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Objectives. To examine relationships of residential crowding and commute time with

early child development.

Methods. We used the Early Development Instrument (EDI), a teacher-reported,

population-health measure of child development. The sample included child-level ob-

servations spanning 8 US states from 2010 to 2017 (n = 185012), aggregated to the

census tract (n= 2793), stratified by percentage of households in poverty. To test the

association of commute times, crowding, and child development, we tested overall

readiness and 5 EDI domains by using adjusted census tract–level multivariate regres-

sion with fixed effects.

Results. In the full sample, a 1-standard-deviation increase in crowding was associated

with 0.064- and 0.084-point decreases in mean score for cognitive development and

communication skills, respectively. For the high-poverty subsample, a 1-standard de-

viation increase in commute time was associated with 0.081- and 0.066-point decreases

in social competence and emotional maturity.

Conclusions. In neighborhoods with increased crowding or commute time, early child

development suffers.

Policy Implications.This study suggests a potential relationship between the changing

urban landscape and child health. Children would benefit from more multisector col-

laboration between urban planning and public health. (Am J Public Health. 2018;108:

1550–1557. doi:10.2105/AJPH.2018.304680)

See also Galea and Vaughan, p. 1444.

In cities across the United States, high crime
and economic disinvestment are being su-

perseded by growing gentrification, displace-
ment of low-income populations, and rapidly
increasing housing costs. Thus, understanding
the relationship between child well-being and
our changing urban landscape is ever more
important. From birth to age 5 years, critical
child development occurs for brain function-
ing, health and school readiness.1 The roles of
early childhood experiences and environ-
mental exposures and contexts on these out-
comes are increasingly well recognized.2–5

By many accounts, our rapidly changing
cities have not kept up with increased demand
for urban living. As cities become more
crowded and expensive, many families respond
by moving farther from cities’ urban cores to
find cheaper housing in the suburbs or by living
in smaller, more crowded spaces. Recent re-
search has shown that restrictive zoning policies

inmajor cities have resulted in longer commutes
and increased crowding, which may impair
child health.6 This study is the first, to our
knowledge, to examine the impact of these 2
indicators of rapidly changing cities—residential
crowding and extended commute times—on
early child development.

The purpose of this article is to con-
tribute to the investigation of relation-
ships between individual-level child health
and ecological-level changes. Following
Bronfenbrenner’s ecological model, we
hypothesized that changes to the urban

landscape may have an impact on child
development through the interplay among
the individual, family, neighborhood, and
community domains.7 Through the lens
of the environmental stressors model, we
hypothesized that long commutes and
residential crowding may affect child de-
velopment by increasing family and child
stress. The environmental stressors model
suggests that people experience stress from
neighborhood characteristics such as noise,
crowding, and pollution,8 and this stress can
lead to social isolation, antisocial behavior,
decreased academic performance, depres-
sion, aggression, and behavior problems in
children (see Wandersman and Nation,8(p651)

for full model).
Residential crowding has been linked

with many adverse outcomes that reinforce
the environmental stressors model, such as
heightenedmental distress.9,10 For children,
overcrowding is linked with poor academic
performance,11 behavioral problems in
school,12 and respiratory problems.13

However, few of these studies examined
outcomes in very young children or more
comprehensive measures of early child
development.

There is also strong evidence that lengthy
commute times can increase stress and thus
lead to adverse health and mental health
outcomes. Long commute times are associ-
ated with increases in hypertension and
obesity and decreases in cardiovascular fitness,
stress, sleep quality, self-assessed health, and
overall energy in adults.14–16 Adults with
longer commute times are more likely to feel
time pressure and lower life satisfaction and
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have less time participating in leisure activi-
ties.17–19 Although this literature is specific to
adults, children could be adversely affected by
parents’ long commutes: children may miss
out on high-quality parent–child interaction
time when parents spend so much of the
day away from home. With this evidence in
mind, we hypothesized that long commute
times can have an indirect effect on child
development through quality and quantity
of time spent with parents.

