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Background / Context:
With research indicating substantial differences among teachers in terms of their effectiveness
(Nye, Konstantopoulous, & Hedges, 2004), a major focus of recent research in education has
been on improving teacher quality through professional development (Desimone, 2009; Institute
of Educations Sciences [IES], 2012; Measures of Effective Teaching project [MET], 2012;
Wayne, Yoon, Zhu, Cronen, & Garet, 2008). Notwithstanding widespread support for the
development of teachers, there is a growing recognition of the lack of reliable empirical evidence
concerning which features and programs of professional development are effective (Wayne et al.,
2008). Consequently, there has been strong interest in supporting research that can inform the
design of effective professional development programs (Desimone, 2009; IES, 2012; Wayne et
al., 2008; Garet et al., 2011). For instance, through many different programs and topics, the
Institute of Education Sciences (IES) has funded dozens of projects that targeted the professional
development of teachers and has recently established an entire program devoted to research on
effective strategies for improving teacher quality through professional development (IES, 2012).
Despite the national emphasis on improving teacher effectiveness and development, there
has been little research discussing how to effectively design and implement teacher professional
development studies (Wayne et al., 2008). Perhaps because of this lack of research, examples of
professional development studies with high quality designs have been rare. A recent review of
professional development studies found that less than one percent of studies sampled offered
designs that would permit rigorous causal inference (Yoon et al., 2007). For these reasons, the
field has called for more studies that evaluate the effectiveness of professional development
programs on valued outcomes using rigorous designs (Barrett et al., 2012).

Purpose / Objective / Research Question / Focus of Study:

In this study, we empirically examined the comparative power and practical viability of several
different types of cluster randomized trials in professional development studies. We outline why
such designs are well suited for studies of many professional development programs. We then
report estimates for parameters needed to plan such studies and use the estimates to explore the
comparative efficiency of several designs. We examined three primary questions:

1) What is the variance decomposition of teacher knowledge outcomes across teachers, schools,
and districts? The precision of treatment effect estimates and the statistical power of group
randomized designs fundamentally depend on the variance decomposition across levels. Despite
recent shifts in research and funding priorities emphasizing the value of carefully designed
studies, research on study designs for the evaluation of professional development programs has
lagged well behind its student outcome counterparts (e.g., Borko, 2004; Wayne et al., 2008;
Yoon et al., 2007; Hedges & Hedberg, 2013). Our work aims to fill this gap by providing
empirical estimates of the variance decomposition across levels for multiple teacher outcomes.
2) To what extent is there evidence that covariance adjustment on pretreatment covariates such
as a pretest, teacher certification, or demographic covariates can reduce the sample size
necessary to achieve a desired power level? An important conclusion from previous statistical
and empirical studies of group randomized designs is that adjusting for differences on key
covariates can substantially improve the power to detect treatment effects if they exist
(Raudenbush, 1997). In many instances, the explanatory power of a pretest can be used to
dramatically reduce the sample size necessary to adequately power a study and substantially
lower the cost of the study (e.g., Bloom, 2005; Hedges & Hedberg, 2007). We examined the
value of adjusting for a pretest as well as several school and teacher variables.
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3) To what extent is there evidence that blocking on districts can reduce the sample size
necessary to achieve a desired power level? Literature has demonstrated that multisite group
randomized designs which assign treatments within blocks defined by hierarchical units can
often be an effective strategy to reduce the sample sizes necessary to achieve a desired power
level. We examined the value of designs which randomly assign intact schools within each
district to treatment conditions and compared them to designs which randomly assign schools to
treatments and ignore districts and designs which randomly assign intact districts.

Population / Participants / Subjects:

The data we report on in this proposal comes from over 10,000 teachers and 3000 schools, 200
districts and span five different teacher knowledge outcomes: (1) Elementary School Number
Concepts and Operations, (2) Elementary School Patterns, Functions and Algebra, (3) Grade 4-8
Geometry, (4) Middle School Number Concepts and Operations and (5) Middle School Patterns,
Functions and Algebra (e.g., Hill, Rowan & Ball, 2005; Hill et al., 2008).

Research Design:

A key feature of most professional development programs is that they are designed for and
implemented by intact schools/districts because they are intended to promote and leverage social
processes and learning (Borko, 2004). The active collaboration of teachers as they integrate
professional development into their daily practice is often seen as critical features of effective
professional development. Literature has consistently emphasized the importance of establishing
study designs that align with the theories underlying programs being studied (e.g., ‘theory-
driven’; Chen & Rossi, 1983).

Single level designs which assign teachers within schools to different conditions have the
potential to undercut the validity of study results because they must either eliminate
collaboration altogether or allow collaboration across treatment conditions. Eliminating
collaboration from the study may misrepresent or distort the theory of action underlying the
effectiveness of the given professional development program because it suppresses the specific
collaboration efforts among teachers that are thought to cultivate change. Similarly, allowing
collaboration across treatment and control may introduce treatment diffusion because control
teachers may receive some unknown portion of the treatment (Bloom, 2005). In turn, this
diffusion obscures treatment-control contrasts and potentially violates the stable unit treatment
value assumption. In this way, group-randomized designs are well suited for studies of
professional development because they can accommodate programs that are delivered to intact
groups (e.g., schools/districts), the collaborative nature of many professional development
programs, and extant teacher/school assignments.

