Residential green space and behavioral and mental health in early childhood

Marnie F. Hazlehurst

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2021

Reading Committee:
Catherine Karr, Chair
Anjum Hajat

Pooja Tandon

Program authorized to offer degree:

Epidemiology



©Copyright 2021

Marnie F. Hazlehurst



University of Washington
Abstract

Residential green space and behavioral and mental health in early childhood

Marnie F. Hazlehurst

Chair of the Supervisory Committee:
Catherine Karr

Departments of Environmental and Occupational Health Sciences, Pediatrics, and Epidemiology

Background

Natural environments, including urban green spaces, have been associated with a range of health
outcomes across the life course. Green space may promote healthy development, even early in
childhood. The aim of this study was to investigate the relationships between residential green
space exposures and child behavioral and mental health in a socio-demographically diverse
cohort in Memphis, TN. We also explored the relationship of green space measures to a broad set

of neighborhood conditions, including socioeconomic and education resources.

Methods

We assessed three green space exposures—residential surrounding greenness, tree cover, and
park proximity—uwithin the Conditions Affecting Neurocognitive Development and Learning in
Early Childhood (CANDLE) cohort. Behavioral and mental health outcomes at age 4, including
both externalizing and internalizing behaviors, were assessed via parent-report on the Child

Behavior Checklist (CBCL). Linear regression models adjusted for individual, household, and



neighborhood-level confounders across multiple domains, were fit to assess the relationship
between green space and child behavior. Effect modification by neighborhood socioeconomic

opportunity and child sex were explored using multiplicative interaction terms.

Results

Higher residential surrounding greenness was associated with lower internalizing behavior
scores. Observed associations were generally robust across a suite of sensitivity analyses,
including adjustment for potential mediators. In secondary analyses, these associations were
most consistent for the anxious/depressed and somatic complaints syndrome scales. We did not
find any associations with externalizing behaviors or attention problems. In this study, residential
surrounding greenness and tree cover were higher in neighborhoods with a higher
homeownership rate, more early childhood education resources, and a lower percentage of Black

residents.

Conclusions

Findings from this dissertation add to the accumulating evidence of a protective effect of
residential green space for mental health in early childhood. Strengths of this study include the
spatial resolution of green space measures and the assessment of behavior outcomes across a
continuum. Future work may improve our understanding of these relationships by incorporating
child care or school-based exposures and assessing time spent in green spaces. This research can
inform the design of new green spaces or the conservation and management of existing urban
green spaces, including improving access to nature features such as trees within historically

underserved communities, as well as interventions targeting families with young children.
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Introduction

Background

Recent scientific literature has investigated how the structure of neighborhoods and urban
landscapes, including urban green spaces and green infrastructure, may influence human health
and well-being (1). Contact with nature and green space exposure has been conceptualized in
terms of quantity of vegetation or green spaces, access to or proximity of green spaces, time
spent in parks and green spaces, or views of natural environments and green spaces (2,3). Green
space may include wooded areas, street trees, gardens, grassy areas, and parks (4,5).
Understanding the potential role of these natural features in promoting health may improve urban

planning and help guide intervention strategies.

A range of health outcomes have been considered in the existing research literature on green
space, including both physical and mental health clinical outcomes and intermediate measures.
Multiple mechanisms for the effects of green space on these health outcomes have been
theorized. Much of the literature has focused on how green space may act through reducing
harmful exposures such as air pollution, restoring capacity in psychological and cognitive
processes, or promoting health behaviors such as physical activity (6-8). For children, nature
contact and natural environments may also promote creative, imaginative, and collaborative play
behaviors (9). The relevance of pathways in each of these domains may vary depending on the
health endpoint under consideration. In pediatric populations, studies have largely focused on
physical activity, though an accumulating literature has also investigated behavioral and mental

health outcomes (10,11).
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For example, the evidence to date suggests an inverse relationship between green space and
externalizing behavior problems in childhood. Outcomes in this domain, characterized by
behavior directed outwards at an individual’s environment, may include attention problems, rule-
breaking, and aggressive behaviors (12). The onset of externalizing behavior problems in early
childhood may interfere with functioning in school and social settings and are associated with
further externalizing behaviors in adolescence, as well as academic problems, substance use
disorders, accidental injury, and obesity across the life course (13,14). Prior research on green
space has focused on hyperactivity and inattention outcomes, including Attention
Deficit/Hyperactivity Disorder (ADHD) diagnosis and symptoms (10). The prevalence of ADHD
is estimated to be 10.5% among children ages 3-5 years old (15). Approximately half of children
with ADHD in the preschool years are diagnosed with the predominantly hyperactive-impulsive
subtype of ADHD and 23% with the predominantly inattentive subtype. Symptoms of
hyperactivity and impulsivity are often observed by the time a child reaches four years old.
Among school-age children ages 6-12 years old, the prevalence of ADHD is estimated to be
11.4%, with the inattentive subtype comprising the largest percentage of cases (15). Symptoms
of ADHD have been linked to deficits in executive functions including working memory and
inhibition, even during preschool years (16,17). Working memory, including both verbal and
visuospatial working memory, involves holding and manipulating information in the short term
(18). Inhibitory control of attention, or attentional control, is the ability to direct attention

towards a target while simultaneously ignoring distractions.

The research examining relationships of natural environments with attention and executive
functioning includes clinical diagnoses as well as intermediate outcome measures. In a national

cohort of Danish children, residential green space in early childhood was associated with a lower
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risk of ADHD diagnosis (19). Studies of residential green space have also suggested associations
with executive functioning, including working memory and attentional and inhibitory control
(20,21). Psychologists have theorized that natural environments directly facilitate recovery of
cognitive processing resources, as described by Attention Restoration Theory (ART) (22-24).
Experimental evidence suggests that cognitive processing tasks requiring control of attention
towards both internal and external stimuli or suppression of both internal and external distractors
may be sensitive to features of natural environments (24). Alternatively, urban green space may
provide spaces for physical activity, which may in turn impact executive functions in children
with and without an ADHD diagnosis (25). Associations between green space and externalizing
behavior problems may also occur through reduction of environmental hazards such as air
pollution, which has been identified as a potential contributor to the development of

externalizing behavior problems (26).

Existing literature, primarily in adolescent and adult populations, also suggests associations
between green space and anxiety and depression. Behavior problems in the internalizing
domain—behaviors directed towards the self, including depression, anxiety, and social
withdrawal—can emerge early in childhood (27). Anxiety disorders are the most frequent mental
health condition among children, with some prevalence estimates ranging up to 20% (28). While
some children may exhibit transient symptoms as part of typical development, others experience
wide-ranging and lasting effects on health and well-being (27). Risk factors for early childhood
internalizing behaviors have been conceptualized as a cumulative risk model of multiple factors
within multiple domains; environmental factors, parental factors, and child factors may all
influence the risk of behavioral problems (29). The residential neighborhood context has been

identified as an important contributor to behavioral development (30-32).
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Green space may be a significant feature of the residential neighborhood contributing to
healthy child behavioral development and mental health. A small number of studies of residential
green space have observed associations of higher green space with reduced symptoms of
depression or anxiety in school-age children and adolescents (33-35). Observational studies have
also identified associations with emotional or peer problem behaviors earlier in childhood
(36,37). Physical activity, social contacts, stress reduction, and attention restoration may play a
role in the relationships between natural environments and mental health. Green space may
promote child physical activity and free play, or facilitate social contacts, which in turn may
reduce internalizing behaviors (38,39). Others have hypothesized that Stress Recovery Theory
(SRT) may explain relationships between natural environments and health (40). Specifically,
contact with nature may directly impact perceived stress and physiological measures of the stress
response, including regulation of autonomic nervous system activity and the hypothalamic—
pituitary—adrenal (HPA) axis. In adults, studies suggest both acute and long-term effects on these

systems with exposure to natural environments (41).

Green space may be particularly important for children and families with access to fewer
resources. Low SES populations are more likely to experience higher levels of adverse stressors
and environmental exposures, or may be more reliant on resources within the residential
neighborhood, each of which may suggest a greater potential benefit of residential green space
exposures (42). Several studies have identified relationships between green space and child
behavioral and mental health that are more pronounced among those with lower parent education
levels or lower household income (43-45). However, others have identified stronger associations

between green space and health in higher income areas and suggest that this may be due to
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higher perceived quality of green space translating to increased use of those spaces and improved

health outcomes (46,47).

Despite recent interest and expansion of the scientific literature on nature contact and human
health, our understanding of relationships between natural environments and pediatric health is
still limited. Epidemiologic studies have varied widely in design, including in selection of study
population, geographic location, and exposure measurement. Many prior studies have recruited
pediatric samples from cities in Europe and Australia, but differences in ecology, meteorology,
and urban structure may limit also generalizability of those studies to urban settings in the US.
Studies in the US have used small sample sizes or high-income samples. Exposure assessment is
commonly limited in both spatial and temporal resolution and analyses have frequently included

only partial adjustment for potential confounders (3).

This study addresses several current gaps in our knowledge of the relationship of these
spaces to children’s neurodevelopment within urban settings in the US. Understanding the health
consequences of green space among vulnerable groups, particularly children, is increasingly
important as urbanization reduces and restricts access to these places. Furthermore, access to
nearby nature may be more limited for some children, including children of color and families
with lower incomes. Research in this area may inform urban design and planning in the building

of new green spaces or in the conservation and management of existing urban green spaces.

Objectives

The goal of this work was to investigate the relationships between residential green space

exposures and child behavioral and mental health within the Conditions Affecting
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Neurocognitive Development and Learning in Early Childhood (CANDLE) study. We leveraged
a wealth of existing health and covariate data within the CANDLE cohort, in combination with
several green space exposure metrics developed for this project, calculated for the residential

address history of each participant. The work is presented in three chapters as follows.

Chapter 1 details the distribution of green space exposures in the CANDLE cohort by a suite
of neighborhood characteristics. Multiple statistical approaches were utilized in order to examine
two distinct scientific questions. First, we estimate the magnitude of the relationship between a
broad set of neighborhood conditions and green space, and identify the neighborhood features
driving those relationships. We hypothesized that more neighborhood resources across multiple
domains is associated with higher levels of green space. Second, we explore models to predict
green space exposures based on either neighborhood or individual-level factors compared to
models with multi-level predictors. We hypothesized that adding individual-level covariates to

the model would improve prediction of green space measures.

Chapter 2 describes an analysis of green space and attention and externalizing behavior
problems in 4 to 6-year-olds. Externalizing behaviors were assessed in the CANDLE cohort
using the Child Behavior Checklist (CBCL). We examined both the broadband externalizing
behavior score and the attention problems syndrome scale in primary analyses and the aggressive
behavior syndrome scale in a secondary analysis. We explored adjustment of the primary model
for factors potentially on the causal pathway or proxies for those causal pathways, including
physical activity, screen time, sleep, and near-road residence, as well as associations with
exposure during multiple windows. Effect modification was examined by neighborhood

socioeconomic opportunity and child sex.
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Chapter 3 examines the relationship between green space and internalizing behavior
problems in early childhood. Our primary analysis utilized the broadband internalizing score
from the CBCL. We investigated the related syndrome subscales—emotionally reactive, anxious
and depressed, somatic complaints, and withdrawn behavior—in secondary analyses. As was
done in chapter 2, we explored whether these associations varied by neighborhood SES and child
sex, and conducted a number of sensitivity analyses to assess the robustness of modeled

relationships.

A descriptive analysis of the green space measures used in this work—residential
surrounding greenness, tree canopy, and park proximity—is included in Appendix A. This
includes the primary metrics included for the current participant addresses in chapter 1 as well as

the exposures averaged over multiple windows in chapters 2 and 3.

The CANDLE study in Memphis, Tennessee

The Conditions Affecting Neurocognitive Development and Learning in Early Childhood
(CANDLE) study is a pregnancy cohort located in Shelby County, TN (48,49). This longitudinal,
observational cohort is one of three cohort studies within the ECHO-PATHWAY'S consortium
(50). Pregnant women (N=1503) were enrolled in CANDLE between 2006 and 2011 (births in
2007-2011). These women were recruited from community obstetric practices and an urban
hospital obstetric clinic in Memphis, TN. Enrollment included healthy women between the ages
of 16 and 40 during weeks 16 through 27 of their pregnancy, who were able to speak and
understand English and were a resident of Shelby County, TN. Women were excluded from
participation in the CANDLE study if they were considered to have a high medical risk

pregnancy, including those with an existing chronic disease requiring medication or a known
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pregnancy complication at the time of recruitment. Eligibility for CANDLE was further
restricted to singleton pregnancies and women planning to deliver at one of the four participating

study hospitals.

Among women who remained in the study through delivery, there were 1,436 live births.
Mother-child dyads in CANDLE have completed follow-up study visits at multiple intervals,
with current study visits ongoing in 2021. Data collection has included biospecimens,
questionnaires, clinic visits, home visits, and frequent phone contacts for both data collection and
study retention purposes. The CANDLE study has collected a complete residential history for
each participant through more than fifteen points of contact with study staff, on the phone or in
person, over the first 4-6 years of each child’s life. CANDLE staff have successfully maintained
high rates of mother and child participation in the study over time; 1,157 mother-child dyads

were seen at the age 4-6 study visit.

The CANDLE study was established specifically to investigate determinants of child
neurodevelopment in a population representative of Shelby County, TN. Approximately 66% of
the women enrolled in CANDLE are African-American/Black and 31% White, 63% are single
mothers, about 30% have a bachelor’s degree or higher, and about 30% report a household
income less than $20,000 a year. These distributions of participant characteristics are generally
similar to the city of Memphis and Shelby County, TN as a whole (51). Based on 2010 American
Community Survey estimates, Memphis is a city of 650,000 people with 7.6% of the population
under 5 years of age (52). Sixty-four percent of residents are Black/African-American and 29%
are White; 25% of adults older than 25 years have a bachelor’s degree or higher. The estimated
median household income in Memphis is $38,230, with more than 25% of the population under

100% of the federal poverty level.
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The CANDLE cohort is located in Memphis, within Shelby County in the southwestern
corner of Tennessee. The region is classified as a warm temperate, fully humid, hot summer
climate zone. While most of the annual precipitation occurs during winter and early spring, there
is also typically significant precipitation during the summer, with average temperatures generally
ranging from 34°F to 91°F across the year. This climate and the location of Memphis lends itself
to a long growing season. Where natural vegetation has not been converted to agriculture, the

region is primarily deciduous, mesophytic forests (53).
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Chapter 1. The distribution of green space by individual and
neighborhood-level characteristics in Shelby County, TN

Introduction

Access to green space may be distributed differentially across the population; ecologic
studies in a variety of urban settings suggest that neighborhoods with lower median income,
lower adult educational attainment, or a higher proportion of African-American residents may
have less green space (54-59). However, these patterns are not consistent across all urban
settings or for all types of green space. Much of the prior literature has also focused specifically
on park spaces. In some US cities, low socioeconomic position has been associated with access
to lower quality parks, but this finding is not consistent across cities or for park quantity versus
quality (60—63). Most of the literature to date has focused on correlations between neighborhood
characteristics and green space; however, individual-level characteristics may also be correlated
with green space exposures (57). Additionally, no prior studies have included spatial measures of
racial residential segregation. Given the array of health benefits hypothesized for access and
exposure to green space, as well as the potential for confounding by other individual and
neighborhood characteristics in epidemiologic studies, further investigation of how these factors

predict green space in specific contexts is warranted.

In this study, we examined the relationships between individual and neighborhood
characteristics and green space within the CANDLE cohort in Memphis, TN. Specifically, we
investigated two distinct research questions using two different analytic approaches. First, we
estimated the overall association between an index of neighborhood conditions and green space,
and identified which neighborhood measures were driving those relationships. Second, we

evaluated whether neighborhood-level, individual-level, or the combination of neighborhood and
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individual-level factors best predicted participant residential surrounding greenness, tree cover,

or park access.

Methods

Study population

This analysis used participant-level data from the CANDLE study, one of three cohort
studies within the ECHO-PATHWAY'S consortium. CANDLE is a pregnancy cohort in Shelby
County, TN (48,49). The CANDLE study was established specifically to investigate
determinants of child neurodevelopment in a representative sample from Shelby County and
includes a large proportion of participants who live in under-resourced communities. Pregnant
women living in Shelby County, TN were enrolled in CANDLE between 2006 and 2011
(N=1503) and followed-up at a study visit when children were between 4 and 6 years old. The
current address at the time of the age 4-6 follow-up visit was used to assess green space exposure
and neighborhood characteristics. The sample was limited to those with a valid geocoded current

address within Shelby County.

Green space

We used three measures of exposure to green space in this study: residential surrounding
greenness, tree cover, and park proximity. Details on the data sources and data processing are
included in Appendix A and described briefly here. Residential surrounding greenness was
defined as the Normalized Difference Vegetation Index (NDVI). NDVI was calculated using
NASA Global Web-Enabled Landsat Data (GWELD) to assess overall vegetation (64). These

satellite images are available at a 30m resolution. Primary exposure measures were derived using
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the GWELD annual dataset for 2011, which was calculated as the highest NDVI in each pixel
from December 1%, 2010 through November 30", 2011. For this analysis pixels with a value less
than zero, which indicates water, were set to missing. The weighted average of non-missing
values was calculated within a 300m radial buffer of the current address of participants at the
time of the age 4-6 study visit. The 300m buffer size was chosen as the primary spatial scale for
this exposure because it has been hypothesized to be a relevant scale for psychological
mechanisms of the effect of green space on health; prior studies of mental health outcomes have
commonly used smaller buffers than physical health outcomes (3). Others have also cited
distances of approximately 300m as a reasonable walking distance for families to enjoy nature
and green spaces, and because this distance is commonly utilized in policy and programs as a
measure of the residential neighborhood (65). Buffer sizes of 100m, 500m, and 1000m were

examined in sensitivity analyses.

