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Site Selection in Experiments: An Assessment of Site
Recruitment and Generalizability in Two Scale-up Studies
Elizabeth Tiptona, Lauren Fellersa, Sarah Caverlyb, Michael Vaden-Kiernanb,
Geoffrey Bormanc, Kate Sullivanb, and Veronica Ruiz de Castillab
ABSTRACT

KEYWORDS

Recently, statisticians have begun developing methods to improve the
generalizability of results from large-scale experiments in education. This
work has included the development of methods for improved site
selection when random sampling is infeasible, including the use of
stratiﬁcation and targeted recruitment strategies. This article provides the
next step in this literature—a template for assessing generalizability after
a study is completed. In this template, ﬁrst records from the recruitment
process are analyzed, comparing differences between those who agreed
to be in the study and those who did not. Second, the ﬁnal sample is
compared to the original inference population and different possible
subsets, with the goal of determining where the results best generalize
(and where they do not). Throughout, these methods are situated in the
post hoc analysis of results from two scale-up studies. The article ends
with a discussion of the use of these methods more generally when
reporting results from randomized trials.

generalization
external validity
recruitment

Over the past ﬁve years, statisticians and educational researchers have begun developing and
implementing new methods aimed at improving generalizations from large-scale experiments (see Schochet, Puma, & Deke, 2014). This literature begins by requiring researchers to
better identify and understand features of possible inference populations for whom the
results of a study might be relevant, and then provides methods for site selection (Tipton,
2014b; Tipton et al., 2014), methods for assessing the similarity between the sites in a study
and these possible inference populations (e.g., Olsen, Orr, Bell, & Stuart, 2013; Stuart, Cole,
Bradshaw, & Leaf, 2011; Tipton, 2014a), and methods for estimating average treatment
impacts for these populations (e.g., O’Muircheartaigh & Hedges, 2014; Tipton, 2013). To
date, this work has focused on generalizations over units (not time, outcomes, or settings)
and on the development of new sample selection designs, new statistics, and new estimators,
as well as investigations of their properties (e.g., see Kern, Stuart, Hill, & Green, 2016;
Tipton, Hallberg, Hedges & Chan, 2015).
In comparison, to date very little work on generalization has focused on the implementation
challenges that researchers face when attempting to design for and assess generalizability in
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practice. For example, there is scant published information regarding strategies and incentives
for recruitment (for an exception, see Roschelle et al., 2014) or for understanding biases that
arise due to differences between the kinds of sites that agree to take part in experiments and
those that refuse. Similarly, although methods for assessing generalizability have been developed—offering researchers tools for drawing boundaries around where the results of a study
might apply and might not—little guidance on their use in “real” studies has been provided.
This article contributes to this literature on implementation in generalization by providing a
post hoc analysis of generalizability in two IES scale-up studies (Everyday Math; Open Court
Reading) conducted by SEDL1 between 2011 and 2015. These studies are unique in many regards,
including the fact that intended inference populations were deﬁned at the outset and plans were
made to recruit samples representative of them (see Tipton et al., 2014). Despite these intentions,
however, recruitment in these studies was much more difﬁcult than anticipated, and the resulting
samples differed in many and large ways from the intended inference populations.
In this article, we begin by recounting the story of recruitment, including issues encountered along the way, and then tackle two important questions. First, we ask: what can we
learn from these studies about the kinds of school districts that are willing to take part in
large-scale experiments? This section of the article compares features of those districts that
agreed to be in the study to those that did not, and summarizes feedback from the districts.
Second, we ask: given the difﬁculties of recruitment and large differences between the ﬁnal
study samples and stated inference populations, are there any population subsets where the
results may apply? This section of the article investigates a novel way to apply statistical
methods for assessing generalizability in order to help researchers determine where the
results may be most useful.
In the ﬁnal section of the article, we discuss in detail lessons learned from these two scaleup studies regarding generalization. This section highlights issues uncovered in recruitment
and in the generalizability analyses, as well as areas that need future work. Our hope is that
this article will begin a conversation on practical concerns with generalizability and that it
will motivate others to collect better data, to analyze this data, and to share the results
broadly as an area of scholarly pursuit.

Two Scale-up Studies
This article is situated around two scale-up studies, one evaluating Open Court Reading
(OCR) and the other evaluating Everyday Math (EM). Both the OCR and EM programs are
aimed at elementary school students and are used widely in schools throughout the country
(see Borman, Dowling, & Schneck, 2008; Slavin & Lake, 2007). Instead of conducting separate evaluations, SEDL decided to use a novel design in which the separately IES-funded
scale-up studies would be combined. In addition to offering cost savings, combining the
studies was conceived of as a recruitment incentive for districts because every school in the
study would receive a program.
The fact that the two studies were combined meant that a single sample of school districts
would need to be recruited for both evaluations. Within each of these recruited districts,
four schools would be randomly selected, and of these, two schools would be randomly
1