We hypothesized that the impacts of
residential crowding and commute time
on child development are more pronounced
for families in low-income neighborhoods.
Families in high-income neighborhoods
may be protected from the hazards related to
these stressors and may have had more au-
tonomy tomove on the basis of good schools
and high-quality green spaces. Time scarcity
is a mechanism through which commute
time may adversely affect health and it is
more likely that high-income individuals
can use financial resources to purchase ad-
ditional time—for example, by taking pri-
vate vehicles to work instead of public
transportation, ordering food instead of
cooking, using grocery-delivery services for
shopping, or hiring people to help with
household cleaning. Empirical evidence
supports the notion that low-income people
are especially susceptible to environmental
stressors. Commute time and mental health
symptoms were positively associated for
women in poverty during pregnancy and
postpartum but not for those in higher-
income groups.20 For low-income fami-
lies, shorter commute times are strongly
associated with higher chances of upward
mobility.21

THE EARLY DEVELOPMENT
INSTRUMENT

We used the Early Development In-
strument (EDI) as a measure of early child
development. The EDI is a teacher-reported,
population-health measure of child devel-
opment for midyear kindergarten students
with 5 domains: physical health and well-
being, social competence, emotional matu-
rity, language and cognitive development,
and communication skills and general

knowledge.22 The EDI is distinct from other
kindergarten-readiness measures in that it is
a population-health measure instead of an
individual diagnostic tool.22,23 Child scores
are geocoded to homes, allowing for place-
based research.

The EDIwas developed in Canada and has
been implemented in many countries in-
cluding Australia and the United States. The
EDI has undergone extensive psychometric
analysis22,24 and has high interrater reliability
and domain-specific Cronbach alphas: 0.96
for social competence, 0.92 for emotional
maturity, 0.93 for cognitive development,
0.95 for communication skills, and 0.84 for
physical health.22 In addition, the EDI is
predictive of third-grade reading and math
achievement.25

Under the 5 domains of child develop-
ment, there are 16 total subdomains (see
Appendix A, available as a supplement to the
online version of this article at http://www.
ajph.org). Children are categorized as “not
ready,” “somewhat ready,” or “ready” for
school. The cut-offs for “not ready” are based
on criterion validation.26 Children consid-
ered “not ready” within a subdomain are
determined to have developmental challenges
in that area. For instance, under the domain
“social competence” and subdomain “overall
social competence with peers,” the “not
ready” category includes children who “have
average to poor overall social skills, low
self-confidence and are rarely able to
play with various children and interact
cooperatively.”27

METHODS
We used a cross-sectional associational

design. The unit of analysis was the census
tract.

Study Population
The EDI population included 301 792

children in kindergarten and occasionally
preschool in 16 states and Washington, DC.
All data collection sites were established
in partnership with local organizations to
promote data-driven decision-making to
improve developmental needs of child
populations.

The data are collected within schools and
linked to the child’s home address via geo-
coding. The host organization can use these
data, aggregated to the neighborhood level, to
look for spatial patterns of vulnerability in
child development and plan for better re-
source allocation.

The full data set includes 71 data col-
lection sites. Site types include neighbor-
hoods (n = 5), multiple neighborhoods
(n = 4), districts (n = 14), segments of dis-
tricts (n = 3), multiple districts (n = 2),
Promise Neighborhoods (n = 1), cities
(n = 26), multiple cities (n = 2), counties
(n = 8), and collections of multiple counties
(n = 6). Out of 71 sites, 36 sites successfully
collected data from all or almost all kin-
dergartners within the catchment area
during at least 1 time point. Total data
collection among sites ranged from 140 to
87 753 students. All data were collected
between 2010 and 2017.

Sample
We based this analysis on a subsample of

the EDI population that met strict inclusion
criteria, structured to avoid selection bias, as
follows. The sample was first constructed at
the child level before being aggregated to
the census tract level for analysis. A child’s
record was valid only if the teacher reported
on at least 4 of the 5 EDI domains. The
primary sampling unit was the school dis-
trict, in which the district administration
disseminated the survey to teachers in
schools throughout the district. We in-
cluded school districts if at least 90% of
schools were represented with valid records
for at least 90% of students. Districts were
grouped into jurisdictions, defined as the
largest geographical unit for which at least
90% of school districts were included. For
example, Orange County, California, is 1
jurisdiction because all 24 school districts
participated, each of which had more
than 90% of schools with valid records for
more than 90% of students. Washington,
DC, is a jurisdiction of just 1 primary
sampling unit (school district). We ex-
cluded jurisdictions with fewer than 500
students. We excluded private schools and
Head Start programs, jurisdictions that ex-
plicitly excluded special education class-
rooms in their data collection, invalid or
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nongeocoded individual records, and pilot
years of data collection.

