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An emerging population-based paradigm is now being used to guide the
design of preventive trials used to test developmental models. We discuss
elements of the designs of several ongoing randomized preventive trials
involving reduction of risk for children of divorce, for children who exhibit
behavioral or learning problems, and for children whose parents are being
treated for depression. To test developmental models using this paradigm,
we introduce three classes of design issues: design for prerandomization,
design for intervention, and design for postintervention. For each of these
areas, we present quantitative results from power calculations. Both scientific
and cost implications of these power calculations are discussed in terms of
variation among subjects on preintervention measures, unit of intervention,
assignment, balancing, number of pretest and posttest measures, and the
examination of moderation effects.

The growing emphasis on prevention as a primary strategy for reducing a
wide range of emotionally and behaviorally related disorders, such as drug
and alcohol abuse, crime and delinquency, psychiatric disorders, family
violence, adolescent pregnancy, and sexually transmitted diseases, has led
to wide implementation of different preventive intervention programs. To
evaluate the effectiveness of such programs, we need a rigorous scientific
framework. Randomized preventive trials are considered the gold standard
for such rigorous evaluation. This paper will examine design issues for
randomized preventive trials, with emphasis on school-based prevention
programs that are population based and cover a significant period of life.
The principles developed in this paper draw on lessons from recent random-
ized trials at Johns Hopkins (Dolan et al., 1993; lalongo et al., 1999), Oregon
Social Learning Center (Reid, Eddy, & Fetrow, 1999), the FAST-Track
multi-site trial (Conduct Problems Prevention Research Group, 1992, 1993,
1994), and the University of Washington (Hawkins et al., 1992). While the
design issues have general applicability to the wide range of prevention
programs discussed above, we emphasize both developmental aspects and
population-based approaches. In prevention science these combined per-
spectives have been called "developmental epidemiology" (Kellam, Mos-
cicki, & Spilton-Koretz, 1999).

A good design allows researchers to better assess whether or not
impact on proximal or distal targets occurred and to uncover reasons for
an intervention's success or failure; however, even with an appropriate
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study design, there are many reasons why a trial can fail to demonstrate
the desired effect. Among the important ones are these: (1) the intervention
itself is not efficacious; that is, it is not beneficial under optimal conditions;
(2) the level of program implementation is not sufficient to produce measur-
able results; (3) participation among those who are enrolled is limited; (4)
those who are recruited and take part in the intervention are not the ones
who stand to benefit. We discuss these four reasons below in the context
of selected ongoing trials.

Basic lack of efficacy, the first reason listed above, may occur when
the intervention does not have theoretical and empirical support. Most
randomized trials now funded by NIH require a solid theorical and empirical
basis to support the credibility of the intervention. An example of a theory-
derived intervention program is the Arizona State Prevention Research
Center prevention trials for children of divorce. Before designing these
trials, these researchers identified a set of risk factors and potential media-
tors from published literature and pretrial studies (Sandier et al., 1986,1988,
1991). The intervention was designed within a developmental framework to
change these mediators (Pillow et al., 1991). Similar approaches have been
followed for other trials in areas as diverse as school-based interventions
(Conduct Problems Prevention Research Group 1992; Reid, 1993; Kellam
et al., 1983a, b; Kellam & Rebok, 1992), and interventions for unemployed
adults (Vinokur et al., 1991). Unfortunately, the same criteria of theory-
driven and empirically grounded research do not pertain to most preventive
interventions for mental health problems. For example, in over half of the
prevention trials examined in a recent meta-analysis of published papers and
dissertations, justification of the intervention and its goals was inadequate
(Durlak & Wells, 1997). Having an intervention that is theoretically and
empirically tied to known risk and protective factors certainly does not
ensure its efficacy, but there is consensus that following these principles
increases the likelihood (Durlak & Wells, 1997; Mrazek & Haggerty, 1995).

Even well-designed, efficacious interventions may fail when they are
not delivered or implemented at full strength. Examples of inadequate
implementation abound in the prevention and treatment programs. One is
Project DARE (1988), for which minimal beneficial impact on reducing
drug initiation has been found in a meta-analysis (Ennett et al., 1994).
Project DARE was in fact adapted from Project Smart, a social pressure-
resistance training intervention that did demonstrate effectiveness (Graham
etal, 1990; Hansen et al., 1988). At least one important interactional compo-
nent of Project Smart was excluded from Project DARE, and DARE
included noninteractional components that were ineffective (Hansen &
McNeil, 1997; Tobler, 1992). A similar situation exists with home visitation
programs for new mothers; often, little similarity exists between the ones
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implemented across the states and the one that has received the most
rigorous testing (Olds, 1997).

Third, an intervention may not succeed if a high level of participation
cannot be sustained throughout the intervention period. Childhood vaccina-
tion for measles in the United States during the 1980s is an example.
Continued participation in an infectious disease prevention program could
not be achieved. Children need two measles vaccinations to be effectively
immunized, but during the 1980s many children received only the first live
virus vaccine. When the overall incidence of measles began rising, many
of these partly vaccinated youths became infected (Gustafson et al., 1987),
thus contributing to the 50% increase in measles incidence in 1 year (Edmon-
son et al., 1990). Relatedly, in the field of interventions for aggressive
behavior, Forehand, Furen, and McMahon (1984) found that depressed
mothers are more likely than nondepressed mothers to drop out of a parent-
training intervention. Some important trials are now under way that, directly
or indirectly, examine whether the level of participation affects intervention
impact (lalongo et al., 1999; Vinokur, Price, & Schul, 1995).

Finally, an intervention's benefit vanishes if the intervention is not
delivered to those who actually could benefit from it. This becomes espe-
cially important in parent-training programs for conduct disorder, for exam-
ple, where major sets of risk factors such as parental criminal behavior and
substance abuse, parenting practices, and attitudes, often relate strongly to
program refusal (Kazdin, 1993). In multilevel conduct disorder-prevention
programs, a major concern is whether the child is appropriately matched
to the level of intervention that is required. For example, children identified
with early and frequent behavioral problems, as identified by multiple
raters, may require more intensive intervention than those who express
aggressive or disruptive behavior in more limited ways (Conduct Problems
Prevention Research Group, 1992, 1993, 1994; Guerra et al., 1994).

This paper describes design strategies to assess these four factors in
prevention impact, specifically whether the intervention is efficacious,
whether implementation and participation are sufficient, and whether it is
delivered to those who could benefit. Such strategies concentrate on exam-
ining variations in impact both within a defined population and across time
in developmental trajectories. The essential steps in this developmental
epidemiologic framework involve (1) determining the levels and variations
in risk and protective factors and developmental paths within a defined
population in the absence of intervention, (2) directing interventions at
these risk and protective factors in an effort to change the developmental
trajectories in that population, and (3) evaluating variation in intervention
impact across risk levels and contexts on proximal and distal outcomes,
thereby empirically testing the developmental model. A randomized trial
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involving one or more preintervention measures with longitudinal follow-
up is generally used to carry out Steps 1 through 3, and growth models are
a major analytic tool in these analyses.

Examples of this developmental epidemiologic approach discussed in
this paper include a number of recent preventive trials supported by the
National Institute of Mental Health. Many of these target early aggressive
behavior in an effort to prevent conduct disorder, delinquency, or drug
abuse. Although this developmental epidemiologic approach is most often
applied to universal interventions (lalongo et al., 1999; Hawkins et al., 1992;
Kellam et al., 1991, 1994; Kosterman et al., 1997; Reid, Eddy, & Fetrow,
1997), it can be applied whenever a complete enumeration of the population
is possible and subjects can be followed over time. For example, county
records of birth, divorce, and death contain complete enumerations that
can be used to draw samples for selective preventive interventions involving
children or new parents. It is important to note that such a developmental
epidemiological approach would still allow for specific strategies to be
applied to subgroups at higher than normal risk, (i.e., low achievers
[Hawkins et al., 1988] and children who exhibit behavior problems [lalongo
et al., 1999]).

