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ABSTRACT
Theory suggests that the school environment is an important pathway through which the effects
of neighborhood poverty on educational outcomes are transmitted, especially earlier in the life
course when young children are thought to be most sensitive to neighborhood institutional
resources. Using data from the PSID, counterfactual methods, and a value-added estimation
strategy, we investigate whether primary school poverty mediates the effects of neighborhood
context on academic achievement during childhood. Contrary to expectations, results indicate
that school poverty is not a significant mediator of neighborhood effects during this
developmental period. Although moving from a high-poverty neighborhood to a low-poverty
neighborhood during childhood is estimated to substantially reduce subsequent exposure to
school poverty and improve academic achievement, school poverty does not play an important
mediating role because even the large differences in school composition linked to differences in
neighborhood context have no appreciable effect on achievement. A battery of formal sensitivity
analyses suggests that these results are highly robust to the presence of unobserved confounding,
to the use of alternative model specifications, and to the use of alternative measures of school
context.

Neighborhood Effect Mediation via School Poverty
1. INTRODUCTION
Does living in a high-poverty neighborhood, rather than a low-poverty neighborhood, improve
academic achievement because it provides access to better schools? Although a large volume of
evidence indicates that neighborhood context affects educational outcomes (Chetty et al. 2016;
Harding 2003; Rosenbaum 1995; Wodtke et al. 2011, 2016), relatively little is known about the
mechanisms thought to mediate these effects. Institutional resource theory posits that
neighborhood effects on academic achievement are mediated, at least in part, by differences in
the school environment to which children are exposed by virtue of their residential location
(Arum 2000; Ferryman et al. 2008; Galster 2012; Jencks and Mayer 1990; Johnson 2012;
Leventhal and Brooks-Gunn 2000; Wilson 1987). Neighborhood context directly affects the
socioeconomic composition of schools because school assignment rules are typically based on
residential location, and the socioeconomic composition of schools is thought to affect student
achievement in turn because schools composed predominantly of low-income students tend to
have less effective instructors, more disorderly classrooms, and fewer academic resources
(Harris 2010; Willms 2010). Thus, according to institutional resource theory, differences in
neighborhood contexts engender differences in school composition, which are in turn expected to
engender differences in student achievement.
Although it is commonly hypothesized that neighborhood effects are transmitted through
differences in the local school environment, few studies provide a formal mediation analysis that
evaluates the extent to which the total effect of neighborhood context is in fact explained by this
particular mechanism. Several prior studies investigate the joint effects of neighborhood and
school contexts on educational outcomes – with with some finding mainly neighborhood effects
(Ainsworth 2002; Card and Rothstein 2007), some finding mainly school effects (Goldsmith
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2009; Carlson and Cohen 2014; Cook et al. 2002), and others finding both (Owens 2010; Rendón
2014) – but none appropriately decompose the total effect of neighborhood context into direct
and indirect components, which is essential for evaluating theories of neighborhood effects that
posit an important mediating role for schools.
The exception is a recent study by Wodtke (2016), which decomposed the total effect of
neighborhood context on academic achievement during adolescence into an indirect component
operating through differences in the secondary school environment and a direct component
operating through alternative pathways. This study found no evidence that neighborhood effects
on achievement test scores during adolescence are mediated by multiple different characteristics
of secondary schools, including the socioeconomic and racial composition of students, the
teacher-pupil ratio, per-pupil expenditures, and aggregate measures of teacher human capital. Its
narrow focus on adolescence, however, may have obscured a more important mediating role for
the school environment during an earlier developmental period. This limitation is particularly
concerning because theory and prior research suggest that human capital formation may be most
sensitive to institutional resources, such as schools, during childhood (Cunha and Heckman
2007; Darling and Steinberg 1997; Heckman 2008).
School context is expected to play a more important mediating role during childhood rather
than adolescence for several different reasons. First, because they are smaller and typically serve
more homogenous catchment areas, primary and intermediate school contexts are more highly
variable and more closely linked to neighborhood contexts than are conditions in secondary
schools, which are larger and often serve more heterogeneous catchment areas encompassing
many different neighborhoods that vary in their socioeconomic composition (Halpern-Manners
et al. 2009). Second, research on cognitive development suggests that children are more sensitive
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to educational inputs during childhood rather than adolescence because later attainments are built
upon foundations laid down earlier (Cunha and Heckman 2007; Heckman 2006, 2008). Finally,
school exposures are more immersive for young children than they are for adolescents because
adolescents have a more expansive sphere of social activity and they exercise a measure of
personal control over their contact with the school system. Consequently, a nontrivial number of
adolescents are frequently absent, chronically truant, or drop out entirely and thus have less
extensive exposure to schools (Darling and Steinberg 1997; Rumberger 1987). These differences
in the magnitude of variation in school conditions, in the level of susceptibility to educational
inputs, and in the extent of school exposures across development periods suggest that the school
environment may be a more important mediator of neighborhood effects during childhood
compared to adolescence.
Building on analyses of contextual effects during adolescence, we investigate whether
school poverty mediates the effect of neighborhood context on reading and math abilities
specifically during childhood. By investigating the mediating role of school poverty in
transmitting neighborhood effects on academic abilities, this study directly addresses concerns
that “the sociology of education has paid inadequate attention to how the broader social context
generates cognitive disparities” (Downey and Condron 2016a:234). We focus on school poverty
because it is the most widely used measure of school context in prior research (e.g., Ainsworth
2002; Halpern-Manners 2016; Lauen and Gaddis 2013), because it has a direct causal connection
with neighborhood composition, and because the socioeconomic composition of students is more
closely related to educational outcomes than most other characteristics of the school environment
(e.g., Coleman et al. 1966). In ancillary analyses, however, we also consider alternative measures
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of school context, including the racial composition of the student body, the teacher-pupil ratio,
and per-pupil expenditures.
To investigate whether school poverty mediates neighborhood effects during childhood, we
use novel counterfactual methods (Pearl 2000; VanderWeele 2015) that allow for the
decomposition of total effects into direct and indirect components under a weaker set of
modeling restrictions than is required with more conventional approaches to mediation analysis
(e.g., Baron and Kenney 1986), which are only appropriate if the effects of interest are linear and
additive. More specifically, we focus on decomposing the total effect of neighborhood context
into, first, a natural direct effect that measures differences in achievement due to residence in
low- versus high-poverty neighborhoods if subjects are subsequently exposed to the level of
school poverty that they would experience living in a high-poverty neighborhood, and second, a
natural indirect effect that measures differences in achievement resulting from exposure to the
level of school poverty that subjects would experience living in a low-poverty neighborhood
rather than the level of school poverty that they would experience living in a high-poverty
neighborhood.
To estimate these effects, we fit value-added models to longitudinal data from the Panel
Study of Income Dynamics (PSID) that control for baseline measures of academic achievement
and neighborhood context, among a variety of other factors. This approach to estimation, which
involves conditioning on lagged measures of the treatment and outcome in an effort to identify
the effects of future levels of the treatment and mediator on future levels of the outcome,
provides some of the strongest protections against confounding bias in observational analyses of
causal mediation (Pearl 2000; VanderWeele 2015). Nevertheless, it still requires a number of
strong assumptions about accurate measurement, correct model specification, and unobserved
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confounding that may not be satisfied in practice. Thus, we also conduct an extensive sensitivity
analysis that evalutes whether our findings are robust to hypothetical violations of these key
assumptions.
Contrary to expectations, results indicate that school poverty is not a significant mediator
of neighborhood effects on academic achievement, even during childhood when the mediating
role of the school environment is thought to be most pronounced. Although total effect estimates
indicate that moving from a high-poverty neighborhood to a low-poverty neighborhood during
childhood significantly improves reading and math achievement, natural direct and indirect
effect estimates indicate that school poverty is not an important mediator of these effects because
the differences in school composition induced by differences in neighborhood context do not
have an appreciable direct impact on achievement. These findings are robust to hypothetical
violations of the measurement, modeling, and confounding assumptions on which they are based,
indicating that neighborhood effects on academic achievement during childhood are likely due to
mediating factors unrelated to the school environment.