We startedwith 71 sites, 5625 census tracts,

and 301 792 students. After we implemented

all exclusion criteria, the final analysis sample

had 25 sites, 8 states (California, Connecticut,

Michigan, Mississippi, New York, Okla-

homa, South Carolina, and Texas) and

Washington, DC, 2793 census tracts, and

185 685 students (see Appendix B, available as

a supplement to the online version of this

article at http://www.ajph.org, for sample
flowchart).

Data
Early child development data. We used

the EDI to assess the different domains and
subdomains of early child development at
the child level for all children in the sample,
aggregated to the census tract for analysis.

Neighborhood data sources. Data sources on
neighborhood characteristics were linked to

the census tract where each child lived. We
used population density from the Environ-
mental Protection Agency’s Smart Location
Database Version 2.0. Other census tract–
level variables were from the 2012 5-year
American Community Survey (ACS) from
the US Census Bureau.

Because the data collection for the EDI
spanned 2010 to 2017, most of the children in
the study were born between 2005 and 2012.
The EDI intends to measure child develop-
ment up to the point of starting kindergarten,
so we used the 5-year estimates from the 2012
ACS survey, which would span most of our
years of interest.

Measures
There were 6 dependent variables (each in

its own model) for this study: census tract–
level average of each of the 5 domain scores
and the count of “not ready”EDI subdomains
out of 16, a count variable of the number of
EDI subdomains for which a child is con-
sidered “not ready,” aggregated to the census
tract level (higher scores mean more vul-
nerability). We omitted child-level observa-
tions with data on fewer than 14 subdomains.
At the individual level, domain scores ranged
from 0 to 10 (higher scores mean higher levels
of development).

There were 2 main predictors: average
commute time and percentage residential
crowding. These originate from the US
Census 2012 5-year ACS survey. Average
commute time began as a categorical variable
with time categories ranging in 5-minute
increments from 0 to 5 minutes to 40 to 44
minutes, and also including 45 to 59, 60 to 89,
and 90 minutes or more. To construct the
variable, average commute time, we took
the midpoint of each of the categories and
averaged them over the population of the
census tract. Preliminary tests suggest a linear
relationship between commute time and
child development. Percentage of residen-
tial crowding is the proportion of households
in the census tract for which there is more
than 1 person per room, following Blake
et al., who suggest that health and mental
health issues arise more frequently above this
threshold.28

There were 8 control variables: percent-
age of owner-occupied housing, popula-
tion density, percentage of residents with

TABLE 1—Sample Descriptive Statistics at the Census Tract Level With Stratification by
Level of Neighborhood Poverty: 8 US States, 2010–2017

Full Sample High Povertya Low Povertyb

Census tracts, no. 2793 948 1845

Count of “not ready” subdomains by census tract, frequency (%)

0 296 (10.6) 67 (7.1) 229 (12.4)

1 513 (18.4) 90 (9.5) 423 (22.9)

2 1126 (40.3) 366 (38.6) 760 (41.2)

3 605 (21.7) 308 (32.5) 297 (16.1)

4 132 (4.7) 70 (7.4) 62 (3.4)

5 53 (1.9) 27 (2.9) 26 (1.4)

6 24 (0.9) 5 (0.5) 19 (1.0)

7 17 (0.6) 5 (0.5) 12 (0.7)

8 9 (0.3) 4 (0.4) 5 (0.3)

9 5 (0.2) 1 (0.1) 4 (0.2)

10 6 (0.2) 3 (0.3) 3 (0.2)

12 3 (0.1) 1 (0.1) 2 (0.1)

13 3 (0.1) 1 (0.1) 2 (0.1)

15 1 (0.0) 0 (0) 1 (0.1)

No. of “not ready” subdomains, mean (SD) 2.10 (1.43) 2.45 (1.36) 1.91 (1.43)

Domain scores (range 0–10), mean (SD)

Physical health 8.75 (0.78) 8.60 (0.72) 8.82 (0.79)

Social competence 8.18 (1.07) 7.99 (1.01) 8.27 (1.09)

Emotional maturity 8.11 (0.90) 8.01 (0.83) 8.16 (0.93)

Language and cognition 8.88 (0.92) 8.61 (0.88) 9.02 (0.90)

Communication skills 7.56 (1.44) 7.17 (1.39) 7.76 (1.42)

% residential crowding, mean (SD) 7.48 (9.20) 12.45 (11.54) 4.92 (6.37)

Average commute time, min, mean (SD) 27.50 (5.84) 26.68 (6.38) 27.91 (5.50)

% bachelor’s degree, mean (SD) 29.98 (20.63) 14.70 (12.77) 37.83 (19.46)

