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How much do test scores vary among school districts?

New estimates using population data, 2009-2013

Abstract

This paper provides the first population-based evidence on how much standardized test scores vary
among public school districts within each state and what factors explain that variation. Using over 200
million standardized test records in math and ELA for grades 3 through 8 from every U.S. public school
district during the 2008-09 to 2012-13 school years, we estimate intraclass correlations (ICCs) as a
measure of between-district variation. We characterize the variation in the ICCs across states, as well as
the patterns in the ICCs over subjects, grades and cohorts. Further, we investigate the relationship
between the ICCs and measures of racial and socioeconomic segregation. We find that between-district
variation is greatest, on average, in states with high levels of both white-black and economic segregation
among school districts.
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How much do test scores vary among school districts?

New estimates using population data, 2009-2013

Introduction

Average student academic performance varies substantially among school districts in the United
States. This is obvious from even the most cursory glance at publicly available test score data. But what
factors shape this variation? To what extent is this variation due to differences in school quality and to
what extent are is it due to the myriad of out-of-school factors that shape children’s opportunities,
including their family resources, neighborhood conditions, preschool programs, and afterschool
activities?

Answering these questions requires, first, a comprehensive description of the degree and
patterns of variation in academic performance among school districts in the U.S. We do not currently
have such a description, however. The National Assessment of Educational Progress (NAEP) tests provide
information on variation in academic performance among states, but not among schools or districts. State
accountability tests can provide school or district-level information, but a comprehensive analysis is
complicated by the facts that most states use different standardized tests and that publicly available data
often do not include detailed information on each school or district’s test score distribution. Nationally
representative studies conducted periodically by the National Center for Education Statistics (NCES)
provide estimates of the variation in test scores among schools (e.g., Hedges & Hedberg, 2007), but
cannot—because of their sampling designs—describe variation among districts, within individual states,
or across a range of grades and student cohorts.

In this paper, we provide a comprehensive description of the patterns of between-district test
score variation in the U.S. We apply newly developed methods to estimate the proportion of total test

score variance that lies between districts in each state, using over 200 million standardized math and
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English Language Arts (ELA) student test scores from every public school district in the U.S. during the
2008-09 through 2012-13 school years. As we demonstrate below, there is considerable variation among
states in the degree to which test scores vary among school districts. Moreover, most of this variation is
associated with factors outside of school districts’ control: between-district variation is greatest, on

average, in states with high levels of between-district racial and economic segregation.

Background

Student performance on standardized tests may vary among school districts for a variety of
reasons: differences in family resources (including economic, social, and cultural capital); differences in
neighborhood conditions and resources; differences in the availability and quality of child care, preschool,
and afterschool programs; and—of course—differences in the resources, curricula, instructional
practices, and other dimensions of the quality of local schools.

Each of these factors may independently affect academic performance, and their effects may
interact as well. For example, low-income communities may have lower average achievement than high-
income communities not only because poor families have fewer resources to provide their children at
home, but also because concentrated poverty may lead to lower-quality preschool options and lower-
quality public K-12 schools. High-income communities, where parents can afford to pay for high-quality
childcare and preschool, may also be able to attract more skilled K-12 teachers. So even if average test
scores were determined solely by what happens in schools, these school experiences might be shaped by
out-of-school socioeconomic contexts. Therefore, it is perhaps more appropriate to think of the average
academic performance of students in a given school district as reflecting the total set of (both in- and out-
of-school) educational opportunities and resources available to children in that community.

We hypothesize that between-district disparities in access to total resources and opportunities

are likely largest in states with high levels of residential segregation. When between-district economic
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segregation is high, low-income children with fewer home resources also have access to fewer
neighborhood resources and differentially attend lower-quality school districts with similar low-income
peers. High-income students are concentrated in high-income neighborhoods with access to more
resources and opportunities outside of school, as well as access to higher quality schools attended by
similar high-income peers. Given the relationship between resources and achievement, the stark
between-district resource disparity in highly segregated states suggests that there will be greater
variation in test scores between-districts, on average, in these states relative to others.

The effects of exposure to differential total resources may further compound over time. If so, we
would expect to find that between-district variation should increase in later grades relative to earlier
grades. The logic is that younger students, whether resource poor or rich, have less exposure to their
respective resources than they will have had by the time that they are older. Therefore, differences in
academic achievement related to differences in total resources will be smaller when students are
younger and grow with students increased exposure to their respective resources. This hypothesis
suggests that not only do resource-poor students start school behind, but their academic performance
grows more slowly than that of resource-rich students. If true, we would find that between-district
disparities in test performance widen faster, on average, as children progress through school in more
segregated states than in less segregated states.