SEDL merged with AIR in May 2015.
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assigned to receive the EM program while the other two would be assigned to receive the
OCR program. The EM schools would then act as the control for the OCR schools, and vice
versa. Based on a power analysis, the original study design aimed to recruit 15 districts, and
within each district, four schools; this led to an anticipated total of 60 schools.
As scale-up studies, the goal for each was to determine what the program’s effect would be
in a broad, well-deﬁned inference population. Based on discussions with the study team and
technical working group, it was determined that the most relevant inference population for
each study would be the population of schools and districts currently using the program.
This focus was chosen because it indicated the types of schools and districts the programs
were currently marketing to, and it was believed that without some exogenous change, future
users were likely to be similar to those already using the program. With this in mind, the goal
of the combined study was to estimate two population average treatment effects, one for the
population of schools that currently use OCR, and the other for the current users of EM.
In Tipton et al. (2014), these populations of current users were carefully deﬁned using the
Common Core of Data. Each population frame included the school districts in the 48 contiguous states and Washington, DC, that at the time (Fall 2011) purchased any amount of the
OCR or EM programs, respectively. The publisher, McGraw-Hill Education (MHE), provided Tipton and colleagues with user data from 2008–2010; overall, of the districts using
either program, 30% purchased only the OCR program, 56% purchased only the EM program, and 14% purchased both programs. The OCR population therefore consisted of the
44% of districts purchasing the OCR program, while the EM population consisted of the
70% of districts purchasing the EM program.2
A unique feature of these evaluations was that the districts in the two inference populations were not actually eligible to be in the studies. Eligible schools were thus deﬁned as those
that had not purchased either the OCR or EM programs in the previous three years (2008–
2010), as well as having at least four elementary schools with at least 44 students in each
grade. This resulted in a total of 675 eligible school districts across the country. The aim
therefore was to develop a method for selecting 15 school districts out of the 675 eligible districts that were compositionally similar to the OCR and EM user populations.
In order to achieve this goal, Tipton and colleagues divided the populations into strata
using a propensity score approach. This method required that the researchers select a set of
covariates that could explain heterogeneity in district-average-treatment effects (i.e., a sampling
ignorability condition). The research team selected 11 factors (resulting in 21 variables) that
they believed could potentially moderate the effectiveness of the OCR and EM programs based
upon previous research and the curriculums’ theories of change: these included district resources (e.g. revenue, location), family and community resources and context (e.g. labor force participation, location), and student characteristics (e.g. % of ELL students). Tipton and
colleagues argued that if this list is comprehensive—in the sense that these covariates fully
explain variation in treatment impacts—and the sample of districts in the experiment was
compositionally similar to the intended inference populations, then the average treatment
effects estimated in the evaluations would be unbiased for their respective population impacts.3
2

Although for proprietary reasons we do not include the actual numbers of districts purchasing these programs from MGH, in
the actual analyses these numbers were used.
3
With two inference populations and a single sample, Tipton and colleagues recognized that compositional similarity would
not be possible with a single sample for both populations. Instead the goal was to get a sample similar to the average of
these two populations and then use post hoc adjustments for each.
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The 675 eligible districts were then compared to each of these inference populations on
this set of covariates and, using propensity score methods, divided into a total of nine strata.
The study recruitment team was then given a list of eligible schools in each of the nine strata,
as well as recruitment objectives for each (based upon proportional allocation of the
15 required districts). These strata would allow both a more diverse sample of districts to be
recruited, and, when implemented as intended, for the resulting samples to be compositionally similar to the intended inference populations.

Recruitment and Refusals
Recruitment Process
Although the original study plan described above included plans to recruit 15 districts (and
60 schools) over the course of a single year, the recruitment process and ﬁnal resulting sample differed in several important ways. In Figure 1 we provide an overview of this process
using a ﬂowchart; similar charts are often included in CONSORT statements in clinical trials
(Egger, Juni, & Bartlett, 2001) and PRISMA statements in meta-analysis (Moher, Liberati,
Tetzlaff, Altman, & the PRISMA Group, 2009). This ﬁgure highlights the amount of time
needed to achieve the full sample, as well as changes in eligibility criteria over time and the
total volume of districts contacted.
In comparison, although Figure 1 focuses on those contacted, in Table 1 we detail the
number of districts and schools that actually entered the OCR and EM studies by year. As
this table illustrates, while the ﬁnal sample did implement the cross-over design in cohorts
1 and 2, none of the districts in cohort 3 took part in the design: ﬁve districts were involved
in both studies as intended with the cross-over design, while two districts were only involved
in the EM study, and two were only involved in the OCR study. Additionally, instead of
15 districts (and 60 schools), the ﬁnal experiment included nine districts (and 74 schools),
with seven districts taking part in either the EM or OCR studies. In the remainder of this section, we provide further details on this recruitment process.
As seen in Figure 1, the recruitment process included three waves of eligibility. Additional
waves were needed when, after the ﬁrst year of recruitment, only four districts had agreed to
take part in the studies. In Year 1, all targeted districts were contacted via e-mail blasts, postcards, and cold calls to superintendents or other district ofﬁcials. Recruiters also offered conference calls (nine in Year 1) with the study leads.4 The initial study designs had included
plans to work closely with McGraw-Hill during recruitment, in particular with sales representatives. However, in practice the research team found that the representatives were concerned that the experiment would compete with their sales quotas, and turnover at the
publisher’s ofﬁce made developing contacts difﬁcult. Without entree provided by the publisher—or through a letter of support from the funder (IES), as is typical in contract research
but not grant research—the research team found it difﬁcult to inspire district ofﬁces to want
to take part in the study.
In addition to these issues, in Year 1, the research team also realized that the cross-over
design was less palatable to the districts than intended. The research team had combined the
4

An additional eight conference calls were conducted in Year 2 and seven in Year 3. Additionally, in Year 2, one agreed to an
on-site visit with the study team (San Diego).
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Figure 1. Flowchart of school district recruitment process.

studies with the intention of being able to provide every school in the study with a program
(OCR or EM), which was conceived of as an incentive for participation. However, in practice, the recruiters found that often this design was not that desirable, possibly due to the
fact that both experiments involved core programs. Thus, in order for a district or school to
be involved, they would need to be open to implementing new core math or reading programs. Recruiters found that schools were in the market for either a core math or a core
reading program, but not both. Additionally, many districts did not like the idea of having
SITE SELECTION IN EXPERIMENTS
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Table 1. Final sample by wave of recruitment.
Schools
Recruitment year
Year 1