ALTERNATIVES TO DEVELOPMENTAL EPIDEMIOLOGIC
PREVENTIVE TRIALS

Developmental epidemiologic preventive trials are by no means the
norm in prevention. Despite the emphasis on a developmental perspective
for prevention (Coie et al., 1993), it is rare in prevention trials to have
multiple outcomes measured over any significant length of time. For exam-
ple, a recent meta-analysis on primary mental health prevention programs
for youth found that fewer than 7% of the studies measured outcome up
to 1 year (Durlak & Wells, 1997). Another meta-analysis on trials to prevent
sexual transmission of HIV infection revealed that one of twelve studies
measured three outcome time points and that half used only one point
(Kalichman, 1997).

One alternative to the designs discussed in this paper is the standard
two-points-in-time pretest-posttest design. Here, the lack of longitudinal
posttest data means that long-term impact cannot be assessed. The proximal
developmental model can be examined through models of mediation and
moderation (MacKinnon, Warsi, & Dwyer, 1995) in pretest-posttest designs
just as they can in longitudinal follow-up designs. Why, then, have research-
ers continued to use pretest-posttest designs? One reason is cost. Longitudi-
nal follow-up after intervention can be costly, particularly in urban school-
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based trials. In one trial, an initial design involving 19 elementary schools
required follow-up in more than 100 schools 5 years later (Kellam et al,
1994). One cost advantage of these pretest-posttest designs is their use-
fulness in screening out nonefficacious programs and helping to identify
which intervention components need to be enhanced (Pillow et al., 1991). A
second reason why longitudinal follow-up is not attempted is that sometimes
control settings cannot ethically or practically be maintained over time.
For example, in a recent HIV prevention trial where the intervention was
delivered in gay bars, Kelly and colleagues (1997a,b) chose a randomized
wait-listed control design so that all communities would eventually receive
a program aimed at risk reduction. The wait-listed design denies researchers
any longitudinal information on the exposed group. Thus intervention
changes in growth trajectories cannot be examined.

The second common design alternative to the developmental epidemi-
ologic approach described in this paper is one that selects the trial's sample
in such a way as to preclude making population-based inferences. Many
selective and indicated prevention programs have in the past been tested
in such a manner. Recently, some elements of a population based approach
have been integrated into the designs of preventive trials. The FAST-Track
trial (Conduct Problems Prevention Research Group, 1994) for example,
tests an indicated intervention derived from a population-based survey.
The ATLAS trial (Goldberg et al., 1996a,b), which tests a selective interven-
tion to prevent anabolic steroid use among football players, is also popula-
tion based.

The strength of using high-risk groups in selective or indicated interven-
tion strategies in preventing low-base rate disorders is that higher statistical
power can often be achieved than with universal interventions (Clarke et
al., 1995; Munoz, 1989; Munoz & Ying, 1993). Perhaps guided by traditions
in the treatment trial literature, prevention trials of targeted interventions
(Brown, 1991) have often used the clinic to selectively sample high-risk
subjects. These trials can provide high statistical power with small samples,
but they may lack much generalizability. For example, Clarke (1997) has
developed an excellent trial to test a cognitive-behavioral strategy for pre-
venting depression in children whose parents are themselves being treated
for depression in a managed-care setting. While detailed knowledge of this
intervention's effectiveness will be obtained from this design, it provides
limited information in two important public health arenas: (1) it provides
no test of prevention for the 50% of children who have not yet reported
many depressed symptoms and (2) drawing subjects from a service delivery
system may introduce selection biases. Given that a minority of the adult
population who are depressed ever receive treatment (Regier et al., 1978)
and only a quarter of such youths (Beardslee, 1993), substantial uncertainty
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persists about the population level effect of such a preventive strategy. A
somewhat modified strategy is being attempted in Beardslee and colleagues'
(1997) trial, one also directed at children of depressed parents. This design
includes nonsymptomatic children and reaches into the community to iden-
tify depressed adults. It is indeed a significant achievement, given our
current knowledge of prevention, when some preventive interventions sig-
nificantly reduce the incidence of a disorder (Clarke et al., 1995). Neverthe-
less, from a public health standpoint, such an approach, even if extremely
effective, might prevent far less disorder than a population-based approach
that affects a large number of people only a little (Rose, 1992).

THREE DESIGN COMPONENTS

As we use the term, "design" refers broadly to the full range of planning
and decision making that allows us to draw inferences from the study, to
determine the conditions under which this particular intervention is effec-
tive, and to suggest ways to improve its effectiveness. Our organizing theme
is to divide the design of a randomized field trial into three separate compo-
nents demarcated by randomization of subjects and completion of the
intervention period. We call these three components "design for preran-
domization, design for intervention, and design for postintervention."

We present a simplified diagram of these three stages in Fig. 1. This
classification does not refer to when the design is developed, since the
entire design for a trial needs to be in place well in advance of intervention
assignment. It refers, instead, to the fundamental issues necessary for the
success of each of these three periods of the study.

The reader will note also in Fig. 1 that three important sources of bias
are identified. "Selection bias" is arriving at a nonrepresentative subsample
of subjects who are available to be randomized. "Participation bias" may
be introduced when subjects who are assigned to an intervention program
self-select by participating or not participating. For the purposes of this
paper, we reserve the word "attrition" to describe either incompleteness
of data or loss to follow-up after the intervention period has ended. Thus
defined, these three areas do not overlap and may be examined separately
for their effects on inferences.

PRERANDOMIZATION DESIGN PRINCIPLES

The prerandomization design primarily involves three related factors:
(1) the selection of communities or institutions and its subjects who will
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Fig. 1. Three design phases of a preventive intervention trial.



be recruited and studied, (2) the invitation, recruitment, and enrollment
procedures, and (3) the availability and extent of preintervention measures.

Variation in Prevention Impact and Selection of Communities,
Institutions, and Subjects

A key design theme of this emerging model of prevention with an
epidemiologic focus is that communities and subjects should be selected
to be representative of the target population rather than of a more limited
population. This theme is based on empirical evidence that preventive
interventions often have different effects on different subpopulations. We
use the term "moderating effects" to refer to this differential intervention
effect on outcome by varying levels of preintervention measures. In the
statistical literature this is referred to as interaction effects involving the
intervention condition. The presence of moderation affects the way we
extrapolate sample estimates to a target population. If the sample is homo-
geneous and not representative, there is little opportunity to extrapolate
results to a broader population. (Meinert, 1986). Prevention trials based
on samples of convenience or samples for which tight exclusionary criteria
are used have little chance of producing meaningful population-based esti-
mates of impact. The epidemiologists' prevented fraction (Rothman, 1986),
for example, cannot be computed.

There are a number of examples of preventive interventions having
differential impacts on different groups of people. Take, for example, a
parent-training intervention that helps parents to manage their children's
acting out behaviors. Little benefit may be expected for children who exhibit
very low levels of aggressiveness at the outset. At the other end of the
spectrum, a minimal parent-training prevention program may not be suffi-
cient to affect the most aggressive children. Last, parental training may be
successful with children who are moderately aggressive. Conceptually, this
trichotomy, which separates subjects by level of risk, may be relevant for
a wide range of intervention studies. Also, examining variation in impact
by early risk level provides an opportunity to identify potential iatrogenic
effects of an intervention and empirically examine variations in impact
(Dishion, 1995).

To examine the importance of moderating effects in universal trials,
we compared the frequency of significant main effects to moderating effects
in a recent trial. Using data from the latest randomized classroom-based
universal intervention trial at Johns Hopkins (lalongo et al., 1999), we ran
36 different models with main effects and moderating effects. These 36
analyses involved separate analyses of achievement scores, teacher ratings,
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and psychological symptoms by year of follow-up and gender. For each
analysis, we included as a predictor the corresponding pretest measure as
a potential moderator. Some of these important interactions on teacher
ratings and achievement tests have already been reported (lalongo et al.,
1999): the interventions help the highest-achieving students (effect sizes of
one third to one half), but show no beneficial effects for the lowest-achieving
students. In the 36 separate analyses, we found that moderation models
were significant as often as were main effects. Further, half of the significant
moderations occurred in models where the corresponding main effects of
intervention were not significant (in models that excluded the moderation
effect). Thus, a systematic search for moderators is needed. Clear a priori
hypotheses should be drawn from existing literature to conduct a guided
search for moderation effects.

