levels based
on these three criteria can be an effective way to develop
intervention packages that can readily be implemented and
sustained in real-world systems. This is described in more
detail for each of the three criteria below.

The question of whether the beta version of the smoking
cessation intervention is effective will be addressed via a
standard hypothesis test at the usual alpha level, based on
the RCT. If the results indicate that the beta version of the
intervention is more effective than the current version of the
intervention, we will proceed to the next step in MOST. If
the results indicate that the beta version of the intervention
is not more effective than the current version, we will return
to the beginning of the MOST framework and reconsider
the theoretical model and data (this is represented by the
dotted arrow in Fig. 1). However, we are optimistic that by
using the MOST framework we will engineer a significantly improved smoking cessation intervention.

An Integrated Translation Strategy: Using MOST
to Further Type II Translation

Ease of Delivery
Step 6: Release of New Intervention
In this step, the new intervention is assigned to a unique
version number, documented and released to the scientific
and clinical communities. The previous steps of MOST
have been aimed at selection of intervention components
that are feasible, effective, and cost-effective. This will
facilitate the release of this intervention package and its
incorporation into regular clinical practice. The use of
MOST to facilitate translation is discussed further below.
Beginning a New Cycle of MOST
Motivated by the continuous optimization principle, at the
time of the release of the new intervention package, we will
have already begun gathering scientific literature, discussing clinical observations, and conducting secondary data
analyses in preparation for beginning a new cycle of MOST
to identify further improvements to the intervention. The
secondary data analyses will be conducted on data from the
experiments that were conducted in the course of investigating individual intervention components, refinement, and
confirmation of the beta intervention and placed in a
centralized database (see Fig. 1). Data in the centralized
database are available for exploratory and secondary data

Any intervention components to be examined using MOST
should be selected based on their high translation potential
and their appropriateness for dissemination/translation into
real-world use contexts [40, 44]. Instead of the typical
situation where intensive, expensive, and burdensome
interventions are initially tested in the efficacy context
(e.g., often with up to a dozen lengthy in-person counseling
visits), with relatively little concern for ultimate translation,
initial evaluation of intervention components could in many
cases have translation potential “built-in”, i.e., the intervention components are developed and initially evaluated
in the effectiveness context (see [10]). This approach would
favor intervention components that are relatively brief and
designed to produce minimal burden on both program/
clinic staff and patients/participants [6]. For instance, in our
research, as described above, even the higher levels of
phone and in-person cessation phase counseling examined
are relatively brief and involve only a few contacts.
Investigators using MOST to optimize the effectiveness
of interventions may wish to include intervention components of varying resource intensity because burden and
complexity is a leading cause of poor translation [6]. This
approach will permit the development of interventions that
reflect the optimal combination of benefit and intensity/
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costs. For instance, consistent with chronic care models [45,
46], cessation intervention components might shift much
responsibility for intervening from the primary care
physician to appropriate support staff (e.g., case managers,
health educators, quitline counselors, or pharmacists). In
addition, the intervention components and levels examined
should differ in terms of the burden they impose on
patients. Intervention components and levels that impose a
greater burden on patients should be incorporated into an
optimal comprehensive intervention only if justified by
empirical data on effectiveness, cost-effectiveness, patient
utilization, and reach. In other words, we recommend
selecting intervention components and levels for inclusion
in a comprehensive intervention so as to optimize a burden/
outcome ratio established in real-world settings and
populations. This is consistent with recommendations that
treatment evaluation research include a broad array of
outcomes relevant to real-world adoption [10, 44].
Effectiveness in Real-World Settings
Because intervention effectiveness is an important driver of
intervention adoption and support, it is important that
smoking cessation intervention optimization using MOST
identifies intervention components and levels that deliver
significant benefit in real-world healthcare settings with
diverse real-world populations [10, 44]. The best strategy to
ensure this is to test all candidate intervention components
and levels in real-world use contexts so that their
performance is based upon effectiveness, rather than
efficacy, data. The blurring of efficacy and effectiveness
research may have some costs. For instance, very intensive
and complex assessments and intervention components
would not be tested under ideal circumstances, and thus,
their true optimal effects would be missed. This could have
negative theoretical as well as clinical consequences. Thus,
there remains a role for efficacy research in those cases
where the theoretical value of an experiment is high, or
where the intervention is not intended for widespread
dissemination. However, in many cases, it will be desirable
to conduct MOST in real-world contexts and populations.
Of course, efficacy and effectiveness research are not
mutually exclusive. Research goals may foster a mix of
real-world and research features and mechanisms, e.g.,
recruitment may be conducted in real-world settings via
clinic personnel, but actual assessment and intervention
delivery may be carried out by research personnel serving
as chronic care case managers [45–47]. Also, many of the
goals of efficacy research could perhaps be attained even in
the effectiveness context via the use of enhanced technology and communications systems. For instance, eHealth
interventions, smart phones/cell phones, and the electronic
medical record [48] could permit provision of interventions
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and collection of time-stamped data in ways that do not
impose extraordinary subject or staff burdens. In the
experiment depicted in Table 4, data will be collected from
the health care systems’ electronic medical records and
directly from participants via telephone.
Compatibility and Integration with Real-World Delivery
Systems
If research to optimize smoking cessation interventions in
real-world contexts is to be successful and yield broadly
generalizable effects, then the relation between the intervention elements and the real-world context (e.g., a health
care program) must be broadly applicable, feasible, and
effective. That is, functions such as smoker identification,
tracking, intervention delivery, appraisals of outcomes, and
so on, must be translatable (e.g., [44]). In other words, the
system features in which the research is embedded are
major determinants of the likely translation potential of the
research. Therefore, researchers must ensure that these
system features will not only satisfy their research goals (e.
g., result in adequate recruitment) but also be feasible for a
broad range of targeted real-world contexts. This feasibility
can be assessed by gathering input from targeted participants, consumers, and providers during intervention and
research program development [44]. For instance, the role
and function of interveners, even if they are research staff,
must be ones that are potentially feasible for real-world
personnel to deliver. That is why, in our research, medical
assistants on staff at the participating primary care clinics
complete the initial recruitment for the experiment. Interventions will be delivered by research staff functioning as
clinical care managers. This model could easily be
transitioned to one in which medical assistants continue to
recruit smokers but then refer them to health counselors or
chronic disease management staff who then provide the
specific cessation intervention.
The Gordian Knot of clinical tobacco control is an
inability to achieve more consistent delivery of evidencebased tobacco cessation interventions by real-world
healthcare personnel [6, 49–52]. The investigator must
consider how system resources can be engineered to
ensure the systematic delivery of effective interventions
[2, 3, 42, 43, 53] and also must consider the appropriate
professional role of the interveners in a real-world context.
The possibilities are legion with viable models ranging
from clinic staff merely referring to a state quitline or an
eHealth intervention [54, 55] to a chronic care model
approach to disease management in which staff take
primary responsibility for assessment, intervening, and
patient tracking [7]. The vital point is that to a great
extent, any intervention research conducted in real-world
settings simultaneously tests the interventions and the
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real-world contexts in which the interventions are embedded. Thus, in designing research using MOST, it is
important to attend to contextual features and systems
that will determine the effectiveness and dissemination
potential of the intervention components and levels under
consideration.
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How Many Components?

