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Abstract

There is a growing consensus that child health and cognitive development are influenced by the
social, economic, built, and policy environmental contexts in which children live. However, the
majority of research examining these relationships has relied on cross‐sectional data and
potential mechanisms for relationships are not well explored. This dissertation examined how
the local environment contexts contribute to children’s health and cognition in three essays.
First, using data on children in military families, I leveraged the unique variation in
neighborhood environment due to frequent relocation of military personnel to explore how the
neighborhood food environment (NFE) influences children’s dietary behaviors. The availability
of food outlets was not associated with children’s outcomes. In exploring the potential
mechanisms, I found the availability of particular stores was not associated with where families
shop for food and the type of store that families shop at was not associated with the
healthiness of food at home. However, healthiness of food at home and parental supervision
were associated with dietary behaviors, suggesting that focusing only on the NFE may ignore
important factors for children’s outcomes. Future research should consider how families make
decisions about what foods to purchase, where to shop for foods and eating out, how closely to
monitor their children’s food intake, and how these decisions collectively impact children’s
outcomes.
In the second and third essays, I examined the relationship between air pollution and children’s
cognitive outcomes using rich national data of children in the U.S. Ozone and PM2.5 were
consistently associated with lower math test scores in third grade using annual and cumulative
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measures of exposure. In exploring the mechanisms, I found that ozone on the day of testing
was not associated with test scores, suggesting the association is not due to short‐term effects.
However, the relationship between ozone and test scores may be partially explained by
increased school absences. Examining how the effects of ozone exposure may differ across
children based on their vulnerability, I found a significant association among children without
asthma indicating that it is not only children with asthma who may react adversely to exposure.
A significant association among children who get exercise through a park was also found. These
results help us understand the roles of greater exposure and susceptibility underlying the
relationship between ozone and cognitive outcomes.
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Chapter 1: Introduction

There has been major progress in improvements of health in the last half century, but
the patterns of child illness and morbidity have also changed substantially in the United States.
The new pediatric morbidity, chronic conditions and developmental issues, are major
morbidities now facing children. These include asthma, childhood cancers, neurodevelopment
disorders (e.g., attention‐deficit/hyperactivity disorder, learning disabilities, autism), obesity,
and type 2 diabetes. There is growing consensus that many of these issues, and child health and
development in general, may be influenced by individual factors but also by interactions with
the larger social, economic, cultural, and built and policy environmental contexts in which they
live. Recently, the study of contextual effects on children’s health and cognition has grown
tremendously and included many research disciplines, in part due to the complexity of the
relationship between the environments and outcomes.
The environments in which children live have also changed substantially. For example,
changes in the food environment have included increased accessibility of foods, decline in
relative prices of foods, increase in portion sizes, and increase in the variety of foods available.2
80,000 new synthetic chemicals, including plastics, pesticides, building materials, flame
retardants, and synthetic hormones, have been added in the last 60 years.3 Housing
development has grown faster than population growth and has been widespread, impacting
the natural systems, vegetation, commercial development, and transportation infrastructure.4
The motivations for exploring and understanding these contextual effects of child health
and cognition are compelling. First, neighborhood characteristics that may be associated with
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child health and cognition can vary extensively across neighborhoods including socioeconomic
status (housing, poverty levels, educations levels,), availability of healthy foods and parks,
walkability, safety, access to medical facilities, quality of schools, ambient air pollution, and
availability of transportation. Second, policy programs and financing may be able to more easily
target neighborhood environments rather than individual behaviors. Third, children’s health
and cognitive development are particularly important to address because impacts may
persevere into adolescence and adulthood. And in many cases, children do not have the same
susceptibilities and vulnerabilities to impact of the neighborhood environment that adults do.
This dissertation examines how the local environment contributes to children’s health
and cognition and explores the mechanisms or pathways that may help explain relationships
between the local environment and health/cognition. The dissertation examines two cases of
the impact of the local environment context: (1) the food environment and children’s diet and
BMI and (2) ambient air pollution and children’s cognition.
Chapters 2 through 4 present the three papers of this dissertation. In the first paper, I
explore how the neighborhood food environment influences children’s dietary behaviors and
BMI using data of children in military families, who have unique variation in neighborhood
environments due to frequent relocation of military personnel. I also examine the potential
mechanisms through which the neighborhood food environment might influence children’s diet
and BMI and the role of the home food environment and parental supervision. In the second
paper, I explore the relationship between ambient air pollution and children’s cognitive
outcomes in elementary school years using several models including annual and cumulative
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measures of air pollution and child fixed effects. I also explore potential mechanisms by
examining the role of short‐term exposure and school absences. In the third paper, I examine
the heterogeneous effects of ozone exposure by child characteristics including socioeconomic
status, gender, asthma status, and regular outdoor exercise. These analyses further explore the
mechanisms of the effects of ozone exposure by examining how effects differ across children
based on their vulnerability to health or cognitive effects and their opportunities for exposure.
Chapter 5 presents the conclusions and key findings from the dissertation and discusses
policy and research implications.
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Chapter 2: Neighborhood and home food environment and Children’s diet and obesity:
Evidence from Military Personnel’s Installation Assignment
This paper has been previously published in: Social Science & Medicine 2016, 158: 122‐131.