A number of other major moderators have been noted in preventive
trials. Specifically, in an earlier Hopkins prevention study, the Good Behav-
ior Game (GBG), a behavior analytic intervention aimed at reducing ag-
gression in first-grade classes, had its major impact on reducing aggression
among boys who initially were rated as moderately to very aggressive
(Dolan et al., 1993; Kellam et al., 1994; Muthen & Curran, 1997), and
the GBG also had higher 1-year impact in reducing both girls' and boys'
aggressiveness who began school with serious concentration problems (Re-
bok et al., 1996). In a parallel trial, depressed children benefited more in
the Mastery Learning intervention, with its curricular approach to reading
improvement, than did nondepressed children. Reid, Eddy, and Fetrow
(1999) also report that their LIFT universal intervention showed the great-
est effect on children who initially were the most aggressive and on children
whose mothers initially were the most aversive in their parenting practices.
Initial evidence from a prevention trial conducted under Project Family,
which evaluated the Iowa Strengthening Families Program, also indicates
higher impact on young adolescents among those who reported higher
levels of gateway substance use in sixth grade (Spoth, 1997). In a different
context involving recently unemployed adult workers, Vinokur, Price, and
Schul (1995) found that those who were poorer benefited most from the
intervention (see also Little & Yau, 1998). Olds and coworkers (1994)
have consistently found that their home-based interventions have the most
impact on reducing abuse among families whose mothers are at highest
risk, in terms of poverty and years on welfare. Hawkins and colleagues
have also found the greatest long-term impact of a univeral school-based
intervention to be on those in extreme poverty (O'Donnell et al., 1995).
Taking these seven trials as a whole, evidence is growing that universal
and selective prevention programs often have their most powerful effects
on subjects at high initial risk. We recommend planning a systematic search
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for moderators in preventive trials. This would involve specifying tests
of specific moderating effects as hypotheses before randomization. Tests
examined after randomization should make use of conservative statistical
methods (lalongo et al., 1999).

Assessment of Selection Bias

Factors affecting selection into a study affect the external validity of
the inferences derived from it. If the selected sample is not representative
of the overall population, our inferences may not reflect the impact on that
population. In reviewing a large number of studies to examine the extent
of such self-selection bias, Braver and Smith (1996) concluded two things.
First, few studies reported the percentage of recruited subjects among those
who were invited. Second, among studies that did report such data, the
recruitment rates usually fell far below 50%, a fact that has serious implica-
tions for population effectiveness studies.

It is important to understand that the invitation process can have a
dramatic effect on selection. This contrasts with the more traditional view
that some immutable characteristics of the individual determine selection
into a study. Survey sampling research concludes that participation in a
survey is determined more by the interaction process between the inter-
viewer and respondent than by any measured individual characteristics of
either (Groves & Couper, 1996). Evidence from a standardized, population-
based invitation to a free mental health program for adolescents supports
this view. Selection into this program did not vary by prior mental status
of the child or his or her parents but nevertheless varied dramatically
depending on who invited the group of adolescents to participate (Kellam
et al., 1981). Anecdotal evidence also suggests that the researchers them-
selves can vary recruitment rates dramatically. Using a recent intervention
program for delinquent youths as an example, 60% agreed to participate
when the study began; over the next year with the same eligibility criteria,
enrollment fluctuated with new staff and procedures, from 35% to 50%.
While this degree of variation was not under deliberate control, it could
not be explained by variations in subject characteristics. Such variation
supports the notion that the level of enrollment is malleable.

One method that shows a modest effect in increasing enrollment is to
increase the amount of money offered for participating. However, nonmon-
etary techniques could be more effective, and certainly more realistic, for
program implementation. Few prevention studies have examined the invita-
tion process experimentally. Given the importance of selection to overall
intervention effectiveness and the fact that selection rates can be manipu-
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lated, differential invitation strategies can best be tested using a randomized
design. Variants of this "trial within a trial" design, where random assign-
ment occurs at two places—one for method of invitation and the other for
intervention assignment—have been proposed by Braver and Smith (1996).
The objective of the trial within a trial design is to experimentally increase
subject participation, often among those who are hard to locate, through an
enhanced invitation procedure. Using this second randomization, statistical
techniques can be applied to test impact on subjects who came under the
enhanced invitation but would not have come under the usual invitation
procedure. Such designs will probably be useful not only in situations where
a full population can be enumerated, such as Arizona State's program for
children of divorce in Phoenix, but also for situations where a full population
is difficult to enumerate, such as "all those at risk for HIV infection." Only
by directly manipulating specific components of the invitation to participate,
tested in a randomized design, can one obtain valid data on selection
factors—and ultimately on whether or not those who are hard to reach
are more or less likely to benefit.

Preintervention Measures

From the classic Fisherian experimental design, two fundamental strat-
egies may be employed to enhance precision in preventive trials. One
method, randomized block designs, is discussed in the section on designs
for intervention. The other method involves the use of preintervention
measures2 to increase precision of the estimate of intervention impact
through analysis of covariance or related techniques (Cox, 1958). The preci-
sion can increase substantially if the preintervention measure is moderately
or highly correlated with the outcome. Other benefits of preintervention
measures include the opportunity to assess moderating effects, to assess
balance in intervention assignment, and to understand attrition. Neverthe-
less, if the correlation between preintervention and outcome is too small,
it is possible to gain statistical power while holding cost fixed using the
following strategy: avoid collecting any preintervention data and transfer
the cost savings to a larger number of subjects. In the quantitative analysis
below, we determine that, even from a cost-versus-statistical power consid-
2We avoid the use of the terms "baseline data" and "pretest scores" and refer more generally
to any measures taken before intervention as "preintervention measures." This usage follows
Kellam et al. (1991), who point to a more general usage of the term "baseline" (or "basecurve")
to refer to the developmental trajectory in the absence of intervention. We also avoid the
use of "pretest score," since it implies a repeated measure design; prevention trials that rely
on age-appropriate measures must sometime use different instruments before and after
an intervention.
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eration alone, it is generally preferable to obtain preintervention data rather
than to increase the sample size.

To make this point specific, consider two designs. One collects preinter-
vention data on all subjects. The other does not collect any preintervention
data but increases the number of subjects at the same overall cost. The
relative efficiency of the two designs in detecting intervention impact de-
pends on two things: the correlation between preintervention and outcome
and the ratio of preintervention cost to follow-up and intervention cost.
The relative efficiency of the preintervention design increases with the
correlation and decreases with the cost ratio. The abscissa of Fig. 2 provides
a scale of the relative cost of preintervention data collection to all other
costs. A study where pretest and posttest measures are equally costly and
intervention costs are negligible corresponds to a 1:1 ratio. In a more
realistic situation, with four follow-up measures and the intervention cost
equal to the cost of one follow-up, the cost ratio is 1:5. With a cost ratio
of 1:5, it is statistically more powerful to collect preintervention data when-
ever the correlation is at least 0.45, a magnitude that is easily exceeded
in most existing preventive trials, such as preventing depression among
unemployed adults (Vinokur, Price, & Schul, 1995), in peer measures of
aggression in children (Guerra et al., 1995), and in teacher behavior ratings

Fig. 2. Minimum correlation required to overcome cost of preintervention.
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and achievement measures (lalongo et al., 1997). Thus, preventive trials
that collect preintervention data are almost always more cost-effective than
a design that trades the cost of preintervention data for a larger sample.
Of course, this additional precision can be realized only when analysis
of covariance or additive modeling (Brown, 1993b) approaches are used.
Muthen and Curran (1997) extend this concept further. They recommend
using multiple, repeated preintervention measures so that growth trajector-
ies before intervention can be compared to growth trajectories during and
afterward. In their models, for example, a random intercept term for each
subject is included based on the multiple preintervention measures. This
random or latent variable can then be used in growth modeling much like
an ordinary covariate in regression.