Significance / Novelty of study:

A principal consideration in professional development studies is the power with which a design
can detect effects if they exist (e.g., Raudenbush, 1997). Though group designs may be
theoretically favorable, prior research has suggested that they may be challenging to conduct in
professional development studies because well-powered designs will typically require large
sample sizes or expect large effect sizes. To assess and address these challenges, we report
empirical evidence of the magnitude of clustering of teachers within schools and districts and the
extent to which the efficiency of group randomized designs can be improved upon through
covariance adjustment and/or blocking on districts.

Statistical, Measurement, or Econometric Model:
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We focused on three particular designs which randomly assign interventions to (a) intact schools
(disregarding districts), (b) intact districts, or (c) intact schools within blocks defined by districts.
We examined the comparative performance of these designs under unconditional specifications
and specifications that adjusted for the covariance of the outcome with pertinent covariates such
as the pretest. The work we report in this proposal focuses on estimates of two parameters that
are central to the planning and design of group randomized studies: intraclass correlation
coefficients (ICCs) and variance explained at each level (R?) (Raudenbush & Bryk, 2002).
Models. We estimated values of the design parameters using two and three level
hierarchical linear models. For brevity we only outline the two level models which consider
teachers nested within schools and ignore districts. We modeled the outcome, Y, for teacher i in

Yy=B+e;  &~N007) (1)

Boi =V +ty; Uy, ~N(0,07)

Here, fy; is the school-specific intercept, ¢;; is the teacher-specific residual, ygo 1s the grand mean
and u; is the random effect for school j. The unconditional ICC associated with this model was

estimated as p=0,/(c,+07) (1)

To estimate the variance explained by the different covariate sets, we expand equation (1)

»
Yy =P+ 2 By(X =X, )48 & ~N(O.0,)
p=l1

school j as

to include covariates

, (2)
ﬂOj:?/OO-{_Z}/Opoj—Fqu qu~N((),O'fw)
p=1
with X,,;; as covariate p for teacher 7 in school j (group-mean centered) with associated regression
coefficient f3,; and X, to indicate the school level average with coefficient yg,. Residual

variance, o, , and school variance, o, , represent the adjusted variation in the outcome

conditional upon the respective covariate set. Accordingly, we estimated the proportion of
variance explained by a covariate set as

R, =(0.-03,)/0o. and R;=(c,-0,,)/0, @))
at the teacher and school levels. Here o, 0,07, and o, represent the unconditional teacher

level variance, the conditional teacher level variance, the unconditional school-level variance,
and the conditional school level variance, respectively. We examined multiple sets of covariates
but for brevity only highlight models conditional on the pretest.

An important implication of the magnitude of the ICC and explanatory power of
covariates is their impact on the sample size needed to adequately power a study to detect an
intervention effect. A common way to summarize this implication is to estimate the minimum
detectable effect size (MDES) for designs with varying sample sizes at each level (Bloom, 2005).
Our work considered balanced unconditional designs as well as designs that conditioned on the
covariates. For brevity, we outline MDESs for only two level school randomized designs which
ignore district membership (but also consider 3 level designs in the full paper).We estimated the
two level MDESs using

wipEs < Moz AR AU AP (5)
Jra-p V' J RN

where J was the number of schools, C was the number of covariates, and M was a design

multiplier such that, M ~¢ , +1_ for a ¢ distribution with J-2-C degrees of freedom. Further, P
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was the proportion of schools assigned to treatment, o; and o’ were the school and teacher

level variances, R, and R, were the variance explained at the school and teacher levels.

Findings / Results:
Empirical Estimates. The variance decomposition results suggested substantial clustering among
teachers within schools and within districts (Tables 1 and 2). Two level variance decompositions
using hierarchical linear models with teacher nested within schools indicated that the variance
attributable to differences among schools ranged from a low of 0.17 in the middle school number
concepts and operations outcome to a high of 0.33 in the elementary geometry outcome (Table
1). Three level variance decompositions with teachers nested within schools nested within
districts indicated that the variance attributable to (a) differences among schools ranged from a
low of 0.03 in the elementary school number concepts and operations outcome to a high of 0.21
in the elementary geometry outcome and (b) differences among districts ranged from a low of
0.11 in the elementary school geometry outcome to a high of 0.18 in the elementary school
patterns, functions, and algebra outcome (Table 2). Subsequent analyses suggested that a
substantial portion of the variance attributable to each level was accounted for by teachers’ prior
abilities (Tables 3 and 4). Our results suggested that the precision of estimates and the statistical
power of designs for studies of professional development with teacher knowledge outcomes will
tend to be influenced by the clustering, covariance adjustment and blocking on districts.
Implications for Design. Using the estimates of the design parameters, we calculated
MDES for different designs. For brevity we only present the MDES results for the unconditional
designs for a few sample sizes but note that there are important differences in power under
several conditional (e.g., on pretest) designs. A useful example is to choose a typical number of
schools for a design and examine how MDESs vary. A typical sample in many studies using
student outcomes is somewhere between 30 and 50 schools. To make our example concrete we
estimated MDES for designs that use 10 districts with 3 or 5 schools per district and 4 or 10
teachers per school. Under the assumption that there are no district-by-treatment interactions and
fixed effects are used to account for the district blocking, Table 5 displays the MDESs under
several designs and sample sizes. Our results suggested that multisite school randomized designs
tended to be the most efficient. On average, the multisite school randomized design tended to be
able to detect effect sizes 20% smaller the school randomized designs (which ignore districts)
and effect sizes 50% smaller than district randomized designs.

