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Abstract 

Background.  Many interventions in today’s health sciences are multicomponent, and 

often one or more of the components are behavioral.  Two approaches to building behavioral 

interventions empirically can be identified.  The more typically used approach, labeled here the 

classical approach, consists of constructing a likely best intervention a priori, and then 

evaluating the intervention in a standard randomized controlled trial (RCT).  By contrast, the 

emergent phased experimental approach involves programmatic phases of empirical research and 

discovery aimed at identifying individual intervention component effects and the best 

combination of components and dosages.  Purpose.  The purpose of this article is to provide a 

head-to-head comparison between the classical and phased experimental approaches and thereby 

highlight the relative advantages and disadvantages of these approaches when they are used to 

select program components and doses so as to arrive at the most potent intervention.  Methods.  

A computer simulation was performed.  The simulation modeled prior hypotheses of 

hypothetical scientists as well as hypothetical subject data.  Each hypothetical scientist took both 

the classical and phased experimental approach to intervention development based on the same 

data.  Results.  The phased experimental approach consistently outperformed the classical 

approach while using the same number of experimental subjects.  However, neither approach 

achieved maximum intervention potency more than about 30 percent of the time.  Limitations.  

The simulation did not model every factor that can have an impact on intervention development.  

Conclusions.  The phased experimental approach merits serious consideration, because it has the 

potential to enable intervention scientists to develop more potent behavioral interventions.   
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Background 

 In today’s health sciences multicomponent (1) interventions (also called complex (2) and 

multifaceted (3) interventions) are increasingly common, and it is also increasingly common for 

one, several, or even all of the components to be behavioral.  For example, depression may be 

treated with a combination of pharmacotherapy and talk therapy (3, 4); cardiovascular disease 

may be prevented or treated with a combination of medication, exercise, and diet (5); a smoking 

cessation program may include behavioral and pharmacological components (6).  

Multicomponent behavioral interventions are used in prevention and treatment in many other 

health domains, including HIV/AIDS (7), obesity (8), diabetes (9) and gerontology (1).    

 In this article we use a novel simulation design to contrast and explicate the relative 

advantages and disadvantages of two different general approaches for empirically building and 

evaluating multicomponent behavioral interventions.  For purposes of this article, we will label 

the more established of the two approaches classical and the more emergent approach phased 

experimental.   The classical approach, which is currently the dominant one in intervention 

science, consists of constructing a likely best intervention a priori, based primarily on readings of 

the literature, theory and clinical experience.  This intervention is then evaluated in a standard 

randomized controlled trial (RCT).  In the course of the RCT data are collected not only on the 

outcomes of primary interest but on other variables as well, so that after the evaluation has been 

concluded quasi-experimental, nonexperimental and post-hoc analyses can be performed in order 

to shed light on what worked well and what might need improvement.  Examples of such 

analyses include relating outcomes to naturally occurring variation in participation, compliance, 

or implementation fidelity.  Conclusions drawn from the results of these analyses provide the 

basis for revisions that produce a refined version of the intervention. 
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 The classical approach relies heavily on the RCT, which is the generally accepted method 

of determining the effectiveness of an intervention.  Although the RCT grew out of the need to 

evaluate single-component interventions, it has been widely applied to multicomponent 

interventions as well.  However, as has been noted by numerous authors (1, 2, 10) 

multicomponent interventions present some challenges that are outside the scope of assessment 

of overall treatment efficacy, and therefore are not well addressed by the RCT alone.  One 

challenge is to build the most potent interventions by choosing the best combination of 

components out of the finite space of possibilities.  Another challenge is to build efficient 

interventions by including only components that “pull their own weight” in terms of time, 

money, or other resources.  Both of these challenges require determining not only that an 

intervention as a package has an effect, but whether and how much each component under 

consideration is likely to contribute to an effect.  

