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Much of child care research has focused on the effects of the quality of care in early childhood settings
on children’s school readiness skills. Although researchers increased the statistical rigor of their
approaches over the past 15 years, researchers’ ability to draw causal inferences has been limited
because the studies are based on nonexperimental designs. The purpose of the present study was to
demonstrate how an instrumental variables approach can be used to estimate causal impacts of
preschool center care quality on children’s academic achievement when applied to a study in which
preschool curricula were randomly assigned across multiple sites. We used data from the Preschool
Curriculum Evaluation Research Initiative (PCER; n ⫽ 2,700), in which classrooms or preschools were
randomly assigned to that grantee’s treatment curriculum or “business as usual” conditions in 18 research
sites. Using this method, we demonstrate how developmental researchers can exploit the randomassignment designs of multisite studies to investigate characteristics of programs, such as preschool
center care quality, that cannot be randomly assigned and their impacts on children’s development. We
found that the quality of preschool care received by children has significant, albeit modest, effects on
children’s academic school readiness, with effect sizes of .03 to .14 standard deviation increases in
academic achievement associated with a 1 standard deviation increase in quality. Applications and
potential policy implications of this method are discussed.
Keywords: child care quality, instrumental variables, PCER data

over the past 15 years and have employed a variety of methods to
reduce bias, ranging from using entry skills as covariates to employing regression discontinuity designs (Burchinal, Magnuson,
Powell, & Hong, in press; Pianta et al., 2009). None of the
previous studies, however, have been able to account for all
observed and unobserved potential sources of bias and thus have
not been able to confidently estimate causal effects. The purpose of
this study was to demonstrate how an econometric technique,
instrumental variables (IV), can be used with multisite experimental data to estimate causal effects for topics within child development that cannot be tested in random assignment studies (Crosby,
Dowsett, Gennetian, & Huston, 2010; Gennetian, Magnuson, &
Morris, 2008). We used the example of understanding the effect of
center care quality on preschool children’s academic achievement.

Causal inferences in many developmental questions are limited
because experimental variation is either infeasible or unethical. For
example, a large research literature investigates the associations
between early childhood care and education and children’s academic outcomes (e.g., Mashburn et al., 2008; National Institute of
Child Health and Human Development (NICHD) Early Child Care
Research Network, 2002; Pianta, Barnett, Burchinal, & Thornburg,
2009). Child care researchers have paid increasing attention to
concerns about drawing conclusions from observational studies
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Instrumental Variables
Instrumental variables (IV) is a method that allows for estimating causal effects from observational data when certain conditions
are met. This approach is predominately used in economics (e.g.,
Angrist & Krueger, 1991, 2001; Angrist & Pischke, 2008); however, there is increased interest in using this statistical technique to
test for causal effects within developmental research (e.g., Crosby
et al., 2010; Gennetian et al., 2008). The IV approach requires the
identification of variables (instruments) that are moderately to
strongly related to the predictor of interest and that serve as the
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only conduit through which the predictor has an impact on the
outcome.
The difficulty of finding variables meeting both criteria has
limited the method’s use in developmental psychology (e.g., Gennetian et al., 2008; Loeb, Fuller, Kagan, & Carrol, 2004). However, several studies have demonstrated the effectiveness of analyzing multisite experimental data by using treatment and
treatment-by-site interactions as instruments in an IV analysis
(Bloom, Zhu, & Unlu, 2010; Duncan, Morris, & Rodrigues, 2011;
Gennetian et al., 2008; Ludwig & Kling, 2006), and recent studies
have applied this methodology to the study of the determinants of
children’s development (Crosby et al., 2010; Duncan et al., 2011;
Gennetian et al., 2008).
These articles illustrate how, if assumptions are met, the method
can eliminate several problems that limit causal inference in developmental science, including selection of individuals into treatment conditions as well as bias due to measurement error in
predictor variables (Duncan, Magnuson, & Ludwig, 2004). The IV
method eliminates selection and measurement error bias because it
uses only the portion of the variation in the independent variable of
interest (child care quality in the present case) that is caused by the
instrumental variables (treatment and treatment by site interactions
in the present case). In effect, it tests whether sites with the largest
experimental impacts on the key independent variable (in this case,
center care quality) are also the sites with the largest experimental
impacts on the dependent variable (in this case, children’s academic achievement).
Treatment effects on the independent variable of interest (center
care quality) can be viewed as causal due to random assignment of
treatment. Instrumental variables techniques use variation across
sites in the treatment effects on the independent variable of interest
to produce a predicted value of the predictor, where the prediction
is based only on treatment-by-site variability. This variation is
purged of both measurement and selection errors that may bias the
estimate of the independent variable of interest. It is purged of bias
that could be caused by observed or unobserved factors that could
account for quality effects because random assignment determined
which settings (schools or classrooms in our case) received the
treatment or control condition, and thus, using variability across
sites of within-site treatment effects on quality, eliminates the
impact of those potential selection biases.
Instrumental variables methods reduce measurement error bias
because child outcomes are a function of predicted (not actual)
values of the independent variable of interest. These predicted
values have been purged of idiosyncratic aspects of, in our case,
center care quality. IV analyses that capitalize on random assignment of treatment in multiple sites have been applied to estimate
the effect of the type of preschool care on the child’s externalizing
behavior (Crosby et al., 2010), the effect of maternal education on
preschooler’s cognitive and school outcomes (Gennetian et al.,
2008), and the effect of family income on young children’s academic achievement (Duncan et al., 2011).
An IV analysis using multisite experimental data typically consists of a “two-stage” regression procedure. The IV analysis begins
with a regression analysis of the predictor of interest as a function
of site, treatment, site by treatment, and covariates. The predicted
values (of center care quality in our case) from this first-stage
regression become the instrumented variable used in the second
stage analysis. In the second stage, a regression analysis is per-