2. NEIGHBORHOODS, SCHOOLS, AND ACADEMIC ACHIEVEMENT
The mechanisms through which poor neighborhoods are hypothesized to affect academic
achievement include social and cultural isolation (Anderson 1991; Wilson 1987), a breakdown of
collective trust among residents and proximity to high levels of violent crime (Sampson 2001;
Sharkey 2010), exposure to environmental health hazards (Crowder and Downey 2010;
Rosenfeld et al. 2010), and institutional resource deprivation (Galster 2012; Jencks and Mayer
1990; Wilson 1987). The local school environment is one particularly important type of
institutional resource, and the lack of access to high-quality schools in poor neighborhoods is
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widely thought to explain, at least in part, neighborhood effects on academic achievement (Arum
2000; Ferryman et al. 2008; Galster 2012; Johnson 2012).
Neighborhood context is directly linked to the socioeconomic composition of schools
because, in most U.S. districts, public school assignment rules are based on a student’s
residential location (NCES 2014). As a result, children living in high-poverty neighborhoods will
typically attend schools with a greater number of low-income students, while children living in
low-poverty neighborhoods will typically attend schools with fewer low-income students, other
factors being equal. For example, in urban neighborhoods where about 10 percent of the
residents are poor, between 20 and 40 percent of the students who attend the local elementary
school are poor, on average. By contrast, in urban neighborhoods where about 30 percent of the
residents are poor, more than 60 percent of the students who attend the local elementary school
are poor, on average. In total, about 70 percent of the variance in the socioeconomic composition
of public schools can be explained by the socioeconomic composition of the catchment areas
they serve (Saporito and Sohoni 2007).
Yet despite the close link between neighborhood and school composition, a nontrivial
number of children attend schools and live in neighborhoods with starkly different
socioeconomic profiles. Many public schools serve catchment areas composed of multiple
neighborhoods, and some of these neighborhoods may differ in their socioeconomic
composition. In addition, due to the proliferation of magnet schools, charter schools, and intradistrict open enrollment policies, about 25 percent of urban residents now enroll their children in
schools outside of the local neighborhood (NCES 2014). And private schools, which tend to
enroll substantially fewer poor students than public schools because of the additional tuition
costs, are also an option for high-income families or for low-income families with access to
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school vouchers or targeted scholarships. Consequently, it is not that uncommon for children to
attend a school with a socioeconomic composition that differs from their neighborhood (Saporito
and Sohoni 2007).
The socioeconomic composition of schools is thought to be closely linked with school
quality because schools with greater numbers of low-income students tend to suffer from a
variety of educational deficiencies. For example, schools with a large proportion of low-income
students often have less effective teachers, a slower pace of instruction, a less rigorous
curriculum, and a greater number of in-class disruptions than schools with fewer low-income
students (Kahlenberg 2001; Willms 2010). High rates of teacher attrition are also common at
schools with a large proportion of low-income students, which may interfere with instructional
continuity and efforts to develop high-quality teachers over time (Borman and Dowling 2008;
Boyd et al. 2005). In addition, because school funding comes in part from property taxes levied
by local governments, the socioeconomic composition of schools may be linked to the financial
resources at their disposal, although compensatory disbursements from state and federal
governments tend to offset financial disparities that emerge between schools at the local level
(NCES 2015). Nevertheless, the socioeconomic composition of schools may be linked to other
more intangible resources that are also important for student learning because high-income
parents tend to be more closely involved with their children’s school and thus may provide a
variety of social, cultural, and in-kind resources with benefits for all students (Kahlenberg 2001;
Steinberg 1997).
Consistent with arguments about the link between school poverty and school quality, a
large volume of research suggests that children who attend schools with a greater proportion of
low-income students tend to have significantly lower academic achievement than children who
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attend schools with fewer low-income students but who are otherwise comparable on observed
individual- and family-level characteristics (e.g., Battistich et al. 1995; Halpern-Manners 2016;
Kahlenberg 2001; Rumberger and Palardy 2005; Schellenberg 1999; Willms 1986; Willms
2010). Findings from research on school effects, however, can be somewhat inconsistent, and the
degree to which schools contribute to achievement disparities remains the subject of considerable
debate (e.g., Downey and Condron 2016a, 2016b). For example, some studies report that
attending a high- versus low-poverty school actually improves educational outcomes, at least for
certain types of students (Attewell 2001; Crosnoe 2009). Moreover, several studies raise
questions about whether the associations between school context and student achievement
documented in prior research warrant a causal interpretation, and they suggest that the true
effects of school poverty may be small in practical terms (Coleman et al. 1966; Lauen and
Gaddis 2013). In addition, seasonal learning comparisons show that socioeconomic differences
in achievement grow more slowly during the months that school is in session than during the
summer when students are not in school (Downey et al. 2004; Heyns 1978), which suggests that
these achievement disparities may be primarily a product of non-school factors related to the
household or neighborhood.
In sum, theory and prior research suggest a strong, albeit imperfect, causal link between the
socioeconomic composition of neighborhoods and schools. Moving from a high-poverty to a
low-poverty neighborhood is therefore expected to substantially reduce subsequent exposure to
school poverty for most students. Research on the causal link between school poverty and
student achievement, on the other hand, is more ambiguous, but the overall weight of the
evidence suggests that exposure to schools with many low-income students leads to at least
somewhat lower achievement, net of other factors. Thus, the reductions in exposure to school
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poverty induced by moving from a high-poverty to a low-poverty neighborhood are expected to
improve academic achievement—that is, school poverty is expected to mediate the effects of
neighborhood context.

3. NEIGHBORHOOD EFFECT MEDIATION IN DEVELOPMENTAL PERSPECTIVE
Although theory suggests that school poverty mediates neighborhood effects on academic
achievement, empirical research on this causal process is limited, and results are mixed. For
example, only a few prior studies consider the joint effects of neighborhood and school contexts
on educational outcomes, and they often yield conflicting results: some studies find that
neighborhood effects are more pronounced than school effects (Ainsworth 2002; Card and
Rothstein 2007), while others find the exact opposite (Goldsmith 2009; Carlson and Cohen 2014;
Cook et al. 2002). Moreover, the only prior study that formally decomposes the total effect of
neighborhood context into an indirect component operating through school characteristics and a
direct component operating through alternative pathways does not reveal any significant
evidence of neighborhood effect mediation via the school environment (Wodtke 2016).
A critical limitation of these prior studies, however, is that they focus almost exclusively
on adolescence, which may obscure a significant mediating role for the school environment
earlier during childhood. The degree to which the school environment mediates neighborhood
effects on academic achievement may depend on the developmental timing of exposure for
several different reasons: first, school contexts are likely more variable and more closely linked
to neighborhood contexts during childhood compared to adolescence; second, young children are
more extensively exposed to schools than are adolescents; and third, young children may be
more susceptible than adolescents to differences in the school environment.
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School contexts are more variable and also more closely linked to neighborhood contexts
during childhood because primary and intermediate schools have smaller catchment areas than
secondary schools. Thus, primary and intermediate schools typically serve only a small number
of neighborhoods in their immediate vicinity, whereas secondary schools often draw their
enrollment from many different and potentially heterogeneous neighborhoods. As a result, the
largest differences in school characteristics are observed at the primary and intermediate levels,
and in many cases, these differences are significantly attenuated when students transition into
secondary schools (Halpern-Manners et al. 2009). Furthermore, because of their comparatively
circumscribed catchment areas, differences in primary and intermediate school contexts should
map more closely onto differences in neighborhood contexts.
Young children are also more extensively exposed to schools than are adolescents because
they have much less control over their attendance patterns. Many adolescents are frequently
absent, chronically truant, or drop out of high school entirely (Darling and Steinberg 1997;
Rumberger 1987). Among younger children, by contrast, absenteeism, truancy, and especially
dropping out are much less common. For example, in Chicago Public Schools, absenteeism
nearly doubles between the eighth and ninth grades (Allensworth 2014). Similarly, in Milwaukee
Public Schools, about 30 percent of primary school students, 40 percent of intermediate school
students, and 70 percent of secondary school students are classified as habitual truants (U.S.
Department of Education 2008). Individuals must be exposed to a school in order for it to have
an effect on their achievement. If adolescents have significantly less contact with schools than
younger children, then this might limit the degree to which they can be influenced by the school
environment, and by extension, the degree to which differences in school context can explain
neighborhood effects on achievement.

10

Neighborhood Effect Mediation via School Poverty
In addition to variations in the extent of school exposures over the early life course, it is
also commonly hypothesized that young children are more sensitive to these exposures than are
adolescents. For example, Halpern-Manners (2016:4-5) posits that “the foundations for longterm success are established during children’s early years through a process that is ‘exquisitely
sensitive’ to contextual factors…[and] similar processes could also operate with respect to school
exposures and student learning.” Consistent with this view, research on human capital formation
suggests that children are more sensitive to educational interventions during early childhood and
that cognitive remediation strategies for disadvantaged adolescents are often ineffective (Cunha
et al. 2010). Similarly, studies about the effects of small class sizes on academic achievement
document larger and more consistent benefits for younger students in smaller elementary schools
than for older students in smaller secondary schools (Leithwood and Jantzi 2009).
In sum, although prior research indicates that school context may not be an especially
important mediator of neighborhood effects on academic achievement during adolescence, there
are several reasons to expect that the school environment may play a more important mediating
role earlier during the course of development. It is therefore important to avoid generalizing
results from prior research on other development periods and to directly investigate whether
school poverty mediates the effects of neighborhood context specifically during childhood.