In many situations it is either difficult or impossible to collect preinter-
vention data on everyone invited to participate in a trial. In a trial involving
first-grade interventions, for example, preintervention data may be unavail-
able for children who did not attend kindergarten in the same schools
(lalongo et al., 1997). Children who did not attend the kindergarten in the
same school typically show more aggression than those who did. Thus,
missing preintervention data in this type of study are likely to affect the
outcome measure. It is often possible in outcome analyses to recover some
of the missing preintervention data (see Schafer, 1997, for general tech-
niques under Missing at Random conditions). This recovery of information
translates into narrower confidence bounds on intervention effects. While
the analytical procedures for recovery of missing information are beyond
the scope of this paper (see for example, multiple imputation procedures
in Schafer, 1996), the design implications are more straightforward. The
better we are able to predict the value of the preintervention score using
not only intervention status and the outcome variable but also any other
predictor of preintervention score, the more useful the multiple imputation
procedures will be. Thus, in our example with missing kindergarten ratings,
a good design strategy would be to collect complete data on variables that
predict kindergarten ratings, such as age of child, ethnicity, and whether the
child receives free lunch. Thus, inclusion of cheap and complete surrogate
variables for important but incomplete preintervention variables ensures
greater precision in inferences about intervention effects.

DESIGN FOR INTERVENTION

Design for intervention points to at least four factors from the time
of randomization to completion of the intervention: (1) selection of inter-
vention and comparison conditions for a trial, (2) choices in assigning units
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to intervention or control conditions, (3) levels and extent of replication,
and (4) levels of implementation and participation. We provide practical
advice on efficient designs for intervention based on numerical results.

Selecting Intervention and Control Conditions

Principles for choosing universal, selective, or indicated interventions
(Gordon, 1983; Mrazek & Haggerty, 1994) have been discussed previously
(Brown, 1991; Lorion et al., 1989). In this section we discuss different
testing strategies for universal, selective, and indicated trials,3 expand the
classification to include more complex intervention conditions, and compare
the merits of alternative choices for control conditions.

In this context of developmental population-based preventive trials,
we focus on three preventive trials to test school-based universal interven-
tions to reduce conduct disorder and other psychiatric outcomes. The first
Baltimore/Hopkins trial targeted two risk factors, failure to learn and class-
room aggressive behavior. These became targets of two separate classroom
interventions, a reading curriculum and classroom behavior management
(Dolan et al., 1993). The second Baltimore/Hopkins trial combined these
curriculum and behavioral strategies and delivered them in two social fields,
the classroom and the family. Intervention in the latter social field was
delivered through parenting classes arranged by the school (lalongo et al.,
1997). In Project LIFT, the current Oregon Social Learning Center (OSLC)
trial (Reid, Eddy, & Fetrow, 1999), the universal intervention was applied
in the home, with peers, and in the classroom to change the dominant
social fields in which the child lives.

Note that the first Baltimore/Hopkins trial was limited to one interven-
tion component in one social field (classrooms). This was followed in the
second trial by combining these components but still limiting the interven-
tion to one social field (home or class). The Hopkins bottom-up approach,
cited by West and Aiken (1997) as a constructive research strategy, exam-
ines the specificity of impact from individual components of an intervention
then indirectly examines synergistic effects of multiple components across
the trials. One potential disadvantage—that nonsignificant results will pre-
dominate because the early design excludes any opportunities for synergistic
effects—has largely been ruled out, at least in the impact on proximal
targets (Dolan et al., 1993; Kellam et al., 1991). On the other hand, attacking
the problem by combining components as OSLC did, even if over a shorter
period, allows them to begin with a potentially longer-lasting impact
3A universal preventive trial, for example, is a trial that compares at least one universal
intervention with control. This definition was introduced by Mrazek and Haggerty (1994).
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through which developmental changes can be addressed more readily. Both
approaches to selecting an intervention are valid, but we learn different
information from each.

Selecting a control or comparison condition is crucial for the success
of preventive trials. One standard strategy is to isolate control settings to
minimize contamination with the intervention conditions. In school-based
trials, one could isolate control schools by selecting them to be geographi-
cally or institutionally distant from intervention schools. While this type of
design, which randomly assigns intervention or control condition to the
school, effectively eliminates the risk of contamination, it may still suffer
from imbalance unless the number of schools is large. Also, since school
characteristics often vary substantially, particularly on difficult to measure
characteristics such as school climate and readiness for adoption, matching
schools may add little to the power of the study. There is another risk in
matching schools. As in other field trials, prevention trials suffer from the
very real possibility that a unit, such as a school, will drop out during the
study. When a whole school drops out, whether it is assigned to intervention
or control, it can seriously compromise our ability to make inferences.
These considerations suggest that we consider alternative school-based
designs that do not randomize at the school level yet may retain some risk of
contamination. Two important empirical studies of classroom-randomized,
rather than school-randomized, designs now provide some evidence that
the contamination effects can, in certain circumstances, be minimized.

In the Seattle Social Development Project, Hawkins et al. (1992) began
with a doubly randomized design with children randomly assigned to class-
rooms within a school and teachers randomly assigned to intervention
or control. They have reported significant long-term effects in comparing
children in the same school who did and did not receive intervention. If
contamination was high, one would expect results to be nonsignificant.

The first Baltimore/Hopkins trial compared the degree of contamina-
tion by using two control settings (Dolan et al., 1993). The two conditions
were chosen so that valid comparisons could be made if contamination
occurred and if contamination did not occur higher statistical power could
be achieved. One control condition, referred to as "external control," con-
sisted of classrooms without intervention that were located in schools where
none of the classes received the intervention. A second internal control
condition consisted of classrooms without intervention that were located
in schools where some of the other classes did receive an intervention. If
contamination was minimal, the use of internal controls could hold school
effects constant and reduce this source of variation. We concluded from
our analyses that internal control classes received little contamination in
this study (Dolan et al., 1993). A quantitative assessment of power described
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later in this paper reveals that certain types of internal controls can be
extraordinarily effective in increasing statistical power.

In contrast, Project LIFT randomly assigned intervention at the school
level rather than the classroom, so there were no opportunities to examine
intervention impact while holding school characteristics fixed. It did, how-
ever, allow for interventions to be directed at multiple ecological levels
(i.e., at the classroom and the school) with the expectation of greater impact
on children.

We now turn to multistage interventions. A "unified intervention" is a
special type of multistage intervention (Brown, 1991). Unified interventions
recognize the fact that some persons will require more intensive interven-
tion than others if the risk of later outcomes is to be reduced. The goal,
then, of a unified intervention is to apply the right amount of intervention
to each subject. The multiple components of the intervention could be
staged sequentially or delivered all at once. In a sequential unified interven-
tion, an inexpensive universal intervention could be applied first, followed
by an indicated intervention applied to nonresponders in the first stage.
In a nonsequential unified intervention, high-risk persons would receive
multiple interventions at the same time. For this type of intervention strat-
egy to succeed in applying the more intensive interventions to those in need,
there must be extensive knowledge about the permanence, episodicity, or
transience of risk factors through the life course and a clear understanding
of normal and pathological development (Lorion et al., 1989).