formed in which the outcome variable (academic school readiness
skills in our study) is analyzed as a function of this predicted
variable (predicted center care quality in our case), site, and
covariates. The model underlying our IV analysis is shown below:
Predictor ¡ Mediator ¡ Outcome
Treatment ⫻ Site ⬎ change in classroom quality ⬎ change in
child outcomes.
It is first important to note that the first stage predicts the
mediating variable (center care quality) from the differential impact of the treatment curricula across the study sites. We expected
differential impact of the treatment across sites because there were
multiple curricula being tested compared with one curriculum
being implemented across multiple sites. It is presumed that treatment has its impact on child outcomes through changing center
care quality as defined by the quality of the child’s experiences in
her or his preschool care setting. The site by treatment interactions
serve particularly well as instruments because treatment was randomly assigned at the site level and is therefore conceptually
independent of child performance at the beginning of the study. To
be successful, there must be considerable variability in treatment
effects on quality across sites, which is tested by the F statistic for
adding the instrumental variables (treatment and treatment by site
interactions) to the first-stage prediction equation.
Employing the results from the first-stage analysis (e.g., predicted center care quality from the treatment and site by treatment
interactions) as the predictor of interest in the second stage leads to
an unbiased estimate of the quality variable’s impact on the outcome(s) of interest (e.g., academic achievement). This is because
the variation induced in the quality measure from the instruments
is “pure,” meaning free from selection bias and measurement error.
A potential source of bias in the IV estimates arises if other
predictors also mediate the effect of the treatment and its cross-site
variation on child outcomes. As in more conventional regression
models, these predictors should also be included in the analysis
(which in the case of IV amounts to predicting them with additional first-stage regressions and also including their predicted
values in second-stage regressions). Because in our data the treatment and treatment by site interactions in multisite experimental
studies provided multiple instruments, it would be possible for us
to estimate multiple-mediator IV models (see Crosby et al. (2010);
Duncan et al. (2011), and Gennetian et al. (2008)).
Other possible factors that influence children’s school readiness
in preschool include teacher qualifications, including teacher education level and specific courses taken, hours in care, studentteacher ratio, and peer effects (Burchinal et al., in press). However,
for the Preschool Curriculum Evaluation Research (PCER) Study
data analyzed here, the only part of the classroom that was manipulated was the instruction (i.e., implementation of new curricula), so the classroom quality measures used in the study should
capture this change. There was no systematic change in teacher
qualifications or in the peer composition of the classroom. Because
of this, these additional influences were not instrumented and were
not included in our study. Our study focused solely on the impact
of center care quality on children’s academic school readiness, but
other mechanisms of center-based care may influence child development, such as quantity of care, and past studies, using different
data sets, have examined this mechanism using an IV approach
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Center Care Quality and the Need for
Econometric Methods
Developmental theory suggests that the quality of child care
plays an important role in early development. Ecological theories
describe the impact of proximal to distal environments on children’s development, positing that, across multiple domains, highquality environments are necessary for children to reach their full
developmental potential (Bronfenbrenner & Morris, 2006). In this
view, children’s experiences in settings (i.e., microsystems) such
as the home and child care have strong effects on development
because of their proximity and the large amount of time children
spend in these microsystems. Important proximal processes for
young children within these settings include caregiver warmth and
responsiveness, stimulation, and opportunities for learning (e.g.,
Mashburn et al., 2008).
To date, few studies have been able to randomly assign center
care quality to determine its impact on school readiness. Instead,
most studies have utilized observational designs and relied on
measured covariates to account for potential differences in child,
family, and program characteristics that may be related to center
care quality (e.g., Duncan & Gibson-Davis, 2006). Several recent
meta-analyses (or studies employing meta-analytic techniques)
have extended prior studies on the effects of child care quality on
preschool children’s academic achievement and socio-emotional
development (Burchinal, Kainz, & Cai, 2011; Keys et al., 2013). In
these analyses, the “value-added” approach was used by including
the child’s entry skills as covariates. Unlike experimental studies,
these correlational designs cannot control for unmeasured confounds or for covariates that are not appropriately modeled (e.g.,
interactions or nonlinear effects), which can lead estimates to
either over- or understate the true impact of child care quality on
school readiness skills.
Increased focus on gains during a year in preschool resulted in
the use of a value-added type approach, where prior achievement
is taken into consideration and thereby may control for the child
and family factors that contributed to the entry skills, reducing bias
in the estimates (e.g., Burchinal, Kainz, & Cai, 2011; Howes et al.,
2008; Keys et al., 2013; Mashburn et al., 2008; NICHD Early
Child Care Research Network & Duncan, 2003). However, this
approach reduces but may not eliminate bias, because it assumes
that a prior achievement measure can control for all possible
confounding factors, whereas this may not be the case. In the
current study, we used an IV approach to eliminate bias and
determine the causal effect of center care quality on children’s
achievement. We hypothesized that when IV is used to estimate
center care quality effects, a significant positive effect on children’s academic achievement will be found, with effect sizes that
are larger than previously reported.

Method
Data
Preschool Curriculum Evaluation Research (PCER) Initiative Study. Beginning in 2003, 12 grantees around the United
States were funded to study the effect of preschool curricula on
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children’s academic and socio-emotional outcomes into kindergarten (Preschool Curriculum Evaluation Research Consortium,
2008). The PCER study was a multisite evaluation of preschool
curricula, where multiple grantees implemented and studied different curricula and their effects on classroom quality and children’s development. Each of the 12 grantees chose the curriculum
to be examined, with some grantees testing the effects of more than
one curriculum. A total of 14 different curricula were tested in 18
different locations. Each grantee was in charge of its own evaluation, thus curriculum effects cannot be compared with each other
as noted in the PCER report (Preschool Curriculum Evaluation
Research Consortium, 2008). Mathematica Policy Research
(Princeton, NJ) and Research Triangle Institute (Rockville, MD)
assisted with the evaluation of the curricula, so that data collection
and the type of data (i.e., parent and teacher interviews/surveys,
classroom observations, and child assessments) collected at each
site were consistent, allowing us to pool the data across sites.
Individual grantees were responsible for recruiting preschool
centers to participate in the study. These included Head Start (90 centers),
private child care (40 centers), and public preschool (180 centers),
with the majority of centers serving low-income children, and the
majority of the preschool or child care centers being full-day
centers (90%). For more information on the study, see Preschool
Curriculum Evaluation Research Consortium (2008). All sample
sizes are rounded to the nearest 10 in accordance with U.S.
Department of Education guidelines for restricted-use data.

