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Abstract Body

Background / Context:

Recently, President Obama issued an executive order calling policy makers throughout
the government to use research findings from behavioral science to design policies that better
serve the American people (Executive Order, September 15, 2015). This call refers to recent
findings in behavioral economics and psychology focused on the promise of brief, scalable, low-
cost interventions (e.g., Thaler & Sunstein, 2008; Walton, 2014; Wilson & Juarez, 2015; Yeager
& Walton, 2011). In education, these behavioral science interventions have included both
‘nudges’— for example, text-message based interventions (e.g., Castleman and Page, 2014; York
and Loeb; 2014) — as well as interventions aimed at changing ‘mindsets’ — like learning that the
brain is a muscle that can grow and develop (e.g., Paunesku et al, 2015). While the results from
these studies are promising — thus leading to the executive order — to date little is known about
how well the results of these interventions may generalize, or, as a corollary, the conditions
under which they may work best. Knowing this is essential for the ethical and responsible use of
behavioral insights in policy.

Questions regarding the generalizability of results from educational experiments have
been at the forefront of methods development over the past five years. This work has focused on
methods for estimating the effect of an intervention in a well-defined inference population (e.g.,
Tipton, 2013; O’Muircheartaigh and Hedges, 2014); methods for assessing similarity between
the students and schools in a study to those in an inference population (e.g., Stuart, Cole,
Bradshaw, and Leaf, 2011; Tipton, 2014a); and methods for improved site selection with
generalization in mind (e.g., Tipton et al, 2014; Tipton, 2014b). To date, this work has been
developed in the context of the large-scale education experiments typically funded by IES,
wherein schools are typically randomly assigned to receive a yearlong curricular intervention.
Given this context, this work on generalization has focused largely on estimation of the average
treatment effect in a population, particularly under the assumption that random selection of
schools into the study is infeasible (see Olsen, Orr, Bell, and Stuart, 2013).

In this paper, we argue that behavioral science interventions are different in two
important ways from these standard large-scale education experiments, and that these differences
provide an opportunity to develop new methods for generalization. First, behavioral science
interventions are more often randomly assigned to students, not to intact schools; this results in
the more powerful multi-site (i.e., random-block) design that in addition to an average treatment
impact, also allows for estimation of the distribution of treatment impacts across schools.
Second, and perhaps of even greater importance, the fact that these behavioral science
interventions do not focus on curricular changes and do not require large and lasting changes to
school routines means that it is easier to recruit schools and students into the studies. In the paper
we argue that these differences allow researchers to shift from answering only questions about
the average effect, to questions regarding variability in treatment impacts as well.

Purpose / Focus of Study:

This paper focuses on design considerations for those developing behavioral science
intervention experiments with a focus on the development of methods for making generalizations
from these studies. We begin by arguing that the brevity and affordability of the interventions
makes it possible for a dual-randomization procedure to be implemented; in this design, schools
are randomly selected into the study from a well-defined population frame and then students
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within these schools are randomly assigned to the intervention. This dual-randomization
procedure enables a model-free estimation of the population average treatment effect. While
statistically ideal, this procedure has been rarely enacted in randomized experiments (see Olsen
et al., 2013), and in this paper, we argue that it should be more commonly attempted in
behavioral science intervention studies.

Second, we argue that the fact that the typical behavioral science intervention study
involves random assignment to students within schools also means that questions of treatment
impact heterogeneity become not only important, but also estimable. If treatment impacts vary —
which is the assumption motivating the work on generalization issues to date — then the average
treatment impact is not sufficient. Instead, we argue that the ideal behavioral science intervention
study should also aim to answer questions regarding the development of a theory of treatment
impact heterogeneity. This amounts to developing a design in which two additional
generalization questions can be answered: To what extent does the treatment impact vary across
schools in the population? Does the treatment impact vary in relation to pre-specified school or
student features?

The paper focuses on the development of a study design aimed at answering all three of
these generalization questions — regarding the average effect, its variability, and treatment effect
moderation. The concern here has to do with the development of the optimal design for these
studies, wherein all three estimands are adequately powered. Importantly, this involves trade-
offs, since, as we will show, the design that is most powerful for estimating the average
treatment effect also results in less power for estimation of moderator effects (and vice versa).