Tree cover data were obtained from the US Environmental Protection Agency EnviroAtlas
Memphis Community Dataset (66). This metric was derived from 1m resolution land cover data
and reported as percent of each census block group covered by tree canopy. Exposures were
linked to participant addresses by the census block group identifier for the current participant

address at the time of the age 4-6 study visit.

The third green space measure used was the distance in meters from the participant address at
the age 4-6 study visit to the edge of the nearest public park. Park boundaries were derived from
ParkServe data compiled by the Trust for Public Land (67). This dataset includes publicly owned
local, state, and national parks; school parks with a joint-use agreement with local government;

and privately owned parks that are managed for full public use.
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Neighborhood characteristics

Neighborhood conditions were conceptualized as both socioeconomic resources and
educational resources in the neighborhood, using indicators from the Childhood Opportunity
Index (COI). The COI was developed for the purposes of examining neighborhood resources and
conditions that influence children’s health and development. and has been found to be associated
with multiple health outcomes (68,69). The COI was compiled from multiple data sources in
order to capture a variety of potential resources including the availability and quality of
neighborhood institutions and neighborhood social structure and economic resources (70,71).
The specific variables within each domain and subdomain are defined in Table 1-1. The
socioeconomic domain includes variables related to economic opportunities and to economic and
social resources. The educational opportunity domain includes variables related to early
childhood education, elementary education, secondary and postsecondary education, and
educational and social resources. Data at the census tract level in 2010 were used to calculate z-

scores for each variable.

The environmental justice literature has highlighted the role of racial residential segregation
in determining exposure to environmental factors in the US. However, most studies have relied
solely on racial composition measures which do not account for levels of segregation in
surrounding neighborhoods. In this study, we used measures of both racial composition and a
spatial measure of racial residential segregation. Racial composition measures (% Black and %
White) were obtained at the census tract level from the 2006-2011 American Community Survey
(ACS). To assess spatial patterns of segregation in the city, we used the Getis-Ord Gi* statistic
(72-74). Though multiple approaches to assessing the different dimensions of racial residential

segregation have been used in studies of segregation and health, the clustering dimension
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assessed by the G-statistic has been theorized to be a relevant measure for understanding
historical patterns of land-use decision-making and community investment in physical
infrastructure (75). This statistic describes whether the racial composition within the census tract
and in the surrounding tracts, deviates from the overall county mean. Surrounding tracts were
defined as those that share a boundary with the index tract. The G-statistic was calculated using
the racial composition data from the 2006-2011 ACS. In this study, a higher, positive value of
the G-statistic z-score indicates an overrepresentation of Black residents within the census tract

and surrounding tracts compared to Shelby County as a whole.

Population density at the census tract level, derived from the 2006-2011 ACS, was used as a
measure of urbanicity. All neighborhood-level predictors were assessed for the participant

address at the time of the age 4-6 year study visit.

Individual and household characteristics

Individual and household-level characteristics were assessed at the age 4-6 study visit and
include maternal age, race, education, and marital status; and household income and household
size. Maternal race was categorized as African-American/Black, White, or other. Maternal
education was categorized as less than a high school degree, high school diploma or equivalent,
technical school, college degree, and graduate or professional degree. Marital status was
categorized in two groups: married or living with a partner and single, which included never
married, widowed, divorced, and separated. Household income was reported in 11 categories:
$0-4,999; $5,000-9,999; $10,000-14,999; $15,000-19,999; $20,000-24,999; $25,000-34,999;
$35,000-44,999; $45,000-55,999; $55,000-64,999; $65,000-74,999; or $75,000 and over. The

midpoint of each category was selected and treated as a continuous variable. Those in the highest



24

income category were assigned to $80,000. Continuous variables were standardized to a mean of

zero and standard deviation of one.

Statistical analyses
Descriptive statistics and Spearman correlations were used to examine the distribution of and

correlations between the green space measures and each of the predictors.

WOS Regression

Weighted Quantile Sum (WQS) regression (76,77) was used to estimate the association
between a suite of neighborhood conditions and green space, and to examine which predictors
were driving those associations. Each predictor of interest was divided into quintiles. The first
step in WQS regression is a bootstrap sampling procedure to estimate weights for the WQS
index from the predictors of interest. The second step is to estimate the coefficient for the

resulting WQS index. The WQS index is defined as WQS = ¥5_, W;q; where w; is the weight
(0 < w; < 1) for the j variable with quintile values g;, and the weights sum to 1. The final

weights are calculated through bootstrap sampling (B=1000 samples) with replacement as: w =
%2‘3:1 Wj(b)f(ﬁl(b))l where f(,@l(b)) is a pre-specified signal function, which uses the t-statistic

for the B1 estimate from each bootstrap sample to calculate a weighted mean across bootstrap
samples such that samples with a higher signal are given a higher relative weight in calculating
the index. Two separate models were calculated by constraining the association between the
WQS index and the green space measure to be either positive or negative. We hypothesized that
a higher WQS index, representing more neighborhood resources, would be associated with
higher levels of green space. Our primary analysis examined associations in a model constrained

to assess an association in this hypothesized direction. As a secondary analysis, we also
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examined a WQS index in the opposite direction of that hypothesized, where the model was

constrained to non-positive beta estimates.

The WQS index was then included in an ordinary least squares regression model. For each
measure of green space as the dependent variable, the coefficient 8, for the WQS index was
estimated, adjusting for urbanicity. The WQS regression yields a single coefficient to describe
the relationship between neighborhood characteristics and residential green space. We adjusted
for population density as a measure of urbanicity due to the geographic extent of Shelby County,
which includes census tracts across an urban to rural gradient. In the primary analysis where the
model was constrained to be non-negative, the WQS index was calculated for the associations
between a higher index and either more surrounding greenness and tree canopy or closer
proximity to green space. The weights in the WQS index were examined to identify the factors
driving observed associations. In a secondary analysis, we also examined model results when the
WQS index was calculated for associations that were constrained to be in the opposite of the

hypothesized direction.

WQS regression was developed in the context of studies of chemical mixtures, but has been
extended to model socioeconomic indices (78,79). The neighborhood characteristics contributing
to the WQS index in this analysis are poverty rate, public assistance rate, homeownership rate,
high-skill employment, median household income, employment rate, commute duration, percent
single-headed households, school poverty, teacher experience, adult educational attainment,
early childhood education (ECE) centers, high-quality ECE centers, ECE enrollment, third grade
math proficiency, third grade reading proficiency, high school (HS) graduation rate, Advanced
Placement course enrollment, college enrollment in nearby institutions, percent Black/African-

American, and the G-statistic. Each of the variables described here, across multiple domains,
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were included separately within the WQS index. Variables were reverse-scored as necessary, So
that all variables were coded such that higher quintiles were hypothesized to be associated with

more green space or represented more neighborhood resources.

LASSO Regression

LASSO regression was used to compare predictive models of green space using
neighborhood-only, individual-only, or multi-level sets of predictors. Model A for each green
space measure contained only neighborhood-level predictors. The neighborhood variables in
these LASSO models included 21 neighborhood characteristics, including measures of
socioeconomic and education resources, and racial composition and residential segregation.
Model B contained only individual-level predictors: maternal race, maternal education, marital
status, maternal age, household income, and household size at the age 4-6 study visit. Model C
contained all predictors, including both individual and neighborhood-level variables. All
continuous variables were standardized to have a mean of 0 and standard deviation of 1. For each
LASSO model, 10-fold cross-validation was used to identify the minimum point in the estimated
test mean squared error (MSE) curve and select the corresponding tuning parameter (A).
Coefficients were then estimated in the full sample using the selected tuning parameter. The
minimum MSE from 10-fold cross-validation was compared across models A-C to assess the

predictive ability of the three sets of variables.

All data manipulations, visualizations, and statistical analyses were conducted in R 3.6 (The
R Foundation for Statistical Computing; Vienna, Austria). Processing of spatial data was
implemented using the sf and raster packages, WQS analyses were conducted using the gWQS

package, and LASSO analyses were conducted using the glmnet package.
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Results
CANDLE participants were included in this analysis if they had a valid geocoded address in
Shelby County, TN at the time of the age 4-6 study visit (n=1012). LASSO models were further

restricted to those with complete data for individual-level predictors at the age 4-6 visit (n=917).

The distribution of residential surrounding greenness, tree canopy, and park access in this
cohort are shown in Table 1-2. NDVI levels were generally high, on average 0.596 (SD 0.084) in
300m buffers. Tree canopy (mean 37.8% [SD 12.5]) at the census block group level was
correlated with NDVI in 300m buffers at 0.60. Distance to the nearest park was on average 795m
(SD 862) and 28% of the cohort lived within 300m of the nearest park; park proximity was not
highly correlated with the other green space measures (Spearman correlations of -0.03 with
NDVI and 0.02 with tree canopy). A more detailed description of the various green space metrics
explored, as well as results from descriptive analyses and maps of these various measures, are

included in Appendix A.

Additional characteristics of the neighborhood environment, including social and economic
resources, educational resources, racial composition, and residential segregation, are shown in
Table 1-3. Relative to other US cities, neighborhoods in Memphis on average tend to have fewer
neighborhood-level resources as assessed by the various components of the Childhood
Opportunity Index (70). The mean percent of students in elementary schools eligible for free or
reduced-price lunches is 71% for the neighborhoods in which CANDLE participants live,
compared to the national average of 53%. In this cohort, the average neighborhood poverty rate
(percent of individuals living in households below 100% of the federal poverty threshold) was

23%, compared to the national average of 15%. However, the distribution of other characteristics
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was similar to the national average. For example, the mean high school graduation rate is 76% in
CANDLE participant neighborhoods, compared to the national average of 75%. Prior work using
the COI has also identified larger gaps in Memphis between neighborhoods with many resources
and those with few resources across multiple domains, compared with other US cities (70). We
observed some variability in z-scores of all of these measures within the CANDLE cohort as
well (Figure 1-1). Spearman correlations between the neighborhood variables ranged from 0.01
to 0.9, with higher correlations between variables within the same conceptual domain (Figure 1-
2). Bivariate correlations of neighborhood characteristics with green space measures were

generally low.

Measures of racial residential segregation and racial composition are also included in Table
1-2. Census tracts in which CANDLE participants lived were on average 57% African-
American/Black. CANDLE participants on average also tended to live in neighborhoods with a
higher dissimilarity measure of residential segregation. Both percent black and the residential
segregation measure were generally negatively correlated with socioeconomic and education

neighborhood opportunity measures (Figure 1-2).

The distributions of individual and household-level characteristics for CANDLE participants
in Shelby County at the time of the age 4-6 study visit (N=1012) are shown in Table 1-4. In this
sample of mother-child dyads, 63% of women were African-American/Black and 30% White.
The mean annual household income was $37,691 and 53% of participants had at least a technical

school or college degree.
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WQS regression

Results from the WQS regression for NDVI and tree canopy, when the association was
constrained to estimate the association between higher opportunity (higher WQS index) and
more green space are shown in Figure 1-3. A 1 quintile increase in the WQS index was
associated with a 0.021 unit higher NDV1 (95% CI: 0.014, 0.028) and this association was
largely driven by higher homeownership rate, closer proximity of early childhood education
(ECE) centers and higher enrollment, and lower percent African-American/Black. A 1 quintile
higher WQS index was associated with a 4.9 percent higher tree canopy coverage (95% CI: 3.8,
6.0) and this index appears similar to that for NDV1, with the same four variables having the
highest weights. A 1 quintile higher WQS index was associated with living 358 m closer to a
park (95% CI: -427, -288) and the early childhood education variables were weighted heavily,

along with teacher experience.

Results from the WQS regression when the association was constrained to estimate the
association between a higher WQS index and a lower level of green space or further distance
from a park are shown in Figure 1-4. A 1 quintile higher WQS index was associated with 0.028
lower NDVI (95% CI: -0.036, -0.021) when HS graduation rate and percent new teachers
(reverse coded) were highly weighted. A 1 quintile higher WQS index was associated with 1.9
lower percent tree canopy (95% CI: -3.0, -0.9), when HS graduation rate was heavily weighted.
A 1 quintile higher WQS index was associated with a 184m further distance to the nearest park
(95% CI: 148, 221) when 3™ grade reading proficiency and percent single-headed households

(reverse coded) were highly weighted.

In sensitivity analyses using NDVI calculated in varying buffer sizes around the residence as

the dependent variable, a larger magnitude of association was observed for NDV1 in the 100m
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buffer size relative to the larger buffer sizes (Figure 1-5). Homeownership rate was consistently
identified as the variable driving this association, with weights ranging from 0.32 to 0.49, along

with ECE-related variables.

LASSO regression

For models predicting NDVI, including both individual and neighborhood characteristics in
the model (model C) only slightly reduced the MSE compared to models A and B, suggesting
that adding the individual-level predictors does not meaningfully improve prediction accuracy.
Adding individual-level predictors to a model that already includes the suite of neighborhood
predictors did not improve prediction of green space for tree canopy or park proximity. In
prediction models for each of the three types of green space, the MSE was highest when only

individual-level covariates were included in the model (Table 1-5).

Coefficients from these models using the tuning parameters identified from cross-validation
are shown in Tables 1-6, 1-7, and 1-8, for models A, B, and C, respectively. For models of NDVI
and tree canopy, positive coefficients indicate predictors of more green space. Lower percent
Black in the census tract and higher homeownership rate predicted higher NDVI (Table 1-6). In
this model, lower poverty rate and lower college enrollment nearby predicted lower NDVI. In the
model with individual predictors (Table 1-7), marital status (married or living with a partner) and
maternal race (Black/African American) predicted NDVI. Similar patterns were observed for
neighborhood predictors when both neighborhood and individual predictors included in the same
model (Table 1-8). More coefficients for individual-level variables were estimated to be non-
zero in this combined model, though the magnitude of these coefficients was small relative to

those for neighborhood variables.
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In the model of neighborhood characteristics and tree canopy, the largest coefficient was for
the residential segregation index, with a higher value of the index indicating more residential
segregation of Blacks and predicting lower tree cover (Table 1-6). Similar to NDVI, a lower
poverty rate and higher college enrollment in nearby institutions predicted lower tree canopy
coverage in this model. In a model with individual-level predictors only, the largest coefficient

was for the maternal education of a graduate or professional degree (Table 1-7).

Park access was operationalized as distance to the nearest park; in contrast to the NDVI and
tree canopy measures, smaller values of the park proximity variable are interpreted as greater
access to green space. Third grade reading proficiency predicted closer park proximity, but third
grade math proficiency predicted a further distance from the nearest park, in neighborhood
models (Table 1-6). ECE centers predicted closer proximity to a park, but high-quality ECE
centers predicted a larger distance to the nearest park. Higher median household income
predicted living closer to a park. In model B with only individual-level predictors, only two
factors remained in the model (Table 1-7). The maternal education category of high school
degree and household income both predicted further distance to the nearest park. In contrast to
the individual-level model, almost all coefficients including those at the individual level
remained in the combined model (Table 1-8). Trends in the combined model for early childhood

and elementary education variables were similar to the neighborhood-only model.

Discussion
We used two distinct modeling approaches to explore relationships between green space and
a range of socioeconomic, education, and racial composition and residential segregation

measures of the neighborhood. In WQS regression, associations between the neighborhood
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social, economic, and educational environment and higher measures of greenness were driven by
factors within both the education and socioeconomic domains. Homeownership rate was
consistently the most highly weighted neighborhood variable in the WQS index. The early
education variables had smaller weights for each variable, but collectively suggested the
importance of the early educational environment. Homeownership rate and ECE variables were
similarly important predictors of green space in LASSO regression models using neighborhood-
level predictors. Adding individual-level predictors to the LASSO regression models improved
prediction of NDVI only slightly and did not improve prediction of tree canopy or park
proximity. However, individual-level predictors were still frequently included in these combined

models.

While some variables were influential in both modeling approaches, we also observed some
differences across the WQS and LASSO approaches. One explanation for this may be that these
two modeling approaches handle correlated predictors differently. The WQS model tends to split
weights across the group of variables that are highly correlated, while the LASSO model selects

a single predictor out of a group of correlated predictors (77).

Much of the prior literature examining the distribution of green space has focused on
measures of income and poverty in relation to urban green space quantity or proximity. Single-
city studies in Europe and a multi-city study in Australia identified better access to public green
spaces in neighborhoods characterized by higher incomes (54,55,57). In the US, a national study
of census tracts from the year 2000 identified lower levels of greenness in areas with a higher
concentration of poverty (80). We did not observe consistent results across measures of poverty
and income. Median household income was less influential than housing tenure in WQS models.

Others have also observed associations with housing tenure and suggested that renters may have
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less ability or incentive to influence green infrastructure (81,82). Homeownership is also an

indicator of overall wealth, particularly among those with lower incomes in the US (83).

Fewer studies have considered education in addition to income in models of green space. A
study of census tracts across ten US cities identified more consistent relationships between
education and greenness than income (56). The ten cities included spanned multiple eco-regions
in the US, with variable urban development structures. Adult educational attainment tended to
have the strongest association with greenness and woody vegetation. However, income had a
larger role in cities with relatively lower per capita incomes. In the smallest city included in this
study—Jacksonville, FL—the authors observed only weak relationships between measures of
income, education, and urban vegetation. In our study, adult educational attainment was one of
the top predictors of tree canopy when using LASSO regression, but was not weighted heavily in

WQS analyses.