Unemployment rate, mean (SD) 9.88 (5.35) 13.10 (6.20) 8.22 (3.93)

% limited English, mean (SD) 10.11 (10.04) 16.53 (11.91) 6.81 (6.91)

% owner-occupied housing, mean (SD) 56.89 (23.40) 43.27 (21.43) 63.89 (21.19)

Population density, pop/sq mile, mean (SD) 7539 (6471) 8858 (7570) 6862 (5711)

% in poverty, mean (SD) 17.01 (12.93) 32.07 (9.92) 9.28 (5.10)

Racial heterogeneity, mean (SD) 0.46 (0.19) 0.38 (0.22) 0.50 (0.16)

Residential instability, mean (SD) 12.08 (6.81) 14.02 (6.69) 11.08 (6.65)

aHigh poverty (top third % of neighborhood poverty [‡ 20%]).
bLow poverty (bottom two thirds % of neighborhood poverty [< 20%]).
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a bachelor’s degree or higher, unemployment
rate, percentage of households with limited
English (the percentage of households in
which no one older than 14 years speaks
English very well), racial heterogeneity, res-
idential instability (percentage of residents
within a census tract who have moved within
the past year),29 and poverty level (percentage
of households below the federal poverty
line, as defined by the US Census Bureau,
according to ACS data from 2008 to 2012).
Because of the skewed nature of the data, we
truncated population density at 30 000 per
square mile. We calculated racial heteroge-
neity by

ð1Þ RHk ¼ 1� Rj¼J
1 G2

j

where J are racial/ethnic groups and G is
the proportion of the census tract that each
racial group represents.30 The groups included
Asian, Black, Latino, non-Latino White, and
other. Larger values represent more hetero-
geneity.We chose these variables because they
may each be independently associated with
both child development and either commute
times or crowding.

Data Analysis
We used multivariate regression with

fixed effects at the jurisdiction level, clus-
tering at the primary sampling unit, and
analytic weights to account for varying
numbers of children per census tract
(ranging from 1 to 1041; mean = 66). We
used separate regressions to predict each of
the 6 dependent variables based on average
commute time and crowding, controlling
for neighborhood characteristics. The first
model included the full sample and then the
sample was stratified by level of poverty
at the census tract level (separated at the
top-third percentage of households in
poverty [20%]) to investigate how neigh-
borhood poverty may moderate the re-
lationship between characteristics of urban
mobility and child development. A Chow
test suggested that there were differences
between models. Average commute time
and percentage of crowding are standard-
ized into z scores to have a mean of zero and
a standard deviation of 1, and both were
included in the same model. The correla-
tion between commute time and crowding

was small at 0.12. We ran all analyses with
Stata version 14.0 (StataCorp LP, College
Station, TX).

RESULTS
Table 1 shows descriptive statistics for the

full sample, high-poverty subsample (top-
third census tracts by percentage in poverty [at
or above 20%]), and low-poverty subsample
(below 20% poverty). There were 2793 total
census tracts represented by the total sample,
948 and 1845 in the high-poverty and low-
poverty subsamples, respectively. Our full
sample had census tracts with larger pro-
portions of peoplewith limited English and in
poverty, and similar proportions of adults
with at least a bachelor’s degree and un-
employment rates compared with the United
States overall. Our sample included children
from 7 different states and the District of
Columbia, but did not include states in the
Great Plains or the Northwest. Thus, our
sample offers modest external generalizability
to the United States.

TABLE 2—Census Tract–Level Analyses of Early Childhood Vulnerability With Residential Crowding and Average Commute Time as Main
Predictors in Full Sample: 8 US States, 2010–2017

Average “Not Ready,”
OLS (95% CI)

Physical Health, OLS
(95% CI)

Social Competence,
OLS (95% CI)

Emotional Maturity,
OLS (95% CI)

Language and Cognition,
OLS (95% CI)

Communication Skills,
OLS (95% CI)

% residential

crowding, z score

0.053 (0.013, 0.093) 0.003 (–0.022, 0.029) 0.002 (–0.033, 0.037) 0.009 (–0.021, 0.038) –0.064 (–0.096, –0.031) –0.084 (–0.129, –0.040)

Average commute

time, z score

0.025 (–0.027, 0.076) –0.003 (–0.030, 0.024) –0.010 (–0.051, 0.031) 0.000 (–0.038, 0.038) 0.000 (–0.042, 0.043) –0.011 (–0.067, 0.045)