The most comprehensive study of between-district variation in test scores to date is by Hedges
and Hedberg (2014). They estimated between-district intraclass correlations (ICCs) for multiple grades in
both math and ELA for 11 states each in a single year. Their study identifies three patterns that merit
further exploration. First, between-district ICCs varied considerably among states. That is, in some states,
students in all districts performed, on average, quite similarly; in other states, average student
performance varied considerably among districts. Second, Hedges and Hedberg found that ICCs are

generally larger in math than in reading. And third, they found that between-district ICCs are, on average,
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larger in later grades than earlier ones. Hedges and Hedberg did not investigate the sources or correlates
of these three types of variation —among states, subjects and grades. Using state accountability test data,
we build on this work by exploring the robustness of those three patterns across the U.S. and analyzing
the patterns in light of our framework about access to resources using covariate data to explain variation

along these dimensions.

Data and Measures
Test Score Data

The test score data in this study come from the federal EDFacts data collection system. The data
were provided to us by the National Center for Education Statistics under a restricted data use license.
The EDFacts data include counts of students in each of several ordered proficiency categories (labeled,

” u

for example, as “below basic,” “basic,” “proficient,” and “advanced”), by school, year, grade, and test
subject for all fifty states and the District of Columbia. Complete data, including math and ELA scores, are
available for all tested students in third through eighth grade from the 2008-09 school year through
2012-13.1 The full dataset represents students’ scores on roughly 220 million standardized tests
administered during this five-year period.

We aggregate the data to produce counts of students in each proficiency category within each
school district-year-grade-subject cell. For each grade, we define a school district as the set of public
(charter and non-charter) schools that serve students in that grade which are located within the
geographic boundaries of a traditional (non-charter) public school district. Operationally, we assign

charter schools to the traditional (non-charter) local education authority (LEA) in which they are

geographically located. By this definition, a district’s test score distribution describes the distribution of

I The only exception is that data are missing from Wyoming in the 2009-10 school year.
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academic performance of all public school students attending school in a geographically-defined
community. The average student test score in a district can therefore be thought of as the result of the
total set of educational opportunities and constraints available to students in the community from birth
through middle school—including opportunities in their homes, neighborhoods, child care and preschool
programs, as well as in their local public schools.?

We exclude a small subset of the data. First, we exclude Hawai’i and the District of Columbia
because each has only a single school district, making the estimation of between-district variation
irrelevant. Second, we exclude schools administered by the Bureau of Indian Education (BIE) due to data
comparability issues. Third, in a few cases, not all students in a state took the same grade-level subject
test in a given year. In such cases, between-district variation in test scores will be conflated with
between-district differences in the proportions of students taking each test. Based on this requirement,
we exclude all data from Nebraska in the 2008-09 school year and math data from Nebraska in the 2009-
10 school year, as districts were allowed to select their own assessments in these years and subjects.
Additionally, we exclude math data from California and Virginia for 7" and 8" grades in all years, as
students in those states take different math assessments in those grades depending on the level of math
course in which they are enrolled.

Measure of Between-District Variation in Test Scores

There are two approaches that can be used to measure between-district variation in test scores.
One approach assumes a common within-district test score variance (denoted ¢2) and typically uses a
maximum likelihood approach to estimate both a2 and the (unweighted) variance of the district means
(denoted 7); the ICC is then defined as T/(t + ¢?). This is the approach used by Hedges and Hedberg

(2014). The ICC defined this way is useful in designing studies that sample participants from multiple

2 Of course, not every public school student attends a school located in the geographic district in which he or she
resides, but the overwhelming majority do.
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school districts, because the sampling variance of parameter estimates (and therefore the statistical
power of a study) depend on this ICC (e.g., Hedges & Hedberg, 2007; Hedges 2007; Jacob, Zhu & Bloom,
2010; Raudenbush, Martinez & Spybrook, 2007; Schochet, 2008). The other approach is an analysis-of-
variance method that decomposes the total variance of test scores into between- and within-district
components. If all districts are the same size and the within-district variance is the same everywhere, the
two approaches estimate the same parameter. When districts are of different sizes, the two approaches
do not estimate the same ICC, because the unweighted variance of district means () is not in general
equal to the between-district variance of test scores.

We use the analysis-of-variance approach because we are using population-based data (not a
sample) where districts have known, variable sizes. Additionally, we do not assume that all school districts
within a state have a common within-district variance and allow for the estimation of unique within-
district variances, as the methodology (described below) allows.