Year 2
Year 3

Total

District

Both OCR & EM

OCR only

EM only

1
2
3
4
5
6
7
8
9
9

2
4
7
7
4
—
—
—
—
24

—
—
—
—
—
9
—
—
17
26

—
—
—
—
—
—
20
4
—
24

multiple reading and math programs occurring across schools because it would make it challenging for students if they changed schools.
By the end of Year 1, with only four districts in the study, the research team decided to
make three important changes. First, they decided to replenish the list of eligible schools in
the hopes of identifying new districts (and a larger potential pool) to recruit. To do so, they
shifted the eligibility criteria to include districts that hadn’t used the program from 2009–
2011 (versus 2008–2010 for Year 1). Additionally, based on better information from the publisher, a larger set of districts was considered eligible based on the deﬁnition of “purchased.”
In Year 1, “purchased any” had included districts that had spent any amount on the programs, which sometimes meant they had purchased an evaluation set but not the actual program. In Year 2 (and later Year 3), this rule was relaxed, and “purchased any” included only
those that spent enough to indicate that a school had implemented the program. In total,
these changes meant that in Year 2 and then Year 3, one and four additional districts, respectively, were added to the experiment.5 Over the three years, a total of 1,917 unique districts
were thus contacted regarding enrollment in the study.
Additionally, in Years 2 and 3, the requirement for the cross-over design was relaxed,
allowing districts and schools to decide if they wanted to take part in either the OCR, EM, or
both studies. Given the difﬁculties recruiting districts, the decision was also made to focus
on the required sample of 60 schools, with the goal of getting as many districts as possible
(with 60 schools), but without requiring the ﬁnal number to be 15; this decision had been
made in the ﬁrst year, when two of the districts requested larger implementations (both with
seven schools each). This meant that recruiters were able to open up the possibility to districts of having more than four schools involved in the experiment, which in some cases provided an incentive to participate. Finally, in reaction to pressures from the funding agency
(IES) to ensure that the timeline for the project was met—and that an adequate sample was
achieved—the focus on the original recruitment plan outlined by Tipton and colleagues was
set aside as the primary guide for recruitment. Although informally the focus remained on
getting as diverse a sample as possible, the focus on getting any sample, but particularly a
large enough sample of schools (but not necessarily districts) to meet the statistical power
needed for the study, became the primary goal.
5

Year 3 recruitment actually resulted in six total districts agreeing to participate in the study, but for district circumstantial reasons two districts had to drop out of the study before randomization.
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Refusal Analysis
Although one concern with generalization is that the ﬁnal sample of sites is similar to the
intended population, another concern is the extent to which sites that agree to be in an
experiment (i.e., volunteers) differ from those that were recruited.6 Because the goal of both
the OCR and EM evaluations was to understand the impact of the programs in broad inference populations and recruitment was based on comprehensive lists of eligible school districts, the recruitment team was encouraged to keep track of feedback from the districts. For
each eligible district that was contacted, recruiters tracked four possible exit points, found in
Figure 1: never contacted (NC); never responded (NR); yes (Y); and no (N). Each year, the
recruitment team ﬁrst excluded some districts (“never contacted”) based on knowledge they
had regarding the school district; for example, they may have known that a district was
undergoing a change in governance, or that it had a long process for research access (e.g.,
research applications with reviews spanning up to four months for approval). Once a district
gave a deﬁnitive “yes” or “no,” they were removed from further contact in subsequent waves.
If they responded “no,” in many cases further information was collected from the recruiters,
including any reasons given for not participating and from whom. Those that “never
responded,” however, continued to be contacted until the study ended. This meant that districts were contacted for 1–3 years.
The fact that information on recruitment was collected provides an opportunity to better
understand how districts that ultimately agree to be in a large-scale experiment differ from
those that decline participation. In Table 2, we compare the nine districts that ultimately
agreed to participate across the three waves of collection with those in the other three categories (“no,” “never responded,” “never contacted”) on 12 factors; these include the 11 factors
used to create the strata (see Tipton et al., 2014), as well as an additional variable indicating
the number of schools in the district (which emerged as an important variable during the
recruitment process because larger districts were desirable). These values given here are standardized in relation to the population standard deviation for each of the four outcomes. In
the table, bold values indicate when the absolute standardized mean difference is signiﬁcantly different from zero (p < 0.05); this bolding is meant only as a guide, not a hard rule,
given the small sample sizes.
As Table 2 indicates, districts that were a priori not recruited at all differed more from the
total set of eligible districts than either the nonresponders or refusers. Districts that agreed to
be in the study (“yes”) varied from the average eligible district on 12 out of the 24 variables.
For example, the districts taking part in the experiment were, on average, poorer on multiple
measures (i.e., all had lower education levels, higher poverty, lower employment, more free
and reduced-price lunch qualiﬁers, and lower median incomes), especially in the EM study.
The quantitative differences between those districts that agreed to be in the experiment
and those that did not were also echoed by the recruitment team’s assessment of the process.
In many instances there was no reason given (n D 155 districts). Of those giving a reason for
declining participation (n D 317), the most common reasons for declining were that districts
were currently satisﬁed with their math/reading programs (20%), had recently adopted new
programs (20%), were adjusting and focusing on the goals of alignment with Common Core
State Standards (CCSS) (6%), were in the middle of administrative changes (8%), or other
6
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Table 2. Comparison of means by recruitment decision.
Total recruitment (n D 1,917)
All eligible
n D 2,421

NR
n D 584

DR
n D 1,368

N
n D 459

Y
n D 10
SMD

Category

Covariates

Mean

SD

SMD

SMD

SMD

Student

% students ELL
% students F/RL
Race/ethnicity of district
% White
% Hispanic
% Black/African American
% other
Educational attainment
% Grade 8 or lower
% <HS grad
% HS grad
% Postsecondary
% 5- to 17-year-olds
in poverty
% labor force
Median income (overall)
Urbanicity of districts
% Urban
% Suburban
% Town or rural
Geographic location
% Northeast
% Midwest
% South
% West
District revenue (thousands)
Number of students
in district
Number of schools
in district

49.9
10.6

23.7
13.8

0.05
0.23

¡0.02
0.01

¡0.06
¡0.08

0.95
0.67

54.9
23.5
12.9
7.4

29.1
25.8
18.3
10.7

¡0.13
0.18
¡0.10
0.16

¡0.05
0.04
0.01
0.01

0.06
¡0.04
¡0.04
0.01

¡0.56
0.20
0.55
0.23

6.6
8.7
18.9
12.9
17.3

6.0
4.2
3.4
7.1
11.1

0.09
0.03
¡0.04
¡0.02
¡0.03

0.01
¡0.02
¡0.04
0.03
0.00

¡0.13
¡0.14
0.01
0.09
¡0.09

0.44
0.87
0.31
¡0.67
0.79

58.4
$ 57,989

7.2
$ 21,195

¡0.10
0.06

0.04
0.01

0.14
0.09

¡0.76
¡0.66

23.3
39.7
36.9

37.2
41.3
41.6

0.00
¡0.08
0.09

0.05
0.06
¡0.10

0.03
0.05
¡0.08

0.43
¡0.60
0.22

15.9
20.0
30.9
33.2
$ 161,470
7,099

36.6
40.0
46.2
47.1
$ 303,277
11,871

¡0.24
¡0.15
¡0.06
0.38
¡0.02
0.02

0.04
¡0.02
0.00
¡0.01
0.01
0.01

0.04
0.13
¡0.10
¡0.04
¡0.01
¡0.02

¡0.44
0.08
0.16
0.11
¡0.18
¡0.06

13.17

19.39

0.00

0.00

0.01

0.06

Community

Census area ﬁnancials
District

Note: NR D not recruited; DR D did not respond; N D no; Y D yes.