In response to these challenges, phased experimental approaches to intervention 

development have begun to emerge. Phased experimental approaches include additional 

evidentiary steps along with the RCT as part of the process of building and evaluating 

multicomponent interventions.  For example, the Medical Research Council of the United 

Kingdom (2) outlined an approach that includes programmatic phases of empirical research and 

discovery leading up to and informing a RCT.   Building on this idea, Collins, Murphy, Nair, and 

Strecher (10) have suggested two evidentiary phases to precede and inform a RCT. The first 

phase, called screening, consists of randomized experimentation designed to obtain estimates of 

the effects of individual components and, in some cases, interactions between components.  The 

resulting experimental evidence provides the basis for preliminary decisions about which 

components to select for inclusion.  A second phase of additional experimentation, called 
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refining, is used to identify the best level or dose of one or more components, to investigate 

interactions between components, and to resolve any other remaining questions.  Frequently 

these phases of evidence-gathering will employ highly efficient factorial and response surface 

designs (e.g. (11-14); see the simulation below for one example). Conclusions drawn from the 

results of these analyses form the basis for specification of an intervention that consists of a set 

of active components implemented at levels or doses selected to maximize potency.  Cost 

information can be collected in the course of experimentation and included when decisions are 

made concerning choices of components and/or doses. 

Purpose 

 The purpose of this article is to provide a head-to-head comparison between the classical 

and phased experimental approaches and thereby highlight the relative advantages and 

disadvantages of these approaches when they are used to select program components and doses 

so as to arrive at the most potent intervention.  To achieve this goal we employed a novel 

simulation. The following questions will be addressed:  (a) Which approach, the classical or the 

phased experimental, identified more potent interventions on average?  (b) What was the impact 

of the size of the effects of individual components on the absolute and relative performance of 

the two approaches?  (c) Did the absolute or relative performance of the two approaches differ 

depending on whether or not the objective was to build a highly efficient intervention?  

Methods 

Overview of the Simulation 

 Data sets were generated using a procedure (described below) designed to (a) mimic the 

kind of behavioral theory that forms the basis of the causal thinking of many behavioral 

scientists and (b) reflect some of the complexity that can occur in empirical behavioral 
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intervention data.  For each generated data set, the two different approaches for selecting 

intervention components and dosages were applied.  The classical approach consisted of 

selecting components and dosages a priori and performing a two-group RCT on all available 

subjects.  This was followed by post-hoc analyses.  By contrast, the phased experimental 

approach, as described in Collins, Murphy, Nair, and Strecher (10), began with an initial 

screening experiment performed on a portion of the sample.  Following the screening experiment 

the remaining portion of the sample was used for a set of refining experiments to select 

components and dosages.  The objective of each approach was to arrive at the most potent 

behavioral intervention, expressed in terms of an outcome variable Y.  Evaluation of each 

approach in a particular data set was based on the mean value of Y that would be expected if the 

resulting intervention were applied to all subjects in the population.    

Causal and Data Generation Models 

 Figures 1(a) and 1(b) are schematic causal models representing, respectively, a 

behavioral scientist’s understanding of the relation between intervention components and 

intervention outcome, and how the relation between intervention components and intervention 

outcome was simulated in the current study.  Figures 1(a) and 1(b) are directed acyclic graphs 

(15); the presence of an arrow from one variable to another indicates that the former variable 

may have a causal effect on the latter variable.  A square represents an observed variable, and a 

circle represents an unknown, and hence unobserved, variable. The components of the 

intervention are denoted by A1-A6.  A1 can assume three levels: off, medium, and high (coded 

0,1,2); A2-A6 can be either off or on (coded 0,1).   Higher values of Y indicate a better outcome.  

The absence of an arrow indicates conditional independence; for example, given the variable M1, 
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Y is independent of A1.   In Figure 1(b) all relations have a positive (if any) dependency except 

the relation with the arrow labeled with a minus sign.   