Conclusions:

A significant implication of the magnitude of the intraclass correlations for teachers in schools
and districts 1s that group randomized studies of professional development interventions will tend
to need large sample sizes or expect large effect sizes. However, the current work also highlights
the efficacy of two established paths to improving the efficiency of study design and thereby
reducing the sample sizes necessary to achieve a predetermined power level. Our results first
suggested that covariance adjustment for prognostic covariates often provides substantial gains
in efficiency. Similarly, our results suggested that blocking on districts improves efficiency.
Collectively, the analyses suggested that covariance adjustment and/or blocking on districts has
the potential to transform designs that are unreasonably large for professional development
studies into viable studies. Despite the promising results, we are cautious to note that there are
several limitations of our study including our consideration of only one type of professional
development outcome and the nature of our sample. As a result, the extent to which the results
might generalize to other samples or apply to other outcomes is unknown.
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Appendix B. Tables and Figures

Table 1

Two Level Unconditional Variance Components and Confidence Intervals by Outcome
Outcome ICC | Low | High

Grade 4-8 Geometry 33 27 37

Elementary School Number Concepts & Operations .19 .16 21

Elementary School Patterns, Functions & Algebra .29 25 32

Middle School Number Concepts & Operations 17 A1 22

Middle School Patterns, Functions & Algebra 27 24 .30

Note: 1CC is intraclass correlation coefficient of teachers nested within schools (ignoring

districts)

Low refers to the lower bound of the 95% bootstrapped confidence interval
High refers to the upper bound of the 95% bootstrapped confidence interval
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Table 2
Three Level Unconditional Variance Components and Their Confidence Interval by Outcome

Schools Districts
Outcome ICC | Low | High | ICC | Low | High
Grade 4-8 Geometry 21 15 | 25 | .11 | .03 | .17
Elementary School Number Concepts & Operations | .03 | .01 | .05 | .13 | .10 | .16
Elementary School Patterns, Functions & Algebra 051 .02 .07 | 18| .13 | .22
Middle School Number Concepts & Operations .03 1| .00 | .09 | .13 | .07 | .17
Middle School Patterns, Functions & Algebra A4 1 10 | .17 | 13 | .09 | .16

Note: 1CC is intraclass correlation coefficient of teachers nested within schools and nested within
districts

Low refers to the lower bound of the 95% bootstrapped confidence interval

High refers to the upper bound of the 95% bootstrapped confidence interval
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Table 3
Proportion of Variance Explained by Pretest for Each Outcome for Two Level Models

Outcome Teachers | Schools
Grade 4-8 Geometry .09 25
Elementary School Number Concepts & Operations .05 21
Elementary School Patterns, Functions & Algebra .03 14
Middle School Number Concepts & Operations .09 24
Middle School Patterns, Functions & Algebra .06 .36
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Table 4
Proportion of Variance Explained by Pretest for Each Outcome for Three Level Models

Outcome Teachers | Schools | Districts
Grade 4-8 Geometry .09 32 .08
Elementary School Number Concepts & Operations .05 21 .16
Elementary School Patterns, Functions & Algebra .03 A1 .10
Middle School Number Concepts & Operations .09 .60 22
Middle School Patterns, Functions & Algebra .06 46 23
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Table 5

Minimum Detectable Effect Sizes for Two Level School Randomized, Three Level District
Randomized, and Multisite School Randomized Designs with Selected Sample Sizes

Two Level School

Randomized

Three Level District
Randomized

Three Level Multisite
(Blocked on Districts)
School Randomized

Districts

NA

10

10

Schools

30

50

3/district

5/district

3/district

5/district

Teachers/school

4

10

4

10

4

10

4 10

4

10

4

10

Grade 4-8
Geometry

0.75

0.67 | 0.57

0.51

0.98

0.91

0.87 | 0.82

0.67

0.57

0.50

0.43

Elementary
School Number
Concepts &
Operations

0.66

0.55]0.51

0.42

0.93

0.83

0.851(0.79

0.53

0.37

0.40

0.28

Elementary
School Patterns,
Functions &
Algebra

0.72

0.64 | 0.55

0.49

1.03

0.95

0.97 1 0.92

0.53

0.39

0.40

0.30

Middle School
Number
Concepts &
Operations

0.65

0531 0.5

0.41

0.93

0.83

0.8510.79

0.53

0.37

0.40

0.28

Middle School
Patterns,
Functions &
Algebra

0.71

0.62 | 0.54

0.47

0.84

0.73

0.76 | 0.68

0.61

0.50

0.46

0.38
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