These variables were not used for stratiﬁcation.

initiatives (8%). Some other reasons for declining participation were that districts were not
interested speciﬁcally in these MHE curricula (6%), or that they were not interested in participating in an RCT (8%; either because there was not enough principal and teacher buy-in
or because as a district they wanted all schools to implement the same programs). Some districts noted the time and budget constraints, as well as constraints on teachers who would
have to adopt these programs in a short turnaround time.
Importantly, a signiﬁcant portion of districts never responded to the recruitment materials, including postcards, e-mail blasts, and phone calls. In some cases, recruiters found it difﬁcult to determine who the key decision makers regarding a program were in the district; for
example, in some districts the decision maker was the director of curriculum and instruction
while in others it was the superintendent and/or school board. In some instances, districts
became nonresponsive once they had received additional information on the study. In other
cases, district leadership did not return calls or respond to initial e-mails.
Overall, this analysis suggests two important ﬁndings. First, the kinds of districts that
agree to be in large-scale experiments do in fact differ from those that are eligible. In this
experiment in particular, districts agreeing to take part tended to be poorer. The fact that
8
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one of the main incentives to participate was receiving the OCR and/or EM programs for
free could be driving this result, though it may be that it is generally more difﬁcult to motivate middle- and upper-middle-class school districts to be in an evaluation. Second, of those
actively declining participation, the main reason given was that district resources were tied
up with other changes, be they competing programs, new standards or requirements, or
other administrative changes. In the “Discussion” section we address these ﬁndings in more
detail, with a focus on implications for future studies.

Assessment of Generalization
As the previous section showed, the sample selection process that actually occurred differed
markedly from the proposed method. Given the general difﬁculty in recruiting districts and
schools into the study, an important question is whether the ﬁnal samples in each evaluation
are all that similar to their intended inference populations. If there are differences—and not
surprisingly, we will show that there are—a second question, which we explore in great detail
here, is whether it is at all possible to ﬁnd some subpopulation for whom they are similar.
Importantly, here we focus only on the inference populations (and their subsets) deﬁned at
the outset of the study—the OCR and EM populations of current users—and on the covariates speciﬁed for stratiﬁcation in an effort to reduce bias. In the “Discussion” section we discuss the importance of this focus in greater detail.
In order to make these comparisons and assessments of similarity, unlike our previous
focus on district comparisons, in this section we concentrate instead on comparisons at the
school level. We do so because each of the two evaluations included only seven school districts (not the intended 15). Given this small number of districts, the outcomes analysis
(reported elsewhere) treats the districts as ﬁxed effects, with schools treated as random. Furthermore, as results from Tipton et al. (2015) indicate, it is difﬁcult to make sound statistical
comparisons when the number of covariates studied (here 17) is greater than the number of
sites in the sample (here 7).
A difﬁculty with making school-level generalizations in this study is that the populations of current users provided from McGraw-Hill only included district information,
not school information. It is not possible from the available information to identify
which schools within the districts were actually using OCR and/or EM. In order to
conduct this analysis, we began by deﬁning the population of current users by including every non-magnet, non-charter elementary school in the districts identiﬁed by the
publisher. We also included in this data set the 48 schools in the EM and the 50
schools in the OCR studies; here 24 schools were in EM only, 26 were in OCR only,
and 24 were in both studies. We then pulled data from the Common Core of Data on
school-level versions of the covariates included in the original stratiﬁcation plan; for
example, instead of the proportion of the district students eligible for free or reducedprice lunch programs, we now included the proportion of the students in each school
eligible for free or reduced-price lunch. A subset of these variables remained at the district level (e.g., the ELL proportion, and all census-oriented measures). Finally, we
excluded from the analysis the variables deﬁning geographic regions. These had initially
been included in the stratiﬁcation plan for face validity purposes; once the other covariates were taken into account, the evaluation team did not believe that treatment effects
would vary in relation to geography alone.
SITE SELECTION IN EXPERIMENTS
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Figure 2. Covariate ASMD values by study, sub-population, and estimator.

Method for Assessing Generalizability
In order to summarize the degree of similarity between the sample of schools found in each
study and the intended inference populations on the set of 17 covariates (based on 11 factors), we calculated a generalizability index (Tipton, 2014a). This index is calculated using
three steps. First, schools in the sample are compared to those in the inference population
using a logistic regression model including covariates previously speciﬁed. Second, based on
this model, histograms of the estimated propensity score logits are compared. These histograms include j D 1 … k bins, each containing the proportion wpj of the inference population
and wsj of the sample. Third, the generalizability index is calculated as
BD

k
X
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
wpj wsj
jD1

which in general takes values between 0 and 1. Tipton (2014a) shows that values greater than
about 0.90 indicate that the sample is as similar to the inference population as a comparable
random sample of the same size, indicating “very high” generalizability. When below this
cutoff, the generalizability index values indicate how well post hoc adjustments may perform
in estimation of the population average treatment impact. These estimators are most accurate when B > 0.80 (“high” generalizability), while values of B < 0.50 indicate that a less
biased estimate of the population average treatment effect is not possible (“low” generalizability). When 0.50 < B < 0.80, less biased post hoc estimators of the population average
treatment impact may be possible, but often come with a large variance inﬂation penalty.
For the OCR study, this index was estimated to be 0.61, while for the EM study it
was estimated to be 0.57, both considered “low” to “medium” generalizability. This limited generalizability is further evidenced by the large absolute standardized mean
10
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50
0.61

16,351 (100%)

61,359
99
29.0
33.3
49.8
46.9

6.2

13.3

35,685
60
9.3
12.7
45.3
32.7

3.1

18.2

$ 17,728

3.9

9.1

$ 53,637

6.1

7.6

10.9
6.5

48.8
46.5
45.4
$ 1,625.45

39.2
31.7
29.1
$ 874.79

20.8
58.6

29.0
30.3
27.6
32.8
14.6
13.2

SD

58.1
28.3
20.3
42.1
7.9
12.7

Mean

Original pop

These variables were not used in the original sampling plan.