Two nonsequential unified intervention trials for conduct disorder are
now being implemented. One, the Metropolitan Area Child Study, is now
taking place at the University of Illinois at Chicago (UIC). First, a universal
school and classroom-based intervention is being delivered to all interven-
tion schools; a second component involving selected small groups of children
at risk is provided to those who exhibit aggressive behavior, and a third,
family therapy intervention is provided to those deemed most at risk
(Guerra et al., 1994; Tolan & Guerra, 1994). The second trial that uses a
unified design is the FAST Track study (Conduct Problems Prevention
Research Group, 1994). It follows both a high-risk sample (based on kinder-
garten ratings of parents and children) and its matched controls and a
normative sample. Because its design uses both a universal and an indicated
intervention, it can address the impact of the universal plus the indicated
intervention on high-risk children.

Unit of Intervention, Blocking, and Ability Tracking

To reduce bias, intervention assignment in formal trials should be
random whenever possible. There are times, however, when randomization

689Principles for Designing Randomized Preventive Trials in Mental Health



is not possible; alternatives to randomized designs are discussed in Cook
and Campbell (1979) and in Tolan and Brown (1997). For many studies,
there are numerous randomization choices. In intervention trials that test
selective or indicated prevention programs, individual level (or family level)
randomization is usually appropriate. The complexities in preventive trials
arise, however, when there is group randomization, such as randomizing
classrooms (Dolan et al., 1993; Hawkins et al., 1992; and lalongo et al., 1999),
schools (Conduct Problems Prevention Research Group, 1992; Guerra et
al, 1994; Reid, 1997), or communities (Pentz et al., 1989; Perry et al, 1996;
Wagenaar et al., 1994) to an intervention. One issue is that there are
different potential levels of randomization in these trials. A classroom
intervention, for example, could be tested by randomizing at the classroom
or school level. Second, trials often have multiple components of an inter-
vention program; some may be aimed at varying levels. For example, Pentz
and colleagues (1989) combined community-based components with ones
involving schools in the community. A key concept for understanding level
of randomization is what we call the "unit of intervention," which refers
to the largest social field level that is hypothesized to affect outcome. Thus,
unit of intervention for a curriculum intervention would logically be the
classroom, since the teacher delivers the intervention. Similarly, unit of
intervention for parent-training interventions would ordinarily be the fam-
ily. This would not apply, however, if the parent training emphasized inter-
actions between parents and teachers, and training sessions were organized
by class. Often, one or more of the intervention components is directed
toward the school (e.g., OSLC's project LIFT intervenes on the play-
ground). Our guiding principle in this section is that, whenever possible,
unit of randomization should be the same as unit of intervention. This
choice allows the use of a randomized block design to increase the efficiency
of the study.

Consider two alternative strategies for comparing a universal class-
room-based intervention against a control. In the OSLC Project LIFT
trial, 12 schools were randomly assigned to either intervention or control
condition; once assigned, all first-grade (or fifth-grade) classrooms in a
school received the same condition. In contrast, the most recent Baltimore/
Hopkins trial involved nine schools each with three first-grade classrooms,
and within each school the three intervention conditions were assigned
randomly to classrooms. This second is an example of a randomized block
design where schools correspond to blocks. The Baltimore/Hopkins design
allows comparison of classes of different intervention status within a school
and can achieve a significant efficiency gain when variability between
schools is large as compared with variability between classes within schools.
Using data from the Baltimore/Hopkins and OSLC trials on several out-
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come measures, we estimate that variability between schools is typically
two to four times greater than variability between classes in the same
school. The ratio of variances is far greater if permission can be obtained
to balance classrooms in a school, thus making initial classroom variation
negligible.

In the Baltimore/Hopkins trials, not only were classes in schools ran-
domly assigned to intervention condition, children were also assigned in a
stratified random fashion (based on kindergarten grades) to first-grade
classes (lalongo et al., 1997). The consequence of this individual-level ran-
domization is that it destroyed the school's traditional ability tracking of most
of the problem children into one class. In this design, then, each first-grade
teacher in a school was assigned a similar class. (Note that this individual level
randomization to classes within school reduced variability between classes
within a school but had no effect on variability between schools.)

As a case study to provide quantitative comparisons of school-random-
ized versus classroom-randomized designs, we have carried out a formal
comparison of the power for these two designs using estimates of variation
in subjects, classes, and schools derived from trials conducted at Hopkins.
In one design, ten schools were divided randomly into two sets of five
schools, each group receiving a different intervention. This is similar to the
design used in Project LIFT. In the second design, one class in every school
is randomly selected to receive the intervention and another one in the
same school to serve as a control. This type of design is similar to that used
at Hopkins. For both designs, we assumed there were 15 boys and 15 girls
in a class. Our power calculations were based on gender-specific analyses
of 15 children per class, two classes per school, and 10 schools. Also, an
individual-level preintervention score was used as a covariate. The upper
dashed lines in Fig. 3 show the statistical power for the classroom-random-
ized design in a realistic situation, and the lower line is the power that
would be achieved by randomizing at the school level. The only differences
between the plots are that the classroom-randomized design assigned the
two classes per school to different interventions and the school-randomized
designs assigned both classes in a given school to the same intervention.

Each plot in Fig. 3 compares the two power curves as a function of
the difference in intervention and control means relative to the standard
deviation across schools, a type of effect size. Thus, the first plot, which is
based on an effect size of 0.25, corresponds to a small intervention effect
relative to variability in the schools. Along the abscissa is the degree of
ability tracking in classrooms. Zero corresponds to perfect matching of
classrooms on preintervention characteristics and 1 to a classroom variation
in schools having the same degree of variation as between schools. These
plots show the dramatic power improvement in the classroom-randomized

691Principles for Designing Randomized Preventive Trials in Mental Health



Brown and Liao692

Fig. 3. Power as a function of tracking for varying strengths of intervention.

design resulting from balanced assignment of children to classrooms. When
the degree of tracking is below 10%, a level we were able to achieve in
the Baltimore/Hopkins trials, there is substantial power enhancement for
moderate intervention effects. In fact, the Baltimore/Hopkins trial used a
more rigorous design than is implied here. We first stratified kindergarteners
on their grades and randomly assigned students to first-grade classes within
each grading stratum, then randomly assigned interventions to classes within
each school. This doubly randomized design is also known as a general
randomized block design (Kirk, 1982).

Further examination was made of the relationship between statistical
power and the number of classrooms, number of schools, and the correlation
with preintervention data. One important design question is how much is
statistical power affected by trading fewer schools for more classrooms
within schools while retaining the same number of children in the study.
This is important since the cost of school-based studies depends more on
the number of schools and less on the number of children assessed. Al-
though cost would be reduced if we decrease the number of schools while
increasing the number of classes per school, the cost savings come at the
price of reduced power. In the classroom-based general randomized block



design, the increase in power is far greater when the number of schools is
increased as compared with an equivalent increase in the number of class-
rooms per school. This effect was so pronounced that we recommend using
two classes per school, one intervention and the other control. Also, the
use of a pretest score is very important for designs with small to moderate
intervention effects, since the steepness of the power curve (see Fig. 3)
depends on the correlation between pretest and posttest.

Sample size calculations for the two designs are extremely enlightening.
The lower curve in Fig. 4 indicates how many schools are required to reach
80% power (Type I error rate of 5%) in a doubly randomized classroom
design (Hopkins' general randomized block design). The upper curve gives
the comparable number of schools that are required to achieve the same
power in a school-randomized design. These power calculations assumed
the same magnitude of variance components as those observed in the
Baltimore/Hopkins trial, where ability tracking was destroyed by random
assignment of children to classrooms. Note that the benefit of this general
randomized block design is consistent throughout the entire range of inter-
vention effect sizes. The two curves are remarkably parallel; taking account
of the logarithmic ordinate scaling, this implies that the school-based design
requires more than twice as many schools than the corresponding class-

Fig. 4. Number of schools required to achieve 80% power in two designs.

693Principles for Designing Randomized Preventive Trials in Mental Health



room-based design to reach 80% power. In a typical study involving 12
schools and two classes per school, we found the power of this classroom
randomized design to be 0.77. The power for the alternative design that
assigned schools to intervention is only 0.40. With school-based random
assignment it takes fully 30 schools to achieve the same statistical power
as it does with 12 schools in a classroom-based randomized design.