This hypothesis-generating analysis explored a wider selection of neighborhood resources
than prior work. In addition to multiple indicators of socioeconomic conditions of the
neighborhood, we explored a range of neighborhood indicators related to educational
opportunities. The weights for the proximity of early childhood education centers and elementary
school test scores in WQS analyses suggest a relationship with the early education environment.
Given the high cost of early childhood education in the US, disparities in access to these
education opportunities indicated by variables such as the percentage of 3 and 4-year-olds
enrolled in preschool, likely reflect disparities in access to a broader set of resources for families
with young children (84). Some of these measures may reflect the population density of young
children, which may vary relative to the total population density that we controlled for in this

analysis, and has been correlated with measures of urban trees in other studies (85). School
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grounds may also contribute to the quantity of green space in the neighborhood, particularly in

high-income neighborhoods (86).

Several studies have observed less green space access in neighborhoods with a higher
percentage of African-American residents, including in Atlanta, GA and Baltimore, MD (58,60).
We observed a similar pattern of total vegetation by neighborhood racial composition in
Memphis. A history of discriminatory policies shaping investment in neighborhoods have
influenced spatial patterns; studies of historical redlining practices found that worse Home
Owners Loan Corporation (HOLC) grades in the 1930s were associated with decreased present-
day greenness and tree canopy (87,88). In our analysis, higher residential segregation modeled
using the Getis-Ord G statistic was the largest neighborhood coefficient predicting less tree
canopy in LASSO models. Others have hypothesized that tree canopy in particular is more
reflective of long-term investments in green infrastructure, due to the time it takes for large trees

to grow, relative to overall measures of greenness or measures of herbaceous vegetation (81).

Patterns observed across multiple domains of neighborhood conditions in relation to urban
green space may also vary depending on the type of green space considered. Some studies have
observed consistent patterns of tree canopy by income (59); others observed the largest
differences in street trees by race and education (85). Prior studies have also observed variability
in these patterns of tree canopy across cities in the US (81,89). A study of 40 US cities found that
the distribution of urban tree canopy was less dependent on socioeconomic factors in cities with
higher levels of tree canopy relative to cities with lower tree canopy overall (89). The authors
suggest that in cities with lower overall tree canopy, trees tend to be more concentrated within
specific parcels of land such as within parks. Participants in the CANDLE cohort generally had

higher levels of residential surrounding greenness than in many prior studies (mean of 38% tree
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canopy). The climate in Shelby County is conducive to widespread vegetation growth and
deciduous tree cover. Average levels of tree canopy were similar in prior studies of Charlotte,
NC (47%) and Pittsburgh, PA (38%) (81,89). Differences across cities in multi-city studies
suggest that the generalizability of our study may be limited and that extrapolation to other urban

settings with lower levels of urban tree canopy should be done cautiously.

Simple measures of park access tend to not have the same associations with socioeconomic
conditions that have more consistently been observed for measures of total vegetation or urban
tree canopy (90). A study in Denver, CO found that low-income neighborhoods had better park
access, but these patterns are not observed for acres of parks per youth, high quality parks, or
safer parks (91). Similarly, a study of five other US cities found that access to safe parks, was
more limited in low-income communities (92). In our analysis, patterns of park access by income
and education were inconsistent and appeared sensitive to modeling choices. However, an
important limitation of this analysis was that we were unable to refine our assessment to account

for a measure of park facilities such as playgrounds or other qualities of the parks.

The distributions of green space measures may also vary based on the size or spatial scale of
the urban green space (93). In our study, NDVI was assessed on a smaller scale than tree canopy;
NDVI was also the measure for which adding individual-level covariates to the LASSO models
slightly improved prediction over the model only including neighborhood-level covariates. In the
WQS analysis, we examined NDVI at multiple distances from the residential location, but

observed similar trends across all buffer sizes.

There are several limitations that should be considered in interpretation of these analyses.

The variability in overall greenness is restricted, as Memphis is a generally green city. The
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location and climate of Memphis is a conducive growing environment and patterns observed
here may not be generalizable to other regions. We used census tracts to define neighborhoods
when assessing neighborhood resources and characteristics, as is commonly done in the
literature, but these administrative boundaries may not accurately reflect the way that residents
would define their neighborhood or interact with the spaces surrounding their residence. The
spatial mismatch between the neighborhood census tract variables and NDVI measures, which
were measured within buffers around the residential locations irrespective of census
geographical borders, is an additional limitation in this analysis. Given these limitations, the

hypothesis-generating analyses presented here should be interpreted cautiously.

This analysis is distinct from prior studies in that we used measures of green space based on
participant residential locations from a cohort study of mother-child dyads. Prior studies have
primarily examined greenness on a larger spatial scale than the 300m buffers used in our primary
analysis (94). The results in this aim suggest several factors that may be considered as
confounders when investigating relationships between green space and health. In particular,
confounding by homeownership and early childhood education opportunities may be of concern
for health outcomes known to be affected by these neighborhood resources. Additionally, the
inclusion of a host of characteristics with variable distributions across the population, and by
exploring relationships with multiple measures of green space exposure and access, this
exploratory analysis suggests several neighborhood resources for further investigation in future

work.
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Table 1-1. Variable definitions for components within the socioeconomic and education
domains, obtained from the Childhood Opportunity Index (70).

Subdomain

| Variable Name

| Variable Definition and Units

Social and Economic Domain

Economic and
social resources

Poverty rate

Percentage of individuals living in households with incomes
below 100% of federal poverty threshold (reversed coded in z-
score)

Public assistance rate

Percentage of households receiving cash public assistance or
Food Stamps/Supplemental Nutrition Assistance Program
(reverse coded in z-score)

Homeownership rate

Percentage owner-occupied housing units

High-skill employment

Percentage of individuals ages 16 and over employed in
management, business, financial, computer, engineering, science,
education, legal, community service, health care practitioner,
health technology, arts and media occupations

Median household
income

Median income of all households

Single-headed
households

Percent family households that are single-parent headed (reverse
coded in z-score)

Economic
opportunities

Employment rate

Percent adults ages 25-54 who are employed

Commute duration

Percent workers commuting more than one hour one way
(reverse coded in z-score)

Education Domain

Educational and
social resources

School poverty

Percentage students in elementary schools eligible for free or
reduced-price lunches (reverse coded in z-score)

Teacher experience

Percentage of teachers in their first and second year (reverse
coded in z-score)

Adult educational
attainment

Percentage adults ages 25 and over with a college degree or
higher

Early childhood
education (ECE)

ECE centers

Number of ECE centers within a 5-mile radius, converted to
natural log units

High-quality ECE
centers

Number of NAEYC accredited centers within a 5-mile radius,
converted to natural log units

ECE enrollment

Percentage of 3 and 4 year olds enrolled in nursery school,
preschool, or kindergarten

Elementary Third grade math Percentage of third graders scoring proficient on standardized
education proficiency math tests, converted to NAEP scale score points
Third grade reading Percentage of third graders scoring proficient on standardized
proficiency reading tests, converted to NAEP scale score points

Secondary and
postsecondary
education

High school graduation
rate

Percentage of ninth graders graduating from high school on time

Advanced Placement
course enrollment

ratio of students enrolled in at least one AP course to the number
of 11th and 12th graders

College enrollment in
nearby institutions

Percentage of 18-24 year-olds enrolled in college within 25 mile
radius
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Table 1-2. Distribution of green space measures in the CANDLE cohort for the residential address
reported at the time of the age 4-6 year study visit (n=1012).

Green space Mean SD Min. Q1 Median Q3 Max.
NDVI in 300m buffer 0.596 0.084 0.251 0.544 0.599 0.657 0.810
Tree canopy (%) 37.8 125 4.4 28.3 37.8 46.8 81.2
Park proximity (m) 795 862 4 282 549 987 8417

Table 1-3. Characteristics of CANDLE participant neighborhoods, including socioeconomic and
education environments and racial composition and residential segregation measures.

Neighborhood characteristics at age 4-6 year study visit ? Mean (SD)
COl Socioeconomic Domain ®
Poverty rate (% households) 22.9 (16.3)
Public assistance rate (% households) 23.5(16.4)
Homeownership rate (%) 58.1 (21.6)
High-skill employment (%) 29.5 (16.1)
Median household income ($) 50853 (29184)
Single-headed households (%) 55.0 (25.1)
Employment rate (%) 71.8 (12.6)
Commute duration (% commuting >1hr one way) 3.1(2.5)
COIl Education Domain ®
School poverty (% of students) 71.1 (25.0)
Teacher experience (% in 1% or 2" year) 7.5 (5.6)
Adult educational attainment (% w/ college degree) 24.2 (18.6)
Early childhood education centers (n in 5-miles) 4.9 (0.7)
High-quality early childhood education centers (n) 1.1(2.9
Early childhood education enrollment (%) 45.9 (24.8)
Third grade math proficiency (NAEP scale score points) 157.4 (72.8)
Third grade reading proficiency (NAEP scale score points) 145.5 (77.9)
High school graduation rate (%) 76.1(9.9)
Advanced Placement course enrollment (ratio) 0.12 (0.09)
College enrollment in nearby institutions (% in 25 miles) 36.0 (2.6)
Racial composition and residential segregation ©
% Black/African-American 57.0 (33.9)
% White 36.9 (32.1)
Residential segregation G-statistic 0.13 (1.87)

aNeighborhood is defined as the census tract of the address reported by participants at the time of the age 4-6 study
visit.

b\/ariables in the education and socioeconomic domains were obtained from the Childhood Opportunity Index
(col.

Data on race at the census tract level was obtained from the American Community Survey 2006-2011. Residential
segregation calculated as the Getis-Ord G-statistic.
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Figure 1-1. Distribution of neighborhood characteristics in the CANDLE cohort.
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Boxplots show z-scores of neighborhood-level measures normed to Shelby County, TN for
CANDLE participants in Shelby County at the age 4-6 visit (N=1012). Medians are shown by
the horizontal black bar, interquartile range (IQR) is indicated by colored boxes, whiskers
indicate either the minimum or maximum of the data or 1.5 times the IQR whichever is closer to
the median, and circles indicate data outside of 1.5 times the IQR, for z-scores of neighborhood
predictors for CANDLE participants (N=1012). Variables that were reverse coded are indicated

by (r) in the label.
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Figure 1-2. Spearman correlations among different domains of the neighborhood environment.
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Variables derived from the Childhood Opportunity Index are coded such that higher values
represent more opportunity; variables that were reverse coded are indicated as (r). Green space

measures are included for the current address at the age 4-6 study visit.



Table 1-4. Individual and household characteristics of CANDLE participants (n=1012) at the
age 4-6 year study visit.

Participant characteristics at age 4-6 year study Mean (SD) or N (%) ¢

visit
Maternal age (years), mean (SD) 31.4(5.4)
Maternal race, n (%)

Black/African-American 621 (63)
White 298 (30)
Other 63 (6)

Maternal education, n (%)

Less than high school 48 (5)
GED or high school diploma 401 (41)
Technical school 121 (12)
College degree 246 (25)
Graduate or professional degree 159 (16)

Marital status, n (%)

Married/living as married 562 (58)

Single/living as single 415 (42)
Annual household income ($), mean (SD) 37691 (27858)
Household size, mean (SD) 4.53(1.42)

aMissing maternal age (11), maternal education (7), marital status (5), household income (42) and household size
(65).



42

Figure 1-3. Difference (95% confidence interval) in surrounding greenness, tree canopy, or park

proximity per 1 quintile higher WQS index and the corresponding weights for each variable in
the WQS index.
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The darker shades of blue indicate higher weights in the WQS index, with the darkest shade
indicating the highest quartile of weights. The first column shows weights in the model of NDVI
in a 300m buffer, the second column shows weights in the model of tree canopy, and the third
column shows weights in the model of park proximity. Some variables, indicated by (r), were
reverse coded before being considered in the WQS index so that variables contributing to the
WQS index were all coded such that a higher value of the variable represents more opportunity
(educational opportunity, socioeconomic opportunity) or was hypothesized to be associated with
more green space. A 1 quintile increase in the WQS index was associated with a 0.021 unit
higher NDVI (95% CI: 0.014, 0.028) and this association was largely driven by homeownership

rate, ECE centers and enrollment, and racial composition. A 1 quintile higher WQS index was
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associated with a 4.9 percent higher of tree canopy coverage (95% CI: 3.8, 6.0) and this index
appears similar to that for NDVI, with % black (reverse coded), ECE centers and enroliment, and
homeownership rate weighted most heavily. A 1 quintile higher WQS index was associated with
living 358 m closer to a park (95% CI: -427, -288) and the early childhood education variables

were weighted heavily, along with teacher experience.
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Figure 1-4. Difference (95% confidence interval) in surrounding greenspace per 1 quintile
higher WQS index in a model where the association is constrained such that higher opportunity
is associated with lower surrounding greenness or further distance to a park.
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Homeownership rate <0.001 <0.001 <0.001
High-skill employment <0.001 <0.001 <0.001
Median HH income <0.001
Single-headed households (r) -
Employment rate - <0.001 <0.001
Commute duration (r) <0.001 <0.001 <0.001
School poverty (r)
Teacher experience (r) - <0.001
Adult educational attainment 0.001 <0.001 <0.001
ECE centers _
High-quality ECE centers - <0.001
ECE enrollment <0.001
3rd grade math proficiency <0.001 <0.001
3rd grade reading proficiency
HS graduation rate
AP course enrollment <0.001
College enrollment nearby _ <0.001
% Black/African-American (r) <0.001 <0.001 <0.001
Residential segregation index (r) <0.001 <0.001

The darker shades of blue indicate higher weights in the WQS index, with the first column
showing weights in the model of NDVI in a 300m buffer, the second column showing weights in
the model of tree canopy, and the third column showing weights in a model of distance to the
nearest park. Some variables in the WQS index were reverse coded, indicated by (r), so that
variables contributing to the WQS index were coded such that a higher value of the variable
represents more opportunity (educational opportunity, socioeconomic opportunity) or was
hypothesized to be associated with more green space. A 1 quintile higher WQS index was
associated with 0.028 lower NDV1 (95% CI: -0.036, -0.021) when high school (HS) graduation
rate (reverse coded) and teacher experience (reverse coded) were highly weighted. A 1 quintile

higher WQS index was associated with 1.9 lower percent tree canopy (95% CI: -3.0, -0.9), when



HS graduation rate (reverse coded) was heavily weighted. A 1 quintile higher WQS index was
associated with a 184m further distance to the nearest park (95% Cl: 148, 221) when 3™ grade

reading proficiency (reverse coded) and single-headed households (reverse coded) were highly

weighted.
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Figure 1-5. Difference (95% confidence interval) in surrounding NDVI in various buffer sizes
per 1 quintile higher WQS index and corresponding weights.

NDVI: Sensitivity Analyses in Multiple Buffer Sizes
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School poverty (r) <0.001 <0.001 <0.001 <0.001
Teacher experience (r) _ _ _ <0.001
Adult educational attainment <0.001 <0.001 <0.001 <0.001
ECE centers _
High-quality ECE centers <0.001
ECE enrollment _
3rd grade math proficiency <0.001
3rd grade reading proficiency <0.001 <0.001 <0.001 <0.001
HS graduation rate <0.001 <0.001 <0.001 <0.001
AP course enroliment <0.001 <0.001 <0.001 <0.001
College enrollment nearby <O 001 <0.001 <0.001 <0.001

% Black/African-American (r) - - -
Residential segregation index (r) <0.001
The darker shades of blue indicate higher weights in the WQS index. The buffer size of the
NDVI measure for each column of results is indicated at the top of each column of results. Some
variables were reverse coded, indicated by (r), so that variables contributing to the WQS index
were coded such that a higher value of the variable represents more opportunity (educational
opportunity, socioeconomic opportunity) or was hypothesized to be associated with more green

space. Associations were largely driven by homeownership rate across all buffer sizes.
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Table 1-5. Minimum MSE from cross-validation of LASSO models of NDVI, tree canopy, and
park proximity.

Park
NDVI Tree canopy proximity
(A) Only neighborhood-level predictors 0.005995 123.2869 511426.9
(B) Only individual-level predictors® 0.007085 153.6273 682977.9
(C) Both individual and neighborhood predictors © 0.005973 125.4239 534456.0

@ Model includes the following measures at the census tract level: poverty rate, public assistance rate,
homeownership rate, high-skill employment, median household income, employment rate, commute duration,
single-headed households, school poverty, teacher experience, adult educational attainment, ECE centers, high-
quality ECE centers, ECE enrollment, 3™ grade math proficiency, 3™ grade reading proficiency, high school
graduation rate, Advanced Placement course enrollment, college enrollment in nearby institutions, racial
composition (% Black/African-American) and racial residential segregation (Getis-Ord Gi* statistic).

b Model includes the following measures, reported at the CANDLE age 4-6 study visit: maternal education
(categorized as <high school, high school degree, technical school, college degree, graduate or professional degree),
maternal race (categorized as Black/African-American or other), annual household income, household size, marital
status (married/living with partner or not), and maternal age.

¢ Model includes all predictors specified for models A and B.



Table 1-6. Standardized coefficients from the LASSO models of NDVI, tree canopy, and

distance to the nearest park, including only neighborhood-level predictors. ?
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NDVI®P Tree Canopy® Park Proximity ¢

Neighborhood-level predictor

Poverty rate (r) -0.024 -4.91 179.6
Public assistance rate (r) -0.007 -0.54 29.3
Homeownership rate 0.028 3.07 -83.7
High-skill employment -0.002 0.24 28.4
Median household income 0.004 0.64 -263.3
Employment rate -95.7
Commute duration (r) 0.004 0.74 -26.3
Single-headed households (r) 1.65 116.0
School poverty (r) -0.004 -1.25 -71.8
% new teachers (r) -0.009 -168.6
Adult educational attainment 2.25 90.5
ECE centers -0.004 0.49 -637.2
High-quality ECE centers -0.002 0.36 259.9
ECE enrollment 0.010 1.20 -50.2
Third grade math proficiency 724.2
Third grade reading proficiency -0.006 -0.50 -911.4
High school graduation rate -69.3
Advanced Placement course enrollment -0.013 -0.76 60.0
College enrollment in nearby institutions -0.024 -4.89 63.7
% Black/African-American -0.039 -0.69 237.9
Residential segregation (G-statistic) -0.005 -6.09 -247.3

@ Reported coefficients are from models using the tuning parameter identified by the minimum MSE from 10-fold
cross-validation. Blank cells indicate variables where coefficients were estimated to be zero in the LASSO model.

b For NDVI and tree canopy models, a higher value represents more green space.