4. METHODS
4.1 Data
We use data from the PSID linked to information from the U.S. Census on the composition of
neighborhoods and to information from the U.S. National Center for Education Statistics on the
characteristics of schools. The PSID began in 1968 with a probability sample of about 4,800
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households. It conducted annual surveys until 1997 and then biannual surveys thereafter. Data on
academic achievement was collected as part of the Child Development Supplement (CDS), a
component of the broader survey designed to assess early human capital formation. The CDS
began in 1997 with a sample of 3,563 children aged 0 to 12, and it re-interviewed sample
members again in 2002-2003 and in 2007. The analytic sample for this study includes the 1,135
children who were interviewed at the 1997 wave of the CDS when they were between age 3 and
7. We focus on this subset of children because it is the group for which repeated measures of
academic achievement are available during childhood.
We matched sample members to their neighborhoods – here defined as census tracts – and
to their schools using the PSID restricted-use geocode and school identification files,
respectively. Data on the composition of census tracts come from the GeoLytics Neighborhood
Change Database, which contains tract-level data from the 1970 to 2010 U.S. Censuses and from
the 2006 to 2010 American Community Surveys. Tract characteristics are imputed using linear
interpolation for intercensal years. Data on the characteristics of schools come from the NCES
Common Core of Data and Private School Universe Survey, which contain aggregate measures
of student and staff characteristics from all public and private schools in the U.S.

4.2 Measures
The outcome in this study, academic achievement, is denoted by

and measured using the

letter-word and applied problem tests from the Woodcock-Johnston Psycho-educational BatteryRevised (Woodcock and Johnson 1989). These tests assess reading and math abilities,
respectively, and they have excellent psychometric properties, including high test-retest
reliability and high criterion validity (LaForte et al. 2014). Specifically, we use “W scores” from
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these tests, which provide an equal-interval measure designed to capture differences in
achievement over time. A W score of 500 is the reference score, and it represents achievement
equivalent to the average fifth grader in the U.S. By extension, a test question with 500-level
difficulty is answered correctly by fifth graders about 50 percent of the time. A W score of 510,
by contrast, indicates that a subject can correctly answer 510-level questions about 50 percent of
time, and 500-level questions about 75 percent of the time. In general, a 10 point increase
anywhere on the scale represents a subject’s ability to perform, with 75 percent success,
academic tasks that she could previously perform with only 50 percent success (Jaffe 2009).
The mediator of interest in this study is denoted by

and represents the percentage of

students in a sample member’s school who are eligible for a free lunch through the National
School Lunch Program. To qualify for this program, a student’s family must have an income at
or below 130 percent of the federal poverty threshold, and thus the mediator is an approximate
school-level poverty rate. In a set of ancillary analyses, we also consider several alternative
measures of school context, including the racial composition of students, the teacher-pupil ratio,
and per-pupil expenditures. Results from these analyses are presented in Appendix A and are
highly consistent with those based on the measure of school poverty.
Treatment in this study is denoted by

and represents the percentage of families in a

sample member’s neighborhood with incomes below the federal poverty threshold. We use a
measure of neighborhood poverty rather than a composite measure of neighborhood
disadvantage based on multiple tract-level characteristics (e.g. Wodtke et al. 2011; Wodtke
2016) because it has a well-defined scale, is easier to interpret, and has the most direct causal
connection with the level of school poverty to which a subject is exposed. Nevertheless, we also
conducted ancillary analyses using a composite measure of neighborhood disadvantage based not
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only on the poverty rate but also on the unemployment rate, median household income, the
proportion of households that are female-headed, aggregate levels of education, and the
occupational structure of the neighborhood. Results from this analysis (not shown, available
upon request) are highly consistent with those based on the single measure of neighborhood
poverty.
To control for potential confounding of contextual effects on academic achievement, we
measure and adjust for an extensive set of individual- and family-level covariates, including the
race, gender, and age of the subject; the age and education level of the subject’s primary
caregiver; the marital and employment status of the family head; and the net worth, income,
homeowner status, size, and regional location of the subject’s family. Race and gender are both
dummy coded: 1 for black and 0 for nonblack, and 1 for female and 0 for male. The marital and
employment status of the family head are also both dummy coded: 1 for married and 0 for
unmarried, and 1 for employed and 0 for not employed. Age is measured in years, as is the
education level of the primary caregiver. Family size is equal to the total number of people
present in the household. Homeownership is dummy coded, 1 for families that own their homes
and 0 for families that do not. Regional location is also dummy coded, 1 for residence in a
southern census division and 0 otherwise. A family’s net worth is equal to the value of all assets
minus all debts. This measure is adjusted for inflation and expressed in cube-root real dollars to
adjust for its extreme positive skew. Family income is measured using an “income-to-needs
ratio,” which is equal to a family’s annual real income divided by the official poverty threshold.
The vector of all covariates measured in this analysis is denoted by
The time index, , is used to distinguish between “baseline” (

.
0) measures of the

treatment, outcome, and covariates, which are used only as control variables, and then “follow-
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up” (

1) measures of the treatment, mediator, and outcome, which are used to estimate the

contextual effects of interest. Baseline measures were taken at or just before the 1997 wave of
the CDS when sample members were age 7 or younger, and follow-up measures were taken
several years later at either the 1999 wave of the PSID main panel or the 2002-2003 wave of the
CDS. Table 1 provides a graphical outline of this longitudinal measurement strategy. For
notational simplicity, we use the same time subscript for all follow-up measures, but note that
measures of the treatment, mediator, and outcome during this period are in fact sequentially
ordered, which is prerequisite in analyses of causal mediation. They are sequentially ordered
because neighborhood poverty is measured two years prior to the outcome and because the
measure of school poverty refers to the academic year immediately preceding measurement of
the outcome. Thus, these data have the following temporal structure:

,

,

,

,

,

.

Descriptive statistics for all variables are presented in Table 2.
Our identification strategy in this study is to focus on estimating contextual effects using
the follow-up measures of neighborhood context, school poverty, and academic achievement
while controlling for baseline measures of achievement, neighborhood context, and covariates
taken at an earlier point in time. Prior research on this approach to identification in observational
studies of contextual effects suggests that it significantly mitigates confounding bias (Chetty et
al. 2014), although it is still premised on a number of strong assumptions that we explain in
detail below and then submit to an extensive sensitivity analysis.

4.3 Estimands
Total, natural direct, and natural indirect effects are defined using potential outcomes and the
counterfactual framework (Rubin 1974; VanderWeele 2015). First, let

indicate exposure to a
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specific level of neighborhood poverty during childhood. Next, let the potential outcome
denote the achievement level of subject had she previously been exposed to this specific level
of neighborhood poverty, possibly contrary to fact. For example,

20 is the subject’s

achievement level had she lived in a neighborhood where 20 percent of the residents were poor.
Similarly, let

represent the level of school poverty to which subject would

subsequently be exposed under prior exposure to the level of neighborhood poverty given by

.

The mediator is also defined as a potential outcome because it is affected by prior treatment.
Finally, note that

,

. This indicates that the potential outcome, which is

conventionally defined only in terms of prior treatment, can also be defined as a function of both
prior treatment and the value of the mediator under this prior treatment. In other words,
,

is the academic achievement level for subject under childhood exposure to the

level of neighborhood poverty given by

and, by extension, under subsequent exposure to the

level of school poverty the subject would experience as a result of prior residence in a
neighborhood with this specific level of poverty.
In the counterfactual framework, each subject is conceived to have a set potential outcomes
corresponding to all possible values of neighborhood poverty, and contrasts between these
potential outcomes define the causal effects of interest. Because only the single potential
outcome that corresponds to the level of neighborhood poverty actually experienced by a subject
is ever observed, causal effects necessarily involve contrasts that are fundamentally unobservable
in practice (Holland 1986; Rubin 1974). This indicates that causal inferences are only justified
under strong assumptions about unobserved factors, which we discuss in Section 4.4 below.
The average total effect of neighborhood poverty is defined as
∗

.
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In words, the

is the expected difference in academic achievement had subjects previously
∗

been exposed to the level of neighborhood poverty given by
The

, rather than

, during childhood.

can be additively decomposed into direct and indirect components as follows:
∗

∗

∗

,

,

∗

,
∗

,

∗

,

∗

,

.