Replication

In the previous section we have already discussed one aspect of replica-
tion—at the classroom level—for school-based designs. For both school-
randomized and classroom-randomized designs, it is generally more effi-
cient to increase the number of schools in the design and decrease the
number of classes per school accordingly so that the total number of students
remains constant. We now examine a related question: how best to increase
statistical power by increasing the sample sizes of schools, classrooms, and
children. In all of our computations of power, this question has a simple
answer. Using Hopkin's data as an example, we compared the power of
various designs, beginning with a total of no more than 180 children. For
a six-school, two-classrooms per school, 15 boys per class, classroom-ran-
domized design, the power for detecting a modest size intervention effect
is 0.40. If we doubled the number of children by doubling the number of
classes per school to four, there would be only a tiny increase in power,
to 0.46. However, doubling the number of schools to 12 with four classes
per school increases power to a respectable 0.77. Even though a design
with 12 schools and two classes per school has the same number of subjects
as one with six schools and four classes per school, the power in the first
design is nearly twice as great as that of the second. Thus, the power is
affected far more by the number of schools than by the number of children
or classes.

If we did not have the resources to double the total number of children
in the study to 360, it would be far more efficient to subsample the number
of children per classroom and maintain a large number of schools. With
12 schools, two classes per school, and seven boys per class, or 168 children
in all, the power is 0.63, substantially greater than that for a design with
six schools that assesses each child in the class.

One attempt at randomization that Hopkins used in the first study
(Dolan et al., 1993) was not as successful as investigators expected. This
design called for two cohorts using the same classroom intervention assign-
ments over 2 years of first graders. While this design was cost-effective since
the same teachers and schools were used, there were, however, problems in

Brown and Liao694



intervention teachers' ratings of the second set of first graders. It appeared
that having gone through the intervention once affected how teachers rated
their second set of incoming first-grade students. This type of repeated
cohort design is expected to work better in evaluating children's or parents'
ratings or direct observation measures, all of which should be subject to
less systematic variation than teachers' ratings.

Substantial work has already been done on maximizing power for a
study of a given cost. If the costs for intervention exceed that for control,
it is more efficient to have more control (than intervention) children, classes,
or schools (Raudenbush, 1997). Such unbalanced designs have been used
in prevention studies (Dolan et al., 1993; Hawkins, 1992).

Implementation and Participation

Implementation issues often complicate analyses, but if handled cor-
rectly they can enhance our understanding. There are situations, for exam-
ple, where we can obtain a test of an intervention even when elements of
that intervention are already being implemented. This situation occurred
in the first Baltimore/Hopkins trial. The entire Baltimore City elementary
school system had implemented a classroom-based Mastery Learning pro-
gram before our study. Because the systemwide level of implementation
of this intervention was generally low, our design called for these schools to
serve as controls—or more accurately a low-dose intervention or standard
setting—to be compared with a more fully implemented version of Mastery
Learning. Beneficial effects of the more enhanced Mastery Learning pro-
gram were found, although our microanalytic classroom observation data
on program implementation in that study were too unreliable to be of
much use in explaining which classes improved (Dolan et al., 1993). Other
approaches (lalongo, 1997; MacKinnon et al., 1991) hold greater promise
of reducing measurement error in implementation measures to acceptable
standards. The relationship between level of implementation and interven-
tion impact was also examined in the second classroom-based trial in Balti-
more (lalongo et al., 1997), where a systematic and convincing trend for
high-implementing classes to have beneficial impact was observed.

A critical decision in a prevention program addresses the degree of
control over intervention implementation maintained by the project staff.
Traditionally, in treatment trials of efficacy (in contrast to effectiveness
trials), the experimenter maintains a high level of implementation (Coch-
rane, 1972). In OSLC's Project LIFT, which combines classroom, peer, and
parent interventions to reduce conduct disorders, the interventions are
administered entirely by the research staff, thus ensuring high implementa-
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tion. If implementation begins to deteriorate during the intervention, the
intervenor is retrained until he or she reinstates a high standard (Reid,
Eddy, & Fetrow, 1997). In contrast to this approach, the most recent school-
based trial at Johns Hopkins used the school personnel to carry out nearly
all of the interventions. Thus, teachers and school counselors received
training in behavior management practices and curricular components of
the classroom intervention but were responsible for delivering the class-
room and the parent-training interventions, respectively. Because of this
intervention ownership by the school rather than the research staff, there
is more variation in implementation than in Project LIFT (lalongo et al.,
1997). On the other hand, delivery by the school system is more realistic
for long-term program implementation.

Finally, the complement to implementation is participation, since it
deals with the active or passive level of involvement of subjects when they
are offered an intervention.4 Participation in prevention programs can vary
widely. In universal parent-training programs linked to the school, upward
of three quarters of the parents receive significant amounts of the interven-
tion (lalongo et al., 1999; Reid, Eddy, & Fetrow, 1999). In an intervention
with recently unemployed adults, about half of those who agreed to be
randomized actually showed up and received significant parts of the inter-
vention (Vinokur et al., 1995). Analyses on existing data by level of partici-
pation have suggested that those who are at high risk may benefit most from
the JOBS intervention and that, therefore, it is appropriate to investigate
approaches to experimentally increase participation and, thereby, examine
variation in impact. Recent work at the University of Michigan indicates
that a design that rerandomizes all intervention subjects to one of two
invitations to participate will allow them to determine whether increased
participation improves outcomes (Sonnega, 1997). This type of design, with
two randomizations, is another example of a trial within a trial.

POSTINTERVENTION DESIGN PRINCIPLES

Developmental modeling in the context of preventive trials has been
discussed in detail by Muthen and Curran (1997). Their work covers several
important themes: the basic models for growth that can be tested in a
preventive trial, how moderating effects from baseline can be tested, how
statistical power is increased by multiple measures, and how these analyses
can be carried out using standard latent variable modeling. Power calcula-
4Another term used in HIV/AIDS prevention studies is "adherence." The term "compliance,"
which comes from the pharmacotherapy and treatment trial literature, often is not appropriate
for primary prevention programs.
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tions for preventive trials involving multiple postintervention measures are
now available on the World Wide Web.5

A major difficulty with any early prevention study is in following
subjects for long periods. In the first Baltimore/Hopkins trial, 19 schools
were used with classroom intervention assignments held constant over first
and second grade (during the 2-year intervention period). Because of the
high mobility of young families, these children spread to a larger number
of elementary schools each year until, by fourth grade, some from the
original cohorts were attending nearly every school in Baltimore. Tracking
individuals during the early school years is not a large task, but it is difficult
to schedule assessments in so many different schools. Mobility is a major
problem in studies involving many subjects, one investigators ordinarily
expect from universal prevention trials. Even more importantly, there may
be systematic loss to follow-up, which can lead to incorrect inferences unless
adjustments are made (Brown, 1990). While this Baltimore/Hopkins design
had sufficient power to detect impact on proximal targets—that is, behavior
and achievement scores either during or after the intervention period (Kel-
lam et al., 1991)—the effects on more distal psychological and conduct
disorder diagnoses were much more difficult to detect. Power for distal
outcomes was reduced in part by the long interval between intervention
and anticipated impact and the low incidence rates. Nevertheless, we at-
tempted to assess impact on these more distal measures by using a two-
stage design. When distal target incidence rates are low, as they are in
children who have conduct disorders, a less severe outcome, such as symp-
tom score, can be used as a first-stage screen. All subjects who have high
symptom levels would then be given a more costly diagnosis in the second
stage. In the interest of reducing costs, only a fraction of those with low
symptoms would be given a diagnosis. To be cost-effective, the outcome
of the screen must be related to the diagnostic outcome.