% in poverty 0.007 (0.002, 0.012) -0.004 (–0.007, –0.001) -0.004 (–0.007, –0.001) –0.002 (–0.005, 0.001) –0.005 (–0.009, –0.002) –0.005 (–0.009, –0.001)

% with bachelor’s

degree

–0.013 (–0.017, –0.010) 0.007 (0.006, 0.009) 0.009 (0.006, 0.011) 0.006 (0.004, 0.008) 0.009 (0.006, 0.013) 0.013 (–0.010, 0.016)

Unemployment rate –0.003 (–0.014, 0.008) –0.002 (–0.008, 0.005) –0.001 (–0.007, 0.005) 0.000 (–0.006, 0.006) 0.006 (–0.001, 0.013) 0.003 (–0.008, 0.013)

% limited English 0.001 (–0.005, 0.007) 0.002 (–0.002, 0.005) 0.001 (–0.004, 0.005) 0.001 (–0.002, 0.005) –0.003 (–0.008, 0.002) –0.009 (–0.015, –0.003)

% owner-occupied

housing

–0.003 (–0.005, –0.001) 0.002 (0.001, 0.003) 0.003 (0.001, 0.004) 0.002 (0.001, 0.003) 0.001 (–0.001, 0.003) 0.003 (0.001, 0.005)

Population density –0.000 (–0.009, 0.008) 0.001 (–0.004, 0.007) 0.005 (–0.000, 0.010) 0.002 (–0.003, 0.006) –0.001 (–0.006, 0.005) 0.000 (–0.009, 0.009)

Racial heterogeneity 0.193 (0.035, 0.351) –0.033 (–0.135, 0.068) –0.024 (–0.169, 0.120) –0.080 (–0.205, 0.046) -0.152 (–0.262, 0.041) –0.427 (–0.697, –0.156)

Residential instability 0.004 (–0.001, 0.008) –0.001 (–0.003, 0.002) –0.002 (–0.005, 0.001) –0.002 (–0.004, 0.001) –0.004 (–0.008, 0.001) –0.002 (–0.007, 0.003)

Constant 2.810 (2.480, 3.141) 8.631 (8.459, 8.802) 7.474 (7.290, 7.658) 7.486 (7.338, 7.634) 8.713 (8.313, 9.112) 7.112 (6.657, 7.566)

Notes. CI = confidence interval; OLS = adjusted ordinary least squares regression. The sample size was n = 2793 census tracts. These adjusted OLS regression
models used analytic weights to adjust for the number of children within each census tract. The analysis included jurisdiction-level fixed effects and clustered
standard errors at the primary sampling unit. Control variables in the model included percentage of residents below poverty line, percentage of adults with
a bachelor’s degree or higher, unemployment rate, percentage of households in which no one older than 14 years speaks English very well, percentage of
owner-occupied housing, population density (population/square mile/1000), racial heterogeneity (higher scores =more heterogeneity), and 1-year residential
in stability (percentage of residents who have moved within the past year).
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Full Sample Analyses
Table 2 presents the regression results with

the full sample (n = 2793), each dependent
variable in a different column, including
commute time and crowding in the same
models. At the census tract level, a 1-standard-
deviation increase in residential crowding was
associated with a 0.053 increase in number of
“not ready” subdomains (P= .01), and 0.064-
and 0.084-point decreases in aggregate mean
score of language and cognitive development
(P < .01) and communication skills (P < .01),
respectively. No coefficients for commute
time were statistically significant.

High-Poverty Subsample
Table 3 presents regression results for the

high-poverty subsample (the top third of
census tracts by percentage of residents in
poverty). The coefficient for “not ready”was
no longer significant. A 1-standard-deviation
increase in residential crowding was associ-
ated with 0.056- and 0.068-point decreases
in aggregate mean score of language and
cognitive development (P= .01) and

communication skills (P= .02), respectively.
For commute time, a 1-standard-deviation
increase was associated with a 0.110 increase
in number of “not ready” subdomains
(P= .03), and 0.081- and 0.066-point de-
creases in aggregate mean score of social
competence (P= .02) and emotional matu-
rity (P= .02), respectively.

Low-Poverty Subsample
Table 4 presents the results for the low-

poverty subsample. A 1-standard-deviation
increase in residential crowding was associ-
ated with a 0.101- and 0.135-point decrease
in aggregate mean score of language and
cognitive development (P < .01) and com-
munication skills (P= .01), respectively.