Total schools in study
(% of orig pop)
Generalizability index

F/RL %
60.1
Hispanic %
14.0
Black %
12.6
White %
65.7
Other %
7.7
ELL
9.0
(district ave %)
Urban %
38.0
Suburban %
24.0
Rural/town %
38.0
District revenue
$ 122.55
(millions)
Education < 9th
7.4
(district, %)
Education < HS grad
10.4
(district, %)
Education HS grad
20.7
(district, %)
Education > D College
8.9
(district, %)
Poverty (district, %)
21.6
Employed labor force
56.2
(district, %)
Median income
$ 43,814
(district)
Total students (district) 5,957
16
Total schools (district)
0.0
NE %

52.0
MW %
40.0
S %
8.0
W %

Mean

OCR expt

0.81

6,950 (42%)

4,652
10
10.4
15.3
40.0
34.2

$ 50,405

20.1
56.6

10.6

19.8

9.8

7.6

21.5
26.6
51.9
$ 104.65

59.9
23.9
15.7
52.2
7.1
10.7

Mean
22.4
27.4
23.4
32.2
14.4
14.6

SD

3,495
7
30.6
36.0
49.0
47.5

$ 14,847

10.7
7.2

5.4

2.8

4.0

6.2

41.1
44.2
50.0
$ 91.29

Sub-pop 1

OCR populations

0.87

4,669 (29%)

4,316
10
9.0
18.0
49.0
25.0

$ 44,076

22.2
54.9

9.3

20.7

10.5

6.7

22.2
16.4
61.4
$ 99.22

61.2
13.2
19.4
60.0
6.3
7.1

Mean
20.8
15.5
26.6
30.4
15.4
11.0

SD
75.7
4.8
51.3
41.0
2.9
2.7

Mean

EM expt

31.8
51.7

9.2

19.4

13.0

7.8

48

3,462
9,789
8
25
29.0
0.0
38.0
0.0
50.0
83.3
43.0
16.7

$ 8,335 $ 37,111

9.6
6.6

4.1

2.2

3.7

4.0

41.6
43.8
37.1
6.3
48.7
50.0
$ 94.57 $ 181.86

Sub-pop 2

Table 3. Comparison of subpopulations of samples of schools in OCR and EM studies.

0.57

20,807 (100%)

29,580
51
16.3
28.8
32.0
22.9

$ 56,876

18.2
59.9

14.6

18.3

8.0

5.7

34.5
35.0
30.4
$ 736.20

51.2
19.5
17.7
54.1
7.1
9.0

Mean
29.4
25.5
25.8
33.6
12.7
10.8

SD

57,250
92
36.9
45.3
46.7
42.0

$ 20,568

10.8
6.6

7.0

3.7

3.8

4.8

47.5
47.7
46.0
$ 1,494.95

Original pop

0.76

3,811 (18%)

4,816
11
18.3
20.2
42.2
19.3

$ 44,197

25.1
55.4

9.0

19.6

11.4

9.6

26.4
21.7
51.9
$ 119.13

65.7
24.9
17.8
50.2
6.0
11.8

Mean
21.7
27.9
24.7
34.6
14.4
14.2

SD

3,781
8
38.7
40.2
49.4
39.4

$ 12,097

10.3
7.5

4.4

2.5

3.6

5.4

44.1
41.2
50.0
$ 118.69

Sub-pop 1

EM populations

0.81

2,841 (14%)

4,131
9
20.0
16.6
53.2
10.2

$ 42,815

25.0
54.2

8.4

20.3

11.7

8.5

20.2
18.2
61.6
$ 100.35

64.0
17.2
20.1
58.1
3.8
5.0

Mean

20.3
21.8
26.7
33.4
9.1
4.8

SD

3,417
8
40.0
37.2
49.9
30.3

$ 11,685

10.6
7.6

3.8

2.1

3.5

3.3

40.1
38.6
48.6
$ 101.01

Sub-pop 2

differences (ASMD) for the covariates (seen in the “0UN” boxes of Figure 2), which are
particularly large in the EM analysis. In Table 3 we also provide descriptive statistics
for the populations and samples of schools in the two studies (here focus on the
“unweighted” populations columns).
When the generalizability index is low to medium, Tipton (2014a) shows that because of
undercoverage—parts of the inference population without similar schools in the experiment—it is difﬁcult to impossible to get an estimate of the population average treatment
effect without huge variance increases (and large biases remaining). This means that the generalization is doubly penalized: ﬁrst, the sample is not sufﬁciently similar to the population
to warrant generalizations directly (based on the usual sample average treatment effect estimate), and second, there is little statistically that can be done to adjust for these differences
(outside of extrapolation). Even if a population average treatment effect estimator is possible
(e.g., a reweighting estimator), Tipton shows that in these extreme cases, it typically results
in large variance inﬂation. This suggests that a more fruitful approach may be to ask: is there
some subpopulation to whom the results do generalize well?
In the broader propensity score literature found in observational studies, this undercoverage issue is referred to in terms of the distributions of propensity scores (or their logits) not
sharing common support or overlap. In observational studies, one approach used to improve
estimation therefore is to remove units outside this region of overlap. In generalization, this
approach would mean removing sites from the inference population outside the support of
the propensity score distribution in the sample; while doing so could improve estimation, we
argue that this approach sacriﬁces the ability to clearly deﬁne the inference population to
whom the results apply. Instead, in this section we develop an alternative approach based on
covariate inclusion/exclusion criteria that allows for both improved estimation and allows
for the inference population to remain clearly deﬁned and interpretable.
Our goal is to search for possible subpopulations within the inference population to
whom the sample of sites in the experiment is most similar. To do so, we compared possible
reductions based upon the minimums and maximums of the original 17 covariates. We
focus here on minimums and maximums of individual covariates since these restricted
ranges can impact the overlap of propensity score distributions. For example, if the population includes schools from a wide range of sizes (e.g., 100–10,000 students) but the sample
only includes smaller sizes (e.g., 100–1,000), then by reducing the inference population to
only include schools with fewer then 1,000 students, measures of overlap—and thus properties of treatment effect estimators—should improve.
In addition to these ﬁrst 17 variables that were prespeciﬁed (and used for the original
stratiﬁed sampling plan), we also included four regional variables (e.g., NE) and two variables regarding district size. These six additional variables were included because they were
available in the CCD, were correlated with these other variables, and offer easy population
conceptualizations. For the OCR and EM studies separately and for each of the 23 covariates,
we thus deﬁned exclusions based upon the minimum and maximum value observed in the
sample, and then we examined all possible subsets with one, two, or three exclusions.7 For
example, if the sample did not include any schools in the Northeast, a one-variable exclusion
would result in redeﬁning the original user population to exclude Northeastern schools. For