¢ In contrast, the parks measure is operationalized as distance to the nearest park (in meters) with smaller values

being interpreted as greater access to green space.
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Table 1-7. Standardized coefficients from LASSO models of NDVI, tree canopy, and distance to
the nearest park, including only individual-level predictors. #

NDVI® Tree Canopy® Park Proximity®

Individual-level predictor

Maternal race: Black/African-American -0.013 -1.46

Maternal education: HS degree 62.3
Maternal education: technical school -1.32

Maternal education: college degree

Maternal education: grad/prof degree 2.46

Income 0.0004 0.73 95.0
Household size 0.003 0.67

Married/living with partner 0.012 1.59

Maternal age 0.05

2 Blank cells indicate variables where coefficients were estimated to be zero in the LASSO model. Reported
coefficients are from models using the specified tuning parameter identified by the minimum MSE from 10-fold
cross-validation.

b For NDVI and tree canopy models, a higher value represents more green space.

¢ In contrast, the parks measure is operationalized as distance to the nearest park (in meters) with smaller values
being interpreted as greater access to green space.
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Table 1-8. Coefficients from LASSO models of NDVI, tree canopy, and distance to the nearest
park, including predictors at both the neighborhood and individual levels.

NDVI Tree Canopy  Park Proximity
Neighborhood-level predictors
Poverty rate (r) -0.023 -4.93 158
Public assistance rate (r) -0.007 -0.53 8
Homeownership rate 0.026 2.87 -61
High-skill employment -0.003 0.52 34
Median household income 0.002 0.56 -244
Employment rate -70
Commute duration (r) 0.004 0.82 -21
Single-headed households (r) 0.000 1.76 99
School poverty (r) -0.003 -1.22 =72
% new teachers (r) -0.009 -163
Adult educational attainment 1.81 69
ECE centers -0.005 0.29 -611
High-quality ECE centers -0.002 0.40 248
ECE enrollment 0.010 1.23 -51
Third grade math proficiency 556
Third grade reading proficiency -0.009 -1.04 -726
High school graduation rate -0.05 -47
Advanced Placement course enrollment -0.013 -0.75 51
College enrollment in nearby institutions -0.025 -5.03 60
% Black/African-American -0.036 -0.66 192
Residential segregation (G-statistic) -0.006 -6.21 -233
Individual-level predictors
Maternal race: Black/African-American -0.010 0.35 32
Maternal education: HS degree -0.004 0.02 69
Maternal education: technical school degree -0.008 -1.70 96
Maternal education: college degree -0.004 1.32
Maternal education: graduate/professional degree
Household income 0.005 0.76 -2
Household size 0.005 0.92 3
Marital status: married/living with partner 0.005 0.82 26
Maternal age -0.001 -0.25

@ Reported coefficients are from models using the specified tuning parameter identified by the minimum MSE from
10-fold cross-validation. Blank cells indicate variables where coefficients were estimated to be zero in the LASSO
model.

b For NDVI and tree canopy models, a higher value represents more green space.

¢ In contrast, the parks measure is operationalized as distance to the nearest park (in meters) with smaller values
being interpreted as greater access to green space.
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Chapter 2. Associations of green space with externalizing behaviors
and attention problems in the CANDLE cohort

Introduction

In addition to individual-level risk factors, neighborhood exposures may impede or promote
healthy neurodevelopment (95). Early childhood is an influential window for these contextual
exposures. In particular, natural environments are hypothesized to positively affect child
behavioral health. Specifically, Attention Restoration Theory (ART) posits that natural
environments facilitate recovery from attention fatigue, improving executive functioning (23).
Green space may also provide opportunities for physical activity, in turn leading to improved
attention and reduced behavioral problems (96). Alternatively, green space may reduce
exposures to environmental hazards such as air pollution, which have been linked to adverse
externalizing behavioral outcomes (6).

Prior studies of green space and child behavior identified more consistent associations with
attention problems, including Attention-Deficit/Hyperactivity Disorder (ADHD) symptoms, than
for other behavior domains (11). Additionally, several studies have identified associations
between green space and executive functions such as working memory, as well as with lower
risk of ADHD diagnosis (19,20). However, some studies have not accounted for potentially
important confounders or utilized study samples across quite distinct urban settings and
ecological regions. Others have only identified associations within subgroups such as with
residential surrounding greenness only among girls or park access only among boys or for
various green space measures in groups with lower education or income levels (43-45,45,97).

In this study, we investigated associations of surrounding residential greenness and tree

canopy, and residential proximity to parks, with externalizing behaviors among children 4 to 6
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years old. Specifically, we examined relationships with broadband externalizing behavior scores,
attention problems, and aggressive behavior in a well-characterized cohort in Memphis, TN. We

also explored effect modification by neighborhood SES and child sex.

Methods

Study population

We used data from the CANDLE cohort, which is described above in detail. Briefly,
pregnant women (N=1503) were enrolled in CANDLE between 2006 and 2011. Enrollment
included women in the second trimester of their pregnancy, who were considered to have a low
medical risk pregnancy. Between ages 4 and 6, CANDLE participants completed a suite of
online surveys, as well as an in-person study visit. This analysis was limited to those who
completed the age 4-6 visit. The analytic sample was further restricted to those who reported a
current address within Shelby County, TN or who reported a residential history within Shelby

County for at least 75% of the year prior to the study visit.

Externalizing behaviors and attention problems

The preschool (1.5-5 years) version of the Achenbach System of Empirically Based
Assessment Child Behavior Checklist (CBCL) was administered at the CANDLE age 4-6 study
visit. Mothers reported “not true” (coded as 0), “somewhat or sometimes true” (coded as 1), or
“very true or often true” (coded as 2), for 99 child behaviors. Each question was asked in
reference to the two months prior to the study visit and missing responses were treated as zeroes.
Responses to these individual items were summed to calculate the broadband externalizing score

as well as related syndrome subscales.
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The primary outcomes in this analysis were the broadband externalizing score and the
attention problems syndrome scale. At the preschool age, the attention problems syndrome scale
contributes to the broadband externalizing score and has shown diagnostic value in screening for
ADHD (98). We considered the aggressive behavior syndrome scale as a secondary outcome.
The raw scores for each syndrome scale and for the broadband externalizing score were modeled

continuously in primary analyses.

Each scale was also considered as a binary outcome using clinical and borderline-clinical
thresholds. These thresholds are defined based on t-scores, which are normed based on a referent
sample and truncate raw scores at the low end of the scale; we used raw scores rather than t-
scores as the primary outcome due to this truncation. In secondary analyses, a t-score greater
than or equal to 60 and less than or equal to 63 was considered in the borderline range and t-
scores above 63 were considered above the clinical cutoff for the broadband externalizing score.
For all subscales, t-scores in the 65-69 range were defined as borderline and scores above 69

were considered above the clinical threshold.

Green space

In this study, we examined three distinct measures of exposure or access to green space.
Details on the derivation of these measures is included in Appendix A. First, the Normalized
Difference Vegetation Index (NDVI) was used to assess the overall greenness of the area
surrounding the residential location. We calculated NDV1 at each participant residence using
2011 annual data at 30m resolution from the NASA Global Web-Enabled Landsat Data
(GWELD) (64). Water was excluded, resulting in a scale ranging from 0 to 1 in each pixel of the
dataset. We considered NDV1 within a 300m buffer as the primary exposure, and examined

NDVI in smaller (100m) and larger (500m and 1000m) buffers in further sensitivity analyses.
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The second green space measure used in this study was the percent of land area covered by
tree canopy. Tree cover data were obtained from the US Environmental Protection Agency
(EPA) EnviroAtlas and reflect the percent of the census block group covered by trees (66). This
measure includes street trees, parks, urban forests, and single trees on various properties, which
were derived from 1m resolution landcover data and aggregated to the census block group level.
Percent tree canopy was weighted by the residential history across the year prior to the age 4-6

study visit.

In the primary analysis of NDVI and tree cover, green space exposures were weighted by
each of the addresses where the child lived in the year prior to the date of outcome
ascertainment. In sensitivity analyses of NDVI and tree cover, we used the residential history
from birth to outcome assessment, the residential history from age 1 to age 4, the address at the

time of the age 4-6 study visit, or the address at which the child lived the longest.

In addition to these exposure measures assessing residential surrounding greenness and tree
canopy, we also examined a measure of access to green spaces. Park proximity to the residence
was calculated as Euclidean distance from the home location to the nearest boundary of a park in
meters, using data on park location and boundaries compiled by the Trust for Public Land (67).
Distance to the nearest park was calculated for the address at the time of outcome assessment as
the primary measure and for the address at which the child lived the longest in a sensitivity
analysis. In further sensitivity analyses, we calculated the distance to the nearest small park (< 2
acres), neighborhood park (2-20 acres), and community park (>20 acres), separately. Unlike the
other two green space measures for which a higher value represents greater exposure to natural
environments, park proximity was coded such that a lower value represents closer proximity,

conceptualized as better access.
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Covariates

An extensive suite of variables has been collected in CANDLE, including both maternal and
child information. Maternal education was reported in five categories (<HS, HS degree, technical
school, college degree, or graduate/professional degree). Maternal race was included as African-
American/Black or White/Other. Household income was reported in 8 categories ($0-$15,000
was the lowest category, each of the next 6 categories were in increments of $10,000, and the
highest category was $75,000 or more) at the age 4-6 visit. We converted income to a continuous
variable by selecting the midpoint of each category; in the highest category the Pareto
distribution was used to assign the income level. This continuous income variable was then
adjusted for the number of adults and children in the household at the age 4-6 visit using the
OECD equivalence scale (99). Maternal 1Q was assessed using the WASI short form and
maternal depression was assessed using the Center for Epidemiological Studies-Depression scale
(CES-D) at the age 4-6 study visit; both were included as continuous covariates. Maternal
tobacco smoking during pregnancy was defined as either self-report of tobacco use or a urinary
cotinine level greater than 200pL in a 2" or 3" trimester sample. Childhood secondhand smoke
exposure in the household (yes/no) was assessed via questionnaire at the age 4-6 visit.
Gestational age at birth and birthweight were obtained from medical records and dichotomized,
preterm was defined as a gestational age <37 weeks and low birthweight was defined as <2500
grams. Residential instability was calculated as number of changes of address between the

child’s birth to the age 4-6 study visit from reported residential history.

Several child behaviors were also reported at age 4-6 in CANDLE and were included in
extended models. Physical activity was reported as how many times in a normal week the child

engaged in vigorous physical activity in three categories (never or occasionally, once or twice
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per week, and three or more times per week). Screen time, specified as including watching
television and using a computer, was reported as the number of hours per day. Sleep habits were
reported via the Children’s Sleep Habits Questionnaire and a continuous total sleep score was

calculated.

Several neighborhood-level measures and features of the residential location were obtained.
Urbanicity was assessed at the census tract level using census designations based on population
density. Neighborhood resources were operationalized using the socioeconomic and education
opportunity subscales of the Childhood Opportunity Index (COI) (70). The socioeconomic scale
is comprised of several variables at the census tract level, including poverty rate, homeownership
rate, median household income, and employment rate. The education scale includes factors
related to early childhood education, elementary education, secondary and post-secondary
education, and educational resources. In extended models, we accounted for living near a major
roadway. Distance to the nearest major roadway (class A1, A2, or A3 road) was dichotomized at

150m to indicate a near-road residence.

Statistical Analyses

Descriptive statistics were calculated for exposures, outcomes, and covariates. We used
linear regression with robust standard errors to assess the association between green space and
the continuous raw CBCL scores. Logistic regression was used to estimate associations with

CBCL scores dichotomized at clinical and borderline clinical thresholds.

We used a staged model approach to covariate adjustment. Model 1 was considered
minimally-adjusted, with only child sex and child age at outcome assessment included as

covariates in the model. Model 2 was additionally adjusted for socioeconomic status,
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neighborhood resources, and proxies for socioeconomic resources. Given the history of
residential segregation and discrimination in the US, maternal race was considered a proxy
measure for access to such resources and corresponding exposure to stressors. Covariates in
model 2 included maternal education, household income adjusted for household size, maternal
race, residential stability, COI socioeconomic scale, COI education scale, and urbanicity. Model
3 includes all of the covariates in model 2 and further adjusts for some additional factors related
to child neurodevelopment, including maternal 1Q, maternal depression, maternal smoking
during pregnancy, childhood secondhand smoke, preterm birth, and low birthweight. Model 3
was considered our primary model. Sensitivity analyses included a set of extended models, each
with further adjustment for another individual or environmental factor, including child sleep
score, child physical activity, child screen time, and a residential location near a major roadway.
Effect modification by neighborhood SES and child sex was assessed by inclusion of a

multiplicative interaction term in the model.

All data manipulations, visualizations, and analysis were conducted in R 3.6 (The R

Foundation for Statistical Computing; Vienna, Austria).

Results

The analytic sample included 943 CANDLE participants (Figure 2-1). In CANDLE, 1,030
participants completed the CBCL at the age 4-6 study visit. Participants were further excluded if
they did not have a valid geocoded address history such as an address resolution only at the zip
code level or an address outside of Shelby County, TN, for more than 25% of the year prior to

CBCL outcome ascertainment.
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Characteristics of the participants in the sample overall and by quartile of NDVI exposure are
included in Table 2-1. Approximately half of the sample were boys and the mean age of children
at the time of the CBCL assessment was 4.3 years (SD 0.4). In this sample, 65% of mothers were
African-American/Black and 41% had a college or graduate/professional degree. Fewer
participants in the highest quartile of NDVI exposure were African-American/Black compared to
those in the lowest quartile of NDVI. In the highest quartile of NDVI, 47% had a college or

graduate/professional degree compared to 43% in the lowest quartile of NDVI.

The distribution of CBCL scores in the externalizing domain, as well as the percent of
children scoring above clinical or borderline-clinical thresholds are shown in Table 2-2. In this
sample, 7.7% and 6.8% of children scored above borderline-clinical thresholds on the broadband

externalizing score and attention problems syndrome scale, respectively.

The distributions of the three primary measures of green space are shown in Table 2-3. NDVI
in this cohort is generally high (mean 0.59 [SD 0.08]). Mean tree cover was 38% (SD 12). 28%
of the cohort lived within 300m of the nearest park; 11% lived within 300m of a community park

(>20 acres). Further descriptives of green space measures are included in Appendix A.

Effect estimates for NDVI exposures and each externalizing outcome scale were in the
hypothesized direction but all confidence intervals included the null (Figure 2-2). For example,
in the fully adjusted model a 0.1 unit higher NDVI in 300m buffer was associated with a 0.29
lower externalizing score (95% CI: -0.91, 0.34). Attention problems were not associated with
NDVI (-0.06 [95% CI: -0.22, 0.11] difference in attention problems score per 0.1 unit higher

NDVI). Estimated differences in externalizing broadband scores tended to be larger when NDVI
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was assessed in larger buffer sizes (Table 2-4). Regression coefficients for NDVI tended to be

similar across model staging adjustment.

Estimates of associations between tree cover and each of the child behavior scales had
confidence intervals that included the null (Figure 2-2). In this sample, a 10% higher tree canopy
was associated with a 0.27 points lower externalizing domain score (95% CI: -0.65, 0.11) with
confidence intervals including the null. In sensitivity analyses, we observed similarly null
associations across varying exposure windows. Additional adjustment for several covariates did

not change effect estimates.

In primary analyses, no associations were observed with distance from the nearest park and
externalizing behavior (Figure 2-2). In a sensitivity analysis looking at distance to the nearest
parks when classified by park size, there was some suggestion that living 500m farther from the
nearest community park (>20 acres) was associated with a higher score on the attention problems

scale (0.05, 95% CI: 0, 0.11, p=0.06).

We assessed effect modification by neighborhood socioeconomic conditions and child sex
(Table 2-5). Regression coefficients for NDVI tended to be larger for the group with lower
socioeconomic opportunities, though p-values for interaction were well above 0.05. For the
attention problems scale, we observed a stronger association with NDVI in the hypothesized
direction among boys, but p-values for interaction were greater than 0.05. No effect modification

was observed in analyses of tree canopy or park proximity and externalizing scores.

When the CBCL scales were dichotomized, we observed lower odds of an aggressive
behavior score above the clinical threshold (OR 0.56, 95% CI: 0.32, 0.97) per 10% higher tree

cover (Table 2-6).
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Discussion

In this study, we did not observe an association between greenness and attention problems or
externalizing scores in 4 to 6 year old children. For residential surrounding greenness and tree
cover exposures, we generally observed effect estimates in the hypothesized direction (more
greenness associated with fewer behavioral problems) though confidence intervals included the
null. In a sensitivity analysis, higher tree canopy was associated with lower odds of aggressive
behavior scores above clinical thresholds. When parks were limited to community parks (<20
acres), there was some suggestion that living further from a park was associated with more
attention problems. However, many tests were conducted with primarily null results and

therefore results from sensitivity analyses should be interpreted cautiously.