The NGMI Experiment/ Setting/ Population/ Intervention:

Throughout the paper we develop the statistical theory regarding generalization in
relation to the process of creating a probability-sampling plan for the National Growth Mindset
Intervention [NGMI] study. The NGMI study evaluates the effect of a brief psychological
intervention based on research on growth mindset developed by Dweck (2006), Yeager and
Dweck (2012) and others (Paunesku et al., 2015). In this section, we briefly provide background
information on the study, since it offers motivation for the generalization questions herein.

Setting. The study takes place in U.S. public ‘regular’ high schools. This includes only
schools serving grades 9 — 12, and excludes: charter and magnet schools; schools serving special
populations (e.g., Bureau of Indian Affairs schools); and schools with fewer than 25 9t grade
students.

Population. The target population is all 9t grade students attending the 9,190 ‘regular’
U.S. public high schools (as defined above). The sample is a national probability sample
including all 9" grade students from 80 of these schools.

Intervention. The study design involves two 25-minute sessions of an on-line growth
mindset intervention designed to communicate the message that intelligence is malleable and that
individual intellectual abilities can be increased through deliberate effort and practice (see Figure
1). The interventions draws on decades of research on attitudes and behavior change in order to
communicate these ideas effectively in a short span of time by having students read information,
answer questions, and complete writing exercises.

Outcomes. Survey data are collected at each of the two online sessions. Students are
followed into the beginning of the first semester of their 10™ grade year (and possibly thereafter)
with administrative records providing outcome information, including grades, test scores (when
available), and measures of completion (e.g., course taking in math).
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Significance / Novelty of study:

The question at the heart of the NGMI study — and we argue, all behavioral science
intervention studies — is how to design the study to not only estimate the average treatment
effect, but also variability in impacts, and to develop a theory of treatment effect heterogeneity.
The approach we develop in the paper fuses together results from the survey sampling and
experimental design literatures. It requires researchers to develop hypotheses about treatment
effect heterogeneity at the outset of the study, to develop methods to measure these moderators,
and to use a stratified selection procedure, with strata based on potential moderators.

Importantly, while stratified selection is common in survey sampling, the approach
developed here deviates from standard practice in that the focus is on strata based on covariates
explaining variation in treatment impacts, not outcomes. For example, it is common in
probability sampling to stratify schools based on a measure such as free-and-reduced-lunch
status — a variable often highly correlated with outcomes; we show here that this approach makes
little sense, unless the intervention effects also vary in relation to this variable. Similarly, the
approach developed here differs from standard results in experimental design with regard to
power. For example, standard results by Raudenbush and Liu (2000) focus on the power for each
of the three parameters (i.e., average, variation, moderation) under study separately, whereas in
our approach power must be considered for what we call ‘multipurpose’ designs.

Statistical, Measurement, or Econometric Model
Stratification

In the ‘multipurpose’ design developed in this paper, researchers must begin their study
by identifying possible moderators; these should be based upon previous research, the theory of
change, and on questions about context that may be of particular interest to policy makers. This
list of moderators could easily be large, in which case dimension reduction methods may be
required’. For example, this could include the use of k~-means cluster analysis (see Tipton,
2014b), wherein moderators that co-vary are stratified together; an alternative method (which is
used in the NGMI study) is to use a latent-variable approach.

An important consideration in designing strata is the concern that certain features of the
population may co-vary to an extent that, without prior planning, the effects are essentially
aliased together. For example — as found in the NGMI study — school achievement and school
minority composition can be highly correlated (» > .6). In these cases, strata can be used to de-
alias the effects; this is particularly important since given their high correlation, without
planning, it may be difficult to impossible to separate these effects well using post-hoc methods
alone. Notably, concerns of this type are addressed commonly in the experimental design
literature, but are rarely found in the survey sampling; this speaks to the need for these new
‘multipurpose’ designs.

In the remainder of this section, assume that we have classified the population in k= 1...
M strata, S = {Si, S», ..., Sm}, and that each stratum S; contains N; units in the population. In
Table 1 (see Appendix) we illustrate this for the NGMI study; here M = 5. In this framework,
the ‘multipurpose’ design question becomes: how should the total sample 7 be best allocated to
these M strata (i.e., how do we determine 7;)?