 Figure 1(a) shows that the behavioral scientist hypothesizes that each intervention 

component will affect the outcome Y only by first affecting a mediator (16), represented in the 

figure by M1-M6.  These mediators in turn are hypothesized to affect Y.   The data generation 

model depicted in Figure 1(b) is more complicated than the behavioral scientist’s model, in order 

to introduce some of the unknown and/or uncontrollable variables that often impact behavioral 

interventions.  First, participants may have received only a fraction of the assigned dose of a 

component; this is represented in the figure by the adherence variables Ad1-Ad6.  Second, in the 

data generation A5 can have, depending on the parameter settings, an indirect negative effect on 

Y through its effect on Ad4; in other words, A5 can reduce adherence to A4.   This means that A4 

and A5 can interact negatively, so that all else being equal, an intervention that included both A4 

and A5 would be less potent than one that included A4 without A5.  Third, the generative model 

includes a variable called Type, representing individual characteristics of the experimental 

subjects that, although unknown to the scientists and unobserved, could impact the level of 

adherence to the intervention, the mediators and outcome.  Type was modeled as a binary 

variable with 1 representing “cooperative subject, good motivation to adhere, likely to register a 

higher response on Y,” and 0 representing “difficult subject, poor motivation to adhere, likely to 

register a lower response on Y.”   In order to simplify the exposition, Type was modeled as a 

single variable even though in a real-life setting there are likely to be many such variables.  To 

represent the fact that some factors may be ineffective, as shown in Figure 1(b) the mediators M5 

and M6 have no effect on Y, and consequently A5 and A6 have no effect on Y.   In addition, to 
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maintain simplicity and clarity of exposition no other population heterogeneity was built into the 

simulation.  Thus it was unnecessary to control for pretreatment variables in any of the analyses.  

 Details of the actual data generating model underlying Figure 1(b) are provided in 

Appendix A. Averaging over the distribution of Type, Ad1-Ad6, M1-M6 produces the marginal 

linear model 

2 2
1 6 0 1 1 2 1 3 2 4 1 2 5 1 2 6 3 7 4 8 4 5[ | ,... ]                E Y A A c c A c A c A c A A c A A c A c A c A A= + + + + + + + +     (1) 

Furthermore the variance of Y given A1,..., A6 is a function of the components A1,..., A6, that is, 

the variance is nonconstant (see Appendix A).   

Experimental conditions 

 In the simulation there were three conditions corresponding to three different 

standardized main effect sizes for the active intervention components A1-A4.  The effect size 

conditions, following Cohen’s (17) guidelines for statistical power in social and behavioral 

research, were small (d=.2), medium (d=.5) and large (d=.8).  We selected true parameters in the 

models represented by Figure 1(b) (see Appendix A for the exact form of the models) to yield 

these specific standardized effect sizes for the coefficients in Equation (1). Within a condition 

standardized main effect sizes for A1-A4 were the same; all omitted effects were assigned effect 

size d=0.  

 In real-life empirical settings the choice of how many components to test and, in the case 

of the phased experimental approach, which fractional factorial design to employ, is governed by 

the state of knowledge in a particular intervention area.  This a priori state of knowledge and its 

effects on decision making in the classical and experimental approaches was modeled by 

associating with each of the three effect size conditions a hypothetical research community 

setting intended to reflect a moderate state of the knowledge in the community concerning the 
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effects of the intervention components.   The moderate state of knowledge in the community was 

represented by an “a priori” multivariate normal distribution on the parameters in the underlying 

causal model (see Appendix A for the parameters).    Each draw from the a priori distribution 

represents a hypothetical scientist in the community. The standard deviations in the a priori 

distribution were set so that the a priori standard deviation of the outcome Y was 2 times the true 

values of the cj’s in equation (1) (resulting in a .5 ratio of each cj  to the a priori standard 

deviation of Y).  Furthermore the a priori distribution was centered at the true parameter values 

so as to model a scenario in which the community, on average, knows which parameters are 

nonzero and which are not, but any particular hypothetical scientist may deviate from this 

average knowledge – in other words, may be wrong – to some degree.   