Some Considerations, Challenges, and Potential Benefits
Associated with Using MOST

A closely related consideration is the number of intervention components to examine in a single cycle of MOST.
Given that a component may pertain to virtually any aspect
of an intervention, the list of components that are
interesting and worthwhile for examination may be nearly
endless. We suggest taking the resource management
principle into account when deciding how many components to examine. This involves prioritizing the list of
components in terms of importance and then selecting the
experimental design that enables examination of as many of
the components at the top of the list as available resources
will support. The choice of experimental design is critical
because it is a major determinant of what can be
accomplished with a given level of resources.
In most cases, it will be impossible to examine every
potential component in a single cycle of MOST. We see this
as a realistic perspective on conducing scientific work
rather than a limitation of MOST. An investigator who
subscribes to the continuous optimization principle will
expect to conduct numerous cycles of MOST, in which
there will be opportunities to examine important intervention components that could not be examined in previous
cycles.

Considerations Associated with Using MOST

Evaluating Design Alternatives

What Constitutes a Component?

Different experimental designs address subtly different
research questions. Moreover, a design that is efficient for
addressing one research question may be inefficient for
addressing a different research question. Thus, when
planning a cycle of MOST, it is essential to consider all
the design options available in light of the resource
management principle (Collins et al. [33] discuss how to
compare the efficiency and cost of various designs).
To illustrate the use of the resource management
principle, let us compare and contrast the information
provided by the factorial experiment and the RCT when
they are used in MOST. In the experimentation step of
MOST (step 3), the research questions are concerned
with the effects of individual intervention components.
Therefore, the resource management principle suggests
that the investigator will want to seek the experimental
design that enables valid estimation of the effects of
individual intervention components in the most efficient
manner. As we described above, in our research, a
fractional factorial design was the clear choice for
experimentation on individual intervention components.
Like a complete factorial design, the fractional factorial
design enabled us to estimate the main effect of each
intervention component as well as selected interactions
between components. The fractional factorial design we

Additional Considerations in Type II Translational
Research
The three features described above certainly do not exhaust
all the steps needed to effect type II translation. For
instance, as noted by Glasgow [10, 44], the investigator
needs to sample an array of participant, provider, and
system features to determine if the delivery and effects of
intervention components are moderated by such factors. In
addition, analyses should target a broad array of outcomes
including effectiveness, cost-effectiveness, reach, and adherence so that interventions are assessed on criteria or
outcomes that go beyond efficacy and have clear relevance
to dissemination [44].