! This is because stratifying on p covariates leads to at least 2P strata, which can be far too many
given the small number of clusters.
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HLM formulation

One strategy for allocating the sample to the strata is to use proportional allocation (i.e.,
nj = n*Nj/N), as illustrated in the second row of Table 1. In this case, when estimating the
average treatment effect and variation in the population, a standard random-block design HLM
model (see Raudenbush & Liu, 2000) could be used. In this paper, we show that this
‘proportional-allocation’ design can be far from optimal for estimating moderator relationships,
particularly if any of the strata are small. In Table 1, for example, power for estimating
differences in treatment impacts between Strata 4 and 5 would be compromised, given the very
small proportion of the population in Stratum 5.

Given the multiple estimands, we argue that typically non-proportional allocation will be
desirable in order to achieve enough power for estimating both moderator relationships and
average treatment impacts and variation. An example of this is given in the third row of Table 1;
note here that now the proportion in Stratum 5 has been increased, while the proportion in other
strata has been reduced.

When using a non-proportional allocation scheme, stratified estimators of the average
treatment effect and treatment effect variation are required. To do so, first a stratified HLM
model must be estimated,

Yiik = Bojk T BijxTijx + €ijk ek~ N(0, 0%
Bojk = 2 YokSjk T Uojk Uik~ N(0, 1)
Bijk = X ¥ikSik + Wijk i~ N0, 1,%)
where here y; = (Y11, Y12, ..., YiM) are the stratum average treatment impacts for strata k= 1... M.

Note here that t,,” is the variation in treatment impacts within strata. This means that now the
population average treatment impact is defined as a weighted combination of these,

Hs = ZWkY1k
where wi = Ni/N. The population variation in treatment impacts (ti°) is defined as,

=T T
where 1, is the pooled within-stratum variation in treatment impacts, and Ty” is the between-
stratum variation in treatment impacts, which we can define as

T = (Y1 — pe) /(M - 1).
In the paper, we provide results regarding estimators of these parameters, and the effect of post-
stratification on power.

Usefulness / Applicability of Method:

Throughout the paper, we situate the discussion of the development of the ‘multipurpose’
design in relation to the NGMI study. In this study, for example, the strata are created in relation
to two variables: 1) school achievement, which we create using a latent variables approach based
on data from GreatSchools.org and the College Board; and 2) school minority composition. This
resulted in a design with 5 strata, which is indicated in Table 1. The final allocation used for
sampling is found in the third row of Table 1.

Conclusions:

Behavioral science interventions are becoming more common in education and policy
more generally. With this comes the opportunity to develop generalizable theories of treatment
effect heterogeneity—something that is difficult to do with whole-school reform. By doing so,
researchers will be better situated to help policy makers and school officials understand where
these brief interventions hold most promise, and where further research is needed.
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Appendix B. Tables and Figures

Figure 1: Student administration of the intervention

Session 1: Baseline survey and first intervention session Double-blind student- .
Week 2-5 of fall semester level randomization to Growth mindset intervention:
intervention or control * Read article on scientific
e . evidence for neural plasticity
Participating Each student completes 1 * Complete writing exercises to
students sign " baseline survey: : internalize article’s lessons
into study + Demographic measures --------- ‘ Control condition:
website... *  Psychometric measures E * Read article on localization of
. . brain functions
*  Complete writing exercises to
- internalize article’s lessons

||

Session 2: Second intervention session and follow-up survey

Follow-up: Monitoring students’
Week 5-10 of fall semester Tollow-up 8

——y Each student completes objective academic outcomes

' follow-up survey:

Participating students’ academic records

]
vention: | * Initial-change ! -
:_ -=  outcomes ::>WIII be gathered to determine whether...
' * Fidelity measures . X
Control ! . Prevuogslv Iow»perfo‘rmmg students
condition: earn higher core subject GPAs

* Previously low-performing students
are less likely to show D/F averages
* D/F averages in general are reduced

Table 1: Strata and allocation schemes in the NGMI study

Stratum 1 | Stratum 2 Stratum 3 Stratum 4 Stratum 5

Population 25% 27% 23% 20% 5%
(out of N =
9,900)

Proportional | 25 27 23 20 5
Allocation -

(outof n =
100)

Multipurpose | 20 24 23 14 19
Allocation -
(outof n =
100)

SREE Spring 2016 Conference Abstract Template