We use the proficiency category counts in the EDFacts data to construct estimates of the
between-district proportion of test score variance in each state-grade-year-subject. If we knew the
variance (05) of test scores in each school district d in a metric in which test scores are standardized
within each state-grade-year-subject, we could compute the ICCas 1 — Y4 p402, where py is the
proportion of students in a state-grade-year-subject who are in district d. In order to estimate aj from
the raw EDFacts proficiency data, we use a new adaptation of the heteroskedastic ordered probit model
described by Reardon, Shear, Castellano and Ho (forthcoming). We calculate the ICC using Equation (11)
from that paper. Using both simulations and analyses of real test score data, Reardon et al. demonstrate
that this approach provides nearly unbiased estimates of district-specific test score distributions and
between-district ICCs under a wide range of conditions. Although the Reardon et al. ICC estimator is
slightly positively biased, they show that the bias is generally very small—less than 0.005—unless all

groups are very small (fewer than 100 students per grade), a condition not present in any state when
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using schools districts as the target groups.?

In total, we estimate 2,890 between-district ICCs.*® For all but four states in our sample, we
produce 60 ICC estimates (2 subjects x 6 grades x 5 years) per state. Due to the data restrictions
described above, we can only estimate the ICC in a reduced number of cases for California (50), Nebraska

(42), Virginia (50), and Wyoming (48). To all estimates, we apply a standard measurement error
correction of %, where r is the reported test reliability for the test used in that state-grade-year-subject.®

State-level covariates

In states with many small school districts, Tiebout sorting processes (Bayer, Ferreira & McMillan,
2004, 2008; Tiebout, 1956) might lead to low within-district variance in test scores relative to states
where most students are concentrated in a few large school districts. We therefore include in our
regression models a set of variables measuring the size and number of school districts. These include the
number of school districts, the average district enrollment, and the standard deviation of district
enrollments. In addition, we calculate the Hirschman-Herfindahl Index (HHI) (Herfindahl, 1950;

Hirschman, 1945, 1964) of school district enrollments. This measures the extent to which students are

3 Note that if we had computed the between-school ICCs this would have been the case and the ICC estimates
would be biased. Therefore, we do not report school-level ICCs.

4 All estimation is performed using the -hetop- (“heteroskedastic ordered probit”) command (Shear & Reardon,
2016), which relies on the -oglm- (“ordered generalized linear model”) command (Williams, 2010) in Stata
(StataCorp, 2013). For details on the methodology, estimation and calculation of the ICCs, we direct readers to
Reardon et al. (forthcoming).

5 We estimate the between-district ICC in each state-grade-year-subject using the “partially heteroskedastic ordered
probit model” described by Reardon et al. (forthcoming). This model estimates a common variance for all districts
with fewer than 50 students per grade, but allows the variances to vary among larger districts. The estimated ICC
from this model has a smaller sampling variance and mean squared error than that from a fully heteroskedastic
model. In a few states where only two proficiency categories are reported, we fit homoskedastic ordered probit
models (constraining the variances in all districts to be the same), since the heteroskedastic model requires data
with at least three ordered proficiency categories. Specifically, we fit the homoscedastic model in 72 of the 2,890
state-grade-year-subject cases. These cases include Colorado (all grades in 2009 through 2011 school years; 36
cases), Florida (all grades in 2009; 12 cases), South Carolina (all grades in 2011; 12 cases), and Texas (all grades in
2012; 12 cases).

® The reliability data for each state’s subject-grade-year tests were provided by Reardon and Ho (2015) and
supplemented with additional publicly available information from state technical reports. For cases where no
information was available, test reliabilities were imputed using data from other grades and years in the same state.
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concentrated in few large districts or many small ones. In the education literature this is often referred to
as a measure of school district fragmentation (Bischoff, 2008; Owens, 2016).” We compute these four
statistics using data from the Common Core of Data (CCD)® separately for each grade (3 through 8) in
every year (2008-09 through 2012-13), and then average each within states to construct state-level
variables.’

To measure segregation among school districts, we compute the between-district white-black,
white-Hispanic, and poor-non poor (using free lunch receipt as an indicator of poverty) information
theory index (H) (Massey & Denton, 1988; Theil & Finezza, 1971) using CCD data. Again, we compute the
segregation measures separately by grade and year, and then average each within states. Summary
statistics for all of the state-average covariates and transformed state-average covariates used on the
models to improve fit are shown in Table 1.

[Table 1]

Table 1 shows significant variation in the structure of school districts across states. Specifically,
states range from having approximately 15 school districts (Delaware) to over 1,000 school districts
(Texas), with an average of approximately 264 school districts. Correspondingly, the mean grade-level
enrollment and standard deviation of grade-level enrollment vary quite significantly across states with
some states having all small districts, others having all large districts, and the rest having a mix of both.