Up to this point, we have purposefully avoided providing a
definition of the term intervention component because this
term may have different meanings in different situations.
An intervention component can be any aspect of an
intervention that is of interest and can be separated out
for study. Components may (a) be part of the intervention per se, (b) pertain to how a particular component or
the entire intervention is administered or who administers
it, (c) be some aspect of the environment in which the
intervention takes place, (d) pertain to adherence to the
intervention, or (e) represent any aspect of the intervention pertaining to type I translation, efficacy, effectiveness, cost, or type II translation. Within the research
reported here, a variety of intervention components were
examined, including pharmaceuticals and different types
of counseling. All of these components were candidates
to be included as parts of the intervention. The research
reported here also included a component pertaining to
optimal duration of nicotine replacement. Each application of MOST must start with a theoretical model (step 1
in Fig. 1) to determine the relevant intervention components and identify the ones that are the highest priority for
examination.
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selected has the same statistical power as the corresponding
complete factorial design, while requiring only half the
experimental conditions.
By contrast, in the confirmation step of MOST (step 5),
the primary research question concerns on evaluating the
effectiveness of the beta version of the intervention as
compared to a control group. Here the RCT is usually the
most efficient and appropriate design. A factorial experiment would in most cases be much less efficient and may
not even contain the experimental conditions necessary for
addressing the primary research question.
In short, intervention scientists have at their disposal a
variety of experimental designs, including factorial experimental designs, the RCT, and others. Each of these designs
is at its best when applied to a particular type of research
question. When used in concert, as they are in MOST, the
various types of experiments can address a comprehensive
set of research questions and produce information that bears
directly on increasing the public health impact of behavioral interventions.
Choosing Outcome Variables
One important consideration is whether the primary outcome
variables for the purpose of making decisions about components and levels should, or even can, be the same as the
primary outcome variables for the purpose of evaluating the
resulting treatment package. In the smoking cessation study
described here, decisions about which intervention components and levels to select for inclusion in the intervention will
be based on phase-specific outcomes such as the number of
days abstinent during the 2 weeks following the target quit
day. By contrast, when the assembled intervention package is
evaluated by means of an RCT, the primary outcome variables
will be long-term outcomes. We decided to use short-term
outcomes to select components and component levels because
we believe short-term outcomes will be more sensitive to the
performance of the intervention components. In addition,
using short-term outcomes will help to keep the overall study
on a reasonable timeline. Short-term outcomes have been
demonstrated to be highly correlated with 6-month pointprevalence abstinence (e.g., [56]).
Behavioral interventions in some areas of tobacco
control may have a primary outcome variable that is much
more temporally distal than 6-month point-prevalence
abstinence. For example, a school-based smoking prevention program may be administered when children are
12 years old and have as its key outcome variable point
prevalence abstinence at age 16. If the intervention is
designed to act directly on mediators, which in turn affect
the outcome, measures of the mediators may provide the
best short-term outcomes for purposes of making decisions
about components and component levels.
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In addition to health behavior outcomes, there are a
number of other outcome variables that can be considered
both in making decisions about components and component
levels and in evaluating the intervention package. Examples
include cost-effectiveness, participant burden, attractiveness
of the intervention to participants, compliance, and attrition.
These outcomes can all be considered to develop an
effective package that uses resources prudently and will
be able to translate to real-world clinical settings.
Drawing Scientific Conclusions vs. Making Decisions
When a randomized experiment is conducted, the probabilities associated with a type I error (mistakenly rejecting the null
hypothesis) and a type II error (mistakenly failing to reject the
null hypothesis) are known, at least approximately. When a
statistical analysis is performed to draw scientific conclusions,
there is a widely accepted scientific standard that statistical
significance will be concluded if the probability of a type I
error does not exceed 0.05. We recommend conforming to this
standard in MOST when using the results of the RCT to
confirm the efficacy or effectiveness of the beta version of the
intervention because the RCT is aimed at drawing a scientific
conclusion about the effect of the intervention.
However, the analyses that lead up to assembling the
beta version of the intervention are primarily used for
making decisions about which components and levels to
include in the beta version of the intervention. Under these
circumstances, the resource management principle suggests
weighing the relative cost of type I and type II errors and
possibly using more flexible guidelines. If the cost of
overlooking a potentially effective component is considered
greater than the cost of mistakenly including it in the
intervention, the type I error rate can be increased to be
larger than 0.05 in order to decrease the type II error rate.
An investigator may determine that a very expensive