Several prior studies have identified associations between green space and externalizing
behavior among children. Bijnens et al. estimated a lower CBCL externalizing score (2.0 points
lower externalizing t-score [95% CI: -3.5, -0.4]) per IQR higher green space in a 3km residential
buffer (100). Others have also identified associations between higher neighborhood greenness
and lower scores on broadband externalizing measures among nationally representative samples
of children in Australia and South Korea (37,101). In studies that further probed associations
with subsets of behaviors within the externalizing domain, several have identified relationships
with attention problems and hyperactivity scores (36,101-103). This prior research includes
studies of NDVI in buffer sizes down to 100m, as well as exposures weighted by both residential
and preschool locations (36,102). Protective associations have also been observed when access to
green space was operationalized as proximity to the nearest urban green space or city park

(43,104). There is some variability in the published literature on this topic; several studies have
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reported effects only in some subgroups or null findings across all externalizing scales
(37,44,45). While prior research has generally suggested more consistent results for externalizing
behaviors related to inattention, a small number of studies have also identified associations
between more green space and lower conduct problem or aggressive behavior scores in older
children and adolescents (35,101,102,105). In our study, though some sensitivity analyses hinted
at associations with attention problems or aggressive behavior, we conducted many tests without
adjusting for multiple comparisons. In our primary analysis specified a priori, we did not observe
an association between green space and externalizing behavior. Our study included a younger
sample than most prior studies, which were generally restricted to samples ranging in age from 7
to 17 years. Many behaviors within the externalizing domain, including those related to ADHD,

may be more likely to be identified as problems once children reach school-age.

Large population-based cohorts have utilized ADHD diagnosis as the primary study
outcome. Strong evidence comes from a cohort study of a cohort of children ages 2-17 years
(n=814,689, mean age at diagnosis of 11.5 years) in Denmark (19). Importantly, the authors
accounted for multiple measures of individual and neighborhood level socioeconomic status in
their primary model. Thygesen et al. estimated a 3% higher risk of ADHD across childhood and
adolescence (95% ClI: 1.02, 1.03) per 0.1 unit decrease in NDVI during early childhood (0-5
years). The authors found that this association was attenuated when adjusted for exposure to
nitrogen dioxide (NO-). Other large cohorts, including a study of 10 to 14-year-olds in Germany
(n=66,823), have similarly observed associations between higher greenness and lower risk of
ADHD (106). Some of these studies suggest that associations were sensitive to the choice of
exposure metric. A study from seven cities in China observed lower odds of ADHD (OR 0.87,

95% CI: 0.83, 0.91) per 0.1 unit increase in NDVI within 500m of the school location, but did
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not observe an association with greenness around the residential location (107). A large New
Zealand-based study estimated an association between minimum NDVI between age 2-18 and
ADHD (108). Taken together, these large cohort studies from urban settings in multiple
countries suggest a protective effect of higher NDV1 exposure for ADHD that may be explained

in part by reduced exposure to NOa.

To explore potential effects of green space on specific executive functions, several studies
have utilized computerized tests of attention and working memory. Performance on tests of
attention was associated with residential surrounding greenness in a cohort of children 4-7 years
old in Spain (21). Surrounding greenness, particularly at the school location, was also associated
with 12 month changes in attention and working memory among children 7-10 years old (20).
Specifically, this study found an increase in the progress of working memory and a reduction in
inattentiveness with more greenness, and traffic-related air pollution appeared to mediate this
association. A study of spatial working memory—one of four components of working memory—
found that more green space was associated with better spatial working memory in children age
11 (109). However, associations with executive functioning were not observed in a sample of
adolescents (110). An important contribution of these studies is the use of executive functioning
assessments to both address limitations of using parent-reports of child behavior and provide
insight into the specific functions that may be most affected by exposure to natural
environments. While our study adjusted for multiple factors known to influence reporting of
child behavior such as maternal depression, CBCL outcomes may still be limited by maternal

reporting on behavioral problems.

Some evidence for an effect of natural environments on attention and executive functions

among children comes from small short-term experimental studies in both clinical and non-
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clinical study populations. Most of these experimental studies have compared a nature walk with
an urban walk, and have observed effects such as a reduction in symptoms among children
diagnosed with ADHD and improved performance on an attention task among a sample of
preschool-age children (111,112). In contrast, improved performance on measures of attention
was not observed in a sample ages 10-14, though the study did observe faster and more stable
response times on the assessment after the nature walk (113). These studies benefit from cross-
over experimental designs to address the between-person confounding that threatens validity in
the observational literature and suggest there is a short-term benefit of time actually spent in
nature settings. In our study, we were unable to assess time spent in green spaces and this may in
part explain our null results. Alternatively, the short-term effect observed in some experimental
studies that may not translate to a sustained impact on children’s behavior over longer periods of

time.

Our study had several limitations. First, we did not have information on whether or not
CANDLE participants were attending preschool or child care at a location other than the
residence; our exposure assessment was restricted to the home location. Several studies have
observed more consistent associations with green space at school, than for green space at home
(36,107). Use of 2011 NDVI data assumed a constant spatial distribution such that there were not
changes in exposure over time from sources other than changes in the residential history.
Furthermore, the spatial resolution of the tree canopy measure was limited to the census block
group geography, which may not be the most relevant assessment of a neighborhood tree effect.
The park proximity measure might be improved by restricting to parks that include a playground,
which may be more likely to reflect actual use of those parks, particularly by families with young

children. While views of green space from inside a house, car, or classroom may impact
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attention, we did not have any measures of actual interaction with nature in this study. We were
also unable to assess the time children spent outside in green spaces. Due to the overall high
levels of green space in Memphis, there was limited exposure variability for this cohort and this
may explain the null results observed here. While the CBCL is a well-established, validated,
widely-used tool in research settings, it relies on parent report of child behaviors and may be
subject to outcome misclassification. Some mothers may be more or less likely to report
problems to clinicians in a research setting or responses may be relative to other children the
parent observes in the child’s peer group, which may have on average either more or fewer
problems that national norms. Underreporting of behavior may have contributed to attenuation of

any true effects in this analysis.

Our study also had several strengths. The CANDLE cohort is a well-characterized cohort,
with frequent contact throughout childhood, which provided a more refined residential history in
calculating exposures as well as robust adjustment for many potential confounders and precision
variables at multiple levels. In particular, prior studies have cited potential residual confounding
due to insufficient adjustment for parental mental health or neighborhood resources. We were
able to adjust for maternal depression, as well as neighborhood opportunity in two domains.
Furthermore, the address history collected across childhood was highly resolved, allowing us to
explore multiple exposure windows. Spatial resolution of greenness exposure was also improved
in this study, using source data for NDVI was more highly resolved than the 250m resolution

data used in many prior studies.

To enhance our understanding of this research area, future work to consider more specific
measures of attentional control and working memory will be useful, as will examining

developmental trajectories of externalizing behaviors. Additionally, improving exposure
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assessment by incorporating measures of green space at locations where children may be more
likely to spend time outdoors such as schoolyards and playgrounds or measures of time spent in

green spaces is an important component to strengthen this literature.
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Tables & Figures

Figure 2-1. Flowchart of inclusion in the analytic sample for each analysis.

Enrollment (1503)

-

Birth (1456)

\4

Completed CBCL survey at the age 4-6 study visit (1030)

-

At least one greenspace exposure based on valid
residential history in Shelby County, TN (943)

v

;

;

NDVI Tree canopy Parks
(919) (911) (934)
Model 2 Model 2 Model 2
(878) (868) (885)
Model 3 Model 3 Model 3
(836) (828) (843)

Between enrollment and birth, 47 mothers were lost to follow-up. At the age 4-6 follow-up visit,
the outcomes were ascertained for 71% of the children in the cohort at birth. The primary
exposures in this analysis required a valid address history over the year prior to the age 4-6 visit
(for NDVI and tree canopy) or a valid address at the time of the visit (for park proximity).
Addresses were considered invalid for the purposes of this analysis if they could not be geocoded
to a more granular level than the zip code or fell outside of the boundary of Shelby County, TN.
When averaging exposures across the year prior to the study visit, exposures were excluded if
more than 25% of the relevant residential history was missing. Reductions in sample size in
Model 2 were primarily due to missing household income data and in Model 3 were primarily
due to missing maternal depression.
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Table 2-1. Characteristics of the analytic sample overall and by quartile of NDVI.

Overall NDVI
(n=943) Q1 (n=230) Q2 (n=230) Q3 (n=229) Q4 (n=230)

Boys, n (%) 465 | (49) 115 | (50) 113 | (49) 108 | (47) 120 | (52)
Girls, n (%) 478 | (51) 115 | (50) 117 | (51) 121 | (53) 110 | (48)
Child age in years, mean (SD) 4.3 | (0.4) 4.3 | (0.4) 4.3 | (0.4) 4.3 ] (0.4) 4.3 | (0.4)
Maternal race, n (%)

African-American/Black 611 | (65) 166 | (72) 156 | (68) 151 | (66) 123 | (53)

Not African-American/Black 332 | (35) 64 | (28) 74 | (32) 78 | (34) 107 | (47)
Maternal education, n (%)

<HS 52 | (6) 81 (3) 15| (7) 713 20 | (9)

HS degree 376 | (40) 93 | (40) 100 | (44) 94 | (41) 81 | (36)

Technical school 124 | (13) 30 | (13) 29 | (13) 38 | (17) 211 (9)

College degree 237 | (25) 65 | (28) 53 | (24) 52 | (23) 61 | (27)

Graduate/professional degree 147 | (16) 34 | (15) 28 | (12) 38 | (17) 45 | (20)
Adjusted household income, mean (SD) 17903 | (13514) 17129 | (13224) 17302 | (13170) 17932 | (13699) 19697 | (13973)
Maternal 1Q percentile, mean (SD) 40.3 | (30.7) 40.2 | (29.49) 36.7 | (29.8) 40.7 | (31.4) 44.1 | (32.4)
Maternal depression score, mean (SD) 8.6 | (7.2) 91 (8.4) 91 (7.2 7.8 | (6.3) 8.2 | (6.8)
Maternal smoking during pregnancy, n (%) 81| (9) 81 (3) 25 | (11) 21 | (9) 22 | (10)
Child secondhand smoke exposure, n (%) 287 | (31) 71 | (31) 74 | (32) 67 | (30) 65 | (28)
Low birthweight, n (%) 66 | (7) 18 | (8) 16 | (7) 17 | (1) 13 | (6)
Preterm birth, n (%) 83 | (9) 20 | (9) 17 1 (1) 26 | (11) 19 | (8)
Sleep score, mean (SD) 46.6 | (7.3) 46.9 | (7.4) 46.8 | (7.1) 46.4 | (7.0) 46.3 | (7.5)
Physical activity, mean (SD) 1.6 | (0.7) 1.5 (0.8) 1.7 | (0.7 1.6 | (0.7) 1.6 | (0.7)
Screen time, mean (SD) 2| (42 1.8 | (3.7) 21| (4.2 2143 2| (4.6)
COl: socioeconomic subscale, mean (SD) -0.113 | (0.260) -0.131 | (0.271) -0.116 | (0.257) -0.106 | (0.238) -0.101 | (0.272)
COl: education subscale, mean (SD) -0.047 | (0.068) -0.047 | (0.063) -0.052 | (0.063) -0.05 | (0.064) -0.037 | (0.079)
Near road, n (%) 264 | (28) 83 | (36) 77 | (34) 55 | (24) 43 1 (19)
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Table 2-2. Distribution of CBCL scores in the externalizing domain in the analytic sample of
CANDLE participants at age 4-6 years (n=943).

Continuous Above clinical Above borderline-
CBCL scale raw scores? threshold® clinical threshold®

Mean (SD) N (%) N (%)
Externalizing score 9.18 (7.57) 45 (4.8) 73 (7.7)
Attention problems 2.20 (1.94) 30 (3.2 64 (6.8)
Aggressive behavior problems 6.98 (6.17) 16 (1.7) 37 (3.9

2The range of the externalizing score is 0-43 in this sample; the range of the attention problems scale is 0-9 and the
range of the aggressive behavior problems scale is 0-36 in this sample.

b For the externalizing score, the clinical threshold is defined as a t-score greater than 63 and above the borderline-
clinical threshold is defined as a t-score greater than or equal to 60. For the attention problems and aggressive
behavior problems scales, above the clinical threshold is defined as a t-score greater than 69 and above the
borderline-clinical threshold is defined as a t-score greater than or equal to 65.

Table 2-3. Distribution of green space exposures in the analytic sample (n=943).

Greenspace N Mean (SD) Min 25" p.  Median 75" p. Max
NDVI 2 919 0.592 (0.08) 0.249 0.543 0.596 0.647 0.789
Tree cover® 911 376 (12.0) 4.4 29.1 37.3 45.7 80.7
Park proximity © 934 795 (862) 3 282 549 987 8417

2 NDVI was defined in a 300m buffer, weighted by the address history over the year prior to the age 4-6 study visit.
Participants were excluded if they did not have a valid geocoded address for >25% of the exposure window.

® Tree cover was defined as the percentage of census block group, weighted by address history over year prior to age
4-6 study visit. Participants were excluded if they did not have a valid geocoded address for >25% of the exposure
window.

¢ Park proximity was defined as Euclidean distance from the address at the age 4-6 study visit to the edge of the
nearest park. Participants were excluded if the address at the age 4-6 study visit could not be geocoded or could only
be geocoded to the zip code level.
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Figure 2-2. Associations of residential green space with externalizing behavior.

A. NDVI B. Tree cover C. Park proximity
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Difference (95% confidence intervals) in externalizing score, attention problems scale, and aggressive behavior score are shown for
(A) 0.1 unit higher NDVI in 300m buffer, (B) 10% higher tree cover in the census block group, and (C) 500m further distance to the
nearest park. NDVI and tree cover exposures were calculated as a weighted average across all residential locations in the year prior to
the age 4-6 study visit. Park proximity was calculated for the current address at the time of the age 4-6 study visit. Model 1 included
only child sex and child age at outcome assessment as covariates in the model. Model 2 was additionally adjusted for maternal
education, household income adjusted for household size, maternal race, socioeconomic COI scale and education COI opportunity,
and residential stability. Model 3 was considered primary and further adjusted for maternal 1Q, maternal depression, maternal smoking

during pregnancy, childhood secondhand smoke exposure, preterm birth, and low birthweight.
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Table 2-4. Sensitivity analyses for models of associations of residential green space with externalizing scores and attention problems.

NDVI

Tree cover

Park proximity

CBCL outcome

Externalizing
score

Attention
problems

Externalizing
score

Attention
problems

Externalizing
score

Attention
problems

Primary analysis ?

-0.29 (-0.91, 0.34)

-0.06 (-0.22, 0.11)

-0.27 (-0.65, 0.11)

-0.05 (-0.16, 0.05)

-0.05 (-0.33, 0.23)

0.01 (-0.07, 0.09)

Sensitivity analyses

Extended models °
Sleep score
Physical activity
Screen time
Near road residence

-0.29 (-0.89, 0.32)
-0.29 (-0.92, 0.33)
-0.26 (-0.89, 0.37)
-0.29 (-0.92, 0.35)

-0.06 (-0.22, 0.10)
-0.06 (-0.22, 0.11)
-0.05 (-0.22, 0.11)
-0.05 (-0.22, 0.12)

-0.24 (-0.61, 0.13)
-0.24 (-0.63, 0.14)
-0.25 (-0.64, 0.13)
-0.27 (-0.65, 0.11)

-0.05 (-0.15, 0.06)
-0.05 (-0.15, 0.06)
-0.05 (-0.15, 0.06)
-0.05 (-0.16, 0.05)

-0.04 (-0.30, 0.22)
-0.06 (-0.34, 0.21)
-0.05 (-0.33, 0.22)
-0.05 (-0.33, 0.23)

0.02 (-0.06, 0.09)
0.01 (-0.07, 0.09)
0.01 (-0.07, 0.09)
0.02 (-0.06, 0.10)

Exposure windows 2
Age 1-4
All childhood
Current address
Longest address

-0.18 (-0.85, 0.48)
-0.12 (-0.84, 0.59)
-0.34 (-0.90, 0.23)
-0.11 (-0.68, 0.47)

0 (-0.18, 0.18)
0.02 (-0.17, 0.21)
-0.11 (-0.26, 0.05)
-0.01 (-0.17, 0.14)

-0.24 (-0.66, 0.18)
-0.22 (-0.65, 0.20)
-0.22 (-0.60, 0.15)
-0.27 (-0.65, 0.11)

0.01 (-0.10, 0.12)

0.01 (-0.10, 0.13)

-0.05 (-0.14, 0.05)
0 (-0.10, 0.10)

Exposure buffers #
100m

-0.05 (-0.56, 0.47)

-0.06 (-0.2, 0.08)

500m -0.37 (-1.04,0.29)  -0.07 (-0.24,0.11) - - - -
1000m -0.64 (-1.38,0.11)  -0.05 (-0.25, 0.15) - - - -

By park size 2
Small parks - - - - 0.04 (-0.04,0.12) 0.02 (0, 0.04)
Neighborhood parks - - - - 0.03 (-0.14, 0.21) 0.01 (-0.04, 0.06)
Community parks - - - - 0.12 (-0.09, 0.33) 0.05 (0, 0.11)

@ Adjusted for the full set of covariates in model 3: child sex, child age, maternal education, household income adjusted for household size, maternal race,

socioeconomic COI scale and education COI opportunity, residential stability, maternal 1Q, maternal depression, maternal smoking during pregnancy, childhood
secondhand smoke exposure, preterm birth, and low birthweight.
b Adjusted for all covariates in model 3, plus the additional covariate indicated in each row.
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Table 2-5. Effect modification of associations of residential green space with externalizing scores and attention problems.