The HHI ranges from approximately 0.46 (in Nebraska) to 0.99 (in a number of states); however, most

7 The district fragmentation can be interpreted as the probability that two randomly chosen students in a state are
enrolled in different school districts. For state s, grade g, and year y, it is defined as: HHI,g, =

T T
Yaes (g—jj) <1 - sz:)’ where Ty4, and Ty, are number of students in a given grade (g) and year (y) enrolled in

district d or state s, respectively.
8 Data files can be found on the CCD data page of the CCD website: http://nces.ed.gov/ccd/ccddata.asp.
°91n our regression models we use the natural logarithm of the number, average size, and standard deviation of
). All variables
1-HHI

are transformed prior to averaging over grades and years. These transformations improve model fit. Nonetheless,
our results are substantively unchanged if we use the untransformed measures.

enrollment variables. Additionally, we use a transformation of the fragmentation measure: In (
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states have a value above 0.90, reflecting that for almost all states the probability that two randomly
selected students are enrolled in different school districts is very high. For the segregation measures, the
ranges indicate that in some states there is very little between-district racial and economic segregation
(minimum values of each statistic < 0.05), where as in others there is quite dramatic between-district
white-black segregation (maximum value = 0.52), white-Hispanic segregation (maximum value = 0.46) and
economic segregation (maximum values = 0.33). The maximum values near 0.5 indicate that on average,
each district has only half the diversity of the population as a whole, where as the minimum values less
than 0.05 indicate that on average, districts are at least 95% as diverse as the population as a whole.
Generally states with more racial segregation have more economic segregation (pairwise correlations of
0.68 —0.82) and states with more white-black segregation have more white-Hispanic segregation
(correlation of 0.71). Delaware and Wyoming are among the least segregated states, with little
segregation by race or income (all three segregation measures < 0.08 for both states). Among the most
racially and economically segregated states are New Jersey, Illinois, and New York (white-black

segregation > 0.43; white-Hispanic segregation > 0.41; economic segregation > 0.24).

Models

The data consist of 2,890 estimated ICCs, nested in 49 states and varying across grades, years,
and test subjects. To accommodate the nested data structure, and to take into account the variable
sampling variance in the estimated ICCs, we fit precision-weighted random coefficients models to

estimate the parameters of interest of this form (one model for each test subject):
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—~~Subject __ * *
ICngy - ﬁOS + ﬁlsgsgy + IBZSngy + esgy + rsgy

Bos = Yoo + Uos
B1s = Y10 + Uss

Ba2s = Y20 + Uzs

Ups
ngy~N[0, ﬁsgy]; esgyNN[O» 0'2]; [uls] = us~N[0, T]
Ups

where I?C;;‘fjed is the ICC estimate for a state-grade-year case in a given subject; U, is the estimated

sampling variance of I/C\ngy; Jsgy is the grade (centered at 5.5); and cgg4y, is the student cohort, equal to
the year the cohort of students were in the fall of kindergarten (which ranges from 2000 to 2009, and
which we center at 2004.5). We assume that the estimation error 74, is normally distributed with zero
mean and known variance equal to the estimated sampling variance of I?ngy; the within-state residual
error eggy is normally distributed with mean zero and variance o2 to be estimated; and the state-level

errors Uy, Uzg, and U, have a multivariate normal distribution with zero means and covariance matrix
T11 T12 T13
T= [T21 T22 Tz3], where 7;; = 7j; for all j, i € [1,3]. We maintain the random coefficients on grade
T31 T32 133
and cohort, as we reject the null hypotheses (p < 0.001) that they do not vary across groups (i.e. Ty, =
0; 33 = 0). In addition to the math and ELA models, we fit a third model pooling both subjects’ ICCs.
This model includes an indicator variable (m*) that the test subject is math, centered at 0.5, and includes
random coefficients on grade, cohort and math.
Equation 1 describes our baseline model (Model 1), which includes no state-level covariates. In
additional models, we add covariates as predictors of the intercept (fys) in Model 1 to assess their

association with the ICCs. Model 2 includes the structural variables describing the size and number of

school districts in a state (transformations of the number of districts, mean grade-level enrollment,
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standard deviation of grade-level enrollment, and district fragmentation). Model 3 adds three segregation
measures: white-black segregation, white-Hispanic segregation, and free lunch segregation.