7

We focus only on up to three exclusions because three already greatly reduces the population size for generalization.
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each of these possible combinations, we then calculated the generalizability index, as well as
the number of population cases that remained. We then chose the subset that resulted in the
largest index and largest N (population size) combination. Although not included here, this
analysis resulted in a clear negative relationship between the generalizability index and population size, with larger index values being associated with smaller and smaller
subpopulations.
In Table 3 we report descriptive statistics comparing the original population and
experiment, and comparing the two subpopulations and the experiment. Here subpopulation 2 is the one associated with the largest generalizability index value, regardless of
the resulting sample size. In contrast, subpopulation 1 is deﬁned as that with the largest
number of population units, given a high generalizability index value (deﬁned as 0.70
for EM and 0.80 for OCR). Finally, for each of these two subpopulations, we additionally used poststratiﬁcation (PS) and inverse-probability weighting (IPW) to attempt to
further reduce any differences between the experimental sample and the subpopulation.
For poststratiﬁcation, we divided the resulting subpopulations into three nearly equal
population size strata each. In subpopulation 1, the ﬁrst stratum was often larger than
one third of the population, in order to guarantee that there was at least one experimental school in each stratum. We then used the poststratiﬁcation estimator provided
by O’Muircheartaigh and Hedges (2014). These approaches mirror the approaches used
to estimate the population average treatment effect for the OCR and EM studies (and
for the particular inference populations).
Finally, in order to assess which subpopulation and estimator is most aligned with the
sample of schools in each experiment, we calculated the absolute standardized mean differences (ASMD) between the sample and each subpopulation and estimator (a total of ﬁve)
for each covariate. The distribution of these values is indicated in a boxplot in Figure 2; here
the left panel focuses on the OCR study whereas the right panel focuses on the EM study.
Given the sample sizes in the experiment, we would expect that on average, the ASMD
would be 0.11 if the sample were randomly selected from the given inference population,
and that in 95% of random samples, the value of the ASMD would be below 0.28 (see Tipton
et al., 2015 for a discussion). In this boxplot, these two values are indicated with horizontal
lines as a tool to help assess similarity.
Generalizability Index Results
OCR Study
The school-level generalization analysis performed best for the OCR study, compared to the
EM study. When comparing the sample of experimental schools to the originally deﬁned
population of schools in districts that use OCR, the generalizability index was calculated to
be 0.61, indicating low to medium generalizability. As Figure 2 illustrates (see “0UN”), the
covariate ASMDs averaged 0.33, with a maximum of 0.79, and 9 of the 17 were statistically
different. In particular the largest differences were with respect to student demographics, as
well as measures of educational attainment and poverty in the associated school district. For
example, experimental schools were Whiter, and were in districts that had lower education
levels, lower median incomes, and lower district revenues. We therefore sought a subpopulation in which the similarity between the experimental schools and population was higher,
thus increasing the ability to make generalizations.
SITE SELECTION IN EXPERIMENTS
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The ﬁrst subpopulation was deﬁned to maximize the population size conditional on the
generalizability index being larger than 0.80. This subpopulation deﬁnition was based upon
two covariates: district size and the proportion of students in a school that qualiﬁed for free
or reduced-price lunch. As Table 3 highlights, the distribution of district size differed
markedly between the experiment and original population, with the experiment including
smaller districts (mean number of students D 5,957; max D 12,350) than the original population (mean D 35,590; max D 288,300). Schools in the experiment also typically served
poorer students (min proportion free and reduced-price lunch D 16.8%; 1st quartile D
50.1%) versus the population (min D 0%; 1st quartile D 35.1%). Subpopulation 1 therefore
excluded schools in the original population from larger school districts (i.e., >12,350 students) or with wealthier students (i.e., <16.8% free or reduced-price lunch). This increased
the generalizability index to 0.81, representing about 42% of the schools in the original user
population.
The second subpopulation was deﬁned to maximize the generalizability index (B D 0.87),
resulting in a subpopulation with high to very high generalizability. This subpopulation deﬁnition differed from the original population in relation to three variables: district size, district
income, and school racial composition. Again, schools in the experiment were from smaller districts than in the original population. The experimental schools were also from poorer districts
(mean median income D $43,810; max D $60,290) versus the original population
(mean D $53,610; max D $229,700). Finally, schools in the experiment typically had fewer
Hispanic students (mean D 13.9%, max D 59.5%) than the population (mean D 28.2%;
max D 100%). This subpopulation was thus deﬁned to only include schools in the original OCR
population from smaller districts (i.e., <12,350 students), with smaller proportions of Hispanic
students (i.e., <59.5%), and lower median incomes (i.e., <$60,290). This subpopulation was
more restrictive and accounted for only 29% of the original population of schools using OCR.
As Table 3 and Figure 2 illustrate, the experimental sample is much more similar to both
subpopulation 1 and 2 than the original user population. Here subpopulation 2 is best, with
only two covariates being statistically signiﬁcant (versus nine in the original population),
and with improved average ASMDs (mean D 0.16; max D 0.48). Here the main difference
between subpopulation 1 and 2 is with respect to racial composition. Also indicated in
Figure 2, poststratiﬁcation and inverse-propensity weighting do not do a good job here further reducing these biases. We therefore conclude that the best case for generalization in the
OCR study is to use the usual sample treatment effect estimate (with district ﬁxed effects),
and that this estimates the average treatment effect for subpopulation 2.
EM Study
In comparison to the OCR study, making generalizations from the EM study is more difﬁcult. When comparing the ﬁnal study sample to the originally deﬁned population of EM
users, we ﬁnd many large differences. Here the generalizability index is lower (B D 0.57),
and the covariate ASMDs are larger (mean D 0.70, max D 1.32), with nearly all of them
being statistically signiﬁcant. Like the OCR study, the largest differences here pertain to
demographics and measures of inequality. Here, however, schools in the experiment are less
White and more African American than the original population, and are in districts with
higher poverty rates and lower median incomes and education levels.
As in the OCR study, the ﬁrst subpopulation was deﬁned to maximize the population size
for a ﬁxed generalizability index (here B > 0.75). This resulted in two variables: school size
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and adult education levels. Like the OCR study, schools in the experiment were from districts that were smaller on average (i.e., mean number of students D 9,789; max D 14,770)
than those in the originally deﬁned population of schools using EM (mean D 29,530; max D
288,300). Additionally, schools in the experiment were from districts with fewer students
with low education levels (min percent less than 9th grade D 5.4%; mean D 7.7%) versus the
original population (min D 0%; mean D 5.7%). Subpopulation 1 was therefore deﬁned to
include only schools in districts using EM that were not large (i.e., <14,770 students) and
with lower education levels (i.e., >5.4% with less than 9th-grade education). This resulted in
a generalizability index of 0.76, which represented only about 18% of the original population.
The second subpopulation was deﬁned so as to maximize the generalizability index; this
resulted in a generalizability index of 0.81, which indicates high generalizability. In addition
to the previous two variables used to deﬁne subpopulation 1, this subpopulation focused on
a third difference: the proportion of students that were English Language Learners (ELL).
Schools in the experiment typically included fewer ELL students (mean % ELL D 2.7%;
max D 17.2%) than those in the population of schools using the EM program
(mean D 9.0%; max D 85.1%). Subpopulation 2 was thus deﬁned as those schools in districts
using EM that were not large (i.e., <14,770 students), with lower education levels (i.e.,
>5.4% with less than 9th-grade education), and with fewer ELL students (i.e., <17.2% ELL).
This subpopulation was notably smaller, representing only 14% of the original population.
As Table 3 and Figure 2 illustrate, like in the OCR case, the experimental sample is much
more similar to both subpopulations than to the original EM user population. Of the two,
the experimental sample is most similar to subpopulation 2, and these degrees of similarity
are best when a poststratiﬁcation estimator is used. This is both in terms of ASMDs (mean
D 0.26; max D 0.54) and the number that are statistically signiﬁcant (7 versus 16). We therefore conclude that the best case for generalization here is to use a poststratiﬁed sample treatment effect estimate (with district ﬁxed effects), and that this estimates the average
treatment effect for subpopulation 2. Importantly, however, while poststratiﬁcation will
improve balance here, it will also likely result in an estimate with standard errors that are up
to about 49% larger (i.e., xVIF D xSwpj2/wsj D 1.49; see Tipton, 2013).
Conclusion
In this section we provided an inclusion/exclusion criteria-based method that allows for
researchers to deﬁne subpopulations where results of a study may best apply. The method is
based upon an originally deﬁned inference population and can include a large set of potential covariates. Importantly, the process can be partially automated. Readers interested in
applying this to their own analyses should contact the lead study author.