NDVI Tree cover Park proximity
Externalizing Attention Externalizing Attention Externalizing Attention
CBCL outcome
score problems score problems score problems

Neighborhood factors?
Socioeconomic scale
25M p.
50™ p.
75" p.
Interaction p-value

-0.56 (-1.43, 0.31)

-0.25 (-0.85, 0.36)

0.11 (-0.63, 0.85)
0.23

-0.1(-0.3, 0.1)

-0.05 (-0.22, 0.11)

0(-0.22, 0.23)
0.45

-0.28 (-0.78, 0.23)

-0.27 (-0.64, 0.11)

-0.25 (-0.73, 0.22)
0.94

-0.05 (-0.18, 0.09)

-0.05 (-0.16, 0.05)

-0.06 (-0.19, 0.07)
0.88

-0.27(-0.85,0.32)  -0.02 (-0.18, 0.13)

-0.14 (-0.51,0.23)  0(-0.10, 0.10)
0(-0.27,0.28)  0.02(-0.06,0.11)
0.35 0.55

Individual characteristics?
Child sex

Boys

Girls

Interaction p-value

-0.48 (-1.41, 0.44)
0.1(-09,071) 0
0.53

-0.19 (-0.41, 0.03)
.06 (-0.16, 0.29)

0.11

-0.34 (-0.86, 0.18)
-0.20 (-0.75, 0.35)
0.72

-0.08 (-0.22, 0.06)
-0.03 (-0.18, 0.12)
0.59

-0.05 (-0.43, 0.32)
-0.05 (-0.39, 0.3)
0.97

-0.02 (-0.12, 0.09)
0.04 (-0.06, 0.15)
0.40

@ Models were adjusted for child sex, child age, maternal education, household income adjusted for household size, maternal race, socioeconomic COI scale and
education COI opportunity, residential stability, maternal 1Q, maternal depression, maternal smoking during pregnancy, childhood secondhand smoke exposure,
preterm birth, and low birthweight. Models additionally included a multiplicative interaction term between the green space exposure and the specified effect

modifier.




Table 2-6. Odds ratios (95% confidence intervals) for externalizing scales above clinical and

borderline-clinical thresholds.

CBCL scale

NDVI

Tree Cover

Park Proximity

Externalizing t-score
Clinical threshold (>63)
Borderline threshold (>=60)

Attention problems t-score
Clinical threshold (>69)
Borderline threshold (>=65)

Aggressive behavior t-score
Clinical threshold (>69)
Borderline threshold (>=65)

0.77 (0.48, 1.25)
0.95 (0.66, 1.38)

0.85 (0.42, 1.72)
0.94 (0.64, 1.38)

0.56 (0.25, 1.23)
0.88 (0.53, 1.45)

0.83 (0.62, 1.12)
0.90 (0.70, 1.15)

0.88 (0.56, 1.38)
0.96 (0.74, 1.25)

0.56 (0.32, 0.97)
0.84 (0.61, 1.16)

0.98 (0.74, 1.30)
0.99 (0.80, 1.22)

1.13(0.78, 1.62)
1.11 (0.88, 1.40)

1.20 (0.80, 1.79)
0.98 (0.70, 1.37)

2 Models were adjusted for child sex, child age, maternal education, household income adjusted for household size,
maternal race, socioeconomic COI scale and education COI opportunity, residential stability, maternal 1Q, maternal

depression, maternal smoking during pregnancy, childhood secondhand smoke exposure, preterm birth, and low

birthweight.



73

Chapter 3. Associations of residential surrounding greenness, tree
cover, and park proximity with internalizing behaviors in early
childhood

Introduction

Natural environments may benefit mental health across the life course (10,11,114-116).
Green space may be particularly relevant for mood disorders and higher greenspace has been
found to be associated with reduced depressive symptoms and better general mental health in
adolescents and adults (33,117-119). However, evidence in pediatric samples is more limited
than that for older populations, despite trajectories of internalizing behavior problems potentially
beginning early in childhood with lasting consequences for health and well-being (7,11).
Exposure to natural environments may act through psychological pathways to promote positive
affect or generate physiologic changes, including impacts on the autonomic nervous system and
the hypothalamic-pituitary-adrenal axis (41,120,121). Prior research suggests potential effects on
social contacts, stress reduction, and physical activity in adolescents (10,116,122). These

pathways may also be important for relationships between green space and child mental health.

In this chapter, our objective was to assess the relationship between green space and
internalizing behaviors in a sample of preschool-age children in Memphis, TN. We assessed a
broadband internalizing behavior score in primary analyses. We investigated the four syndrome
subscales that comprise the broadband internalizing score—anxious/depressed, emotionally
reactive, somatic complaints, and withdrawn scales—in secondary analyses. We explored the
robustness of observed associations to varying exposure windows and further adjustment for
potential mediating variables, and examined effect modification by neighborhood SES and child

Sex.
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Methods
Study population

The analytic sample in chapter 3 is the same as that used in chapter 2, drawn from the
CANDLE cohort. Briefly, CANDLE is a community-based pregnancy cohort in Shelby County,
TN, who enrolled women between 2006 to 2011. CANDLE is one of three cohort studies within
the ECHO-PATHWAYS consortium. Mother-child dyads have been followed over time, with
multiple study visits conducted during early childhood. The sample in this analysis was restricted
to participants who completed the age 4-6 visit and who reported a current address within Shelby

County, TN at the time of the study visit or for at least 75% of the year prior to the study visit.

Internalizing behaviors

Child behavior was assessed using Child Behavior Checklist (CBCL). For each behavior,
mothers selected “not true”, “somewhat true”, or “very or often true”, which were coded as 0, 1,
and 2, respectively. Each scale is calculated from a subset of the 99 behaviors reported on by
mothers on the CBCL at the age 4-6 study visit. The primary outcome of interest was the
broadband internalizing score. In secondary analyses, we explored the four syndrome scales in
the internalizing domain: the emotionally reactive, anxious/depressed, somatic complaints, and

withdrawn scales. In secondary analyses, each scale was also considered as a dichotomous

outcome using clinical and borderline clinical thresholds.

Green space

As in chapter 2, we used three distinct measures of green space. These measures are
described briefly here, with further details included in Appendix A. In this study, we calculated
residential surrounding greenness using NDVI from the 30m resolution NASA Global Web-

Enabled Landsat Data (GWELD) (64). We weighted NDV1 by each of the addresses where the
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child had been living in the year prior to the date of outcome ascertainment, in buffers of 100m,
300m (considered primary), 500m, and 1000m. Tree cover was assessed over the same exposure
window as NDVI, using data from the US Environmental Protection Agency (EPA) EnviroAtlas
(66). This measure includes street trees, parks, urban forests, and single trees on various
properties, which were derived from 1m resolution landcover data and aggregated to the census
block group level. Park proximity was calculated for the address at the time of outcome
assessment. Park data were obtained from a publicly available dataset compiled by the Trust for
Public Land (67). Proximity was calculated as Euclidean distance from the geocoded home

location to the closest park boundary.

The primary green space measures used as exposures in this analysis were NDVI in a 300m
buffer and tree cover in the census block group, weighted by addresses in year prior to the age 4-
6 visit. Sensitivity analyses include using the exposure window from age 1 to age 4, using the
longest-lived address, using multiple buffer sizes of NDVI, and distance to larger neighborhood

or community parks.

Covariates

Information on many potential confounders was collected at the age 4-6 study visit. Maternal
education was reported in five categories (<HS, HS degree, technical school, college degree, or
graduate/professional degree). Household income was reported in 8 categories ($0-$15,000 was
the lowest category, then each of the next 6 categories were in increments of $10,000 and the
highest category was $75,000 or more) at the age 4-6 visit. We converted reported income to a
continuous variable by selecting the midpoint of each category; in the highest category the Pareto
distribution was used to assign the income level. This continuous income variable was then

adjusted for household size (hnumber of adults and number of children) using the OECD formula
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(99). Maternal race was considered as a proxy measure of socioeconomic resources based on
racial residential segregation and included in the model as African-American/Black or
White/other. Maternal depression was assessed using the Center for Epidemiological Studies-
Depression scale (CES-D) at the age 4-6 study visit and modeled continuously. Maternal 1Q
percentile was assessed using the WASI short form. Child physical activity, screen time, and
sleep habits were also reported at age 4-6. Physical activity was reported as how many times in a
normal week the child engaged in vigorous physical activity (never or occasionally, once or
twice per week, and three or more times per week). Screen time, including watching television
and using a computer, was reported as the number of hours per day. Sleep habits were reported
via the Children’s Sleep Habits Questionnaire and a continuous total sleep score calculated. The
Parenting Relationship Questionnaire (PRQ) was administered at the age 4-6 visit and the

attachment score was used as a continuous variable.

Covariate information was also collected at multiple other time points in the CANDLE
cohort. Maternal tobacco smoking during pregnancy was defined using both self-report or
urinary cotinine greater than 200 ng/mL. Gestational age at birth and birthweight were obtained
from medical records and dichotomized at standard thresholds (<37 weeks for preterm birth and

<2500g for low birthweight).

Participant addresses were collected frequently throughout the study follow-up period,
beginning at enrollment during pregnancy, providing a highly temporally resolved residential
histories. Residential instability was calculated as number of changes of address between the
child’s birth to the age 4-6 study visit from reported residential history. Address histories were
also used to characterize several neighborhood-level conditions. Neighborhood resources were

operationalized using the socioeconomic and education opportunity domain scales of the
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Childhood Opportunity Index (COI) (70). The socioeconomic scale is composed of several
variables at the census tract level, including poverty rate, homeownership rate, median household
income, and employment rate. The education scale includes factors related to early childhood
educational opportunity, elementary education, and adult educational attainment. Some
additional neighborhood measures were also considered in sensitivity analyses. Distance to
major roadway (class Al, A2, or A3 road) at the current address was dichotomized at 150m to

indicate a near-road residence.

Statistical analysis

Descriptive statistics were used to explore distributions of green space exposures, CBCL
scores, and covariates. We used linear regression with robust standard errors to assess the
association between green space and internalizing CBCL scores. Logistic regression was used to
estimate associations with internalizing CBCL scores dichotomized at clinical and borderline-

clinical thresholds.

We used a staged model approach to covariate adjustment. Model 1 was considered
minimally-adjusted, with only child sex and child age at outcome assessment included as
covariates in the model. Model 2 was additionally adjusted for maternal education, household
income adjusted for household size, maternal race, COI socioeconomic and education scales,
residential stability, and urbanicity. Model 3 was considered primary, and further adjusts for
maternal 1Q, maternal depression, PRQ attachment score, maternal smoking during pregnancy,
preterm birth, and low birthweight. Sensitivity analyses explored extended models with
additional adjustment for residence near a major roadway, child physical activity, screen time, or
sleep. Effect modification was explored by including a multiplicative interaction term in the full

model.
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All analyses were run using R 3.6 (The R Foundation for Statistical Computing; Vienna,

Austria).

Results

There were 943 children with at least one of the three primary green space exposure
measures and CBCL scores at age 4-6 in CANDLE. In models 2 and 3, up to 49 and 91
participants were excluded due to missing covariates, primarily due to missing data on household
income and maternal depression, respectively (see Chapter 2, Figure 2-1). Children were on
average 4.3 (SD 0.4) years old at the time of assessment; 49% were boys (Table 3-1). In this
sample, 65% of mothers identified as African-American/Black; 53% had at least a college or
technical school degree. Mean household income adjusted for household size was $17,900 (SD
13,500). The mean internalizing domain score was 6.21 (SD 6.17) in this sample (Table 3-2);
5.3% of children in this sample had an internalizing score above the clinical threshold and 11.0%

had an internalizing score above the borderline-clinical threshold.

The distribution of green space measures is illustrated in Figure 3-1. The median NDVI in a
300m buffer in this sample was 0.596 (IQR 0.104). Correlation between the measures is high
(0.6) for tree cover and NDVI; park proximity was not correlated with either NDVI or tree
canopy. 28% of children lived within 300m of the nearest park. Further details on the distribution

of green space exposures can be found in Appendix A.

Higher levels of residential surrounding greenness were associated with lower internalizing
scores (Figure 3-2). In the fully-adjusted model, a 0.1 unit higher NDV exposure was associated
with a 0.64 units lower internalizing score (95% CI: -1.24, -0.04; p=0.036). Higher NDVI was

also associated with a lower anxious/depressed score (B -0.20; 95% CI: -0.40, 0.00; p=0.046) and
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a lower somatic complaints score (p -0.17; 95% CI: -0.34, 0.00; p=0.046) (Figure 3-3). Effect
estimates tended to be consistent across the different covariate adjustment approaches in models
2 and 3 and in sensitivity analyses (Table 3-3). Differences in the internalizing score were similar
for NDVI in larger buffer sizes, but attenuated for exposure in the 100m buffer. Effect estimates
were similar for exposures weighted by the address history from age 1 to 4, but were attenuated

with exposures calculated at a single address.

While effect estimates tended to be in the hypothesized direction (Figure 3-2), confidence
intervals included the null in models of tree cover and internalizing behaviors (0.27 lower
internalizing score per 10% higher tree cover; 95% CI: -0.60, 0.05; p=0.098). Results for the
anxious/depressed scale were borderline statistically significant (Figure 3-3). A 10% higher tree
canopy exposure was associated with a 0.10 units lower anxious/depressed score (95% ClI: -0.21,
0.00; p=0.056). Findings were consistent across models that further adjusted for additional
covariates and in models with tree cover weighted by address history across various windows in
early childhood (Table 3-3). No associations were observed between park proximity and

internalizing scores in primary or sensitivity analyses (Figure 3-2 and Table 3-3).

Analysis of effect modification by neighborhood conditions suggested a larger association
between NDVI and CBCL internalizing scores in neighborhoods with lower socioeconomic
opportunity (Table 3-4). However, p-values for the interaction term were all greater than 0.05.
No effect modification was observed for neighborhood conditions and tree canopy. No effect

modification by child sex was observed.
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When the internalizing score was considered as a binary outcome in secondary analyses,
confidence intervals included the null (Table 3-5). For example, we estimated an odds ratio of

0.67 (95% CI: 0.42, 1.08) per 0.1 unit higher NDVI.

Discussion

Higher total residential surrounding greenness within 300m of the residential location, but
not tree cover or distance to the nearest park, was associated with lower internalizing scores
(fewer problems). In secondary analyses, these associations were most consistent for the
anxious/depressed and somatic complaints syndrome scales. We observed slightly larger
differences in internalizing scores when assessing exposures in larger buffer sizes. We conducted
a number of sensitivity analyses in which additional covariates were added to the model or
exposures were averaged by residential history across varying windows of time during early
childhood. Results from these sensitivity analyses were generally consistent with conclusions

from the primary analysis.

Several prior studies have investigated relationships between green space and internalizing
behaviors in children. Madzia et al. observed lower anxiety t-scores per 0.1 unit higher NDVI in
800m (-1.83, 95% ClI: -3.44, -0.22), as well as lower depression and somatization t-scores per 0.1
unit higher NDVI in 200m (-1.36 [95% ClI: -2.16, -0.12] and -1.83 [95% ClI: -3.22, -0.44],
respectively) (35). These associations were identified among children at age 12 years, but not at
age 7 years, using the Behavior Assessment System for Children, Second Edition (BASC-2) to
assess behavior in a cohort in Cincinnati, OH. The distribution of residential surrounding
greenness (mean NDVI of 0.55 [SD 0.10] in a 400m buffer) was similar to that in our study. A

higher proportion of the Cincinnati cohort reported levels of behavioral problems above clinical
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thresholds—13%, 11%, and 15% above clinical thresholds for somatization, depression, and
anxiety at age 7—than in the CANDLE cohort. These differences may reflect the use of different
behavioral assessment tools, the younger age of our analytic sample, a lower underlying
prevalence of behavioral problems, a greater hesitancy among parents to report behavior
problems, or other differences in the selection of these sample populations. Amoly et al.
similarly identified associations between green space and internalizing behaviors in a pediatric
cohort, using the Strengths and Difficulties Questionnaire (SDQ) to assess child behaviors (36).
This study of children ages 7 to 10 years old in Barcelona, Spain estimated a 4.3% lower
emotion problems score (95% CI: -8.1, -0.1) per IQR higher residential surrounding greenness in
a 500m buffer. This finding was supported by consistent results when refining the exposure

metric to specify green space playing time.

Other studies provide more limited evidence for associations between green space and
internalizing behavior, though effect estimates across these studies trended in the hypothesized
direction. A study of children ages 5 to 6 years old in China examined surrounding greenness in
100m buffers, but only observed statistically significant associations with anxious/depressed
CBCL scores when the exposure was weighted for greenness at both the residential and
kindergarten locations (102). Studies including adolescents in the analytic sample observed some
associations for greenness in larger buffer sizes. A study in Belgium found an association with
CBCL internalizing score for NDVI in a 3km buffer, but not for NDV1 in other buffer sizes
(100). Comparing exposure in the highest tertile to the lowest tertile was suggestive of an
association between higher greenness and lower internalizing CBCL score in a South Korean
cohort, though confidence intervals included the null (101). NDVI exposures were generally

lower in the South Korean cohort (median 0.29 [IQR 0.15]) than for CANDLE participants in
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Memphis, TN. However, several published studies have not observed associations between
green space and internalizing behaviors or only observed associations in some subgroups
(43,45,46,123). Effect modification by child age suggested associations between neighborhood
green space and internalizing behaviors among children ages 4-5 years old that weakened among

those aged >10 years (37).

Studies of older children and adolescents have utilized self-reported measures of anxiety and
depression, rather than parent-reported measures of internalizing behaviors. Two studies in
adolescents identified associations between surrounding greenness in buffers of 2000m and
1250m and lower odds of depressive symptoms (33,118). However, in another cohort
associations between surrounding greenness in buffers up to 800m were observed for symptoms

of anxiety but not depression (34).