Participants
At each grantee site, either classrooms within preschool centers
or entire centers themselves were randomly assigned to a treatment
(experimental curriculum) or control condition, depending on the
feasibility of being able to randomly assign classrooms within
centers. A total of approximately 3,000 children in 320 preschool
classrooms participated in the study. Because of feasibility issues
(including the fear of cross contamination across classrooms),
most research sites assigned only one curriculum to each center;
although a few sites randomly assigned both treatment and control
conditions within a center. Table 1 displays information about the
number of preschools, classrooms, and children who participated
at each site in the PCER study.
For our purposes, the samples from each grantee-level evaluation were pooled together into one data set to form our analysis
sample. Pooling the data was reasonable because we were not
interested in estimating the effects of individual curricula on
children’s achievement but instead in using the variation in curricula impacts across grantee sites to estimate the effect of program
quality on child outcomes. Examining characteristics of the overall
sample, we found families included in the PCER study were
racially diverse and predominately low-income.
The children were on average 4½ years old at the time of
random assignment (treatment ⫽ 54.66 months, control ⫽ 54.74
months) and were from families with a mean income of approximately $30,000 (treatment ⫽ $31,020, control ⫽ $29,310). The
majority of mothers in the sample were employed (treatment ⫽
67%, control ⫽ 64%), and approximately half were married (treatment ⫽ 48%, control ⫽ ⫽ 46%). Characteristics of children and
families were evenly distributed across control and treatment conditions, with no significant differences (p ⬍ .05) found. Table 2
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Table 1
Descriptive Information on Each Study Site Included in the Preschool Curriculum Evaluation
Research Consortium Study
Number of
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Site
Tennessee
North Carolina
Georgia
New Hampshire
Florida
Kansas
New Jersey
Texas
Florida (UNF)
Virginia
Florida (FSU)
California
New York
Wisconsin
Missouri
New Jersey

Curriculum evaluated
Bright Beginnings and Creative Curriculum
Creative Curriculum
Creative Curriculum with Ladders to Literacy
Curiosity Corner: Success for All
Doors to Discovery and Let’s Begin With the Letter
People
Early Literacy and Learning Model
Language-Focused Curriculum
Literacy Express and DLM Early Childhood Express
supplemented with Open Court Reading–Pre-K
Pre-K Mathematics supplemented with DLM Early
Childhood
Express Math Software
Project Approach
Project Construct
Ready, Set, Leap!

Preschools

Classrooms

Students

20
10
10
10
10
10
10
20

20
10
10
10
10
20
10
40

310
100
90
120
50
110
60
300

30
10
20

30
10
30

240
200
300

20

20

160

20
10
20
20

20
10
20
40

160
200
230
290

Note. Number of preschools, classrooms, and students is rounded to the nearest 10 in accordance with National
Center for Education Statistics data policies. UNF ⫽ University of North Florida; FSU ⫽ Florida State
University.

displays the demographic characteristics of the children and their
families.

Measures
Center care quality. In this article, we focused on estimating
the effects of several measures of process quality on child outcomes. The PCER study included quality measures that focused on
different aspects of the center care environment. Previous studies
have suggested that the quality of instruction and of teacher– child
interactions are the most important components for improving
academic outcomes (e.g., Mashburn et al., 2008; Phillips & Lowenstein, 2011). The interactions between caregivers and children
and the overall quality of the center care environment were measured by the Early Childhood Environment Rating Scale–Revised
(ECERS–R; Harms, Clifford, & Cryer, 1998). The ECERS–R is a
widely used child care quality measure in research and policy (e.g.,
Côté et al., 2013; Gordon et al., 2013; La Paro, Thomason, Lower,
Kintner-Duffy, & Cassidy, 2012), and previous work has shown
that it is a much stronger predictor of academic achievement than
structural or regulatable measures of child care quality such as
child-to-adult ratio, and staff qualifications (Sabol, Hong, Pianta,
& Burchinal, 2013). The ECERS–R consists of 43 items rated by
trained observers on a 7-point scale (1 ⫽ inadequate quality, 7 ⫽
excellent quality) that focus on the quality of space and furnishings, personal care routines, language reasoning, activities, interactions, program structure, and parents and staff. Most recent
studies have used two summary scores, Teacher Interactions and
Provisions for Learning (e.g., Côté et al., 2012; Keys et al., 2013;
Pianta et al., 2005). The Teacher Interactions factor consists of
items related to the interactions that occur between children and
teachers, how they communicate with each other, and the type of

discipline that occurs in the classroom (␣ ⫽ .92). The Provisions
for Learning factor focuses on the learning environment and physical features that are provided to the children in the classroom (␣ ⫽
.88). This measure of quality was included because several of the
curricula in the PCER study included manipulatives, such as books
or art materials, which may have had an influence on the learning
environment.
Interactions between children and teachers were measured using
the Caregiver Interaction Scale (CIS; Arnett, 1989). This is an observational tool in which trained observers rate caregivers on their
interactions with children on 26 items, each being a 4-point indicator
with anchors of 1 (not at all true) and 4 (very much true). The scale
measures the extent to which teacher– child interactions were positive
as well as the extent of harshness, detachment, and permissiveness in
these interactions (Preschool Curriculum Evaluation Research Consortium, 2008). The total score is computed as the mean of the item
scores, with negative items reversed (␣ ⫽ .94).
To examine specific teacher instructional practices, we used the
Teacher Behavior Rating Scale (TBRS) as a measure of the quality
and quantity of instruction in math or reading (Landry, Crawford,
Gunnewig, & Swank, 2002). This measure captures both the frequency and quality of teacher behaviors surrounding literacy and
math activities in the classroom. Observers rated the presence of a
certain activity on a 4-point scale (0 ⫽ activity not present, 3 ⫽
activity happened often or many times). Similarly, the quality of the
activity was rated on a 4-point scale, with anchors of 0 (activity not
present/conducted in classroom) and 3 (activity rated as high quality).
The total literacy domain, both the quality (␣ ⫽ .82) and quantity
measure (␣ ⫽ .76), was composed of ratings related to four different
literacy skills: describing instruction in written expression, print and
letter knowledge, book reading, and oral language use. Four scores
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Table 2
Preschool Curriculum Evaluation Research Consortium Study Participant Demographic and Background Characteristics, and Center
Quality Measures
Treatment
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Variable
Child characteristics
Gender–Female
Race
White
Black
Asian
Hispanic
Other
Age (months)
Maternal characteristics baseline (fall 2003)
Married
Education level (years)
Employed
Maternal/caregiver age (years)
Income (thousands)
Receiving welfare aid
Child academic achievement baseline
(fall 2003)
WJ Letter Word
WJ Applied Problems
PPVT
Child academic achievement end of
preschool year (spring 2004)
WJ Letter Word
WJ Applied Problems
PPVT
Preschool center care quality measures
(spring 2004)
Center care quality composite
ECERS⫺R Teacher Interactions
ECERS⫺R Provisions for Learning
CIS Total
TBRS–Math quantity
TBRS–Math quality
TBRS–Literacy quantity
TBRS–Literacy quality