Our final four models assess whether these two sets of covariates are associated with growth in
ICCs from third through eighth grade or with growth in the ICCs across cohorts. Using Model 3 as our
baseline, we add the structural covariates as predictors of the grade slope (f;5) (Model 4), and then add
the segregation measures (Model 5). The coefficients on the interactions of the segregation variables and
the grade variable indicate the association of segregation with changes in ICCs as cohorts progress
through school. Similarly, we add the same two sets of covariates sequentially to Model 3 as predictors of
the cohort slope (B,5) in Models 6 and 7. The coefficients on the interactions of the segregation variables

and the cohort variable indicate the association of segregation with changes in ICCs across cohorts.

Results

On average, between-district ICCs vary significantly across the U.S. Figure 1 maps the estimated
average between-district ICC in each subject. These are the Empirical Bayes estimates from Model 1
(though because the reliability of the estimates is over 0.99, there is virtually no shrinkage in these
estimates). The ICCs range from near zero (0.008 in ELA, 0.012 in math) to 0.225 in ELA and 0.230 in
math. An ICC of O implies that all test score variation is within districts (all districts have the same average
test score); whereas an ICC of 0.2 means that one fifth of the total within-state variance in test scores is
due to between-district differences. This is a relatively large ICC. In such a case, the population-weighted
average between-district variance is one-quarter the population-weighted within-district variance (put
differently, the district means have a population-weighted standard deviation that is half as large as the
average within-district standard deviation of scores).

[Figure 1]

A comparison of the two maps demonstrates that the ICCs are generally larger in math than in
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ELA. This difference is quantified by the joint-subject baseline model in Table 2. Specifically, the joint-
subject Model 1 results show that ICCs in math are approximately 13% larger that ICCs in ELA. However,
despite this difference in magnitude, the correlation between the math and ELA ICCs is 0.937, which
means that states with higher between-district variability in math also have higher between-district
variability in ELA. This high correlation suggests that the factors that generate more between-district
variability within a state are not-subject specific. The larger ICCs in math, however, may indicate that
mathematics test scores may be more sensitive than ELA scores to such factors.®

Each of the baseline models (Model 1) further provides clear evidence that the ICC increases over
grades. The positive growth over grades in both subjects suggests that the factors leading to between-
district variation in test scores compound over time. Moreover, the rate of increase varies across states.
Some states exhibit negative subject-specific growth rates over grades (e.g., Illinois has the lowest growth
rates in both subjects, equal to -0.0059 in ELA and -0.0039 in math) to large positive grade slopes (e.g.,
Kansas has the highest growth rates in both subjects, equal to 0.013 in ELA and 0.021 in math). The
average increase per grade is approximately 0.0048, so over the six grades in our sample the ICC
increases by about 0.029 or 29% of the average ICC. There is a notably higher rate of growth in math
(0.0062 per grade) than in ELA (0.0036 per grade). Together with the evidence that ICCs are larger in
math than in ELA, this supports the hypothesis that test scores in mathematics may be more responsive
to factors that generate between-district variability within a state. Evidence from prior research finds that
educational interventions more often yield larger effects on test scores in mathematics than in ELA (e.g.,
Decker, Mayer & Glaserman, 2004; Dobbie & Fryer, 2011; Jacob, 2005; Rockoff, 2004). Therefore, it may
be that exposure to differential resources, particularly in the school context, may generate larger

variability in mathematics test scores relative to ELA that also compounds more quickly over time.

10 Note that the larger math ICCs are not a function of greater reliability of math tests, since the reliability of state
math tests and ELA tests do not differ appreciably and we adjust for reliability.
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Finally, for both math and ELA, Model 1 indicates that ICCs have increased among recent cohorts.
The average increase in the ICC over the ten cohorts in our sample is about 0.016, which is approximately
16% of the average ICC. Again, the slopes are slightly larger in math than in reading (0.0018 vs. 0.0013)
and the trend varies across states. In ELA, the cohort slopes range from -0.0041 (Kentucky) to 0.0072 per
year (Pennsylvania) and, in math, from -0.0067 (Nebraska) to 0.011 per year (Pennsylvania).

[Table 2]

In all subjects, Model 2 shows that adding controls for structural differences in district size and
enrollment across states explains approximately one third of the variation in the ICCs across states (29-
39% depending on the subject). Although Table 2 does not include estimates of the coefficients on the
structural variables in the interest of space, the coefficients generally indicate the there is more between-
district variance in test scores in states with highly-fragmented school systems, in which there are many
small districts.

The association between the size and number of school districts and the ICC may be due in part
to fact that the structure of districts is correlated with residential segregation between-district districts,
which may in turn shape patterns of between-district variation in achievement. States with few, large
districts generally have lower levels of between-district segregation than states with many small districts:
the number of districts in a state is correlated with both racial between-district segregation (correlation
of 0.59 for white-black segregation; correlation of 0.56 for white-Hispanic segregation) and segregation
by free lunch eligibility (correlation of 0.51).