The first term in this decomposition is the average natural direct effect,
∗

In words, the

,

,

.

represents the expected difference in academic achievement under childhood
∗

exposure to the level of neighborhood poverty given by

, rather than

, if each subject were

subsequently exposed to the level of school poverty they would have experienced under prior
residence in a neighborhood with a poverty level equal to

. The second term in this

decomposition is the average natural indirect effect,
∗

In words, the

∗

,

∗

,

.

represents the expected difference in academic achievement under exposure to

the level of neighborhood poverty given by

∗

if each subject were then subsequently exposed to

the level of school poverty they would have experienced as a result of prior residence in a
neighborhood with a poverty level equal to
For example, with

∗

5 and

∗

, rather than

20, the

, during childhood.

would represent the expected difference

in academic achievement linked to residence in a low-poverty neighborhood where 5 percent of
the residents are poor, rather than a high-poverty neighborhood where 20 percent of the residents
are poor, if each subject were subsequently exposed to the level of school poverty they would
have experienced by virtue of living in the low-poverty neighborhood. Similarly, the

would
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represent the expected difference in academic achievement if, after initially being exposed to a
low-poverty neighborhood where 5 percent of the residents were poor, children were then
exposed to the level of school poverty that they would experience living in this low-poverty
neighborhood rather than the level of school poverty that they would have experienced had they
lived instead in a high-poverty neighborhood where 20 percent of the residents are poor.
Substantively, the

measures the effect of neighborhood poverty operating through all

mediating pathways, including the pathway operating through subsequent exposure to school
poverty. The

, by contrast, measures the effect of neighborhood poverty on academic

achievement operating through all pathways other than school poverty by fixing the mediator to
the level it would have “naturally” been for each subject under the reference level of treatment
and then comparing achievement levels across differences in neighborhood poverty. This
deactivates the pathway operating through school poverty but leaves all other pathways intact.
The

measures the effect of neighborhood poverty operating specifically through subsequent

exposure to school poverty by “fixing” the level of treatment for each subject and then
comparing achievement levels across the differences in school poverty that children would have
experienced under prior exposure to different levels of neighborhood poverty. This deactivates
all pathways except for that operating through the socioeconomic composition of schools.

4.4 Identification
The

can be identified from the observed data under the assumption of ignorability of

treatment assignment. Formally, this condition is expressed as
|

,
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where

denotes statistical independence and, for notational simplicity, baseline measures of the
,

treatment and outcome,

, are here and henceforth subsumed into the vector of controls,

. Informally, this assumption states that there must not be any unobserved confounding of the
treatment-outcome relationship (Pearl 2000; VanderWeele 2015). If this assumption is satisfied
in practice, then the

can be expressed in terms of the observed data as follows:
∗

∑
|

The

and

|

,

,

∗

.

can be identified from the observed data only under a more expansive

set of ignorability assumptions, which are formally expressed as follows:
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Informally, these assumptions state, respectively, that there must not be any unobserved
treatment-outcome confounding, unobserved mediator-outcome confounding, unobserved
treatment-mediator confounding, or any treatment-induced mediator-outcome confounding,
whether observed or unobserved (Pearl 2000; VanderWeele 2015). Figure 1 depicts each of these
confounding assumptions graphically. If they are satisfied in practice, then the
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4.5 Regression-based Estimation
The

is estimated from the following regression model for the conditional mean of the

outcome given the treatment and baseline controls:
|

,

.

(1)

This equation includes linear and quadratic terms for treatment because there is some evidence of
a nonlinear relationship between neighborhood poverty and achievement test scores. Under the
assumption that Equation 1 is correctly specified in addition to the ignorability assumption
outlined previously, the

is equal to
|

∑

∗

,
∗

The

and

|

,

∗

.

are estimated from the following two regression models—the first for

the conditional mean of the mediator given the treatment and baseline controls, and the second
for the conditional mean of the outcome given the treatment, mediator, and baseline controls:
|
|

,
,

and
,

(2)
.

(3)

Both Equations 2 and 3 include linear and quadratic terms for treatment to accommodate
evidence of nonlinearity in the effects of neighborhood poverty on the mediator and on the
outcome, whereas Equation 3 only includes a linear term for the mediator because
experimentation with a variety of a more complex specifications, including specifications with
treatment-mediator interactions and higher-order polynomial terms, failed to even marginally
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improve model fit. Under the assumption that Equations 2 and 3 are correctly specified in
addition to the set of four ignorability assumptions outlined previously, the
∑
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In the results section below, we focus specifically on an

,a

, and a

that contrast

exposure to a low-poverty neighborhood where 5 percent of the residents are poor with exposure
to a high-poverty neighborhood where 20 percent of the residents are poor (i.e.,

∗

5 versus

20). These poverty levels roughly correspond to the 20th and 80th percentiles, respectively,
of the national treatment distribution.
Because the vector of baseline controls,

, includes lagged measures of the treatment and

outcome, this analysis is based on a set of value-added models, which are commonly used in
research on school effects (e.g., Chetty et al. 2014, Rowan et al. 2002). Estimates of the
parameters in these models are computed by ordinary least squares and then used to construct the
effects of interest with the formulas outlined previously. Standard errors for these effects are
computed using the delta method after adjusting the appropriate variance-covariance matrices for
the clustering of sample members within families. This analysis is replicated across 200
complete datasets with missing values for all variables simulated via multiple imputation, and
estimates are then combined across replications following Rubin (1987). In total, the proportion
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of missing information in the analytic sample is about 10 percent, most of which is due to sample
attrition over time. Finally, although the CDS is based on a complex sample design, we focus on
unweighted estimates because they are very similar to appropriately weighted estimates that
adjust for unequal probabilities of selection. In this situation, unweighted estimates are preferred
because they are more efficient (Winship and Radbill 1994). For reference, we report weighted
estimates in Appendix B.

5. RESULTS
5.1 Joint Distribution of Neighborhood and School Poverty during Childhood
Table 3 describes the joint distribution of neighborhood and school poverty during childhood,
where follow-up measures of these variables have been grouped by quintile and then crosstabulated. Several patterns are evident in these data. First, neighborhood and school poverty are
highly correlated. For example, among sample members in low-poverty, first quintile
neighborhoods, about 62 percent attend low-poverty, first quintile schools, and only 3 percent
attend schools with higher poverty levels in the fourth and fifth quintiles. By contrast, among
sample members in high-poverty, fifth quintile neighborhoods, about 57 percent attend highpoverty, fifth quintile schools, and only 7 percent attend schools with lower poverty levels in the
first and second quintiles. Second, even though exposures to neighborhood and school poverty
are tightly coupled during childhood, a nontrivial number of sample members still live in
neighborhoods and attend schools that differ in their socioeconomic composition by a
considerable margin. For example, about 9 percent of sample members attend a school that is at
least two quintiles poorer than their neighborhood, while about 8 percent attend a school that is
at least two quintiles wealthier. Thus, Table 3 documents a strong correlation between exposures
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to neighborhood and school poverty during childhood, but it also reveals a degree of discordance
between these two contexts for at least some children.

5.2 Total, Direct, and Indirect Effects of Neighborhood Poverty during Childhood
Table 4 presents estimates of total, direct, and indirect effects of neighborhood poverty on
academic achievement during childhood. The upper panel of the table presents unadjusted effect
estimates computed from a set of naïve regression models that do not control for baseline levels
of the treatment, outcome, or covariates, while the lower panel presents adjusted estimates based
on the value-added models in Equations 1 to 3. This table also reports a measure of the
“proportion mediated,” which is equal to the ratio of the

to the

and captures the

proportion of the total effect that can be explained by the mediator of interest.
The unadjusted estimates in Table 4 suggest that exposure to neighborhood poverty during
childhood has extremely large effects on academic achievement. They also suggest that these
effects are significantly mediated by subsequent exposure to school poverty. Specifically, the
differences in exposure to school poverty induced by moving from a high-poverty to a lowpoverty neighborhood during childhood are estimated to explain between 25 to 30 percent of the
total effect on achievement. These estimates, however, are badly biased because they do not
adjust for baseline differences in achievement and other covariates.
The adjusted estimates in Table 4, which provide considerable protection against
confounding bias, also suggest that neighborhood poverty significantly affects reading and math
achievement during childhood, but in sharp contrast to the unadjusted estimates, these results
provide no evidence that neighborhood effects are mediated by subsequent exposure to school
poverty. Specifically, adjusted estimates of the

indicate that childhood exposure to a low-
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poverty neighborhood where 5 percent of the residents are poor, rather than a high-poverty
neighborhood where 20 percent of the residents are poor, increases performance growth on the
letter-word and applied problem tests by 3.71 and 4.99 points, respectively. These effects are
substantively large and statistically significant at conventional thresholds. To put them in
perspective, note that an increase of 5 points represents the ability to perform, with 62.5 percent
success, academic tasks that could previsouly be performed with only 50 percent success, which
is roughly equivalent to the typical increase in performance achieved over 2 to 3 months of
schooling.
Contrary to expectations, however, adjusted estimates of the

and

indicate that

the total effects of neighborhood poverty during childhood are not significantly mediated by the
socioeconomic composition of schools. For example, the adjusted estimate of the

on math

achievement indicates that if children were exposed to a low-poverty neighborhood where 5
percent of the residents are poor, rather than a high-poverty neighborhood where 20 percent of
the residents are poor, and then were subsequently exposed to the level of school poverty they
would have experienced in the high-poverty neighborhood, their performance growth on the
applied problem test would still increase by 5.26 points. This effect is substantively large, highly
significant, and essentially indistinguishable from the corresponding
of the