Discussion: Lessons for the Future
In the previous two sections, we offered new approaches to evaluating the generalizability of
results from large-scale experiments. The ﬁrst approach focused on better understanding the
similarities and differences between the types of school districts that agree to take part in
large-scale experiments (and those that do not), while the second section provided a novel
approach to assessing and determining where the results of a study might actually apply
(when the results do not generalize well to the originally deﬁned inference population).
Throughout we have situated this discussion in terms of two IES scale-up studies, each with
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a prespeciﬁed inference population. In this section, we distill our ﬁndings into lessons for
future studies and for future research.
Lesson 1: Preregistering Your Inference Population
The analyses conducted here were enabled by the fact that inference populations of interest
were deﬁned at the study outset. The original selection of covariates, while not discussed in
full here, resulted from a long discussion regarding understandings of how the program
worked, features regarding implementation, and prior research on treatment effect heterogeneity. By having this conversation up front, information on the districts that were contacted,
including feedback from these districts, could be tracked, and features of the districts compared using publicly available data. Additionally, the assessment of generalizability could be
conducted based on this prespeciﬁed inference population and covariate set, with a focus on
ﬁnding possible subsets where the results generalize well.
This focus on prespeciﬁed population deﬁnitions and covariate speciﬁcations is similar to
the focus on prespeciﬁed analyses in experiments and in meta-analysis (see e.g., the
Campbell Collaboration; http://www.campbellcollaboration.org/), with the focus here on
reducing bias resulting from poststudy knowledge of recruitment difﬁculties. For example,
this bias could arise if at the study design phase researchers felt that it was important to stratify on school size, but noticing that only large schools took part in the experiment, decided
post hoc that school size wasn’t important for generalization after all.
Although focusing on the prespeciﬁed population reduces this “researcher” bias, it can
also limit the ability of the research team to implement knowledge gained in the study itself
in the analysis. For example, during the course of the experiment it may become clear that
there are particular school features that are necessary for the program to be implemented
well, and these features may not have been included in the original inference population definition. The solution here is similar to that of outcome analyses in experiments—to focus on
the original inference population as the “conﬁrmatory” (or primary) analysis, and to consider other possible inference populations as “exploratory.”
Lesson 2: Development of Incentives
Recruitment was much more difﬁcult in these scale-up studies than initially anticipated. The
original study design assumed that a cross-over design (which was economical as well)
would incentivize involvement because every school taking part would receive a program.
However, in practice this was not always correct because many districts were in need of only
one core program, not two. Furthermore, some districts did not like the idea of school-level
randomization, which resulted in different programs in different schools within a district
(leading to difﬁculties with teacher development and problems for students switching
schools).
An additional unanticipated problem was that simultaneous to these studies, the
Common Core State Standards (CCSS) implementation and testing began. This meant that
many districts were focusing their limited resources on CCSS and were not interested in adding to this uncertainty by implementing a new curriculum or experiment. Finally, as the
implementation analysis shows, districts that actively said “no” tended to be wealthier than
those that said “yes”; this trend continued in the school-level generalization analysis, making
16