N
1,540
1,410

% of
sample

Mean

Control

SD

Min

Max

48

N
1,160
1,080

35
42
1
16
6
1,520
1,300
1,310
1,310
1,300
1,160
1,300

% of
sample

Mean

SD

Min

Max

54.74

3.87

45.10

66.03

12.77

1.90

10

16

31.55
29.31

7.72
23.11

19
2.50

74
87.50

49
33
44
1
15
7

54.66

3.76

45.50

71.59

13.01

1.90

10

16

48
67
31.67
31.02

7.68
24.47

16.00
2.50

68.00
87.50

13

1,140
970
970
970
960
850
960

46
64
17

1,490
1,470
1,510

99.08
93.71
88.60

16.10
15.04
15.54

65
45
40

184
137
135

1,120
1,100
1,140

98.75
94.06
88.42

15.95
15.12
16.11

51
46
40

185
132
131

1,510
1,510
1,530

103.31
96.21
93.25

13.87
13.50
15.00

51
42
40

172
137
134

1,140
1,130
1,160

102.47
95.27
92.26

13.95
14.71
15.45

51
16
40

158
147
132

1,530
1,530
1,530
1,480
1,470
1,470
1,470
1,470

0.18
4.79
4.00
3.21
1.18
1.10
0.14
0.16

1.00
1.42
1.08
0.56
0.54
0.71
0.80
0.80

1,150
1,150
1,150
1,120
1,120
1,120
1,120
1,120

⫺0.21
4.38
3.72
3.06
1.05
0.91
⫺0.16
⫺0.18

0.95
1.43
1.08
0.62
0.48
0.60
0.67
0.76

⫺2.02
1.45
1.73
1.24
0.43
0
⫺1.17
⫺1.33

2.67
7.00
6.18
3.92
3
3
2.67
2.17

⫺2.55
1.00
1.27
1.12
0.43
0
⫺1.37
⫺1.62

2.65
7.00
6.82
3.88
2.86
2.86
1.81
1.91

Note. Ns are rounded to the nearest 10 in accordance with National Center on Education Statistics data policies. Teacher Behavior Rating Scale (TBRS)
literacy quantity and quality measures are composites of all literacy skills examined (written expression, print and letter knowledge, book reading, and oral
language use). WJ ⫽ Woodcock–Johnson; PPVT ⫽ Peabody Picture Vocabulary Test; ECERS-R ⫽ Early Childhood Environment Rating Scale–Revised;
CIS ⫽ Caregiver Interaction Scale.

from the TBRS were used in the analysis—math quality and quantity
and total literacy quality and quantity.
To estimate the global effect of process quality on children’s
preschool academic achievement, we created an omnibus measure of
process quality from the average of the standardized scores on all the
quality measures (␣ ⫽ .91). This alpha, reflecting the relatively high
correlations among the quality measures (range of correlations: .40 –
.93; see Table 3 for a correlation matrix of the quality measures),
indicates a single dimension of quality and justifies forming a quality
composite. Such a composite has been used in other studies such as
the Cost, Quality, and Child Outcomes Study (Peisner-Feinberg &
Burchinal, 1997) and recent analyses of the Head Start Impact Study.
Psychometric analyses in those studies also suggested that the various
measures of observed quality were measuring a single dimension. All
of the quality measures used in the present study were collected at the
end of the 2003 preschool year in the spring of 2004.

Child outcomes. Three academic outcomes were examined in
this study. Children’s vocabulary skills were measured with the Peabody Picture Vocabulary Test (PPVT; Dunn & Dunn, 1981). The
second and third assessments were taken from the Woodcock–
Johnson Psycho-Educational Battery–Revised (Woodcock, McGrew,
& Mather, 2001) and measured math (Applied Problems), and reading
ability (Letter–Word Recognition). These three outcomes were chosen because of their well-documented psychometric properties and
their widespread use in other studies examining the association between child care quality and children’s academic achievement (e.g.,
Burchinal et al., 2011; Burchinal, Vandergrift, Pianta, & Mashburn,
2010; Keys et al., 2013; Preschool Curriculum Evaluation Research
Consortium, 2008). Each study site administered the child assessments at the beginning and end of their preschool year (fall 2003 and
spring 2004). Table 2 shows the means and standard deviations for the
baseline and posttreatment assessments. No significant baseline
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Table 3
Correlations of Preschool Quality Measures
TBRS
Measure
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TBRS–literacy quality
TBRS–literacy quantity
TBRS–math quality
TBRS–math quantity
ECERS–R–Teacher Interactions
ECERS–R–Provisions for Learning
CIS Total

Literacy
quality

Literacy
quantity

ECERS–R

Math quality

Math quantity

Teacher
Interactions

Provisions for
Learning

CIS total

1
.58

1

1
.92
.61
.57
.60
.56
.60

1
.56
.56
.56
.53
.57

1
.93
.49
.43
.48

1
.44
.40
.46

1
.77
.82

Note. Teacher Behavior Rating Scale (TBRS) literacy quantity and quality measures are composites of all literacy skills examined (written expression,
print and letter knowledge, book reading, and oral language use). ECERS–R ⫽ Early Childhood Environment Rating Scale–Revised; CIS ⫽ Caregiver
Interaction Scale. All correlations significant at the p ⬍ .05 level.