DISCUSSION
We examined associations between in-

dicators of a changing urban landscape and
child development vulnerability at the
neighborhood level. Although studies

have examined relationships among crowd-
ing, commute time, and health, this is the
first study that we know of that looks at
population-level relationships of commute
time and crowding with comprehensive
measures of child development. We chose
2 measures that assess aspects of the complex
and dynamic ecosystem within which a
child and family function, and we saw a sig-
nificant relationship between those ecosystem
measures and child development.

In neighborhoods with higher levels
of residential crowding, children have
increased vulnerability and decreased
language and cognitive development and
communication skills. These relationships
were apparent regardless of neighborhood
poverty level. The relationship between
crowding and these development domains
aligns with past research that crowding
has an impact on academic achievement.
However, it was surprising that no re-
lationship was found among social compe-
tence, emotional maturity, and crowding, as
the literature suggests the potential for those
relationships.

TABLE 3—Census Tract–Level Analyses of Early Childhood Vulnerability With Residential Crowding and Average Commute Time as Main
Predictors in High-Poverty Subsample: 8 US States, 2010–2017

Average “Not Ready,”
OLS (95% CI)

Physical Health, OLS
(95% CI)

Social Competence,
OLS (95% CI)

Emotional Maturity,
OLS (95% CI)

Language and Cognition,
OLS (95% CI)

Communication Skills,
OLS (95% CI)

% residential

crowding, z score

0.055 (–0.015, 0.126) 0.002 (–0.042, 0.046) 0.009 (–0.049, 0.067) 0.011 (–0.037, 0.060) –0.056 (–0.096, –0.015) –0.068 (–0.125, –0.012)

Average commute

time, z score

0.110 (0.014, 0.207) –0.035 (–0.084, 0.014) –0.081 (–0.146, –0.016) –0.066 (–0.123, –0.010) –0.060 (–0.129, 0.009) –0.070 (–0.170, 0.030)

% below poverty line 0.008 (0.003, 0.013) –0.004 (–0.008, 0.000) –0.006 (–0.010, –0.003) –0.002 (–0.006, 0.002) –0.007 (–0.011, –0.003) –0.007 (–0.012, –0.003)

% with bachelor’s

degree

–0.006 (–0.010, –0.001) 0.001 (–0.003, 0.006) 0.004 (0.001, 0.007) 0.002 (–0.001, 0.005) 0.008 (–0.003, 0.012) 0.004 (–0.001, 0.009)

Unemployment rate –0.007 (–0.019, 0.005) –0.001 (–0.010, 0.009) 0.001 (–0.005, 0.007) 0.001 (–0.006, 0.009) 0.010 (–0.002, 0.017) 0.001 (–0.013, 0.015)

% limited English –0.001 (–0.008, 0.007) 0.000 (–0.004, 0.005) 0.003 (–0.002, 0.007) 0.003 (–0.002, 0.008) –0.003 (–0.008, 0.003) –0.008 (–0.016, –0.001)

% owner-occupied

housing

0.000 (–0.004, 0.004) 0.001 (–0.002, 0.003) 0.001 (–0.002, 0.004) 0.000 (–0.002, 0.003) –0.001 (–0.004, 0.002) –0.002 (–0.006, 0.002)

Population density 0.001 (–0.012, 0.014) 0.003 (–0.004, 0.010) 0.002 (–0.006, 0.009) –0.001 (–0.009, –0.006) –0.001 (–0.010, 0.007) –0.002 (–0.015, 0.011)

Racial heterogeneity –0.077 (–0.426, 0.272) 0.191 (–0.005, 0.387) 0.167 (–0.093, 0.428) 0.073 (–0.132, 0.277) –0.160 (–0.315, –0.006) –0.054 (–0.434, 0.326)

Residential instability 0.008 (0.001, 0.016) –0.001 (–0.006, 0.005) –0.005 (–0.011, 0.002) –0.005 (–0.010, –0.001) –0.007 (0.014, 0.001) –0.642 (–0.013, 0.0000)

Constant 2.549 (1.398, 3.701) 8.742 (8.172, 9.311) 7.994 (7.138, 8.850) 7.537 (6.861, 8.214) 8.779 (7.495, 10.063) 7.374 (6.261, 8.487)