. The adjusted estimate

on letter-word test scores is similar, although it is only marginally significant at the

0.10 level.
By extension, adjusted estimates of the

indicate that if children were to live in a low-

poverty neighborhood and then were exposed to the level of school poverty they would
experience living in this neighborhood rather than the level of school poverty they would
experience living in a high-poverty neighborhood, their performance growth on both the letter-
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word and applied problem tests would barely change at all. This indicates that the differences in
exposure to school poverty induced by moving from a high-poverty to a low-poverty
neighborhood can explain virtually none of the overall neighborhood effect on academic
achievement during childhood. This finding is also reflected in adjusted estimates of the
proportion mediated, which are close to zero for both the letter-word and applied problem tests.
Table 5 presents estimates of the parameters associated with treatment and the mediator
from Equations 1 to 3, which were used to construct the adjusted estimates of the
and

,

,

discussed previously. These results illuminate why school poverty does not appear to

explain the effects of neighborhood context on achievement during childhood. Specifically,
estimates from Equation 2 indicate that the effect of neighborhood poverty on subsequent
exposure to school poverty is substantively large and highly significant, as expected. For
example, these estimates indicate that moving from a high-poverty neighborhood where 20
percent of the residents are poor to a low-poverty neighborhood where only 5 percent of the
residents are poor would reduce subsequent exposure to school poverty by nearly 20 percentage
points, on average (i.e.,

5 1.688

5 0.016

20 1.688

20 0.016

19.32).

Estimates from Equation 3, however, indicate that the large reduction in exposure to school
poverty associated with moving from a high-poverty to a low-poverty neighborhood does not
explain the total effect of neighborhood context during childhood because it does not appear to
have an appreciable effect on achievement, net of other factors. For example, these estimates
indicate that even an extreme reduction in exposure to school poverty of 50 percentage points,
which is more than double the reduction associated with moving from a high-poverty to a lowpoverty neighborhood, would still only increase performance growth on the letter-word test by
about one-half of a point (i.e., 50

0.011

0.55).
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5.3 Sensitivity Analyses
Under the confounding and modeling assumptions outlined previously, adjusted estimates of the
total, natural direct, and natural indirect effects are unbiased. These are strong assumptions, and
their violation would invalidate causal inferences based on this analysis. First, if any part of
Equations 1 to 3 were incorrectly specified, then the adjusted estimates may be biased. Appendix
C presents results from an ancillary analysis that explores a variety of alternative specifications
for these models. Experimentation with these different specifications suggests that the reported
estimates are highly robust.
Second, if any of the confounding assumptions outlined previously were violated, then
adjusted effect estimates may also be biased. Appendix D presents a formal sensitivity analysis
that investigates whether our central conclusions about neighborhood effect mediation during
childhood would change if certain of these assumptions were violated in practice. Results from
this analysis indicate that the effects of neighborhood poverty on letter-word scores are not very
robust to several different patterns of unobserved confounding. The effects on applied problem
scores, however, are highly robust, which indicates that our conclusions about neighborhood
effects on math achievement would remain valid even under extreme violations of the
confounding assumptions on which they are based.
Finally, measurement error in the mediator would also lead to bias in estimates of the
degree to which differences in school poverty may explain neighborhood effects on academic
achievement. This is concerning because free lunch eligibility is known to be an imperfect proxy
for school poverty (Cruse and Powers 2006). Nevertheless, bias-adjusted estimates of natural
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direct and indirect effects that account for measurement error in the mediator yield substantively
similar conclusions. These estimates are presented in Appendix E.

6. DISCUSSION
In this study, we investigate whether school poverty mediates the effects of neighborhood
context on academic achievement during childhood – the developmental period in which the
mediating role of the school environment is commonly hypothesized to be most pronounced.
Using counterfactual methods and a value-added estimation strategy, which permit a
decomposition of total effects into direct and indirect components under a defensible set of
modeling and confounding assumptions, we find that childhood exposure to a low-poverty
neighborhood rather than a high-poverty neighborhood significantly improves reading and math
achievement. Contrary to expectations, however, we find no evidence that school poverty
mediates these effects because the differences in childhood exposure to school poverty linked to
differences in residential context have no appreciable impact on achievement. Moreover, we find
that these results are highly robust to the use of alternative school- and neighborhood-level
measures, to the use of alternative model specifications, to hypothetical patterns of unobserved
confounding, and to measurement error in the mediator.
These findings are inconsistent with institutional resource theory, which posits that the
school environment is an important mediator of neighborhood effects particularly during
childhood. Rather, they are more consistent with arguments that “socioeconomic achievement
gaps in cognitive skills are more a product of factors outside of schools than pernicious school
processes” (Downey and Condron 2016b:207). In light of similar findings from Wodtke (2016),
who also failed to document a significant mediating role for school context in an analysis of
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neighborhood effects during adolescence, there is now an emerging body of evidence suggesting
that neighborhood effects on academic achievement are not linked to differences in the schools
to which children are exposed by virtue of their residential location. By extension, this body of
evidence also suggests that neighborhood effects are likely explained by alternative mediators
that are not closely associated with school context, such as deviant neighborhood subcultures,
local violent crime, or environmental health hazards.
These findings are also inconsistent with policy prescriptions that advocate for schoolbased interventions – and in particular, for the socioeconomic desegregation of schools – as a
means to mitigate the disparities in academic performance engendered by differences in
neighborhood context (e.g., Kahlenberg 2001; Oreopoulos 2012). Because there is no evidence
of a treatment-mediator interaction in this analysis, the natural direct effects discussed previously
also have an interpretation as controlled direct effects, which represent the expected difference in
achievement if subjects were exposed to low- versus high-poverty neighborhoods under a
hypothetical intervention on the mediator that would fix subsequent exposures to school poverty
at the same level for all children (VanderWeele 2015). Interpreted in this way, our estimates
suggest that an intervention designed to reduce differences in exposure to school poverty would
not significantly attenuate the achievement disparities linked to differences in exposure to
neighborhood poverty. To be clear, this type of school-based intervention can certainly be
motivated on alternative grounds and implemented to achieve alternative ends. The results
presented in this study merely suggest that it would likely be ineffectual specifically with regard
to the goal of attenuating neighborhood effects on academic achievement. Or in other words, it
does not appear that reducing socioeconomic segregation across schools would undo the harms
of persistent socioeconomic segregation across neighborhoods.
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An important methodological implication of this study is that effects of school poverty on
academic achievement estimated from study designs that do not control for neighborhood
context are likely to be badly biased. This is because neighborhood context appears to have large
effects both on subsequent exposure to school poverty and on academic achievement, which
makes it an important confounder of school effects in observational studies. Thus, if left
uncontrolled, it would lead to considerable bias in the estimated effects of school poverty.
Indeed, in a set of ancillary analyses not reported here, we find that estimated school effects
become larger and statistically significant in models that omit measures of neighborhood
poverty. Given that few studies of school effects control for neighborhood context, these results
suggest that a reconsideration of the large literature reporting significant effects of school
poverty on achievement may be in order.
Although this study has important implications for theory, policy, and methods, it also
suffers from several limitations, which demand that our findings be interpreted cautiously. The
first limitation concerns the developmental period at which the effects of schooling, broadly
defined, are most pronounced. We focus on the effects of primary and intermediate school
contexts during mid- to late-childhood, but some research suggests that educational inputs even
earlier – for example, during infancy or early childhood – have the largest effects on human
capital formation (Cunha and Heckman 2007; Heckman 2008). In another set of ancillary
analyses not reported here, we estimated school effects separately among the youngest
subsample of children for which measures of key variables can be obtained – those who were
interviewed at baseline between the ages of 3 and 4 just prior to the start of kindergarten. Results
from these analyses are similar to those discussed previously, but it remains possible that
differential exposure to other types of educational resources in the neighborhood, such as
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preschools or daycare programs, may be more important mediators of neighborhood effects very
early on in the life course. The second limitation of this study is its narrow focus on achievement
test scores. Test scores are an important educational outcome, but major transitions like highschool graduation or college attendance may be more closely linked to later life chances and also
to differences in the school environment earlier during childhood (Jackson 2012). A third
limitation is our reliance on several imperfect measures of school context (i.e., the student
poverty rate, and in ancillary analyses, the racial composition of the student body, the teacherpupil ratio, and per-pupil expenditures), when it is possible that other dimensions of the school
environment, such as in-school violence or instructional quality, may be more important
mediators of neighborhood effects.
Despite these limitations, we provide considerable evidence that neighborhood effects on
academic achievement are not due to differences in the socioeconomic composition of the
primary and intermediate schools attended by resident children. Future research should build
upon these findings while also addressing some of the limitations mentioned previously – for
example, by investigating other educational outcomes or by measuring other characteristics of
the school environment. Although we find little evidence that school poverty mediates
neighborhood effects on academic achievement, this study is important because it directs the
focus of future research toward alternative outcomes and mediators that may shed greater light
on the processes by which neighborhoods and schools shape educational outcomes.
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TABLES
Table 1. Longitudinal measurement strategy
Time
1999