Adding the segregation measures to the models explains most of the remaining variance in the
intercepts among states. Model 3 shows that 89-91% of the between-state variance is explained when
including both the structural and segregation measures. Notably if we exclude the structural covariates
(models not shown), the segregation measures alone still explain 84-87% of the variance suggesting that

segregation is the key factor in explaining variance in the ICCs among states. Across all models, free lunch
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segregation and white-black segregation are both significant predictors of the ICCs; white-Hispanic
segregation is not. The coefficient on free-lunch segregation is four times larger than the coefficient on
white-black segregation (0.48 vs 0.12 in the pooled subject model), indicating that between-district
socioeconomic segregation may be a much more important driver of between-district test score variation
than is racial segregation.

Figure 2 plots the ICCs against the state-average white-black and free lunch segregation to
visually demonstrate the bivariate relationship between the ICCs and the two segregation measures. The
correlations of white-black segregation with math and ELA ICCs are 0.78 and 0.71, respectively, while the
correlations of free-lunch segregation and ICCS are even higher: 0.87 and 0.92, respectively. These strong
correlations make clear that segregation is closely associated with the amount of between-district
variation in the average student test scores among states.

[Figure 2]

Our last analysis investigates the association between segregation and the rate at which the ICC
changes across grades and across cohorts. Table 2 shows that the rate of change of the ICC from grade 3
to 8 is positive on average, but varies significantly among states. We hypothesized that in states with
more segregation the compounding effects of differential exposure to resources may be larger than in
less segregated states because the contrast in resources among districts is likely starker. The regression
estimates in Table 3, however, do not support this hypothesis. None of the segregation measures are
significantly associated with the growth rate of the ICCs. Only a modest fraction (24%) of the variance in
the grade slope is explained with the addition of the covariate interaction terms in Table 3 (this can be
seen by comparing Model 5 to Model 3), indicating that factors other than segregation play an important
role in shaping changes over grades in between-district academic performance.

[Table 3]

We perform a similar analysis to determine whether or not these covariates explain any of the
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variance in the cohort slopes across states. The parallel models (Models 6 & 7) show that these variables
do not explain any of the between-state variation in cohort slopes. In other words, although free lunch
and white-black segregation explain much of the initial differences in the size of the ICCs across states,
places with higher free lunch and white-black segregation levels do not appear to have systematically

higher growth in the ICCs from grades 3 to 8 or higher growth in the ICCs from earlier to later cohorts.

Discussion

In this paper we conduct the first comprehensive analysis of between-district variation in
academic performance. Among the 49 states in our study, the between-district proportion of test score
variance ranges from near zero (indicating no average difference in average test scores among districts)
to 0.23 (indicating that average performance differs considerably among districts). In addition, the data
show the between-district test score variation is, on average, 29% greater in 8" grade than 3™ grade; and
is on average 16% greater for cohorts entering kindergarten in 2009 than in 2000.

This description of between-district test score variation may be useful in several ways. It provides
information about the extent to which low-performing students are concentrated in a small number of
school districts, and so may be useful for designing school finance systems and determining how
resources should be distributed among school districts. Moreover, knowledge of ICCs can be useful in
power analyses needed to design studies of educational interventions and processes.

Data on the extent of between-district test score variation is further necessary for understanding
its causes and consequences. Our analyses show that roughly 90% of the variation in the ICC among
states can be accounted for by patterns of between-district white-black and economic segregation and
structural characteristics of school districts (number, enrollment, and concentration of students). States
with high levels of white-black and economic segregation have, on average, more between-district

variation; this relationship is particularly strong for economic segregation. Segregation levels are not
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associated with the rate at which the ICC grows from grade 3 to 8 or across cohorts, however, indicating
that segregation alone does not explain why between-district test score variation grows faster in some
states than others.

Why is segregation so strongly associated with the between-district variation in test scores? One
obvious explanation is that family background and neighborhood conditions exert a strong influence on
academic performance—particularly on the development of academic skills in early childhood and
elementary school. This would lead to higher average performance in affluent school districts than in
poorer ones, and therefore to more test score variation between districts when the between-district
socioeconomic dispersion is wider. The other obvious explanation is that school quality may be correlated
with local socioeconomic and racial composition. If the schools in poor and predominantly black and
Hispanic school districts are inferior, on average, to those in affluent and predominantly white districts,
this would also lead to the correlation between segregation and between-district test score variation that
the data reveal.