Epidemiologists use certain terms to describe how the screen is
related to diagnosis. The proportion of subjects with a positive diagnosis
who are found to be positive on the screen is called "sensitivity." The
proportion of subjects without a diagnosis who are found to be negative
on the screen is called "specificity." For a screen to be useful both
sensitivity and specificity must be high. The meaning of a second set of
related epidemiologic terms, "false-positive" and "false-negative," is
straightforward. The false-positive rate is the proportion of screened
persons labelled as having a disease who do not in fact have it. The
false-negative rate is the proportion of those whose disease is missed,
given a negative score on the screen.

'The address is http://yates.coph.usf.edu/research/psmg/Power/growthpower.html.
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In multistage screening designs, each consecutive screening measure
has greater specificity but also costs more; so, only the least specific measures
are applied to everyone. To minimize costs, calculations similar to those
given in Shrout and Newman (1989) can be made to determine what per-
centages of subjects should be studied with each of the multistage measures.
Then, the estimates of sensitivities and specificities of each measure relative
to the next one allow us to calculate incidence rates in the intervention
and nonintervention groups. A useful rule of thumb, we have found through
experience, is to randomly select equal numbers of screen negatives and
positives for second-stage follow-up. This rule provides some protection
against the problem of nonnegligible false-negative rates.

In one recent trial, we found a serious problem when too many of the
screened negative were lost to follow-up. In a first attempt to evaluate the
impact of their trials on conduct disorder diagnoses in sixth grade, the
Baltimore/Hopkins trial used a first-stage measure based on an 11-item
checklist derived from DSM-IIIR criteria. The 686 children (of 1036 in the
study) who reported three or more positive items were administered a full
assessment of the conduct disorder module of the Diagnostic Interview
Schedule for Children. Also, 124 other children who scored negative on
the screen were randomly selected to complete the entire diagnosis assess-
ment so that a false-negative rate could be determined. Incidence rates
were calculated using both the EM algorithm (Dempster, Laird, & Rubin,
1977) and multiple imputations (Rubin, 1987). Despite the large number of
subjects, the incidence rates (by intervention group), which were calculated
using either the EM or multiple imputation, were too variable to be of
much use, the principal reason being that there were two false-negatives
whose effect on incidence rates were magnified greatly (Moke, 1993). Since
the design attempted to save money by following up very few screen-
negatives, the screen did not perform suitably.

To improve our analysis of impact on long-term diagnosis we would
need an inexpensive way of identifying when a disorder or a case occurs.
If we could identify all cases, or even a subset of such cases, and then
determine their intervention group, we could calculate the relative odds of
a disorder among those exposed to the intervention as compared with those
not exposed. Built on the case-cohort design, the following hybrid strategy is
one reasonable way to overcome the high cost inherent in most longitudinal
follow-ups (Prentice, 1986a,b; Robins et al., 1989; Tosteson, 1991).

This type of design requires an inexpensive first-stage screening tool,
a more expensive second-stage diagnostic tool, and an inexpensive marker
event that is related to diagnosis. For a conduct disorder trial, for example,
a diagnosis of conduct disorder could be obtained through an extensive
interview procedure, a first-stage screen could be based on a short screening
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instrument, and the correlated marker variable could be an arrest or dis-
missal from school.

To estimate the odds ratios for conduct disorder diagnosis as it relates
to receiving the intervention, we suggest a combination two-stage prospec-
tive longitudinal design plus a case-cohort design. Specifically, a fraction
of each group ("intervened" and "nonintervened") are followed at regular
intervals, at each time using the same screening tool. If the result is positive,
diagnostic status is determined. A random sample of screen negatives are
also evaluated for conduct disorder. So far, this is the usual stratified two-
stage design. Second, whenever a marker event occurs among the study
sample (i.e., an arrest), that youngster and a randomly selected youngster
from the other intervention group are both administered the screening test
and accorded a diagnosis. Both the prospective and case-cohort designs
can be used to assess the odds, and likelihood-based inferences can be used
to combine information in the two portions much as in a validation study
(Fuller, 1987; Tosteson, 1991).

DISCUSSION

It is our premise that the design of a trial must take into account
both purely statistical considerations, such as numeric values of power for
different designs, and the details that relate to the specific research questions
and practicalities of running a field trial. The recommendations made in
this paper are derived from two sources; (1) quantitative evaluations of
power that we have made and (2) practical lessons derived from a collection
of existing trials. No effort has been made to include practical experience
from all available trials. Indeed, the conclusions reported in this paper are
slanted toward designs that have both epidemiologic and developmental
perspectives. Nevertheless, we believe that a number of principles eluci-
dated here are relevant to all preventive trials.

Substantial gains in power can be effected by selective use of random-
ization and balance, covariate adjustment, and multiple outcome measures.
In each of the three critical sections of the design—prerandomization,
intervention period, and postintervention—opportunities are available to
enhance the study's ability to address the fundamental prevention questions.

We strongly recommend collecting preintervention data in preventive
trials, not only because such data generally have greater statistical power
than designs with larger samples, but, because preintervention data are
necessary for growth modeling, an essential tool in examining develop-
mental hypotheses. It is, however, surprising that the literature on preven-
tion trials contains a preponderance of studies whose designs are severely
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limited in measuring change. Durlak and Wells (1997) found in their review
of 177 controlled trials that only 25% had follow-up information, and others
relied primarily on a posttest design rather than a pretest followed by a
posttest. Similar limitations in design affect the majority of HIV-prevention
studies as well (Oakley et al., 1995).

We proposed a design with two random assignments that may prove
more useful than current ones in classroom intervention studies. Our
calculations indicate that the success of the double-randomized design
of students and classrooms requires two things if the full benefits of
this design are to be realized: first, ability tracking must be essentially
destroyed; second, a preintervention covariate must be used in analyses
to reduce individual-level variance.

An effective design for postintervention allows for successful follow-
up of subjects, handling of attrition and planned "missingness," and evalua-
tion of impact on distal targets as well as proximal ones. One important
strategy for the postintervention design period is to collect longitudinal
data that allow for detailed growth-curve analyses. Growth-curve analyses
then can be used to characterize an intervention's impact as (1) broadly
beneficial for all, (2) most beneficial for those who begin high or low,
(3) transient, or (4) long lasting (Muthen & Curran, 1997). Based on the
quantitative results Muthen and Curran report, we agree that examining
intervention impact from a developmental standpoint not only requires
such growth modeling but also reduced the number of subjects who are
needed to meet statistical power requirements. A second cost-effective
strategy is to use two-stage designs to assess impact on rare outcomes such
as diagnoses. Researchers should be aware of the inferential problems made
by nonnegligible false-negative rates in the screen.

In the rest of this discussion, we link up these general statistical findings
to more realistic concerns of preventive trials. Part of the reason why design
issues are so complex in the current generation of trials is that the aims
often straddle the boundaries between pure-efficacy and pure-effectiveness
trials. Examining variation in intervention impact is a good example of an
effectiveness concern that shows up even in trials designed to answer classic
efficacy questions.

We believe that the commonness of moderation effects has implications
for the design of prevention trials. A good design allows us to assess the
impact of intervention on different subpopulations and, thus, to design
more effective and finely targeted intervention components for subjects
who do not respond to interventions already in place. A fundamental
premise behind successful prevention involves delivering an intervention
to a subject in the amount and degree of intensity that will alter the course
of development. Starting with this premise, we are led directly to the need
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to assess the boundaries of a prevention program's effectiveness. This can
best be done using a total population.

Trials involving universal interventions often offer the best opportunity
to make accurate population inferences. In addition, the comparatively
large variations at preintervention, attributable to the broad population
base that universal trials use for sampling, make it possible to test for
moderation at both the child level and the contextual level (i.e., classroom,
school, family, neighborhood). The fact that we often do find evidence of
moderation effects in many trials suggests that, in this early period of
prevention research, we should be looking systematically for such interac-
tions.