1995

1997

Main survey

PSID95

PSID97

PSID99

-

CDS survey

-

CDS97

-

CDS02

A0
1-5

C0, Y0
3-7

A1
5-9

M1, Y1
8-12

Analytic sample
3-7 year olds at CDS97
Age

2002
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Table 2. Sample characteristics
Variables
Baseline controls
Prior treatment
Neighborhood poverty rate
Prior test scores
Letter-word test scores
Applied problem test scores
Subject characteristics
Black
Female
Age at baseline
Family characteristics
PCG age at baseline
PCG education
Wealth (cube-root real dollars)
Income-to-needs ratio
Southern residence
Family size
Family owns home
Head is married
Head is employed
Childhood measures at follow-up
Treatment and mediator
Neighborhood poverty rate
School poverty rate
Test scores
Letter-word test scores
Applied problem test scores

mean

sd

16.99

13.17

398.61
437.11

46.09
35.08

0.43
0.47
4.96

0.50
0.50
1.41

32.54
12.92
23.17
2.69
0.48
4.14
0.55
0.62
0.82

7.30
2.27
27.36
2.36
0.50
1.27
0.50
0.49
0.39

15.79
39.38

12.34
28.49

502.28
504.13

24.43
19.00

Notes: Sample includes respondents who were interviewed at
the 1997 wave of the CDS between age 3 and 7. Results are
combined estimates from 200 imputations.
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Neighborhood poverty quintile

Table 3. Joint treatment and mediator distribution during childhood
n
School poverty quintile
row
cell
1
2
3
4
5
152
59
28
5
3
1
.62
.24
.11
.02
.01
.13
.05
.02
.00
.00

Total
247

55
.26
.05

70
.33
.06

55
.26
.05

25
.12
.02

9
.04
.01

213

2

58
.23
.05

75
.30
.07

65
.26
.06

33
.13
.03

253

3

21
.08
.02

21
.11
.02

43
.21
.04

76
.38
.07

55
.27
.05

204

4

7
.03
.01

11
.05
.01

28
.13
.02

51
.23
.05

124
.57
.11

219

5

5
.02
.00

Total
241
219
229
223
224
1135
Notes: Sample includes respondents who were interviewed at the 1997 wave of
the CDS between age 3 and 7. Results are combined estimates from 200
imputations.
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Table 4. Effects of neighborhood poverty on academic achievement during childhood
Letter-word scores
Applied problem scores
Estimand
est
se
pval
est
se
pval
Unadjusted estimates
∗
5,
20
∗
5,
20
∗
5,
20
⁄
Prop. mediated

13.58
9.50
4.08
0.30

Adjusted estimates
∗
5,
20
∗
5,
20
∗
5,
20
⁄
Prop. mediated

3.71
3.51
0.20
0.06

(1.43) <0.001
(2.00) <0.001
(1.41) 0.004

13.06
9.72
3.35
0.26

(1.03) <0.001
(1.41) <0.001
(1.05) 0.001

(1.71)
(1.89)
(0.72)

4.99
5.26
–0.27
–0.05

(1.15) <0.001
(1.22) <0.001
(0.51) 0.604

0.030
0.063
0.777

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS
between age 3 and 7. The adjusted estimates are based on models that control for baseline
measures of the treatment, outcome, and other covariates. Results are combined estimates from
200 imputations. Delta-method standard errors are reported in parentheses. P-values are from
two-sided Wald tests of no effect.
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Table 5. Selected parameter estimates from models of achievement test scores and exposure to school poverty during
childhood
Equation 1
Equation 2
Equation 3
Variable
LW scores
AP scores
School poverty
LW scores
AP scores
est
pval
est
pval
est
pval
est
pval
est
pval
(nhood poverty)

(schl poverty)

–0.267 0.154
(0.187)

–0.409 <0.001
(0.110)

1.688 <0.001
(0.200)

–0.249 0.217
(0.201)

–0.432 <0.001
(0.115)

0.001 0.820
(0.003)

0.003
(0.002)

–0.016 <0.001
(0.003)

0.001 0.863
(0.004)

0.003
(0.002)

0.055

–0.011 0.780
(0.038)

0.014
(0.027)

0.600

0.070

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS between age 3 and 7. Results are
combined estimates from 200 imputations. All models include controls for baseline measures of the treatment, outcome, and
other covariates. Standard errors are reported in parentheses. P-values are from two-sided t-tests of no effect.
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FIGURES
Figure 1. Directed acyclic graphs depicting treatment-outcome, mediator-outcome, treatment-mediator, and treatment-induced
mediator-outcome confounding
A. Treatment-outcome confounding

B. Mediator-outcome confounding

U

U

A1

M1

Y1

A1

M1

Y1

D. Treatment- induced mediator-outcome confounding

C. Treatment- mediator confounding

U

U

A1

M1

Notes:
neighborhood poverty,
unobserved covariate.

Y1

school poverty,

A1

covariates,

M1

Y1

academic achievement, and

a hypothetical
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APPENDICES
Part A: Parallel Analyses with Alternative Measures of School Context
This section reports estimates from a parallel analysis based on alternative measures of school
context, including the percentage of a school’s student body who identify as black, the school’s
teacher-pupil ratio, and the log of the school district’s per-pupil expenditures. Bivariate
correlations between neighborhood poverty, school poverty, and these alternative measures are
reported in Table A.1. Several of the correlations between the alternative measures of school
context and neighborhood poverty are very weak, indicating that these measures are unlikely to
be important mediators of neighborhood effects on academic achievement. Table A.2 presents
estimates of the total effect of neighborhood poverty along with estimates of its decomposition
into natural direct and indirect effects based on the school racial composition, the teach-pupil
ratio, and per-pupil expenditures. None of the estimates provide any evidence that these
alternative measures of school context mediate the effects of neighborhood poverty on academic
achievement during childhood.
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Table A.1. Correlation matrix for neighborhood poverty, school poverty, and alternative
measures of school context measured during childhood
(1)
(2)
(3)
(4)
(5)
Variables
(1) Neighborhood poverty
(2) School poverty
(3) School percent black
(4) Teacher-pupil ratio
(5) Per-pupil expenditures (log)

1.00
0.66
0.50
0.01
0.00

1.00
0.61
0.03
–0.01

1.00
–0.12
0.14

1.00
–0.22

1.00

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS
between age 3 and 7. Results are combined estimates from 200 imputations.
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Table A.2. Effects of neighborhood poverty on academic achievement during childhood as
mediated by alternative measures of school context
Letter-word scores
Applied problem scores
Estimand
est
se
pval
est
se
pval
∗

5,

20

3.71

(1.71)

0.030

4.99

(1.15) <0.001

School percent black
∗
5,
20
∗
5,
20
⁄
Prop. mediated

3.82
–0.11
–0.03

(1.71)
(0.18)

0.025
0.545

5.15
–0.16
–0.03

(1.14) <0.001
(0.15) 0.285

Teacher-pupil ratio
∗
5,
20
∗
5,
20
⁄
Prop. mediated

3.72
–0.01
0.00

(1.70)
(0.06)

0.030
0.896

4.99
0.00
0.00

(1.15) <0.001
(0.04) 0.919

3.64
0.07
0.02

(1.71)
(0.12)

0.033
0.525

5.02
–0.02
0.00

(1.15) <0.001
(0.08) 0.751

Per-pupil expenditures (log)
∗
5,
20
∗
5,
20
⁄
Prop. mediated

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS
between age 3 and 7. All estimates are based on models that control for baseline measures of
the treatment, outcome, and other covariates. Results are combined estimates from 200
imputations. Delta-method standard errors are reported in parentheses. P-values are from twosided Wald tests of no effect.
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Part B: Weighted Estimates
Table B.1. Weighted sample characteristics
Variables
Baseline controls
Prior treatment
Neighborhood poverty rate
Prior test scores
Letter-word test score
Applied problem test score
Subject characteristics
Black
Female
Age at baseline
Family characteristics
PCG age at baseline
PCG education
Wealth (cube-root real dollars)
Income-to-needs ratio
Southern residence
Family size
Family owns home
Head is married
Head is employed
Childhood measures at follow-up
Treatment and mediator
Neighborhood poverty rate
School poverty rate
Test scores
Letter-word test score
Applied problem test score

mean

sd

14.34

11.97

403.62
441.46

47.08
33.78

0.19
0.46
5.04

0.39
0.50
1.42

33.22
13.06
26.31
3.00
0.37
4.32
0.61
0.70
0.84

6.61
2.49
29.19
2.65
0.48
1.30
0.49
0.46
0.37

13.70
33.65

11.32
27.55

505.95
507.77

23.80
18.70

Notes: Sample includes respondents who were interviewed at the
1997 wave of the CDS between age 3 and 7. Results are combined
estimates from 200 imputations and weighted to adjust for the
PSID-CDS complex sampling design.
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Neighborhood poverty quintile