Because we have no direct measures of school district quality or measures of the ICC at the start
of formal schooling, our analyses here cannot distinguish the relative importance of the two potential
explanations. Moreover, the two explanations are likely not fully separable in practice. If local
socioeconomic conditions shape school quality—because affluent districts are able to marshal more
economic, social, and political resources and to attract and retain more skilled teachers and staff—then a
key channel through which local socioeconomic conditions shape educational outcomes is through their
effects on school quality. Identifying the aspects of school quality that drive between-district variation in
academic success—and learning how to improve schools in low-income communities—is therefore

essential for reducing educational inequality.
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Tables and Figures

Table I: State Average Structural and Segregation Covariates

Variable Mean Standard Deviation Min Max
Number of Districts 263.85 15.63 1027.93
Log Number of Districts 5.17 2.75 6.94
Mean District Grade-Level Enrollment 430.50 38.50 2776.59
Log Mean District Grade-Level Enrollment 4.69 2.52 7.13
Standard Deviation of District Grade-Level Enrollment 850.69 40.92 5592.80
Log Standard Deviation of District Grade-Level Enrollment 1.29 0.73 1.96
District Fragmentation (HHI) 0.95 0.46 0.99
Transformed District Fragmentation (In(1/(1-HHI))) 3.57 0.61 5.15
Between-District, Within State White/Black Segregation (H) 0.26 0.05 0.52
Between-District, Within State White/Hispanic Segregation (H) 0.19 0.04 0.46
Between-District, Within State Free Lunch Segregation (H) 0.12 0.02 0.33

Note: Summary statistics include one observation for each of the 49 states included in the subsequent analyses, the average

of the variable across grades (3-8) & years (2009-2013).
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ICC Estimates, by Siate
Averaged Across Grades & Years

ELA
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Figure I: Maps of ICC Estimates by State and Subject Averaged Across Grades & Years
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Table II: Multivariate Relationships Among State Intraclass Correlations and Measures of Between-District Segregation
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Math ELA Math & ELA
(1) (2) 3) (1) (2) 3) (1) (2) 3)

Intercept 0.1068 *** 0.1068 *** 0.1068 *** 0.0940 *** 0.0940 *** 0.0940 *** 0.1003 *** 0.1003 *** 0.1003 ***
(0.0068) (0.0193) (0.0027) (0.0066) (0.0063) (0.0023) (0.0066) (0.0125) (0.0039)

Cohort 0.0018 ** 0.0018 ** 0.0018 ** 0.0013 ** 0.0013 ** 0.0013 ** 0.0016 ** 0.0016 ** 0.0016 **
(0.0006) (0.0006) (0.0006) (0.0005) (0.0005) (0.0004) (0.0005) (0.0005) (0.0006)

Grade 0.0062 *** 0.0062 *** 0.0062 *** 0.0036 *** 0.0036 *** 0.0036 *** 0.0048 *** 0.0048 *** 0.0048 ***
(0.0009) (0.0010) (0.0010) (0.0008) (0.0008) (0.0007) (0.0007) (0.0008) (0.0007)

Math 0.0125 *** 0.0125 *** 0.0124 ***
(0.0024) (0.0026) (0.0025)

White-Black Segregation 0.1617 ** 0.0807 ** 01232  *
(0.0495) (0.0256) (0.0503)
White-Hispanic Segregation -0.0314 -0.0031 -0.0124
(0.0491) (0.0360) (0.0804)

Free Lunch Segregation 0.4149 *** 0.522 *** 0.4768 ***
(0.0687) (0.0571) (0.1129)
Structural Controls X X X X X X
Total Observations 1432 1432 1432 1458 1458 1458 2890 2890 2890
Number of States 49 49 49 49 49 49 49 49 49
Within-State Variance 0.010635 0.010635 0.010649 0.008414 0.008414 0.008414 0.010344 0.010344 0.010344
Between-State Intercept Variance 0.002242 0.001371 0.000255 0.002121 0.001496 0.000233 0.002108 0.001365 0.000192
Between-State Cohort Variance 0.000016 0.000016 0.000015 0.000008 0.000008 0.000008 0.000011 0.000011 0.000010
Between-State Grade Variance 0.000039 0.000039 0.000038 0.000025 0.000025 0.000025 0.000025 0.000025 0.000025
Between-State Math Variance 0.000280 0.000280 0.000280
Reliability - Intercept 0.998 0.996 0.980 0.999 0.998 0.987 0.999 0.998 0.988
Reliability - Cohort 0.871 0.872 0.864 0.843 0.842 0.842 0.904 0.904 0.903
Reliability - Grade 0.903 0.903 0.902 0.904 0.904 0.903 0.929 0.929 0.929
Reliability - Math 0.969 0.969 0.969
Deviance 8025 8000 7920 7722 7706 7613 15883 15862 15761
R’ (Relative to Model (1)) 0.39 0.89 0.29 0.89 0.35 0.91