Notes. CI = confidence interval; OLS = adjusted ordinary least squares regression. The sample size was n = 948 census tracts. These adjusted OLS regression
models used analytic weights to adjust for the number of children within each census tract. The analysis included jurisdiction-level fixed effects and clustered
standard errors at the primary sampling unit. Control variables in the model included percentage of residents below poverty line, percentage of adults with
a bachelor’s degree or higher, unemployment rate, percentage of households in which no one older than 14 years speaks English very well, percentage of
owner-occupied housing, population density (population/square mile/1000), racial heterogeneity (higher scores =more heterogeneity), and 1-year residential
in stability (percentage of residents who have moved within the past year).
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In high-poverty neighborhoods with
higher commute times, children have
more vulnerability and decreased social
competence and emotional maturity. The
commute time results align with past studies
that commute time predicts outcomes for
impoverished families more than those with
higher income.20 In addition, these develop-
mental domains align with our hypothesis that
increased commute time might lead to de-
creased quality and quantity of interactions
with parents, which might lead to emotional
and social difficulties for children.

Althoughwe hypothesized about the origin
of the relationships between specific devel-
opment domains and urban landscape changes,
these can only serve as suggestions as we were
unable to directly measure themediators of this
relationship or the direct, individual-level re-
lationships. Future studies should investigate
these potential mediators between ecological
changes and individual-level child develop-
ment as well as measure crowding and com-
mute time at the family level.

This study suggests that everyday stressors
and adversity predict childhood vulnerability
at the neighborhood level. Just as childhood
resilience is associated with the “ordinary
magic” of day-to-day interactions that children

have with their environments,31 their vulner-
abilitymay also be associatedwith the ordinary,
everyday adversity that does not show up on
measures of adverse childhood experiences,
which are more formal measures of specific
kinds of family-level adversities.32 Future re-
search should seek to better understand how
everyday occurrences such as having less time
with a parentwho is commuting long distances
to work contribute to an ecosystem of expe-
riences that results in greater development
vulnerability.

Public Health Implications
Although the magnitude of these effects

was not large—on the order of a couple
of percentage points for every standard-
deviation change in either commute time
or crowding—at the population level these
changes lead to meaningful effects. The vast
majority of the nation’s poor children live
in and around cities, in urban and suburban
areas—more than 10 million children,
according to US Census data for 2016. Given
that an estimated half of all poor children
are not ready to start school at age 5 years,
there are some 5 million urban poor children
who suffer from readiness deficits.33 The
estimates presented here suggest that the

roughly 5% increased risk associated with
crowding and long commutes affects the
school readiness of nearly 200 000 children
a year.

Both crowding and commute times are
under the control—indirect though it is—
of city planners, city councils, mayors, and
the citizens that elect and appoint them. In
recent decades, restrictive zoning, poor
transportation planning, and stagnant wages
have combined to put many households
into the untenable position of having to
work long hours, commute long distances,
or squeeze many people into small spaces.34

Children have been among those whose
health and well-being suffers most from
these policy failures. This problem is es-
pecially pronounced for high-poverty
neighborhoods. Our findings emphasize
the need for multisectoral integration and
collaboration. Children’s issues should not
just remain in discussions of child welfare,
the juvenile justice system, the foster care
system, and preschools. Transportation, city
planning, and other ecosystem issues are also
children’s issues, and, thus, it is important
for child advocates and researchers to be at
the table during a wide variety of policy
discussions.35

TABLE 4—Census Tract–Level Analyses of Early Childhood Vulnerability With Residential Crowding and Average Commute Time as Main
Predictors in Low-Poverty Subsample: 8 US States, 2010–2017

Average “Not Ready,”
OLS (95% CI)

Physical Health,
OLS (95% CI)

Social Competence,
OLS (95% CI)

Emotional Maturity,
OLS (95% CI)

Language and Cognition,
OLS (95% CI)

Communication Skills,
OLS (95% CI)

% residential crowding, z score 0.072 (–0.004, 0.148) –0.000 (–0.047, 0.47) –0.017 (–0.067, 0.033) 0.011 (–0.029, 0.051) –0.101 (–0.153, –0.048) –0.135 (–0.237, –0.034)

Average commute time, z score –0.016 (–0.078, 0.046) 0.012 (–0.021, 0.045) 0.018 (–0.027, 0.063) 0.031 (–0.005, 0.067) 0.023 (–0.034, 0.081) 0.007 (–0.060, 0.074)

% below poverty line 0.006 (–0.001, 0.013) –0.003 (–0.007, 0.002) –0.005 (–0.013, 0.002) –0.004 (–0.010, 0.002) –0.005 (–0.011, 0.001) –0.002 (–0.013, 0.008)