Table B.2. Weighted joint treatment-mediator distribution during childhood
n
School poverty quintile
row
cell
1
2
3
4
5
Total
151
58
36
15
2
262
1
.58
.22
.14
.06
.01
.13
.05
.03
.01
.00
63
.28
.06

66
.29
.06

59
.26
.05

29
.13
.03

9
.04
.01

226

2

42
.22
.04

61
.32
.05

50
.26
.04

19
.10
.02

191

3

19
.10
.02

21
.09
.02

61
.25
.05

85
.35
.07

66
.27
.06

241

4

9
.04
.01

4
.02
.00

26
.12
.02

47
.22
.04

134
.62
.12

216

5

4
.02
.00

Total
246
191
243
226
230
1135
Notes: Sample includes respondents who were interviewed at the 1997 wave of
the CDS between age 3 and 7. Results are combined estimates from 200
imputations and weighted to adjust for the PSID-CDS complex sampling design.
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Table B.3. Weighted parameter estimates from models of exposure to school poverty and achievement test scores during
childhood
Equation 1
Equation 2
Equation 3
Variable
LW scores
AP scores
School poverty
LW scores
AP scores
est
pval
est
pval
est
pval
est
pval
est
pval
(nhood poverty)

–0.413 0.098
(0.249)

–0.527 0.002
(0.166)

1.825 <0.001
(0.291)

–0.345 0.191
(0.264)

–0.531 0.002
(0.175)

0.003 0.464
(0.005)

0.003 0.317
(0.003)

–0.019 <0.001
(0.005)

0.003 0.570
(0.005)

0.003 0.334
(0.003)

–0.037 0.478
(0.052)

0.003 0.949
(0.040)

0.948

0.887

(schl poverty)

Design ignorability test

0.989

0.738

0.487

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS between age 3 and 7. Results are
combined estimates from 200 imputations. All models include controls for baseline measures of the treatment, outcome, and
other covariates. Standard errors are reported in parentheses. P-values in the upper panel are from two-sided t-tests of no
effect. P-values in the lower panel are from design ignorability tests that evaluate the null hypothesis that the weighted and
unweighted estimators converge in probability.
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Part C: Regression Model Specification Checks
Unbiased regression estimation of the
for

|

,

,

|

,

, and

,
|

, and

requires correctly specified models

,

. This section considers several

,

specifications for these models that involve less restrictive constraints on functional form than
the models adopted in the main text. Table C.1 presents results from models that allow the
effects of treatment and the mediator to vary across levels of several of the control variables,
including race, gender, family income, and parental education. Specifically, it presents results
from F-tests of the null hypothesis that all covariate-by-treatment interactions and also, where
appropriate, all covariate-by-mediator interactions are equal to zero. In general, there is little
evidence of effect heterogeneity across levels of these controls.
Table C.2 presents results from models that allow for nonlinearities and interactions in
the effects of control variables by including cubic polynomials for all continuous control
variables or by including all possible two-way interactions between control variables.
Specifically, it presents results from Wald tests of the null hypothesis that all parameters
associated with treatment and also, where appropriate, the parameter associated with the
mediator in the base model with only linear terms for the controls are equal to the corresponding
parameters in alternative models with nonlinear and interaction terms for the controls. In general,
there is little evidence that adopting a more flexible specification for the effects of control
variables would significantly alter our conclusions about neighborhood effect mediation,
although there is some indication that the effects of treatment on the mediator in Equation 2 are
sensitive to these differences. Thus, we estimated the

and

based on the more flexible

specification for Equation 2 but found that they were still very similar to estimates from the main
text based on the specification with only linear terms for the controls.
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Table C.1. Causal function specification checks for models of exposure to school poverty and achievement test scores during
childhood
Equation 1
Equation 2
Equation 3
F-test of effect
LW scores
AP scores
School poverty
LW scores
AP scores
moderation by…
pval
pval
pval
pval
pval
F
F
F
F
F
Race
Gender
Income-to-needs ratio
PCG education

0.28
3.22
0.54
1.00

0.757
0.041
0.585
0.370

0.47
1.59
0.17
0.23

0.624
0.205
0.842
0.793

1.35
0.60
0.10
0.95

0.260
0.551
0.909
0.386

0.20
2.30
0.35
0.66

0.899
0.076
0.790
0.577

0.30
1.16
0.29
0.52

0.824
0.322
0.832
0.667

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS between age 3 and 7. Results are
based on the combined variance-covariance matrix from 200 imputations. All models include controls for baseline measures
of the treatment, outcome, and other covariates. P-values are from F-tests of the null hypothesis that all covariate-bytreatment interactions and also, where appropriate, all covariate-by-mediator interactions are equal to zero.

52

Neighborhood Effect Mediation via School Poverty
Table C.2. Nuisance function specification checks for models of exposure to school poverty and achievement test scores
during childhood
Equation 1
Equation 2
Equation 3
Description of nuisance
LW scores
AP scores
School poverty
LW scores
AP scores
function
pval
pval
pval
pval
pval
Main effects only (base
model from main text)

ref

ref

ref

ref

ref

ref

ref

ref

ref

ref

Base model + cubic
polynomials for all
covariates

0.03

0.987

1.21

0.545

11.98

0.003

1.29

0.732

2.80

0.424

Base model + all twoway interactions
between covariates

2.86

0.239

2.61

0.271

7.00

0.030

4.54

0.209

3.83

0.280

Notes: Sample includes respondents who were interviewed at the 1997 wave of the CDS between age 3 and 7. Results are
based on the combined variance-covariance matrix from 200 imputations. P-values are from Wald tests of the null hypothesis
that all parameters associated with treatment and also, where appropriate, the parameter associated with the mediator in the
base model are equal to the corresponding parameters in the alternative model with a more flexible specification of the
nuisance function.
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Part D. Sensitivity of Results to Hypothetical Patterns of Unobserved Confounding
This section investigates the sensitivity of total, natural direct, and natural indirect effects to
hypothetical patterns of unobserved treatment-outcome and mediator-outcome confounding,
which are the two types of confounding that threaten the most concerning forms of bias in the
present analysis. The sensitivity of the

to unobserved treatment-outcome confounding can

be assessed by computing and then subtracting a bias term from the point estimate and both
limits of the confidence interval. The bias term is equal to the product of two sensitivity
parameters,

|

, where

1,

,

|

0,

,

is the mean

difference in academic achievement associated with a unit change in a hypothetical treatmentoutcome confounder,
|

,

∗

, conditional on the observed treatment and baseline controls, and
|

,

is the mean difference in the hypothetical

confounder associated with the treatment contrast of interest, conditional on baseline controls
(VanderWeele 2015). To facilitate interpretation, we scale values of

to equal multiples of the

conditional mean difference in academic achievement associated with a one standard deviation
increase in parental education, and values of

to equal multiples of the conditional mean

difference in parental education associated with living in a low-poverty neighborhood where 5
percent of the residents are poor rather than a high-poverty neighborhood where 20 percent of
the residents are poor.
Tables D.1 and D.2 present bias-adjusted point estimates and confidence intervals for the
of neighborhood poverty on letter-word and applied problem scores, respectively. Results
indicate that the estimated total effect on letter-word scores is not very robust to unobserved
treatment-outcome confounding: it is reduced to non-significance in the scenario where the
magnitude of unobserved treatment-outcome confounding is as large as that due to parental
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education. The estimated total effect on applied problems scores, however, is highly robust to
unobserved treatment-outcome confounding. Specifically, it remains substantively large and
statistically significant in all but the most extreme scenario where the magnitude of unobserved
confounding is three times as large as that due to parental education.
The sensitivity of the

and

can be assessed using similar procedures but with

several important modifications. First, to assess the sensitivity of the

to unobserved

treatment-outcome confounding, we can use the same procedures described previously except
that the mean differences that compose the bias term are now made conditional on the mediator,
|

where
|

,

∗

1,
,

,

,
|

Second, the sensitivity of the

|
,

,

0,

,

,

, and

.

to unobserved mediator-outcome confounding can be

assessed using similar procedures but with

re-conceptualized as a mediator-outcome

confounder. Unobserved mediator-outcome confounding leads to bias in estimates of the
because conditioning on the mediator would induce a spurious association between the treatment
and outcome through the mediator-outcome confounder. The sign of the induced association in
this context is negative because the effect of the treatment on the mediator is known to be
negative, the effect of the unobserved confounder on the mediator is assumed to be negative, and
the effect of the unobserved confounder on the outcome is assumed to be positive (i.e.,

is

assumed to reduce exposure to school poverty and increase academic achievement)
(VanderWeele 2015). Thus, to assess the sensitivity of the
outcome confounding, I use the negation of
Finally, the sensitivity of the

to unobserved mediator-

in the computation for the bias term.