Data generation in each of the three experimental conditions involved generation of 1000 

simulated data sets and 1000 corresponding hypothetical scientists.  For example, to generate a 

data set in the small (d=.2) effect size condition, we first derived the true parameter values for 

the generative model in Figure 1(b) which would yield the small standardized effects sizes in 

Equation (1), and used these to generate N=2500 random experimental subjects.  Second, we 

constructed the hypothetical scientific community by the use of the a priori multivariate normal 

distribution on the parameters with means equal to the true parameter values and standard 

deviations equal to two times the true parameter values, and third we drew a vector realization to 

represent a hypothetical scientist in this community.  This vector, which we called a vector of a 

priori parameter hypotheses, reflected the hypothetical scientist’s understanding of the 

importance of each component and their interactions.  We repeated these steps to generate a 

simulation of 1000 hypothetical scientists (represented by draws of a priori parameter 

hypotheses).  Third, each of the hypothetical scientists was assigned a single data set containing 
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N=2500 subjects drawn independently from the data generation model underlying Figure 1(b).  

The entire process was repeated for the moderate and large effect size conditions.    

Operationalization of the classical and phased experimental approaches 

 This section contains a brief overview of the operationalizations of the classical and 

phased experimental approaches.  A detailed description can be found in Appendix A.   

Each generated data set was used twice:  Once for the classical approach, and once for 

the experimental approach.  The same vector realization of a priori parameter hypotheses 

informed the classical approach and the experimental approach for any given data set.  If these 

hypotheses indicated that the effect of a component was expected to be positive the component 

was retained for testing in both approaches; at a minimum the four components expected by the 

hypothetical scientist to have the highest effects were retained.  This resulted in four, five, or six 

retained components.   The two approaches began with the same set of retained components. 

 The classical approach. The classical approach employed all N=2500 experimental 

subjects in a single RCT with one treatment and one control group.  The experimental treatment 

group was given an intervention consisting of all of the retained components set to “on” (if A1 is 

retained it is set to “high”) and the remaining components, if any, set to “off.”  The control group 

was given a placebo intervention in which A1-A6 were all set to “off.”  An analysis was done to 

establish whether the treatment-control difference was significant, followed by post-hoc analyses 

to select active components. These analyses employed both the measures of adherence and the 

mediators and included dose-response and dose-mediator analyses. Because there may be lack of 

adherence, dose here is the self-selected, received, dose. For data sets indicating that A1 should 

be included in the intervention, a regression including a quadratic term was performed.  The 
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results of these analyses were used to determine whether in the final version of the intervention 

A1 should be set to 0, 1, or 2, and whether A2-A6 should be set to “off” or “on.”  

 The phased experimental approach. The phased experimental approach employed 

N=1600 in an initial screening phase of experimentation and reserved N=900 for a subsequent 

refining phase.  As in the classical approach condition, only the retained components were 

investigated.  If four components were retained then a full factorial design with 16 cells was used 

in the screening phase.  Otherwise, a 16 cell balanced fractional factorial design was employed, 

with the choice of the particular factorial design determined by the vector of a priori parameter 

hypotheses (see Appendix A for details).  A fractional factorial design was used because in 

empirical settings it often takes considerable resources to construct and implement many 

different versions of an intervention.  If six components were retained, a full factorial design 

would require implementing 64 cells (64 different experimental conditions), which would be 

prohibitively expensive in most areas of intervention science.   

 In the refining phase, additional small experiments using the remaining N=900, such as 

running a few additional cells, were conducted to shed light on situations in which there are 

unanticipated interactions, or in which an interaction made it unclear which combination of 

components was best.  Also, if the results of the screening and refining phases suggested that the 

final intervention should include A1, the refining phase included running a condition with 

A1=low to determine the optimal dose of this component.  Appendix A gives the full details.  As 

in the classical approach, the results indicated the choice of the level settings for each of the 6 

components that would comprise the intervention.  

Dependent variables – evaluation criteria 
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 This simulation investigated whether the classical or phased experimental approach 

resulted in more potent interventions.  Here “more potent” is defined in terms of larger mean 

outcome.  Using the generative model associated with Figure 1(b) the mean of the outcome Y can 

be computed for all configurations of levels for the intervention components.  