component under consideration will have to demonstrate
an effect size greater than some pre-specified value in order
to make its inclusion worthwhile, even if a lower effect size
would achieve statistical significance. In general, for the
purpose of making decisions when building a multicomponent intervention, traditional hypothesis testing per se is
less important than using sensible and appropriate criteria
for choosing intervention components and levels. In this
context, statistical hypothesis testing is best treated as the
servant rather than the master.
Challenges
Implementation of Factorial Experiments in the Field
For applications of MOST that involve a large factorial
experiment, one challenge may be implementing this
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experiment in the field. To maintain fidelity to the design, it
is critical to ensure that each participant receives the
intervention components included in his or her assigned
experimental condition and only those components. To
implement the 32-condition factorial experiment depicted in
Table 4, we are assigning a case manager to each
participant. The case managers will use a database and a
computerized tracking system for ensuring and documenting that each participant receives the appropriate components and levels at the appropriate times.
Careful planning, well-trained staff, and creative use of
computers and the Internet can greatly increase the
feasibility of implementing a large number of experimental
conditions in field settings. However, depending on
available resources, it may not be possible to implement
32 experimental conditions. We wish to stress that this does
not imply that MOST cannot be used. MOST does not
require that any particular design approach be used, only
that the resource management principle be followed in
selecting a design. Following the resource management
principle entails considering all available research designs,
even those that may be a bit unfamiliar, to find the one that
makes the best use of the resources at hand to address the
highest-priority research questions and move science
forward the fastest. In some cases, it may be necessary to
consider taking a calculated risk, such as making the
assumptions that will permit use of a highly efficient
fractional factorial design. As long as the resource
management principle is followed, MOST can be used to
make incremental progress in intervention optimization,
even with limited resources.
Decision Making with Multiple Outcome Variables
Often decisions concerning components and levels must
be made based on multiple outcome variables. For
example, in the study described here, we will be making
decisions about the precessation components based on
smoking behavior, self-efficacy, withdrawal/craving, cost,
and feasibility. Sometimes these decisions may require
trade-offs between outcomes (for example, if a component
looks relatively strong in terms of one outcome measure
but not in another, then the investigator will be forced to
choose which outcome is more important). We are actively
investigating ways to incorporate formal decision making
models when such trade-offs are required during intervention optimization.
Optimizing for Whom?
In the research described here, we are looking for
intervention components and levels of components that
work best overall. A future step will be to investigate
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adaptive intervention strategies (e.g., [57]) that are tailored
to specific characteristics of individual participants. A
starting point for this work will be secondary analyses
performed on the data in the centralized database (Fig. 1).
In particular, we will look for individual characteristics that
interact with intervention components. For example, if an
intervention component has a larger effect for women than
for men, this would suggest that a different version or
different intensity of the component might be more
successful with men. Recent methodological work on
building and optimizing adaptive interventions has included
development of the Sequential Multiple Assignment Randomized Trial [58] and exploration of the idea of applying
control algorithms from engineering to adaptive behavioral
interventions to improve their performance [38, 39]. These
approaches fit well within the MOST framework.
The Realities of Funding
As our project and a few others (e.g., [55]) have
demonstrated, it is possible to obtain funding for MOST
and similar approaches from the National Institutes of
Health (NIH). Still, obtaining research funding to implement MOST can be challenging. First, MOST rests on the
conviction that useful information can be gained by
examining the effects of individual intervention components, provided that experimental designs are chosen
prudently. However, there are some pervasive and enduring
misconceptions about experimental design (discussion of
these may be found in [33] and [35]) that may lead some
reviewers of grant proposals to make the unwarranted
assumption that examination of individual intervention
components with acceptable statistical power is not feasible. Of course, it is up to the applicant to offer a compelling
argument for feasibility in a grant proposal; we hope that
when presented with such arguments reviewers will keep an
open mind.
Second, because MOST often requires sequential
decision making, the details of the approach to be used
in one step may be dependent on the outcomes of
previous steps. This may make it impossible for an
applicant to be specific about downstream elements of
the proposed research. For example, it would not be
possible to determine the best design for the refinement
step (step 3B) without first having the results from the
experimentation step (step 3A). Various contingencies
may be listed in an application up to a point, but there
may be too many alternatives to include them all within
a reasonable page limit. In a case like this, a fundable
priority score is within reach only if reviewers are
comfortable with a presentation that offers a wellreasoned strategy for some aspects of the research rather