to unobserved mediator-outcome confounding can be

assessed by computing the same bias term used to assess mediator-outcome confounding for the
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, but then this term is added, rather than subtracted, to compute bias-adjusted estimates of
the indirect effect (VanderWeele 2015).
Tables D.3 and D.4 present bias-adjusted point estimates and confidence intervals for the
and
values of

on letter-word and applied problem scores, respectively. As before, we scale the
and

to equal multiples of the analogous mean differences associated with

parental education. Results indicate that the estimated direct and indirect effects of neighborhood
poverty on letter-word scores are not very robust to unobserved treatment-outcome and
mediator-outcome confounding. The same effects on applied problem scores, however, are
highly robust to unobserved treatment-outcome and mediator-outcome confounding.
Specifically, our main conclusions about the direct and indirect effects of neighborhood poverty
on math achievement remain intact except in more extreme scenarios where the magnitude of
unobserved treatment-outcome or mediator-confounding is two or three times greater than that
due to parental education.
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Table D.1. Sensitivity of the total effect on letter-word scores to hypothetical patterns of treatment-outcome
confounding
gamma
1
2
3
Effect/type
est
ci
est
ci
est
ci
5,
delta

A→Y
confnding

∗

20
1

2.95

(–0.40, 6.30)

2.20

(–1.15, 5.54)

1.44

(–1.91, 4.79)

2

2.20

(–1.15, 5.54)

0.68

(–2.67, 4.03)

–0.84

(–4.19, 2.51)

3

1.44

(–1.91, 4.79)

–0.84

(–4.19, 2.51)

–3.11

(–6.46, 0.24)

Notes: Gamma represents the conditional mean difference in the outcome associated with a unit difference in
the unobserved confounder. Delta represents the conditional mean difference in the unobserved confounder
associated with the focal treatment contrast.

57

Neighborhood Effect Mediation via School Poverty
Table D.2. Sensitivity of the total effect on applied problem scores to hypothetical patterns of treatment-outcome
confounding
gamma
1
2
3
Effect/type
est
ci
est
ci
est
ci
5,
delta

A→Y
confnding

∗

20
1

4.64

(2.38, 6.89)

4.28

(2.03, 6.54)

3.93

(1.67, 6.18)

2

4.28

(2.03, 6.54)

3.57

(1.31, 5.82)

2.86

(0.60, 5.11)

3

3.93

(1.67, 6.18)

2.86

(0.60, 5.11)

1.79

(–0.47, 4.04)

Notes: Gamma represents the conditional mean difference in the outcome associated with a unit difference in the
unobserved confounder. Delta represents the conditional mean difference in the unobserved confounder
associated with the focal treatment contrast.
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Table D.3. Sensitivity of natural direct and indirect effects on letter word scores to hypothetical patterns of treatmentoutcome and mediator-outcome confounding
gammam
1
2
3
Effect/type
est
ci
est
ci
est
ci
20

deltam

M→Y
confnding

5,
deltam

∗

M→Y
confnding

5,
deltam

A→Y
confnding

∗

1

2.95

(–0.75, 6.66)

2.40

(–1.30, 6.10)

1.85

(–1.85, 5.55)

2

2.40

(–1.30, 6.10)

1.30

(–2.41, 5.00)

0.19

(–3.51, 3.89)

3

1.85

(–1.85, 5.55)

0.19

(–3.51, 3.89)

–1.47

(–5.17, 2.23)

–3

5.17

(1.46, 8.87)

6.82

(3.12, 10.53)

8.48

(4.78, 12.18)

–2

4.61

(0.91, 8.31)

5.72

(2.02, 9.42)

6.82

(3.12, 10.53)

–1

4.06

(0.36, 7.76)

4.61

(0.91, 8.31)

5.17

(1.46, 8.87)

–3

–1.45

(–2.87, –0.04)

–3.11

(–4.53, –1.69)

–4.77

(–6.19, –3.35)

–2

–0.90

(–2.32, 0.52)

–2.01

(–3.42, –0.59)

–3.11

(–4.53, –1.69)

–1

–0.35

(–1.77, 1.07)

–0.90

(–2.32, 0.52)

–1.45

(–2.87, –0.04)

20

Notes: Gamma represents the conditional mean difference in the outcome associated with a unit difference in the
unobserved confounder. Delta represents the conditional mean difference in the unobserved confounder associated
with the focal treatment contrast.
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Table D.4. Sensitivity of natural direct and indirect effects on applied problem scores to hypothetical patterns of
treatment-outcome and mediator-outcome confounding
gammam
1
2
3
Effect/type
est
ci
est
ci
est
ci
5,

deltam

M→Y
confnding
5,

1

4.99

(2.59, 7.39)

4.72

(2.32, 7.12)

4.45

(2.05, 6.85)

2

4.72

(2.32, 7.12)

4.18

(1.78, 6.58)

3.64

(1.24, 6.04)

3

4.45

(2.05, 6.85)

3.64

(1.24, 6.04)

2.83

(0.43, 5.23)

–3

6.07

(3.67, 8.47)

6.88

(4.48, 9.28)

7.69

(5.29, 10.09)

–2

5.80

(3.40, 8.20)

6.34

(3.94, 8.74)

6.88

(4.48, 9.28)

–1

5.53

(3.13, 7.93)

5.80

(3.40, 8.20)

6.07

(3.67, 8.47)

–3

–1.08

(–2.08, –0.07)

–1.89

(–2.89, –0.88)

–2.70

(–3.70, –1.69)

–2

–0.81

(–1.81, 0.20)

–1.35

(–2.35, –0.34)

–1.89

(–2.89, –0.88)

–1

–0.54

(–1.54, 0.47)

–0.81

(–1.81, 0.20)

–1.08

(–2.08, –0.07)

20
deltam

M→Y
confnding

∗

20

deltam

A→Y
confnding

∗

Notes: Gamma represents the conditional mean difference in the outcome associated with a unit difference in the
unobserved confounder. Delta represents the conditional mean difference in the unobserved confounder associated
with the focal treatment contrast.
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Part E. Sensitivity of Results to Measurement Error in the Mediator
This section investigates the sensitivity of results to measurement error in the mediator. For
computational simplicity, all the estimates in this section are based on simplified models for
|

,

and

|

,

,

that omit the quadratic term for treatment. The

sensitivity of natural direct and indirect effects to measurement error can then be assessed by
computing bias-adjusted estimates of the main effects for treatment and the mediator on the
outcome in these models, denoted by

and

, and then substituting these estimates in the

equations for natural direct and indirect effects. Bias-adjusted estimates of these parameters are
1 and

given by

, where

is the proportion of variance

in the mismeasured mediator explained by the true mediator (VanderWeele 2015). Table E.1
presents bias-adjusted estimates for natural direct and indirect effects under different values of .
Lower values of

indicate a greater degree of measurement error, while higher values indicate

less error. To put these values in perspective, the Census Bureau estimates that the median error
when using free lunch eligibility as a small area estimate of the child poverty rate is about 30
percent (Cruse and Powers 2006). Thus, values of

≪ 0.70 seem implausible. The bias-

adjusted estimates in Table E.1 provide no evidence that our conclusions are sensitive to
measurement error in the mediator: even under extreme levels of measurement error in the
mediator, all estimates of the
estimates of the

remain substantively large and statistically significant, and all

remain substantively small and statistically insignificant.
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Table E.1. Sensitivity of natural direct and indirect effects to measurement error
in the mediator
Letter-word scores
Applied problem scores
Effect
est
ci
est
ci
∗

5,

20

Phi
__0.90

3.23

(0.70, 5.76)

3.88

(2.06, 5.70)

__0.80

3.21

(0.62, 5.80)

3.89

(2.04, 5.75)

__0.70

3.18

(0.51, 5.85)

3.91

(2.00, 5.81)

__0.60

3.14

(0.36, 5.93)

3.93

(1.95, 5.91)

__0.50

3.09

(0.12, 6.06)

3.96

(1.85, 6.06)

__0.90

0.17

(–0.85, 1.19)

–0.10

(–0.83, 0.64)

__0.80

0.19

(–0.95, 1.34)

–0.11

(–0.93, 0.72)

__0.70

0.22

(–1.09, 1.53)

–0.12

(–1.06, 0.82)

__0.60

0.25

(–1.27, 1.78)

–0.14

(–1.24, 0.96)

__0.50

0.31

(–1.53, 2.14)

–0.17

(–1.49, 1.15)

∗

5,

20

Phi

Notes: Phi represents the proportion of variance in the mismeasured mediator
explained by the true mediator. These estimates are based on models of
academic achievement that exclude the quadratic term associated with
treatment and also the treatment-mediator interaction terms.
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