  Two different criteria were used to evaluate intervention potency.  The Standard criterion 

corresponded to a scenario in which the presence of inactive or low-performing components is 

considered neutral and does not detract from the overall outcome.  The Standard criterion was 

simply the mean of Y computed for the chosen set of intervention components and dosages 

applied to a particular data set.  The High-Efficiency criterion corresponded to scenario in which 

the goal is to maximize the outcome using the fewest number of components by avoiding 

inactive and low-performing components.  The High-Efficiency criterion was the mean of Y/k, 

where k represents the number of components selected to be included in the intervention.  The 

difference between the two criteria can be illustrated by considering two interventions, one made 

up exclusively of active intervention components and another including the same active 

intervention components plus a few inactive components.  The Standard criterion would yield the 

same outcome value for these two interventions.  By contrast, the High-Efficiency criterion 

would yield a larger outcome value for the former intervention, in effect penalizing the latter 

intervention for any inefficiency due to inclusion of underperforming components. 

Results 

 Table 1 shows mean expected differences between the classical and phased experimental 

approaches for both criteria, as well as the mean difference and standard error.  For reference, the 

highest achievable mean outcome value is included.   Table 1 shows that for both criteria and for 

all three component effect size conditions, the phased experimental approach produced a larger 
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criterion value.  The difference between the classical and phased experimental approaches is 

statistically significant in every condition.  The difference is smallest when individual 

component effects sizes are smallest, and when the standard criterion is used.  The magnitude of 

the difference is larger overall when the high-efficiency criterion is used, and the standard error 

of the difference is smaller.   

 In no condition did the mean outcome match the highest achievable mean outcome.  

Across the three effect size conditions, the phased experimental approach attained 71 percent of 

the highest achievable mean on average for both the standard and high-efficiency criteria.  The 

classical approach attained an average of 64 percent of the highest achievable mean for the 

standard criterion and 41 percent for the high-efficiency criterion. Table 2 shows the proportion 

of times each procedure attained maximum intervention potency.  As would be expected based 

on the results in Table 1, this proportion was higher for the phased experimental approach, but it 

did not exceed 32 percent.  Interestingly, even though as Table 1 shows the mean potency was 

closer to the maximum when the High-efficiency criterion was used, the percent of data sets 

achieving maximum intervention potency was lower.  

 Table 3 shows the proportion of data sets in which the classical approach, the phased 

experimental approach, or neither produced a larger criterion value.  For both the standard and 

high-efficiency criteria the phased experimental approach produced a higher criterion value in 

more data sets than the classical approach.  The two approaches were tied much more often when 

the standard criterion was used.  The most ties occurred in the Standard criterion, small effect 

size condition.  In this condition, the classical approach outperformed or tied the phased 

experimental approach about 64 percent of the time; the corresponding figure for the phased 

experimental approach was 85 percent.  The risk of arriving at a less potent intervention using 
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the phased experimental approach was not large; it ranged from about 15 percent in the small 

effect size condition using the standard criterion to less than one percent. 

 As discussed above, the state of knowledge in the community concerning the parameters 

in the underlying model was represented by an a priori multivariate normal distribution over the 

parameters.  The a priori multivariate distribution used above set the standard deviations equal to 

twice the true parameter value.  Although not shown here, simulations were also completed using 

a priori multivariate distributions representing (a) more variability/uncertainty and (b) less 

variability/uncertainty (standard deviations equal to 5 and 1.25 times true parameter values, 

respectively) among scientists.  The results from these simulations are consistent with those 

reported above, reflecting a robustness of the comparison between the phased experimental and 

classical approaches across a variety of settings in which less (or more) information concerning 

potential intervention components is available to the scientists making the decisions.  

Discussion 

 The results of the simulation suggest that under the circumstances modeled in this 

simulation, a phased experimental approach to empirical intervention development outperformed 

a classical approach.  The phased experimental approach produced more potent interventions on 

average across all effect sizes included in the simulation.  This held whether the Standard or 

High-Efficiency criterion was used.  The difference in performance between the two approaches 

was more pronounced when the High-Efficiency criterion was used.  