Few studies have examined tree cover and internalizing behaviors. While an array of
potential benefits of tree canopy have been suggested in the literature, the quantitative evidence
is still limited (8). We did not observe associations with tree canopy in the current study. One
limitation of the tree cover exposure measure we used was that it was only available at the
census block group geography so we were not able to explore associations across multiple sizes.
The location of the trees may also be relevant; our exposure measure did not distinguish between

trees lining the roadway versus wooded areas.

Access to green spaces has more commonly been operationalized as distance to the nearest
urban green space or park in studies of outcomes in the internalizing domain. Distance to the
nearest green space was associated with increased odds of a peer relationship problems score

above the clinical threshold (OR 1.20 [95% CI: 1.02-1.40] per 500m increase in distance to
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nearest green space) in a study of 10-year-olds in Munich, Germany (104). In a cohort of 4t0 5
year old children, an association between proximity to city parks and the peer relationship
problems scale was observed, but only among those with lower maternal education (43). Unlike
these previous studies, we did not observe associations between proximity from parks and any
subscales. One limitation of the current study is that we do not have a measure of neighborhood
park use or whether the nearest park includes a playground; young children and their caregivers

may not spend time in the park closest to the residence.

Multiple mechanisms have been proposed for relationships between green space and mental
health. Stress Recovery Theory (SRT) posits that natural environments promote recovery from
physiological stress (40,124). Experiments across multiple age groups suggest a relationship
between natural environments and physiologic stress response measures (41,125). Observational
literature also suggests associations with reported or perceived stress measures. Using
geographic ecological momentary assessment in a sample of adolescents, urban green space was
found to be associated with lower stress when participants were in locations other than their
residence (126). Green space was associated with lower perceived stress in a sample of
adolescents in California (127). The literature suggests that the stress recovery and attention
restoration pathways may be particularly relevant for natural environments in the school setting
for older children. We were unable to capture exposure in locations other than the residence in
the current analysis, but future work using data from school-age and adolescence in the
CANDLE cohort age may be able to examine this question with more refined exposure

assessments.

Evidence of effect modification by SES at either individual or neighborhood levels in prior

studies is mixed, with some estimating a stronger association with green space in the group with
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lower SES and others estimating a stronger association with green space in the group with higher
SES (43-47). Though not statistically significant, the magnitude of the association between
NDVI and internalizing behavior in this study was estimated to be larger for those in
neighborhoods with lower socioeconomic opportunity. Further confirmation of this trend in

future work could support green space as a resource to promote health equity.

This analysis was subject to several limitations. First, we relied on observational data in a
cross-sectional study and thus we were unable to make a strong causal statement. We relied on
parent-reported outcomes which, while well-validated for use in research populations and
appropriate for this age, are nonetheless limited to the behavior problems parents are willing or
able to report to research staff. Due to the particular urban setting in which the CANDLE cohort
resides, there was limited variability in green space exposures. Any effects of green space may
occur at lower levels and taper off at higher levels of exposure. We also did not have information
about any child care or preschool locations where children may have spent most of their time, or
information about the amount of time children actually spent outside in natural environments. As
in much of the literature on green space and health, we relied on residential surrounding
greenness as a proxy for exposure. While some researchers have identified relatively small
activity spaces of children in their neighborhoods, we likely are not fully capturing all exposure
to green space, which may result in some misclassification of the exposure. Perhaps most
importantly, due to the observational nature of these data and despite the breadth of confounders
we accounted for, the associations we observed may be explained by residual confounding,

particularly due to factors related to residential selection into neighborhoods.

This study contributes an analysis from a well-characterized pediatric cohort in a US city to

the growing literature on the relationship between green space and mental health. The location of
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the cohort in Memphis, TN provides a distinct geographic context for examining associations
with natural environments. Few studies have explored relationships of natural environments to
neurodevelopment in the US and fewer still have examined multiple forms of green space. We
were able to examine multiple green space exposures using a highly-resolved address history
across all of childhood. Furthermore, we adjusted for a suite of potential confounders at both the

individual and neighborhood levels.

As the children in this cohort age into a life stage where more mental health concerns tend to
emerge, future research might investigate relationships between early life green space exposures
and trajectories of neurobehavioral development or the onset of depression and anxiety in later
childhood and adolescence. Furthermore, as children develop more independence, larger activity
spaces as well as different modes of interacting with natural environments may expand or alter
exposures to green spaces. Analysis of school-age children may incorporate school-based
exposures to further refine exposure assessment. Additionally, with rapid increases in computing
power and advances in the field of green space exposure assessment, future studies may improve

upon the current exposure measures.



Tables & Figures

Table 3-1. Characteristics of the analytic sample (n=943).
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Mean (SD) or N (%) ?

Boys, n (%) 465 (49)
Girls, n (%) 478 (51)
Child age in years, mean (SD) 4.3 (0.4)
Maternal race, n (%)

African-American/Black 332 (35)

Not African-American/Black 611 (65)
Maternal education, n (%)

<HS 52 (6)

HS 376 (40)

Technical school 124 (13)

College degree 237 (25)

Graduate/professional degree 147  (16)
Adjusted household income, mean (SD) 17903 (13514)
Maternal 1Q, mean (SD) 40.3 (30.7)
Maternal depression score, mean (SD) 86 (7.2
Maternal smoking during pregnancy, n (%) 81 (9)
Low birthweight, n (%) 66 (7)
Preterm birth, n (%) 83 (9)
PRQ Attachment score 529 (9.7)
Sleep score 46.6 (7.3)
Physical activity score 16 (0.7)
Screen time (hours/day) 2 (4.2
Socioeconomic COI scale -0.113 (0.260)
Education COl scale -0.047 (0.068)
Residence within 150m of a major road 264 (28)

 Covariate data were missing for some participants: maternal education (7), adjusted household income (41),
maternal 1Q (10), maternal depression (9), low birthweight (6), preterm birth (5), PRQ attachment score (25).

Table 3-2. Distribution of CBCL scores in the internalizing domain for CANDLE participants at

age 4-6 (n=943).

Continuous Above clinical Above borderline-
CBCL scale raw score ? threshold ® clinical threshold ®
Mean (SD) N (%) N (%)
Internalizing score 6.21 (6.17) 50 (5.3) 104 (11.0)
Emotionally reactive syndrome scale 1.65 (2.00) 9 (1.0 55 (5.8)
Anxious/depressive syndrome scale 1.80 (2.03) 9 (1.0 36 (3.8)
Somatic complaints syndrome scale 1.33 (1.75) 19 (2.0) 54 (5.7)
Withdrawn syndrome scale 1.43 (1.83) 36 (3.8 65 (6.9)

2The range of the internalizing score in this sample is 0-44, the range of the emotionally reactive scale is 0-15, the
range of the anxious/depressed scale is 0-12, the range of the somatic complaints scale is 0-12, and the range of the

withdrawn scale is 0-14.

® For the internalizing score, the clinical threshold is defined as a t-score greater than 63 and above the borderline-
clinical threshold is defined as a t-score greater than or equal to 60. For the syndrome subscales, above the clinical
threshold is defined as a t-score greater than 69 and above the borderline-clinical threshold is defined as a t-score

greater than or equal to 65.
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Figure 3-1. Density plots of (A) NDVI in 300m, (B) tree canopy, and (C) distance to the nearest
park, in the analytic sample.
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NDVI was defined in a 300m buffer, weighted by the address history over the year prior to the
age 4-6 study visit. Participants were excluded if they did not have a valid geocoded address for
>25% of the exposure window. Tree canopy was defined as the percentage of census block
group, weighted by address history over year prior to age 4-6 study visit. Participants were
excluded if they did not have a valid geocoded address for >25% of the exposure window. Park
proximity was defined as Euclidean distance from the address at the age 4-6 study visit to the
edge of the nearest park; participants were excluded if the address at the age 4-6 study visit could

not be geocoded or could only be geocoded to the zip code level.
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Figure 3-2. Residential green space and internalizing scores.

A. NDVI B. Tree cover C. Park proximity
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Difference (95% confidence intervals) are shown per (A) 0.1 unit higher NDVI, (B) 10% higher
tree cover, and (C) 500m further distance to the nearest park. NDVI and tree cover exposures
were averaged over the residential history across the year prior to the outcome assessment. Park
proximity was calculated for the current address. Model 1 included only child sex and child age
at outcome assessment as covariates in the model. Model 2 was additionally adjusted for
maternal education, household income adjusted for household size, maternal race,
socioeconomic COl scale and education COI opportunity, and residential stability. Model 3 was
considered primary and further adjusted for maternal 1Q, maternal depression, PRQ attachment

score, maternal smoking during pregnancy, preterm birth, and low birthweight.
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Figure 3-3. Residential green space and CBCL syndrome subscales in the internalizing domain.
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Difference (95% confidence intervals) are shown per (A) 0.1 unit higher NDVI, (B) 10% higher
tree cover, and (C) 500m further distance to the nearest park. Models were adjusted for child sex,
child age at outcome assessment, maternal education, household income adjusted for household
size, maternal race, socioeconomic COI scale and education COI opportunity, residential
stability, maternal 1Q, maternal depression, maternal smoking during pregnancy, preterm birth,
low birthweight, and PRQ attachment score. P-values were less than 0.05 for NDVI and
anxious/depressed and somatic complaints syndrome scales. P-values were less than 0.10 for
NDVI and the emotionally reactive syndrome scale and for tree cover and the anxious/depressed

scale.
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Table 3-3. Sensitivity analyses of residential green space and broadband internalizing scores.

NDVI Tree cover Park proximity
-0.64 (-1.24, -0.04) -0.27 (-0.60, 0.05) -0.04 (-0.27, 0.19)

Primary analysis ¢
Sensitivity analyses &P
Extended models ©

Sleep score -0.64 (-1.23,-0.06)  -0.26 (-0.58, 0.06) -0.03 (-0.24, 0.19)
Physical activity -0.64 (-1.25,-0.04)  -0.26 (-0.58, 0.07) -0.05 (-0.29, 0.18)
Screen time -0.62(-1.23,-0.02)  -0.27 (-0.59, 0.06) -0.04 (-0.26, 0.19)

Near road residence

-0.68 (-1.30, -0.06)

-0.28 (-0.60, 0.05)

-0.04 (-0.27, 0.18)

Exposure windows
Age 1-4
All childhood
Current address
Longest address

-0.58 (-1.14, -0.03)
-0.62 (-1.23, -0.02)
-0.46 (-0.95, 0.02)
-0.31 (-0.75, 0.12)

-0.30 (-0.64, 0.05)
-0.35 (-0.71, 0.01)
-0.23 (-0.55, 0.08)
-0.24 (-0.52, 0.04)

-0.04 (-0.27, 0.19)
0.02 (-0.19, 0.24)

Exposure buffer size °

100m -0.54 (-1.02, -0.06) - -
500m -0.66 (-1.28, -0.04) - -
1000m -0.65 (-1.28, -0.01) - -
By park size ©
Small parks - - 0.01 (-0.05, 0.08)

Neighborhood parks - - 0.03 (-0.11, 0.16)
Community parks - - 0.06 (-0.13, 0.25)
a Difference (95% confidence interval) in CBCL scores are shown per 0.1 unit higher NDVI, 10% higher tree cover,
and 500m further distance to the nearest park.
® Models were adjusted for child sex, child age at outcome assessment, maternal education, household income
adjusted for household size, maternal race, socioeconomic COI scale and education COI opportunity, residential
stability, maternal 1Q, maternal depression, maternal smoking during pregnancy, preterm birth, low birthweight, and
PRQ attachment score.
¢ NDVI and tree cover exposure measures were a weighted average across all residential locations in the year prior
to the age 4-6 study visit. Park proximity was calculated for the current address.
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Table 3-4. Effect modification of associations between green space and internalizing scores.?

NDVI Tree cover Park proximity
Neighborhood factors
Socioeconomic opportunity
25" p, -0.83 (-1.76,0.10)  -0.28 (-0.75, 0.18) -0.12 (-0.64, 0.4)
50t p. -0.61(-1.17,-0.05)  -0.27 (-0.59, 0.05)  -0.07 (-0.39, 0.24)
75" p. -0.36 (-1.00, 0.28) -0.26 (-0.62, 0.1) -0.02 (-0.24, 0.21)
Interaction p-value 0.43 0.93 0.70
Individual characteristics
Child sex
Boys -0.94 (-1.90,0.03)  -0.28 (-0.74,0.19)  -0.04 (-0.35, 0.27)
Girls -0.36 (-1.03,0.30)  -0.27 (-0.73,0.19)  -0.04 (-0.32, 0.25)
Interaction p-value 0.33 0.72 0.99

a Effect modification was assessed by including a multiplicative interaction term in the model; p-values shown are
for the interaction term. Differences in CBCL scores (95% confidence intervals) are shown for a 0.1 unit higher
NDVI at the 25" percentile, median, and 75 percentile of the effect modifier. Models were adjusted for child sex,
child age at outcome assessment, maternal education, household income adjusted for household size, maternal race,
socioeconomic COl scale and education COI opportunity, residential stability, maternal 1Q, maternal depression,
maternal smoking during pregnancy, preterm birth, low birthweight, and PRQ attachment score

Table 3-5. Odds ratios (95% CI) for associations between green space and high internalizing
problem scores based on clinical and borderline-clinical thresholds. 2

CBCL scale NDVI Tree Canopy Park Proximity
Internalizing T-score
Clinical threshold (>63) 0.67 (0.42, 1.08) 1.05 (0.75, 1.45) 0.99 (0.93, 1.05)
Borderline threshold (>60) 0.75 (0.56, 1.02) 0.97 (0.78, 1.21) 0.99 (0.96, 1.02)

@ Models were adjusted for child sex, child age at outcome assessment, maternal education, household income
adjusted for household size, maternal race, socioeconomic COIl scale and education COI opportunity, residential
stability, maternal 1Q, maternal depression, maternal smoking during pregnancy, preterm birth, low birthweight, and
PRQ attachment score. Odds ratios and 95% confidence intervals are shown per 0.1 higher NDVI, per 10% higher
tree canopy, and per 500m further distance to the nearest park.
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Conclusion

In this study, we utilized data from the age 4-6 year study visit in the socio-demographically
diverse CANDLE cohort, a prospective longitudinal pregnancy cohort in Memphis, TN. We first
examined the distribution of green space by other neighborhood and individual characteristics in
Chapter 1. Overall greenness and tree canopy were predicted by homeownership rate in the
neighborhood, as well as by early childhood educational resources in the neighborhood. We then
analyzed the relationships between green space and externalizing behaviors in Chapter 2 and
between green space and internalizing behaviors in Chapter 3. Unlike much of the prior
literature, we did not observe associations between green space and externalizing behaviors or
attention problems in Chapter 2. However, we did estimate a protective effect of green space
exposures for internalizing behavior problems in Chapter 3. These associations between green
space and internalizing behavior were generally robust to further adjustment for variables
potentially on the causal pathway. We did not observe statistically significant effect modification
by neighborhood SES, though the magnitude of effect estimates suggested a stronger relationship

between green space and child behaviors in lower SES neighborhoods.

In Chapter 1, we took a novel approach to exploring relationships between green space and
other neighborhood features. The importance of homeownership rate, early childhood education,
and racial residential segregation indicators in these models suggest future research questions
regarding equitable access to green space with potential implications for local policy and design
of green spaces in Memphis. These results also suggest that neighborhood-level characteristics
across multiple domains may be important to consider in the context of confounding in
epidemiologic analyses of green space. Prior studies, if they adjusted for any neighborhood-level

covariates, have typically adjusted only for a smaller set of indicators specifically related
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socioeconomic resources, such as some of the indicators within the socioeconomic domain of the
COIl. However, indicators within the education domain were also highly weighted in the WQS
index; given the associations between educational opportunities and healthy child development,
these may be important confounders that are not often included in epidemiologic analyses of

environmental factors and child behavior and mental health.

The analyses presented in chapters 2 and 3 benefited from several strengths of both exposure
and outcome assessment. Exposure assessment in this study improved upon approaches in prior
studies by using source data for NDVI1 at a higher spatial resolution and including measures of
tree cover and park proximity. Using 30m resolution data, we were able to examine NDVI in
buffer sizes from 100m and larger. Furthermore, the residential history was collected by frequent
contact over early childhood. Prior work suggests that early childhood is an important exposure
window for neighborhood contexts, including green space (30,128). In chapters 2 and 3, we were
able to explore multiple exposure windows in sensitivity analyses based on the residential
history. Exposure assessment in this study suffered from several limitations as well. The spatial
scale for tree cover was limited by data availability to the census block group level and these
administrative boundaries may not be the most relevant aggregation areas for effects on child
health. Incorporating measures of time spent in green space or weighting exposure by the school

and home locations may reduce exposure measurement error in future studies.

One strength of this study was that we were able to use a continuous measure to assess
behavior across a range of severity. In young children, most developmental phenomena are better
detected across a continuum of symptoms. These may be more appropriately assessed using
continuous scales, as a categorical diagnosis may only capture the most severe behavior

problems. One limitation of our approach is the reliance on parent-reported outcomes. While this
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approach is well-validated for young children, outcome assessments in future studies may be
improved by using objective assessments of executive functioning or self-report of internalizing

problems later in childhood.

A major limitation in many studies of green space and health is the potential for biased
estimates due to residual confounding. A strength of this study was the adjustment for a number
of covariates previously cited as potential sources of residual confounding. For example, prior
studies have indicated lack of data on parent mental health, birth outcomes, and neighborhood
resources, as a limitation. The CANDLE study has collected a large suite of variables on the
mother-child dyads in the cohort and we were able to adjust for these confounders. Despite our
efforts to address this concern, we cannot rule out the possibility that the observed relationships

are due to residual confounding, particularly by socioeconomic factors.