E. TIPTON ET AL.

it difﬁcult (or impossible) for the results to generalize well to the original target populations.
This suggests that to the degree that the original study design did incentivize some districts
to take part, it did so differentially, particularly with respect to measures of wealth (i.e.,
median income, free or reduced-price lunch rates).
Altogether this suggests that there is work to be done in understanding what incentivizes
districts and schools to take part in studies, how to increase this participation, and how
incentive structures can be developed that are targeted to different subpopulations. What
incentivizes a “rich” district to take part in a study may be different than a “poor” one, for
example, or an urban versus a rural district.
Lesson 3: Recruitment Planning
The IES grant process, as it currently stands, does not allow time or money to be allocated to
recruitment. In many instances letters of support are required at the time of application,
indicating that recruitment is complete. However, work by Spybrook (2013) indicates that
very often recruitment continues after a grant has been disbursed, and can often continue
long past the anticipated due date. As this article shows, recruitment in these cases can easily
become ad hoc, based on the single-minded goal of achieving the required sample for power,
with less of a focus on generalizability.
One lesson from this study is that considerable work needs to go into developing recruitment plans for a study, including being built into project budgets and timelines. When not
written in, researchers often fall back on the easiest-to-implement and least expensive
options—including postcards, e-mail blasts, and unsolicited phone calls—and as this article
shows, these tools are often not that effective in generating a sample. A better recruitment
plan might involve some effort to think, in advance (at the study design phase), about how
to best reach and motivate district or school ofﬁcials making decisions, including help with
entree from a research organization, a publisher partnership, or a letter directly from the
funder. Additionally, it may be that more costly but targeted recruitment could be more
effective, for example, focusing intensely on the development of relationships with a handful
of targeted, representative districts instead of reaching out more broadly.
Lesson 4: Narrow Generalizations
The second section of this article focused on comparisons between the originally deﬁned
inference populations and samples in the experiments. As the analyses indicate, the resulting
experimental samples differed in large and marked ways from these populations, making
inferences to the populations of schools in districts using EM and OCR impossible. The analysis suggests that in each case inferences may be made to particular subpopulations of
schools using the programs. In the OCR study, the experimental sample of schools was
found to be most similar to subpopulation 2, which included a little less than one third of
the population of schools using OCR. In the EM study, however, this inference population
was much smaller, with the experimental sample representing an even smaller fraction of
schools (14%) in the population of schools using EM. In this case, however, the best estimator also required poststratiﬁcation, which will likely lead to precision losses.
A difﬁculty with this approach to generalization is to explain clearly how to conceptualize
these subpopulations. Certainly geographic conceptualizations of populations are simplest;
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for example, it would be much easier to refer to the results generalizing to a particular state
or geographic region than to the subpopulations developed here. However, researchers in
both the probability sampling and research synthesis communities commonly use conceptualizations of this type when describing target populations. Although not as simple to visualize, we argue that this inclusion/exclusion criteria approach may be most useful in many
generalizations from experiments. For example, here the average treatment effect calculated
in the OCR study can be seen as generalizing to the type of schools that typically use OCR
but that are in small to medium-sized districts with lower median family incomes and
smaller Hispanic student enrollments. Similarly, the poststratiﬁed average treatment impact
estimate in the EM study generalizes to the type of schools typically using EM but that are in
small to medium-sized districts with lower education levels and with only a small number of
English Language Learners. When interpreting results, researchers and policymakers must
then simply ask if their school (or group of schools) meets these criteria or not.
Lesson 5: District Size
Interestingly, throughout our analyses of both recruitment trends and the assessment of generalization, the role of district size arose again and again. In the recruitment analysis, we realized that over time, recruiters began to focus on larger districts because they brought with
them a larger number of schools. In the generalization analyses, unexpectedly this variable
became an important way to deﬁne subpopulations for generalization. Although this variable
was not originally expected to affect average treatment effects, it was correlated with variables that were, and thus by excluding districts based on size the similarity between the sample and population improved. Importantly, the ﬁnding here was that the districts that
needed to be excluded were very large districts, meaning that although recruiters had moved
toward recruiting larger districts, those recruited still were not the largest.
This ﬁnding is important and suggests that district size may be thought of as a proxy for
other school and district features that affect treatment effects and implementation, and
should therefore be included in future stratiﬁcation plans for generalization. Importantly, it
does not mean that researchers should focus only on large districts, but instead that an
awareness of the distribution of district size in the intended population should be known
and efforts to recruit broadly across these sizes are important. Alternatively, if such diversity
is deemed impossible (for budgetary reasons), then the inference population can be deﬁned
clearly in relation to district size from the beginning of the study. Either way, it is a variable
that researchers should think about carefully, both in planning for recruitment and for
generalization.

Conclusion
Throughout this article, we have argued that evaluating the recruitment process and conducting a generalizability analysis are important processes central to increasing the relevance
of evaluations to practitioners and researchers. To our knowledge, this is the ﬁrst article to
focus entirely on these issues, including a full discussion of potential bias resulting from
refusals and from differences between the resulting sample and populations. By keeping
good recruitment records and “auditing” these records, we’ve been able to better understand
where differential refusals occur and what the implications of these may be for practice.
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Finally, by sharing the story of recruitment, including a CONSORT-type ﬁgure regarding
the recruitment process, as well as a refusal analysis, we hope to start a conversation regarding effective strategies for recruitment, the development of incentives, and the best
approaches for improving generalization outcomes in future evaluations. We see this work
as being just as central to the evaluation literature as work on attrition bias, noncompliance,
and implementation—all areas of research with large and rich literatures. Furthermore, by
providing a discussion of generalizability—generated directly by the researchers themselves,
based on prespeciﬁed covariates—we hope to offer evaluators a direct method for providing
feedback to practitioners and policymakers regarding where the causal results of their studies
may apply, and where future work needs to be conducted.
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