 The smallest difference between the classical and phased experimental approaches was in 

the Standard criterion, small effect size condition.  This was the only condition in which the 

modal outcome was a tie between the two approaches.  The phased experimental approach 

depends on being able to identify individual component effects.  However, some interventions 
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may be comprised of numerous relatively weak components that when combined have an 

aggregate effect, even if no one component has an identifiable effect.  The phased experimental 

approach may not be an improved way of building an intervention made up of numerous weak 

components when the cost of including inactive components is low and therefore efficiency per 

se is not a goal.   

 In this simulation, the phased experimental approach outperformed the classical approach 

by a wide margin whenever the High-efficiency criterion was used.  This suggests that a phased 

experimental approach may be particularly useful when efficiency is an important goal of 

intervention development.  Efficiency was considered here in a simple and relatively crude 

manner.  When using a phased experimental approach it would be possible to take a more 

nuanced approach to efficiency by including information about resource requirements in relation 

to component effects when making decisions about inclusion of intervention components and 

choice of dosages or levels.  For example, an intervention scientist might decide that a 

particularly costly component will be selected for inclusion in an intervention only if its 

individual effects can be demonstrated to exceed some predetermined level. 

Differences in approach and resource requirements 

 One reason for the difference in performance between the classical approach and the 

phased experimental approach lies in their differential reliance on randomized experimentation. 

The post-hoc analyses that formed the basis of intervention refinement in the classical approach 

were non-experimental, non-randomized comparisons.  By contrast, both the initial screening 

and subsequent refining phases of the phased experimental approach consisted solely of 

randomized experiments, which generally are subject to fewer alternative explanations and 

threats to internal validity than nonrandomized comparisons (18).  Thus results of experiments 
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can be expected to be more reliably informative on average, not only for building a single 

intervention, but for adding incrementally to a cumulative knowledge base that will contribute to 

future interventions.   

 One question that arises in considering the phased experimental approach is whether the 

additional experimentation required by this approach requires additional resources.  In this 

simulation the phased experimental approach outperformed the classical approach using exactly 

the same number of experimental subjects, suggesting that it is no more demanding with respect 

to sample size than the classical approach.  However, the phased experimental approach may be 

more costly to implement under some circumstances.  The classical approach typically requires 

implementation of two conditions, a treatment and a control.  The phased experimental approach 

calls for an experimental design that can isolate the effects of individual intervention 

components.  In the screening phase this will usually be some variation of a factorial design, 

requiring implementation of numerous conditions, each of which represents a different version of 

the intervention.  The refining phase may require follow-up experimentation.  Even when in the 

phased experimental approach the intervention is administered to the same number of people as 

in a comparable classical approach, there may be additional costs associated with implementing a 

wider variety of versions of the intervention and conducting follow-up experiments.  It may also 

take more time to implement the phased experimental approach, and may require more training 

of intervention delivery staff.   

 Although the logistics of this process and the associated costs are a serious consideration, 

highly efficient fractional factorial designs offer a way to keep the number of experimental 

conditions manageable.  Moreover, the short-term costs of building and evaluating an 

intervention must be weighted against long-range costs and benefits.   Our results suggest that 
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the phased experimental approach may help identify more efficient and streamlined 

interventions.  As Allore, Tinettia, Gill, and Peduzzi (1) noted, “Since each component of an 

intervention adds to the overall cost and complexity, being able to directly estimate component 

effects could greatly enhance efficiency by reducing the number of components introduced into 

clinical practice” (p. 14).   Our results also suggest that under many circumstances the phased 

experimental approach may be likely to identify a more potent intervention than the classical 

approach.   Thus, in some applications the long-range gains in terms of increased efficiency and 

public health benefits expected to result from the phased experimental approach may offset any 

additional up-front intervention development costs.  

Performance in absolute terms 

 The best performance of either the classical or phased experimental approach in this 

simulation did not exceed 75 percent of the ideal intervention potency.  How important it is to 

approach 100 percent potency depends on the intervention domain and what 75 percent 

intervention potency means in public health terms.  It is possible that additional measures, or an 

entirely different approach, could result in interventions that come closer to maximum potency.  