achievement differences between the treatment and control conditions
were found.
Site. Site was included to account for differences across the
sites at which random assignment to treatment occurred. As a
categorical factor, a separate dummy variable represented each of
these units. The majority of preschools judged random assignment
of classrooms within the school to be infeasible. Accordingly,
most sites consisted of groups of preschools managed by a particular grantee, with each preschool being randomly assigned to
either the treatment or control condition. However, for the few
grantees that were able to implement random assignment of classrooms within the preschool, the individual preschool was taken to
be the study site. This leads to an analysis sample composed of a
total of approximately 40 sites, of which 30 were individual
preschools and 10 were grantee locations containing multiple
schools.
Treatment. The PCER grantees examined the effects of one
or more curricula, randomly assigning each school/classroom
within their grantee to either a treatment or control condition. For
the purposes of this study, we created a treatment dummy variable
that estimated the difference between the treatment and control
programs across sites by assigning it to have a value of 1 if the site
was a treatment site regardless of which curricula was being
implemented and a value of 0 for control sites.
Covariates. To account for any treatment– control imbalances
remaining after random assignment, as well as to reduce the
standard errors of the coefficient estimates, we controlled a number of child and maternal characteristics in the analyses. Childlevel characteristics included gender (female ⫽ 1); race (White
[omitted category], Black, Hispanic, Asian, and other); and age in
months. Maternal characteristics obtained through parent interviews included marital status (married ⫽ 1), education level in
years, whether employed (employed ⫽ 1), age in years, income in
thousands, and whether receiving welfare assistance (yes ⫽ 1). For
descriptive statistics of the covariates, quality measures, and child
outcomes, see Table 2.

Analytic Strategy
The analysis plan involved conducting IV analyses to estimate
the effect of center care quality on children’s reading, math, and
language skills, and, if significant, examining the individual com-

ponents of the quality composite. The IV analyses consisted of
two-stage least squares regressions to estimate the effect of center
care quality on children’s achievement (e.g., Angrist & Pischke,
2008; Duncan et al., 2011; Gennetian et al., 2008). In the firststage regression, center care quality was analyzed as a function of
site, treatment, site by treatment, the pretest score, and selected
child and family characteristics. For the ith child in the jth site, the
first stage equation is:
Qualityij ⫽ a ⫹ b1Trtmtij ⫹ b2Sitei ⫹ b3Trtmtij * Sitei
⫹ b4BaselineAchij ⫹ b5Covsij ⫹ eij.
As shown in the following equation, the second-stage regression
then used the predicted value of quality from the first stage, site fixed
effects (d2), child baseline academic achievement (d3), and child and
family covariates (d4) to predict the academic outcome. Treatment
and the interactions of site and treatment were omitted from the
second-stage regression because they were the instrumental variables
used to predict a portion of the variation in the quality variable, which
was then used to estimate the effect of quality on the academic
outcomes. In order to obtain correct standard errors, we used a
two-stage least squares estimation command in Stata, Version 11. For
the ith child in the jth site, the second stage equation is:
Achievementik ⫽ c ⫹ d1 Predicted Qualityij ⫹ d2Sitei
⫹ d3BaselineAchij ⫹ d4Covsij ⫹ mij.
A strong first stage regression is necessary for the IV estimator
to accomplish its goals. Our first stage regressions met this criterion, since the F statistics for the increment to R2 when the
treatment and site by treatment variables were added to the regression ranged from 13.60 to 22.11 (all of which were significant at
the .001 level), which are above the recommended minimum level
of 10 (e.g., Angrist & Pischke, 2008). Separate IV analyses were
undertaken for each of the math, language, and vocabulary outcomes. For each of these outcomes, separate IV analyses were
performed using predicted (from the first-stage regression) values
of the quality composite and then each of the individual quality
measures. The IV method essentially isolated the within-site variation in center care quality and child outcomes generated by
random assignment. Therefore, potential problems with underestimating standard errors related to the use of multilevel data (i.e.,

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

PRESCHOOL CARE QUALITY AND ACADEMIC ACHIEVEMENT

multiple children in the same randomly assigned unit) were not an
issue with IV analyses.
In addition, three-level hierarchical linear models (HLM;
Raudenbush & Bryk, 2002) were tested for comparison purposes.
This model was selected as the comparison because it is the
method that developmental researchers often use to account for the
nesting of children within classrooms and classrooms within study
sites in studies of child care quality and child outcomes (e.g., final
report; Preschool Curriculum Evaluation Research Consortium,
2008).
The same control variables, including children’s baseline academic achievement, plus site fixed effects, were included in the
HLM analysis. In the HLM analysis, the observed center care
quality was used, whereas in the IV analysis, the predicted value of
quality was used. Similar to the IV models, hierarchical linear
models were tested separately, predicting each academic outcome
from the different quality measures and the center care quality
composite. All quality measures, the quality composite, and academic outcomes were standardized to have a mean of 0 and
standard deviation of 1.
Missing data. Only children with at least one academic outcome were retained in the analyses. This requirement dropped 230
children who were missing all outcomes, which resulted in 10
schools not being included in the final analyses. A total of 2,700
children of the full sample (N ⫽ 2,911) were included in the final
sample. The children without outcomes were more disadvantaged
than the retained sample; their mothers were younger, and their
parents reported working significantly less, having lower income,
and being on welfare at higher rates. Children without outcome
data were also more likely than those with outcomes to be female
and to be in the “other race category” that included Native Americans, Alaskans, and other races.
Missing data were handled by setting missing values for the
covariates and baseline achievement measures to the mean of the
variable and adding a dummy variable into the prediction equations for each covariate and baseline achievement indicating if the
variable was missing (1 ⫽ missing, 0 ⫽ not missing). This approach has been noted as being effective for handling missing data
in randomized control trials (Puma, Olsen, Bell, & Price, 2009).
We also chose this approach because methods that incorporate data
imputation techniques into instrumental variables estimation models are not yet available, thus, we were hesitant to combine these
two techniques in an analysis.