than a detailed account of tactics.
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A third challenge is whether a full cycle of MOST can be
completed within the 5-year duration of the typical NIH
funding cycle. This depends on many factors, such as how
experienced the investigators are with the MOST approach,
how quickly study participants can be recruited and how
well they can be retained, and how long the experimentation is expected to take. One important limiting factor is
how long it will take to obtain results in the confirmation
step (step 5). As discussed above, in some fields, it may be
possible to measure outcomes of ultimate interest soon after
the intervention, whereas in others it may be necessary to
wait months or even years. In the project described in this
article, we plan to conduct the confirmation step after our
current 5-year funding period is over. This will require
applying for additional funding for the confirmation step.
We would like to comment on the perceived necessity of
producing an implementation-ready behavioral intervention
within a 5-year funding cycle. The 5-year funding cycle is
merely an administrative necessity. It has no intrinsic
scientific meaning or merit and was never meant to be a
scientific imperative. We believe that rather than trying to
grab the brass ring of a statistically significant treatment
package in each 5-year cycle, it is better to adopt a more
programmatic approach like MOST and improve the
intervention iteratively, in cycles of whatever length makes
the most sense for the problem at hand. In some areas, an
RCT will take a long time. Here, repeated applications of
the experimentation and (where appropriate) refinement
steps may be advisable before an RCT is undertaken.
The NIH can promote the use of intervention optimization
approaches like MOST. One avenue is helping reviewers of
grant proposals increase their awareness of emerging viable
alternatives to traditional intervention development
approaches. Funding announcements can stress both evaluation and optimization. Perhaps most importantly, the National
Institutes of Health can help foster a culture that subscribes to
a long-range view on intervention science, one that stresses
programmatic and incremental progress toward the goal of
maximum public health impact.
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Second, this approach provides a straightforward method
to test hypotheses about new intervention components or
the revision of existing components as they are suggested
by emerging new scientific findings, technologies, counseling approaches, or pharmaceuticals. MOST can also be
used to update interventions periodically to incorporate new
approaches or innovations while ensuring that the changes
made do not erode effectiveness.
Third, MOST provides a natural method of including
cost information in decision making. The efficacy or
effectiveness of each intervention component can be
viewed in relation to its cost in terms of money, length of
time required, implementation logistics, amount of training
required, or other resources. Weighing efficacy or effectiveness against cost can play an important role in selecting
intervention components and levels of components. For
example, it is possible to aim decision making at achieving
cost-effectiveness, determining the most efficacious or
effective intervention that can be delivered within a certain
cost range, controlling implementation complexity by
choosing a maximum number of components to include
and choosing the ones that maximize effectiveness, or
achieving the most effective intervention that takes a certain
specified amount of time to deliver.
Fourth, MOST will contribute to the building of a
coherent cumulative base of scientific knowledge about
smoking cessation. The resource management principle,
when properly and consistently applied, can increase the
yield of scientific information from research and thereby
hasten the progress of knowledge acquisition. In addition,
when designs are used that tease out the effects of several
individual intervention components simultaneously, it
becomes possible to perform analyses to investigate
whether a specific intervention component is mediated by
a particular variable. In contrast, mediation analyses based
on standard RCTs are limited to investigating mediation of
the treatment effect as a whole. Thus, the approach
proposed in this paper will not only improve clinical
smoking cessation treatment but will further the understanding of its underlying mechanisms.

Potential Benefits of Using MOST
We believe that the MOST framework offers several
benefits over other approaches in common use. First,
because this is a principled and systematic approach to
improving smoking cessation interventions, it is likely to be
the fastest and most direct way to more effective smoking
cessation intervention in the long run. A key feature of
MOST is that each new intervention produced will have
been engineered and empirically demonstrated to be an
improvement over the previous version. Thus, adoption of
this approach can be expected to result in demonstrable
incremental and cumulative progress.

Conclusions
In this article and the companion article by Baker et al. [1],
we propose a comprehensive strategy for achieving more
effective tobacco interventions, based on [1] use of a phasebased framework to guide the choice of intervention
components and outcome measures and [2] use of the
MOST framework for efficient development, optimization,
and evaluation of interventions. The strategy requires
taking a long view that emphasizes a steady pace of
programmatic and incremental intervention development.
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We believe that the strategy we propose will speed the
identification of effective tobacco interventions and their
translation into real-world use. This strategy may have wide
applicability to the development of behavioral interventions
for other chronic health challenges.
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