+p<0.10 * p<0.05 ** p<0.01 *** p<0.001; Standard errors in parentheses. Grade is centered at 5.5; cohort is centered at 2004.5; and math is centered at 0.5. Model (1) is the baseline random coefficient model; Model (2) adds structural
controls to Model (1); Model (3) adds segregation measures to Model (2). Structural controls include: the log number of districts), the log mean enrollment, the log SD of enrollment, and the transformed Herfindahl index (In(1 - 1/HHI). All

covariates are grand mean centered.
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Between-District ICCs vs. Segregation Measures
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Table IlI: Explaining Variation in Grade and Cohort Trends using District Structure and Between-District Segregation
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Intercept

Cohort

Grade

Math

Log Number of Districts - X - Grade or Cohort

Log Mean Enrollment - X - Grade or Cohort

SD Enrollment - X - Grade or Cohort

Herfindahl Index - X - Grade or Cohort

White-Black Segregation - X - Grade or Cohort

White-Hispanic Segregation - X - Grade or Cohort

Free Lunch Segregation - X - Grade or Cohort

Structural Controls

Segregation Measures
Total Observations

Number of States

Within-State Variance
Between-State Intercept Variance
Between-State Cohort Variance
Between-State Grade Variance
Between-State Math Variance
Reliability - Intercept

Reliability - Cohort

Reliability - Grade

Reliability - Math

Deviance

p-Value from Deviance Test (Relative to Model (3))

Math & ELA
Baseline Grade Cohort
3) (4) (5) (6) 7)
0.1003 *** 0.1003 *** 0.1003 *** 0.1003 *** 0.1003 ***
(0.0039) (0.0034) (0.0020) (0.0030) (0.0020)
0.0016 ** 0.0016 ** 0.0016 *** 0.0016 ** 0.0016 ***
(0.0006) (0.0006) (0.0005) (0.0005) (0.0005)
0.0048 *** 0.0048 *** 0.0048 *** 0.0049 *** 0.0048 ***
(0.0007) (0.0007) (0.0006) (0.0008) (0.0007)
0.0124 *** 0.0124 *** 0.0124 *** 0.0124 *** 0.0124 ***
(0.0025) (0.0025) (0.0024) (0.0024) (0.0024)
0.0002 -0.0008 0.0006 0.0014
(0.0010) (0.0009) (0.0006) (0.0007) *
0.0012 * 0.0009 -0.0006 -0.0004
(0.0006) (0.0006) (0.0005) (0.0004)
-0.004  ** -0.0035 * 0.0007 0.0002
(0.0014) (0.0016) (0.0012) (0.0012)
0.0005 0.0008 -0.0008 -0.0009
(0.0010) (0.0007) (0.0006) (0.0005)  +
-0.0032 -0.0029
(0.0060) (0.0043)
0.0126 -0.0025
(0.0080) (0.0057)
0.0054 -0.0056
(0.0115) (0.0082)
X X X
X X X
2890 2890 2890 2890 2890
49 49 49 49 49
0.010344 0.010339 0.010344 0.010344 0.010344
0.000192 0.000192 0.000192 0.000191 0.000190
0.000010 0.000010 0.000010 0.000010 0.000011
0.000025 0.000020 0.000019 0.000025 0.000025
0.000280 0.000280 0.000280 0.000280 0.000280
0.988 0.988 0.988 0.988 0.988
0.903 0.903 0.903 0.903 0.904
0.929 0.915 0.909 0.929 0.929
0.969 0.969 0.969 0.969 0.969
15761 15747 15740 15753 15748
0.005 0.003 0.072 0.064

+p<0.10 * p<0.05 ** p<0.01 *** p<0.001; Standard errors in parentheses. Grade is centered at 5.5; cohort is centered at 2005.5; and math is centered
at 0.5. Model (4) adds interaction terms between the structural controls and grade to Model (3) shown in Table Il. Model (5) adds interaction terms
between the segregation measures and grade to Model (4). Model (6) adds interaction terms between the structural controls and cohort to Model (3)
shown in Table Il. Model (7) adds interaction terms between the segregation measures and grade to Model (6). Structural controls include: the log

number of districts, the log mean enrollment, the log SD of enroliment, and the transformed Herfindahl index (In(1 - 1/HHI). All covariates are grand

mean centered.