Results
There are two ways to demonstrate whether the first stage
was successful. We first turn to the site by treatment interaction
coefficients from the first stage analysis presented in Table 4.
The second and fourth columns of Table 4 show the estimated
coefficients for each site by treatment interaction in the firststage regression predicting the omnibus quality composite variable. Again, these interactions serve as the instruments producing the variation that was used to estimate center care quality
effects. For this analysis to be successful, the first-stage results
displayed in Table 4 must show a range of impacts, from
negative to positive, of the different site by treatment interactions on the quality measures. This differential impact is important for a successful first stage in our IV analysis—without
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variation across the sites, this IV analysis would not have a
sufficiently strong instrument to proceed to the next stage
(Reardon, Raudenbush, & Bloom, 2013). Examining these coefficients, we see that 13 coefficients are statistically significant
and positive, indicating that the treatment condition in each of
these sites experienced significantly higher quality center care
than the control condition after implementation of the treatment
curriculum. Three sites also have significantly negative coefficients, indicating that the treatment curriculum resulted in
lower process quality than the “as is” curriculum. Results for
the separate quality measures are similar.
We also see that the F statistic for the improvement in R2 when
the interaction terms were added to the equation shown in the table
for the quality composite is well above the recommended level of
10 and is so for the other quality measures also. The large F
statistic in the first stage indicates that the instruments—in this
case, the site dummy variables interacted with the treatment variable—were sufficiently strong predictors of the quality measure to
provide adequate power to estimate center care quality effects.
That is, significant variability across sites in treatment effects on
quality implies that predicting quality under this model would be
capturing sufficient variability in quality to have a meaningful
predictor to use in our second-stage analyses.
To graphically depict the variation between each site’s average control and treatment quality scores, we plotted them
against the average PPVT score for each site. Overall, there was
reasonably large variation across study sites in the effectiveness
of the treatment curricula in raising center care quality. Figure
1 shows the site average of the quality composite plotted
against average PPVT scores. This figure shows the variation in
treatment and control conditions for each of the random assignment sites. The important message from this graph is that there
is a reasonable amount of variation in the treatment impacts
across the random assignment sites. On the graph for every
black indicator (treatment), there is a black-outlined hollow
indicator (control) in approximately the same location in the
opposite quadrant. The numbers next to the indicators refer to
the random assignment site location. Black indicators are clustered in the upper right quadrant, indicating a positive effect of
the center care quality composite on children’s vocabulary (as
measured by the PPVT) achievement in the spring of their
preschool year. The slope of the indicators is nearly identical to
the IV analysis coefficient estimate for the effect of the quality
composite on children’s PPVT scores with the exception being
the fitted line displayed in the figure does not take into consideration covariates.
IV regression analyses were performed to estimate the effects
of both the quality composite and the individual quality measures. HLM analyses were performed for comparison to the IV
estimates. It was expected that the p value for the HLM estimates would be smaller than the IV estimates, as the two-stage
approach almost always increases the standard errors. Table 5
presents the results from the HLM and IV analyses for these
measures. All quality measures were entered separately into the
regressions. Each estimate presented in the table was from one
individual regression. The quality measures and child achievement assessments were standardized, so the magnitudes of their
estimated coefficients can be understood as effect sizes.
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Table 4
First Stage Instrumental Variables Results–Instruments (Treatment and Treatment by Site)
Predicting the Preschool Center Care Quality Composite
Site interacted with
treatment
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Site
NC
(1) School 1
(2) School 2
(3) School 3
GA
(4) School 1
(5) School 2
NJ
(6) School 4
(7) School 7
(8) School 8
(9) School 10
(10) School 11
(11) School 12
(12) School 14
VA
(13)
(14)
(15)
(16)

School
School
School
School

1
2
3
4

(omitted)
⫺0.079 (0.374)
0.377 (0.379)
2.426 (0.362)ⴱⴱⴱ
3.043 (0.300)ⴱⴱⴱ
⫺2.388 (0.397)ⴱⴱⴱ
0.161 (0.434)
⫺0.018 (0.276)
0.315 (0.434)
0.217 (0.514)
0.261 (0.358)
0.210 (0.488)

0.044 (0.334)
⫺0.782 (0.343)ⴱ
0.599 (0.342)
1.028 (0.279)ⴱⴱⴱ

Site
(17) CA
(18) School 1
(19) NY
(20) FL–1
(21) FL–2
(22) FL–3
(23) NH
(24) School 1
(25) TN
(26) TX
(27) WI
(28) MO
(29) FL–FSU
(30) KS–SFA
(31) FL–SFA
(32) NJ–SFA
Treatment (Intervention
Curriculum Classroom)
Model R2
Model F

Site interacted with
treatment
0.604 (0.260)ⴱ
0.085 (0.327)
0.357 (0.256)
0.154 (0.286)
0.484 (0.275)
0.748 (0.287)ⴱⴱ
0.226 (0.290)
1.450 (0.443)ⴱⴱ
1.086 (0.244)ⴱⴱⴱ
0.790 (0.246)ⴱⴱ
0.241 (0.250)
0.390 (0.251)
0.331 (0.245)
0.587 (0.269)ⴱ
0.892 (0.308)ⴱⴱ
⫺0.876 (0.304)ⴱⴱ

0.156 (0.228)
.50
28.32ⴱⴱⴱ

Note. N ⫽ 2,670. Preschool quality composite is the dependent variable: F Treatment ⫻ Site (instruments) ⫽ 20.479ⴱⴱⴱ. Standard errors are in parentheses. Number of observations is rounded to the nearest
10 in accordance with National Center for Education Statistics data policies. Omitted sites from the table
were dropped due to missing data. All models presented in the table include the following child-level
covariates: age in months, gender, race (Black, Asian, Hispanic, or other; White is the comparison group),
and baseline achievement as measured in the fall 2003. Parent- (mother-)level covariates include (for fall
2003): age in years, education level, whether married, whether working (full or part time), whether
receiving welfare aid, and annual income in thousands. Level of random assignment depends on whether
the school allowed both treatment and control condition to be present. Most sites did not, so level of random
assignment is at the study site location level. Missing data were handled by setting missing cases in
variables to the mean except for dichotomous variables. An additional variable was entered into the model
for whether the variable was missing. The quality measure is a composite of the following quality measures:
Early Childhood Environment Rating Scale–Revised (ECERS-R; Provisions for Learning and Teacher
Interactions), Caregiver Interaction Scale (CIS), Teacher Behavior Rating Scale (TBRS)–math quality,
TBRS–literacy quality (composite of all literacy activities), TBRS–math quantity, and TBRS–literacy
quantity (composite of all literacy activities). TBRS literacy quantity and quality measure are composites
of all literacy skills examined (written expression, print and letter knowledge, book reading, and oral
language use). FSU ⫽ Florida State University; SFA ⫽ Success for All.
ⴱ
p ⬍ .05. ⴱⴱ p ⬍ .01. ⴱⴱⴱ p ⬍ .001.