The findings of this study may not be generalizable to other urban settings. The NDVI and
tree cover levels in Memphis are higher than observed in many other studies. This may be one
reason we did not observe an association with externalizing scores or attention problems. Though
exposure variability is limited in analyses within both chapter 2 and 3, different mechanisms may
be operating for externalizing and internalizing outcomes and these mechanisms may be more or

less relevant in an urban setting with high levels of greenery.

In our study, we were explored extended models adjusting for potential mediators. While the
number of tests conducted was large, increasing the potential for Type 1 errors, and we did not
adjust for multiple comparisons, results remained generally consistent across sensitivity analyses.

This literature would also be strengthened by formal mediation analyses.
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Causal inference in observational studies of residential green space and health is limited by
study design and potential confounding by selection into neighborhoods. Among young children,
the evidence relating natural environments to child behavioral and mental health is largely
observational. Experimental studies are typically restricted to short-term exposures. Large-scale
experiments of residential neighborhoods have included provided housing vouchers for families
and evaluating large-scale greening interventions in residential and school settings (32). These
approaches aim to address confounding by characteristics determining selection into
neighborhoods and strengthen the evidence for a causal relationship between residential green

space and health.

This study contributes to the larger body of literature on green space and pediatric behavioral
and mental health, with the potential to inform both clinical practice and urban planning. For the
age group considered in our study, current recommendations for initial treatment include
behavioral therapy rather than medication (129). Additionally, the potential for behavioral and
mental health problems to result in impaired functioning and subsequent negative health outcome
across the life course and the large resulting cost at individual and societal levels, suggests that
preventive measures are warranted. While this study in isolation does not test whether prescribed
time spent in green space is associated with these outcomes, we used measures of availability
and access to green space as a proxy for nature contact. Further work specifically testing the
effect of park prescriptions is needed to provide insight into the efficacy of these
recommendations in clinical practice (130). This literature may also inform policy and urban
design; young children should be considered in designing green spaces and facilitating access to
these spaces. Even at an early age these green spaces may promote healthy child development, as

was observed in chapter 3. Additionally, the more equitable access to parks compared to other
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measures of green space in Memphis suggests that parks may be a venue for improving access to
natural elements, through tree planting and design within existing park spaces. Recent efforts and
investments in Memphis have included improving access to nature features such as trees within

existing park spaces in historically underserved communities (131).

Cities have re-examined the design and use of outdoor public spaces for social gatherings and
physical activity during the COVID-19 pandemic. The COVID-19 pandemic has also highlighted
the role of parks and urban green spaces as neighborhood resources for physical and mental
health, and their inequitable distribution (132,133). Findings from this study contribute to the
rapidly growing literature regarding green space and child behavior, and moving forward urban

green spaces may offer opportunities to positively affect children’s health and development.
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Appendix A. Descriptive analysis of green space measures

This appendix contains an overview of green space measures most commonly utilized in the
observational epidemiological literature. It also expands on details provided in chapters 1
through 3 on the methods employed to assess green space, as well as results from descriptive

analyses of these various methods in the CANDLE cohort.

No gold standard exists for the assessment of exposure to the natural environment in
epidemiologic research and existing research across urban, suburban, and rural settings has
measured human contact with nature in a variety of ways (3). In large epidemiologic studies,
green space exposure is commonly operationalized as either the quantity of green space within a
buffer around a residential location or as the proximity of the residence to the nearest green space
(134). The quantity of green space in buffers may represent a cumulative exposure that reflects
both intentional and unintentional contact by individuals with those environments (2). Prior
research examining green space and health has primarily focused on measures of overall
greenness based on satellite imagery. Furthermore, increasing availability of these data at finer
spatial resolution and access to expanded processing capabilities has accelerated the use of

satellite imagery for this purpose.

However, several authors argued that selection of an exposure metric should be motivated by
hypotheses regarding the relevant mechanism by which the natural environment may influence
health, as exposures may be differentially associated with particular health outcomes (3,4).
While the above-mentioned residence-based exposures may influence health through pathways
operating at the neighborhood level, for individuals (i.e., to address psychological, physiological

and behavior mechanisms), the use of these measures serves as a proxy for an individual’s
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specific types of contact with those environments. For example, public parks may be particularly

relevant for promoting physical activity or social connections.

In this study, three approaches were taken to operationalize green space exposures: (1)
residential surrounding greenness assessed using the Normalized Difference Vegetation Index
(NDVI), (2) the percentage of the census block group covered by tree canopy, and (3) proximity

of the nearest park.

Normalized Difference Vegetation Index (NDVI)

NDVI measures the total vegetation in an area from an overhead view and has frequently
been used as a measure of residential greenness (3,135). The color bands in the satellite images
are processed based on the wavelengths of light reflected by vegetation. Chlorophyll in plant
leaves strongly absorbs visible light (0.4 to 0.7 um) for photosynthesis, while near-infrared

(NIR) light (0.7 to 1.1 um) is reflected. NDV1 is calculated using the following (136):
NDVI = (reflectance of NIR - reflectance of visible light) / (reflectance of NIR + reflectance of visible light)

In any pixel, NDVI can range from -1 to 1. Water results in an NDV1 value less than 0. Due to
our interest in natural environments and as is commonly done in the literature on the health
impacts of greenness, we excluded any pixels less than zero (2). In and around Shelby County,
this primarily excludes the Mississippi river and its tributaries. The resulting NDVI scale ranges
from 0 to 1. Healthy vegetation reflects more NIR light than unhealthy or sparse vegetation
resulting in an NDVI closer to 1; low values reflect built impervious resulting in an NDVI close

to 0.

A challenge in obtaining time-resolved measures of NDVI from satellite imagery is missing

data, arising in part due to the timing of satellites passing over a specified region. Landsat
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programs collect data on the same area approximately every 16 days. Cloud cover interference in
these images further reduces available ground-level imagery. In prior epidemiological literature,
researchers have focused primarily on the maximum vegetation period in order to increase
variability in exposure. This is often implemented by selecting images from a single cloud-free
day in spring or summer (35,36,43,102). Others have utilized data from all images collected
during either a summer month or across a full year, using standardized algorithms to select the

maximum value across the specified time frame (101,103).

In this study, NDVI exposures were calculated using NASA Global Web-Enabled Landsat
Data (GWELD) v031 data (64). The GWELD data products are derived from imagery collected
via the Landsat program of the US Geological Survey (USGS), including available images from
Landsat 4 and 5 Thematic Mapper (TM) and Landsat 7 Enhanced Thematic Mapper Plus
(ETM+). The satellite imagery is calibrated using top-of-atmosphere reflectance, projected to a
map projection that aligns with the MODIS satellite products, and implemented an algorithm to
select the highest NDVI in each pixel. Data are available at a 30m resolution. Data for this
analysis were downloaded through the NASA and USGS Land Processes Distributed Active
Archive Center (LP DAAC). The raw HDF data files were converted to TIF files in the MODIS
map projection using the HEG conversion tool for Linux provided by the LP DAAC. The TIF
files were then processed using raster-based tools in R (The R Foundation for Statistical
Computing; Vienna, Austria) to select the layer containing the calculated NDVI value. Prior
work has utilized a range of spatial scales of greenness exposure, both in the spatial scale of the
underlying satellite imagery data and in the spatial scale that those data are aggregated to in order
to calculate an exposure. One strength of the WELD NDVI data source is the availability of data

at the 30m resolution, which improves upon the commonly used, coarser, 250m data (3).
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The temporal scale of the NDVI exposure used in the work presented here was driven by data
availability. Primary exposure measures were derived using the WELD 2011 annual dataset,
which was calculated from December 1%, 2010 through November 30", 2011. The oldest
children in the CANDLE cohort turned 4 starting in 2011 and thus this year was selected due to
its proximity to outcome ascertainment in this cohort. However, several potential approaches
were explored in descriptive analyses. The finest time-scale provided by this data source was
monthly, but for the Memphis area there was substantial missing data for several months in
2011. January 2011 was selected as a month representative of the low vegetation season and
compared to July 2011 which was selected as a month representative of the high vegetation
season. Data for January, July, and the full year are shown in Figure A1. NDVI was generally
high in Shelby County, TN. Spatial patterns of NDVI in Shelby County, TN were similar in both
low and high vegetation seasons and in the annual surface used to calculate primary exposure
metrics (Figure Al). As expected, July tended to be highly correlated with and had a similar
distribution to the 2011 annual measure (Table Al). The 2011 annual measure was selected as
the primary exposure to maximize exposure contrasts and to increase the likelihood that we
captured greenness due to seasonal vegetation.

Figure Al. Maps of NDVI raster data in Shelby County, TN from (A) January 2011, (B) July
2011, and (C) 2011 Annual.

A.January 2011 B. July 2011 C. 2011 Annual
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Table Al. Distribution of NDVI exposures derived using satellite imagery from (1) annual 2011
data, (2) January 2011, and (3) July 2011, within in 300m buffer, weighted by address history
over the year prior to the age 4-6 visit.

Mean SD Min Q1 Median Q3 Max
Annual 0.592 0.080 0.249 0.543 0.596 0.647 0.789
January 0.332 0.049 0.154 0.301 0.336 0.368 0.461
July 0.581 0.081 0.243 0.532 0.582 0.640 0.797

Residential greenspace measures, including NDVI, are often calculated within a straight-line
buffer around the residence or using a road network buffer, and buffers of various radii have
been used in the literature (3,135). A distance of 300m has often been used in policy and urban
planning, as well as in prior epidemiologic studies, particularly when accessibility to greenspace
is of interest (65). A smaller buffer likely reflects more private rather than public greenspace;
distances of 50m or 100m have been used to capture the most immediate neighborhood which
may be particularly important for psychological and physiological mechanisms. Larger buffers
such as 500m to 1000m have been justified based on 5-10 minute walking distances for adults
(137). We used a 300m buffer in the primary analysis and investigated additional buffer sizes
(100, 500, and 1000m) in sensitivity analyses (Table A2). Correlations between the primary

300m buffer and the 100m, 500m, and 1000m buffers were 0.77, 0.91, and 0.66, respectively.

Table A2. Distribution of NDVI exposure in multiple buffer sizes, derived from annual 2011
satellite imagery and weighted by address history over the year prior to the Age 4 study visit.

Buffer size Mean SD Min Q1 Median Q3 Max
100m 0.579 0.095 0.202 0.513 0.587 0.652 0.831
300m (primary) 0.592 0.080 0.249 0.543 0.596 0.647 0.789
500m 0.598 0.075 0.242 0.552 0.598 0.649 0.805
1000m 0.606 0.074 0.334 0.560 0.608 0.654 0.835

No clear consensus exists in the literature regarding the most relevant window for developing
children’s exposure to green space. Developmental milestones such as walking and other gross

motor skills likely influence the ways in which children are exposed to or interact with natural
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environments. Prior studies have investigated various windows during childhood with some
suggestion that early childhood may be particularly important window for exposure (128).
Others have averaged exposure measures across all of childhood or for some shorter period of
time immediately prior to outcome ascertainment (21). In this study, given the highly resolved
residential history, NDVI was averaged across the residential history during multiple windows in
early childhood (Figure A2). We used a weighted average of NDVI calculated from each of the
addresses where the child had been living in the year prior to the date of outcome ascertainment,
in the primary analysis. In sensitivity analyses, we also examined lifelong exposures averaged
from birth to outcome assessment, NDV1 averaged by the address history between age 1 and age
4, and at the address where the child had lived the longest. Correlations between the prior
exposure window of the year prior to the age 4-6 study visit and each additional window ranged
from 0.71 to 0.91. Exposures from age 1 to age 4 and across all of childhood (birth to age 4-6
study visit) were highly correlated. Exposure at the current address and the longest childhood

address were correlated at 0.59.

Figure A2. Density plot of NDVI in varying exposure windows.
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Tree Cover

While green space is often treated as a homogenous exposure when assessed using NDVI,
different types of natural environments may be of varying importance for health benefits
(138,139). The structure or form of greenspace may be especially relevant for some mechanistic
pathways or health outcomes. Studies that have examined an exposure in finer detail have
primarily focused on tree cover (8). Furthermore, understanding the components of natural
environments that are most associated with improved health outcomes may guide urban planning
and intervention. Such advances in exposure measurement might be informed by other
disciplines, including ecology, anthropology, or landscape architecture. In particular, work in
these disciplines has hypothesized that features such as biodiversity or structure may be

important characteristics of natural environments for human health (138).

Tree canopy data were downloaded from the US Environmental Protection Agency (EPA)
EnviroAtlas (66). Tree coverage includes street trees, trees in park areas, urban forests, and
single trees on various properties. This metric was derived from 1m resolution land cover data
and reported as percent of land covered by trees within each census block group, which is shown
in Figure A3. In Tennessee, where natural vegetation has not been converted to agriculture, the
region is primarily deciduous forests. The most common tree species in urban areas across
Tennessee are Chinese privet, Virginia pine, and eastern red cedar, though oaks, maples,

dogwood, and poplar trees are also common (53).



Figure A3. Map of tree cover in census block groups in Memphis, TN.
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outcome ascertainment at the age 4-6 visit. In the CANDLE cohort, average percent of the block

group covered with tree canopy is 36.6% (SD 12.8) for the address history over the primary

exposure window (Table A4). In sensitivity analyses, percent tree canopy was weighted by

address history over several additional exposure windows. Spearman correlations between these

exposure windows ranged from 0.6 — 0.9.

Table A4. Distribution of percent tree canopy at the census block group level across multiple

exposure windows in the CANDLE cohort.

Exposure Window Mean SD Min Q1 Median Q3 Max
Year prior to age 4-6 study visit 36.6 12.8 1.0 27.6 36.9 45.3 80.7
Age ltoage 4 36.9 121 0.4 27.9 37.3 45.3 81.1
All childhood addresses 36.7 11.6 2.1 28.1 36.5 44.6 81.1
Current (age 4-6 visit) address 37.8 125 4.4 28.3 37.8 46.8 81.2
Longest address 37.9 12.9 4.4 28.3 38.5 46.8 81.2

Other sources of land cover information were explored, including the Multi-Resolution Land

Characteristics (MRLC) Consortium’s 2011 30m resolution National Landcover Dataset

compiled by the US Geological Survey (140). Green space types in the MRLC dataset include



105

forests (deciduous, evergreen and mixed), shrubland, and grassland. However, within Memphis,
the vast majority of pixels were classified as low-, medium-, or high-density development. Most
participants lived near few or no pixels that were designated specifically as any green space type
rather than some level of mixed development. Given this limited variability, this data source was

not used as an exposure in this study.

Park Proximity

Proximity to public parks was also used as an exposure in these analyses. This measure may
be a better proxy for nature contact, particularly in a pediatric study population, because parks
may facilitate nature contact and provide space for physical activity (141). Additionally, this
measure is restricted to public areas rather than including private greenspace, reducing concern

about whether or not participants actually have access to the greenspace.

Park boundaries were derived from ParkServe data compiled by the Trust for Public Land,
downloaded on 10 March 2020 (67). There are 336 parks in Shelby County with 14,812 total
acreage, which includes publicly owned local city, county, and state parks; school parks with a
joint-use agreement with local government; and privately owned parks that are managed for full
public use (Figure A4). Home Owner Association parks, golf courses, and cemeteries were not

included.
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Figure A4. Map of parks in Memphis, TN.

We calculated Euclidean distance from the geocoded participant residence (latitude and
longitude) and the nearest boundary of a park polygon. In sensitivity analyses, we restricted the
set of parks used in this calculation by size. Based on prior literature, we defined small parks
(sometimes referred to as mini-parks or pocket parks) as those less than 2 acres, neighborhood
parks as those 2-20 acres, and community parks as those >20 acres (142). Neighborhood parks
may be more likely to include facilities and are typically intended to serve residents within
approximately a 1-mile radius around the park. In Shelby County, there are 52 small parks, 194

neighborhood parks, and 90 community parks.

In primary analyses of park proximity and child behavior, park proximity to the address at
the time of outcome ascertainment was used (Table A5). At the current address, 26.8% of the
study population lived within 300m of a park. In sensitivity analyses, we also examined park
proximity to the address at which the child had lived the longest. Park proximity at the current

address was correlated with park proximity at the longest-lived address (0.60).
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Table A5. Distribution of park proximity exposure metrics derived from ParkServe data.?

Exposure Mean SD Min Q1 Median Q3 Max
All parks
Distance to current address (m) 801 876 3 282 550 988 8417
Distance to longest-lived address (m) 811 862 0 306 560 997 8356
By park size at current address
Small parks 4730 3093 73 2107 4408 6976 17075
Neighborhood parks 1381 1346 9 465 977 1826 8439
Community parks 1375 1098 3 595 1147 1840 9120
By urbanicity at current address
Only for participants in urban census tracts 751 736 3 280 543 968 5450

2 Participants included here who were included in analyses chapters 2 and 3 (N=934).

One limitation of the park exposure is that actual use of parks may largely be determined by

factors other than just the natural environment characteristics of the park, including availability

of park facilities such as playgrounds, as well as perceived safety of the park. However, a

strength of using parks as an exposure is the relevancy for urban planning and investment in

greening initiatives in public spaces.

Comparison of green space measures

Spearman correlations between the primary green space measures in chapter 1 (at the current

address) and in chapters 2 and 3 (averaged over the year prior to outcome ascertainment at the

age 4-6 visit) are shown in Table A6.

Table A6. Spearman correlations between primary green space measures at the current (age 4-6
visit) address and averaged across the residential history over the prior year.

Proximity

NDVI Tree canopy
At current Averaged At current Averaged
address over prior year | address | over prior year
NDVI At current address 1
Averaged over prior year 0.91 1
Tree At current address 0.59 0.56 1
canopy Averaged over prior year 0.55 0.60 0.92 1
Park At current address | -0.01 10,001 0.003 0.02
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