An alternative to using a representative sample to test a universal
intervention is selecting a stratified subsample from a population. To in-
crease the power in testing for a linear interaction involving a preinterven-
tion risk measure, for example, one could sample intensively from the
extremes of the risk distribution. Such a design, one with few moderate-
risk subjects, would, however, severely diminish our ability to detect a
nonlinear interaction, something that is often worth detecting. Another
stratified design decision would be to overselect subjects of the sort one
would predict on theory to obtain the greatest impact. Again, this would
increase power for detecting a main effect but, at the same time, would
weaken our ability to detect interactions. Any reasonable stratified sampling
scheme still allows generalization of inferential statements to the full popu-
lation, but it would take a more sophisticated weighted analysis to han-
dle stratification.

The design for prerandomization allows for control of what happens
before a subject is randomized to an intervention condition. It takes into
consideration the selection of and invitation procedures to be used on a
target population of persons or institutions. By sampling from a broad
population rather than a narrow one, preventive trials can not only obtain
more realistic population-based inferences but also begin to determine who
benefits from an intervention.

Even in school-based universal interventions, we must recognize that
selection bias may be present at the outset. Studies that involve the public
school system leave out the often significant number of children who attend
private schools. Even when public and private systems are involved, home-
schooled children are not included. From a public health perspective, the
importance of including the private schooling and home schooling subpopu-
lations depends on their relative frequency and their risk profiles.

Strong institutional support is required to implement population-based
designs. For example, in the Baltimore/Hopkins trials, the randomized
design would be compromised if families were free to choose the specific
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curriculum they wanted for their child. By working in partnership with the
Baltimore school system and by inviting responses about the research proj-
ect from the community, two separate trial designs were developed that
met the criteria of rigorous science and community support without compro-
mising the educational responsibilities of the school administration. Indeed,
it is only through the administration's mandate to educate the children in
the public school system that any universal school-based intervention takes
place. Given such an existing partnership, can we realistically expect to
limit selection factors that might affect intervention outcome. This degree
of cooperation between the school administration and researchers was
necessary before any stringent design, such as random assignment of both
classrooms and children, could occur.

A very promising design feature to add in the prerandomization phase
is a randomized substudy of invitation or recruitment strategies—a trial
within a trial. Such a design allows us to examine whether the intervention
would benefit those harder to reach subjects or whether the added expense
of locating potential subjects would not be cost-effective. We believe the
field of prevention science would be very well-served by including random-
ized experiments involving this invitation process.

We need to know the frequency of risk factors and how transient or
pervasive they are in subjects within a defined population before we can
determine which designs begin to meet the goals of over-all or incidence
reduction of psychopathology. Population-based studies are the only way
to obtain information about optimal timing of the intervention, since this
requires knowledge of a risk factor's age-specific base rate and, more impor-
tantly, the time at which the risk factor begins to show strong relationships
with the outcome. For example, in the Baltimore/Hopkins studies, first and
second grades were chosen as the time to start the interventions, because
several school-related risk factors were found to have strong associations
with long-term outcomes by the end of first grade. In the Michigan studies,
subjects unemployed longer than 4 months were excluded from the study.
While this cutoff point was based principally on procedural considerations
(unemployed workers had exhausted their benefits by this time and were
often dropped from the roles), a population-based study was able to deter-
mine what percentage of the unemployed would be excluded from this
particular intervention. Thus, population-based measures such as the pre-
ventive fraction could be calculated.

The second phase, or design for intervention, is critical to achieving
sufficient statistical power. In many trials, we randomize, not at the individ-
ual level, but at a group level. We concluded that interventions directed
at school children can produce substantial cost savings when randomization
takes place at the classroom level within schools, rather than at the school
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level. A World Wide Web page for calculating power in school and class-
room-based randomized trials is now available.6

The decision to assign intervention at the classroom or school level
requires a judicious weighting of this quantitative information about power
and practical issues of feasibility and intervention characteristics. From the
standpoint of statistical power, the useful assignment of an intervention is
one where the unit of randomization is the same as the unit of intervention.
Thus, a broad-based intervention that involves changing norms about vio-
lence by targeting all classes and the entire school environment would
have the school, rather than the class, be the unit of intervention. What is
apparent, however, is that some preventive trials involving interventions
at the school level require either very large studies or very intensive inter-
ventions. An interesting compromise is to design small, cost-effective stud-
ies that still involve the classroom (say, a curriculum component) in the
context of a universal school-based component. It is then possible to ran-
domize classrooms within schools that are already receiving a broader
universal intervention.

One of the issues of major concern in classroom-based preventive
interventions is the potential for contamination or leakage of an interven-
tion. There are certain well-known situations in which such contamination
is an important factor. For example, in Head Start classes, the boundaries
between classes are often flexible and teachers have interactions with chil-
dren from the different classes. This type of arrangement makes a class-
room-based trial useless. The Hopkins success in experiencing little contam-
ination was due in part to the structural changes the investigators imposed
on first-grade teachers. Teachers in the control setting met as a group just
as frequently as did teachers in the intervention settings, and they estab-
lished cross-school relations through these meetings that reduced the
chances for contamination.

School- or community-based trials may require different design solu-
tions than those described here (Pentz et al., 1989). Often, community-
based studies aim to produce policy changes (e.g., changes in access to
alcohol or tobacco; Biglan, 1997) or practice changes (e.g., better monitoring
of children on the playground; Reid, Eddy, & Fetrow, 1997). These proximal
targets can be examined longitudinally over time. It is also possible to
match schools and to randomize them within communities thereby gaining
power similar to the classroom-based designs discussed earlier. Here an
entire community could receive a media intervention while randomly as-
signed schools within the community would receive a school or class-
room intervention.

'The address is http://yates.coph.usf.edu/research/psmg/Power/schoolpower.html.
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Finally, in most of the preventive trials that have now been evaluated,
we find significant interactive effects involving intervention and preinter-
vention scores to be as common as significant main effects. Our designs
and our analytical tools should be chosen to maximize our chances of finding
such moderators. From a design point of view, the power for detecting
interactions is increased when we select subjects who are heterogeneous
on risk status and other preintervention measures.

For a preventive intervention to have maximum impact on incidence
requires balancing two things: (1) selection of a population who are at risk
for a disorder and (2) delivery of an intervention that is effective for that
disorder in this population. We can increase an intervention's efficiency by
fine tuning who gets an intervention or by improving an intervention's
impact on a broader population. Regardless of which strategy is chosen, it
is our contention that preventive programs need to be tested on a diverse
population. Only by examining the impact of an intervention in a diverse
population can one determine which general strategy (among those indi-
cated above) is best.

Not all prevention scientists would agree with this position, and there
may be special circumstances in which the impact on particular subgroups
is more important than that on a less homogeneous group. For example,
in the two Michigan Prevention Research Center's trials on the conse-
quences of job loss for depression, anyone who stated a preference for one
or the other type of intervention to be tested was excluded (Price et al.,
1992; Vinokur et al., 1995). By excluding this 15% of the sample, most
of whom preferred the control condition, investigators could control for
motivation and switch their focus to responses among the remaining "no
preference" group. Another 6% were excluded because of their high level
of depressive symptoms before the intervention. Finally, 46% were excluded
because they had been unemployed more than 13 weeks and would soon
lose their benefits. Because of these exclusionary criteria, the researchers
trade off their ability to predict impact on these three potentially resistant
subgroups, and naive inferences may overestimate the impact at the commu-
nity level.

Regardless of what stance one takes on the degree to which population-
based inferences can be obtained from a trial, we need to observe certain
standards when reporting a study's rates of recruitment, consent, participa-
tion, eligibility, and follow-up. As Braver and Smith point out (1996), today,
such rates are not frequently reported, and their routine absence makes it
virtually impossible to compare the beneficial effects of one intervention
against another. Standardized definitions of these rates, along the lines of
those of Munoz and coworkers (1993), will provide empirical comparisons
that are badly needed to in form prevention. Recent guidelines published
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in the Journal of the American Medical Association are an important model
for reporting of trials (Begg et al., 1996).
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