We begin with the estimated effects of the quality composite
presented in Table 5. In the IV analyses, higher quality was
significantly related to higher language scores (d ⫽ 0.07), and
marginally significantly related to math scores (d ⫽ 0.08), but not
to reading scores (d ⫽ 0.04). Findings from HLM analyses also
yielded significant associations between composite quality and children’s academic school readiness skills: language, d ⫽ 0.05, math,
d ⫽ 0.04, and reading, d ⫽ 0.10. The Appendix displays the coefficients for the quality composite and all covariates in the first and
second stage analyses in the IV regressions and the HLM analyses.
Next, we examined the relations between the individual quality
measures and the academic skills to determine whether specific
quality measures have reliable associations with these outcomes.
As shown in Table 5, only the ECERS–R scales were significantly
related to these outcomes in the IV analyses. More frequent and
stimulating teacher– child interactions as measured by the ECERS–R
Teacher Interactions factor predicted higher math skills (d ⫽ 0.10),

whereas greater access to developmentally appropriate activities according to the ECERS–R Provisions for Learning factor predicted
higher language (d ⫽ 0.14) and math (d ⫽ 0.11) scores. Neither the
other measure of teacher– child interactions, the CIS, nor the measures
of the quality and quantity of literacy or math instruction, the TBRS,
were significantly related to children’s academic outcomes in these IV
analyses. In contrast to the IV analyses, the HLM analyses of language and math skills as a function of the quality composite or
individual quality measures tended to yield smaller coefficients, indicating HLM results may be downward biased, which would occur if
there is measurement error in the predictors.

Discussion
Although several developmental articles have advocated for use
of instrumental variables within the field of child development
(Crosby et al., 2010; Foster, 2010; Gennetian et al., 2008), the use
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Figure 1. Center care quality composite by children’s spring 2004 Peabody Picture Vocabulary Test (PPVT)
score. Black indicators are treatment condition, and hollow indicators are control condition. Each random
assignment site retained in the analysis sample is represented on the graph, with more treatment conditions being
clustered in the upper right quadrant, indicating a positive relationship between children’s vocabulary achievement and the center care quality composite. An example of this is Georgia (GA) School No. 1 (Site No. 4). The
treatment condition is in the upper right quadrant, and the control condition is located in the lower left quadrant.
The slope is indicated by the diagonal line—this slope is nearly identical to the regression coefficient from the
instrumental variable (IV) analysis, with the exception being the fitted line displayed in the figure does not take
into consideration covariates.

of this econometric method in developmental science is limited.
The aim of the present study was to demonstrate the use of the
instrumental variables technique to investigate the causal association between variations in preschool center care process quality
and preschool children’s academic school readiness. Whereas most
child care research and evaluations have been concerned about
bias due to potential confounds related to which children receive
higher or lower quality child care, this may be the first study that
directly estimates the causal effect of child care quality using
statistically rigorous methods. Using an IV approach, our findings
indicate that process quality— both the composite measure and the
global and domain specific measures—positively affects preschool
children’s language skills, with a small effect size of approximately .08 and has a similar small, albeit not significant, effect on
math and reading skills. This effect size is similar to previous work
examining the immediate association between center care quality
and children’s school readiness (e.g., Burchinal et al., 2011; Keys
et al., 2013; Mashburn et al., 2008; NICHD Early Child Care
Research Network, 2006).
Burchinal et al. (2011) conducted a meta-analysis of the relations between child care quality and academic outcomes across
multiple large-scale data sets and found an overall association
between child care quality and academic and social outcomes that
was modest (correlation range: ⫺.09 to .15). Similarly, Keys et al.
(2013) using four national data sets and a meta-analytic technique
found small effects of center care quality on preschool children’s
academic achievement, with effect sizes ranging from .03 to .05.
An important future research direction would be to consider these

estimates within a benefit– cost framework. The cost of moving
programs from medium to high quality has not been accurately
estimated, nor have there been studies testing whether the benefits
of doing so outweigh the costs. Despite numerous calls to conduct
cost– benefit analyses, little evidence exists regarding the cost–
benefit of large-scale center-based care, such as Head Start (Duncan & Magnuson, 2007; Haskins, 1989), or public preschool
centers such as the Oklahoma or Boston pre-K programs (Gormley, Gayer, Phillips, & Dawson, 2005; Weiland & Yoshikawa,
2013).

Application of Instrumental Variables in
Developmental Research
One of the reasons IV is so useful to developmental science is
that few other tools are available apart from random assignment
studies that allow researchers to draw causal claims. Random
assignment is clearly the “gold standard,” but in some cases it is
infeasible. IV may be of particular importance for estimating
causal effects of features of care settings, such as center-based
care, that have policy implications but cannot be estimated through
other experimental or quasi-experimental study designs. In this
study, we were able to take advantage of the multisite evaluation
data from the PCER study. The multisite data allowed us to use
treatment and the treatment by site interactions in the first stage to
estimate center care quality, which worked well because of the
differential impacts of curricula on center care quality. Other
researchers have noted the effectiveness of utilizing multisite ex-
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Table 5
Preschool Center Care Quality Predicting Children’s Academic Outcomes Using Hierarchical Linear Models and Two-Stage Least
Squares Regression (Instrumental Variables)
Peabody Picture Vocabulary
Test
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Variable
Child care quality composite
Individual quality measures
ECERS–R–Teacher Interactions
ECERS–R–Provisions for Learning
CIS
TBRS literacy quality
TBRS literacy quantity
TBRS math concepts quality
TBRS math concepts quantity

HLM
ⴱⴱ

IV
ⴱ

Woodcock–Johnson Psycho-Educational Battery–Revised
Applied Problems
HLM
ⴱ

Letter–Word Recognition

IV

HLM

†

ⴱⴱⴱ

IV

.05 (.02)