% with bachelor’s degree –0.014 (–0.018, –0.010) 0.008 (0.007, 0.010) 0.009 (0.007, 0.011) 0.006 (0.004, 0.008) 0.009 (0.006, 0.012) 0.015 (0.011, 0.018)

Unemployment rate –0.006 (–0.015, 0.003) 0.001 (–0.005, 0.006) 0.001 (–0.008, 0.009) 0.003 (–0.006, 0.011) 0.003 (–0.005, 0.011) 0.011 (–0.001, 0.023)

% limited English 0.001 (–0.010, 0.012) 0.004 (–0.001, 0.009) –0.002 (–0.009, 0.005) –0.001 (–0.007, 0.006) –0.001 (–0.009, 0.006) –0.007 (–0.016, 0.003)

% owner-occupied housing –0.005 (–007, –0.002) 0.003 (–0.001, 0.004) 0.004 (0.002, 0.005) 0.003 (0.001, 0.005) 0.002 (0.000, 0.004) 0.006 (0.003, 0.009)

Population density –0.005 (–0.015, 0.005) 0.003 (–0.004, 0.009) 0.010 (0.002, 0.017) 0.007 (0.002, 0.012) 0.002 (–0.005, 0.009) 0.007 (–0.004, 0.017)

Racial heterogeneity 0.185 (–0.063, 0.433) –0.078 (–0.245, 0.088) 0.026 (–0.188, 0.239) –0.104 (–0.294, 0.086) –0.025 (–0.208, 0.159) -0.527 (–0.900, –0.155)

Residential instability 0.002 (–0.004, 0.008) –0.000 (–0.003, 0.003) –0.002 (–0.007, 0.004) 0.001 (–0.004, 0.005) –0.002 (–0.005, 0.002) 0.000 (–0.007, 008)

Constant 3.625 (2.869, 4.382) 8.471 (7.986, 8.956) 7.021 (6.484, 7.558) 7.212 (6.726, 7.699) 7.196 (6.714, 7.677) 5.310 (4.757, 5.864)

Notes. CI = confidence interval; OLS = adjusted ordinary least squares regression. The sample size was n = 1845 census tracts. These adjusted OLS regression
models used analytic weights to adjust for the number of children within each census tract. The analysis included jurisdiction-level fixed effects and clustered
standard errors at the primary sampling unit. Control variables in the model included percentage of residents below poverty line, percentage of adults with
a bachelor’s degree or higher, unemployment rate, percentage of households in which no one older than 14 years speaks English very well, percentage of
owner-occupied housing, population density (population/square mile/1000), racial heterogeneity (higher scores =more heterogeneity), and 1-year residential
in stability (percentage of residents who have moved within the past year).
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Limitations
There were several limitations in this

study. This was a cross-sectional, observa-
tional study. We cannot rule out omitted
variable bias. We attempted to minimize this
by adding several theoretically important
control variables to the model.

This is an ecological model that exam-
ines associations at the census tract level as
individual-level data were not available for
our independent variables. Thus, we cannot
be sure that the same relationships would
hold at the individual level.

The time that these data were collected
varied over 7 years (2010–2017), and the
census-level data also varied from 2010 to
2012. This may mean that the characteristics
at the neighborhood level may not exactly
match the neighborhood characteristics of
the individual children during the years lead-
ing up to kindergarten.

Sites that did not include special education
classrooms in their data collection were ex-
cluded from the sample, but there may have
been others that did so without disclosing it
to the study team.

Neighborhoods vary in size. The census
tract does not always necessarily characterize
a neighborhood, but we used the census tract
as a proxy for the neighborhood because it is
the most uniform geography type across the
country by population size at the level of
granularity that we thought would be most
appropriate.

The EDI data were not collected as a
random sample: sites individually chose to
participate for various reasons. The EDI
data were also, therefore, not necessarily
representative of the entire United States, so
generalizability is limited. We attempted to
improve internal validity by using a strict
set of inclusion and exclusion criteria for
sites and only took sites where there was
almost a full census of children in the
jurisdiction.

CONCLUSIONS
In this study, we found that both more

crowding and longer commutes in high-
poverty neighborhoods were associated
with lower levels of early child develop-
ment at the neighborhood level. Even in

more affluent neighborhoods, crowding
was associated with poor child develop-
ment. The built environment, planning
policy, and zoning all seem to have an in-
fluence on how children develop. The
public health sector should work with
advocates in the economic development,
urban planning, and transportation
planning sectors to take actions that
improve the lives of low-income
children.
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