One promising avenue for intervention refinement may lie in exploring ideas from engineering 

process control, as discussed in Rivera, Pew, and Collins (19).  

Limitations 

 This simulation was designed to take an initial look at the question of whether a phased 

experimental approach is a reasonable way to build interventions.  It involved only a very small 

set of conditions out of the infinite number of possibilities that can occur in practice.  There are a 

number of potentially important factors that were not varied in the simulation.  A few of these 

are:  the underlying structural model, which could be varied to include more interactions and 
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higher-order interactions;  the number of components under consideration; the number of active 

vs inactive components; other effect sizes besides the three used here; the impact of 

measurement noise on the mediator and outcome variables; the effect of complex data structures 

such as nesting (e.g. individuals within classrooms; patients within clinics); and sophisticated 

approaches to incorporating cost in the decision.  Many other additional factors could be 

considered.  Despite the limitations of this study and the need for additional research, we believe 

that the results of the simulation show clearly that the phased experimental approach is a 

promising alternative. 

Conclusions 

 The classical approach is currently the most well-established approach to empirical 

development of behavioral interventions.  However, an emergent strategy, labeled here the 

phased experimental approach, provides a systematic way of making evidence-based decisions 

about which components and which doses or levels should comprise an intervention. 

Comparison of the two approaches in real-world empirical settings is impractical.  In the present 

article a simulation was presented that provides this comparison using a data generation 

procedure intended to mimic a plausible empirical scenario.  The results suggested that the 

phased experimental approach merits serious consideration, because it has the potential to help 

intervention scientists to build more potent behavioral interventions.  Possible exceptions to this 

are interventions whose effects comprise the accumulation of many weak components.  Although 

in this simulation the phased experimental approach outperformed the classical approach overall, 

the resulting interventions still fell short of maximal possible intervention potency.  More 

research is needed on methods to improve intervention potency and efficiency, and thereby 

increase public health benefits. 
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Table 1 

Mean Intervention Outcome under  

Classical and Phased Experimental Approaches 

 

Classical 

Approach 

Phased 

Experimental 

Approach 

Difference 

(standard error) 

Maximum 

Possible 

Component Effect 

Size 

 

Standard Criterion 

Small 6.91 7.23 .32 (.10) 9.65 

Medium 20.01 22.82 2.75 (.40) 34.00 

Large 37.00 42.30 5.29 (.71) 59.32 

 High-Efficiency Criterion 

Small 1.51 2.58 1.01 (.02) 3.60 

Medium 4.51 7.93 3.42 (.07) 11.53 

Large 8.00 13.62 5.62 (.13) 19.73 
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Table 2 

Percent of Data Sets in Which Maximum Intervention Potency  

Was Reached 

 

Classical Approach 

Phased Experimental 

Approach 

Component Effect Size Standard Criterion 

Small 7.2 18.1 

Medium 6.1 25.2 

Large 6.5 31.8 

 High-Efficiency Criterion 

Small 1.0 15.3 

Medium 0.6 19.6 

Large 1.0 23.7 
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Table 3 

Percent of Data Sets with Higher Criterion Values 

 

Classical Approach 

Phased Experimental 

Approach Neither (tied) 

Component Effect Size Standard Criterion 

Small 15.1 36.4 48.5 

Medium 1.4 50.9 47.7 

Large 0.6 53.7 45.7 

 High-Efficiency Criterion 

Small 1.2 93.9 4.9 

Medium 0.1 92.1 7.8 

Large 0.4 92.8 6.8 
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A2 M2

A3 M3 Y

A4 M4

A5 M5

A6 M6
 

 
 
Figure 1(a).  Behavioral scientist’s causal model. 
 
    



Multicomponent interventions 26 

TYPE

A1 Ad1 M1

A2 Ad2 M2

A3 Ad3 M3 Y

A4 Ad4 M4

_

A5 Ad5 M5

A6 Ad6 M6

 
 
 
 
Figure 1(b). Data generation model. 
 
 
    
 
 
     
 
 
 
 
 
 