.07 (.03)

.04 (.02)

.08 (.04)

.10

(.02)

.04 (.04)

.02 (.02)
.03 (.02)
.03 (.02)
.06ⴱⴱⴱ (.02)
.05ⴱⴱ (.02)
.04ⴱⴱ (.02)
.04ⴱⴱ (.02)

.07 (.04)
.14ⴱⴱ (.04)
.06 (.04)
.04 (.03)
.05 (.03)
.06 (.04)
.06 (.03)

.01 (.02)
⫺.01 (.02)
.03 (.02)
.05ⴱ (.02)
.04ⴱ (.02)
.05ⴱⴱ (.02)
.06ⴱⴱ (.02)

.10ⴱ (.05)
.11ⴱ (.05)
.07 (.04)
.07† (.04)
.05 (.04)
.08 (.04)
.07 (.04)

.04 (.02)
.02 (.02)
.04 (.02)
.13ⴱⴱⴱ (.02)
.11ⴱⴱⴱ (.02)
.11ⴱⴱⴱ (.02)
.10ⴱⴱⴱ (.02)

.06 (.04)
.04 (.05)
.05 (.04)
.05 (.04)
.05 (.04)
.03 (.04)
.02 (.04)

Note. Standard errors are in parentheses. Each estimate comes from a separate regression. Number of observations range from 2,580 to 2,670. F statistics
for the instrumental variables (IV) models range from 13.60 to 22.11. All models presented in the table include the following child-level covariates: age
in months, gender, race (Black, Asian, Hispanic, or other; White is the comparison group), and baseline achievement as measured in the fall 2003. Parent(mother-)level covariates include (for fall 2003): age in years, education level, whether married, whether working (full or part time), whether receiving
welfare aid, and annual income in thousands. Level of random assignment depends on whether the school allowed both treatment and control condition
to be present. Most sites did not, so level of random assignment is at the study site location level. Independent and dependent variables were standardized
to have a mean of 0 and a standard deviation of 1. In the IV models, quality was instrumented by treatment and random assignment level interacted with
treatment condition. Missing data were handled by setting missing cases in variables to the mean except for dichotomous variables. An additional variable
was entered into the model for whether the variable was missing. The quality measure is a composite of the following quality measures: Early Childhood
Environment Rating Scale–Revised (ECERS-R; Provisions for Learning and Teacher Interactions), Caregiver Interaction Scale (CIS), Teacher Behavior
Rating Scale (TBRS)–math quality, TBRS–literacy quality (composite of all literacy activities), TBRS–math quantity, and TBRS–literacy quantity
(composite of all literacy activities).
†
p ⬍ .10. ⴱ p ⬍ .05. ⴱⴱ p ⬍ .01. ⴱⴱⴱ p ⬍ .001.

perimental data (e.g., Duncan et al., 2011; Gennetian et al., 2008)
in an IV analysis because of how well these interactions work as
instruments.
Recently, there has been an increase of multisite experiments in
the child development field, and several data sets from these
experiments are prime candidates for using the IV method to
estimate causal effects. Specifically the Head Start Impact Study
and National Early Head Start Evaluation data sets are excellent
examples of existing data sets where this method could be applied.
Researchers have already begun to take advantage of these data
sets; for example, Li (2013) used the Head Start Impact Study to
estimate the effect of quantity of center care on children’s school
readiness skills.
An important note about the IV method is that unless multiple
instruments are used, one must assume that the effect of the
instrument on the outcome of interest works only through the
mediator. As Gennetian et al. (2008) and others have discussed,
this is a critical assumption of the method as many developmental
psychologists examine multiple paths of influence using methods
such as structural equation modeling. Also, this assumption of the
method is untestable, so adequate justification is needed as to why
the instrument(s) work only through the mediator of interest.
Although IV analyses account for differential selection bias, the
method is unable to solve issues related to the validity of the
observational or survey measures in terms of their ability to
measure important aspects of a care setting or parenting, for
example. This is something that should be noted when applying
this method to research questions. IV does not address problems
related to the conceptualization of what should be measured, nor
the psychometrics of a measure. If a measure is not valid, IV will
not be able to adjust for this type of measurement error.

The present study builds off prior studies demonstrating how the
use of instrumental variables can aid the developmental field in
estimating causal effects (e.g., Crosby et al., 2010; Foster &
McLanahan, 1996; Gennetian et al., 2008). Even with these previous articles describing the need for the application of this method
to developmental research questions, the method has been infrequently employed in this research area. The goal of our study was
to demonstrate how the method could be used to examine how
center care quality causally impacts children’s academic school
readiness, a question of much interest to the field and one with
important policy implications. This research question was used as
an example to demonstrate how the method can be applied using
data from multisite experiments to answer developmental research
questions that have policy implications but cannot be addressed
with random assignment research designs. With the influx of more
multisite experiments, it is likely, and we are hopeful, that more
researchers will employ this method to estimate causal effects.
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Note. Standard errors are in parentheses. Number of observations is rounded to the nearest 10 in accordance with National Center for Education Statistics data policies. Level of random assignment depends
on whether the school allowed both treatment and control condition to be present. Most sites did not, so level of random assignment is at the study-site-location level. Schools and sites that were omitted did
not contain enough data for the models to test. Independent and dependent variables were standardized to have a mean of 0 and a standard deviation of 1. In the instrumental variable (IV) model, quality was
instrumented by treatment, and random assignment level interacted with treatment condition. Two-level (classrooms nested with evaluation sites): Hierarchical linear modeling (HLM) was conducted to compare
the results from the IV models with HLM results. Missing data were handled by setting missing cases in variables to the mean except for categorical variables. An additional variable was entered into the model
for whether the variable was missing. The quality measure is a composite of the following quality measures: Early Childhood Environment Rating Scale–Revised (ECERS-R; Provisions for Learning and
Teacher Interactions), Caregiver Interaction Scale (CIS), Teacher Behavior Rating Scale (TBRS)–math quality, TBRS–literacy quality (composite of all literacy activities), TBRS–math quantity, and
TBRS–literacy quantity (composite of all literacy activities).
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