Introduction
Childhood obesity remains a leading health concern with 34.5% of children aged 12‐19 years
overweight or obese and 20.5% obese in the U.S. in 2012 (Ogden et al. 2014). Obesity results when
energy consumption exceeds energy expenditure, but the factors that influence this energy imbalance
are complex and still not well understood. Given the high and increasing rates of child obesity over the
past three decades (Fryar et al., 2012), there is growing interest in population‐level prevention and the
role of social and environmental contexts (Larson and Story, 2009; Carroll‐Scott et al., 2013; Ding et al.,
2011). One potential contextual driver that has received substantial attention recently is the role of
neighborhood food environments.
Several federal and local policy initiatives are attempting to address the role of neighborhood
food environment by improving access to healthy foods and restricting access to unhealthy foods. For
example, the $400 million Healthy Food Financing Initiative, the Pennsylvania Fresh Food Financing
Initiative, and New York City’s Food Retail Expansion to Support Health include funding to encourage the
introduction of supermarkets in underserved areas. Another approach focuses on regulating the
opening of new fast food outlets through zoning laws (Wu and Sturm, 2013). The premise behind these
initiatives is that greater access to supermarkets and less access to fast food outlets will translate into
improvements in diets and health.
Despite the growing attention focused on the role of the neighborhood food environment, our
understanding of the empirical relationship between the neighborhood food environment and children’s
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diet and obesity is limited and primarily based on cross‐sectional studies (Larson and Story, 2009). The
limitations of the existing research include a focus on a single food industry (e.g., fast food or
supermarkets)(Lee, 2012), use of only objective or perceived measures of the environment (Caspi et al.,
2012), and lack of insight into the mechanisms underlying findings (Casagrande et al., 2009; Odoms‐
Young et al., 2009). Moreover, cross‐sectional studies may produce biased estimates if families self‐
select into neighborhoods based on their preferences for certain types of foods and other health‐related
behaviors that influence the risk of obesity. Therefore, one cannot assume that neighborhoods are
randomly or exogenously assigned and residential selection may confound estimates of how those
neighborhood characteristics affect behaviors and health. Results from a limited number of longitudinal
studies provide little evidence of a significant relationship between the neighborhood food environment
and children’s BMI and obesity. One longitudinal study that assessed outlet availability with two
different measures at the county‐level found a significant association between increased supermarket
outlets per 10 square miles and lower childhood BMI but did not find any significant associations for
supermarket outlets per 10,000 capita or for availability of other food outlets (Powell and Bao, 2009).
Another longitudinal study concludes that differential exposure to food outlets (measured as density in
their home census tract) does not explain weight gain in children followed from kindergarten through 5th
grade (Lee, 2012).
This study uses data from the Military Teenagers Environments, Exercise, and Nutrition Study
(M‐TEENS) to first examine the association of the neighborhood food environment (both objective and
perceived) with children’s dietary behaviors and BMI. An important advantage of studying children in
military families is that the relocation of military personnel provides unique variation in their families’
neighborhood environments. These relocations assign military personnel to new installations based on
military’s needs and are typically not influenced by family preferences (Lleras‐Muney, 2010). Therefore,
even cross‐sectional data are valuable because the neighborhood food environment among these Army

5

families is not subject to the same level of residential selection that undermines typical observational
studies. Moreover, these environments on and around military installations are likely to vary
considerably, in large part because of the significant variation in geographic location and size of the
installations. Other contributions include examining the potential mechanisms through which
neighborhood food environment might influence children’s diet/BMI to gain insight into the
relationships between the neighborhood food environment, where families shop for food, the home
food environment, how often families eat out, and children’s diet/BMI. Rather than focusing on just one
aspect of the food environment like most previous papers, this study provides a more complete
understanding of the neighborhood food environment using this rich set of data on where families
purchase food, the home food environment, children’s consumption, and children’s and families’
covariates. In summary, periodic military relocations of these families combined with our rich set of data
provide a unique and innovative opportunity to examine the associations and mechanisms between
neighborhood food environments and children’s dietary behaviors and BMI.
Conceptual framework
Figure 1 depicts our conceptual framework for understanding how neighborhood food
environment can influence children’s diet and BMI (relationship 1). The availability of food outlets in the
neighborhood is likely to influence children’s diet and consequently BMI through its influences on where
the family purchases food for the home and how often the family eats away from home (relationship 2).
Greater availability of supermarkets or convenience stores close to a family’s home might increase the
likelihood that the family shops for food at those outlets. Similarly, greater availability of fast food
outlets or restaurants might increase the frequency that the family eats outside the home. However,
these mechanisms may be weaker among children because children have limited autonomy to purchase
food and go out for food. Instead of shopping close to home, parents may shop at food outlets that are
close to or en route to their work, children’s school or other routine activities. Furthermore, parents
6

may influence the relationships between neighborhoods and children’s diet by making choices about
what to purchase for the home, setting limits on what the child is allowed to eat and influencing what
the child orders when eating out.
With respect to foods eaten at home, it is hypothesized that greater access to supermarkets
may support healthy home food environments (relationship 3) and consequently more healthful diets
because they typically stock a wide range of healthy foods and make these items available at lower
prices (Larson et al., 2009). However, supermarkets may also stock a wider variety of junk foods than
may be available in smaller stores because more total shelf space is devoted to junk foods (Farley et al.,
2009). Greater access to convenience stores and fast food outlets may support unhealthy eating
behaviors because they typically sell inexpensive energy‐dense foods and soda (Larson, et al., 2009).
However, the emerging empirical research from recent large and longitudinal studies suggests that the
food outlets available in a family’s neighborhood are not associated with children’s diet, BMI and
obesity (An and Sturm, 2012; Lee, 2012; Powell and Bao, 2009; Shier, et al., 2012; Sturm and Datar,
2005).
In contrast to the research on the neighborhood food environment, there is mounting evidence
that the home food environment – defined as the healthiness of foods available in the home– influences
children’s diet and BMI (relationship 4) (Cullen et al., 2003; Ding et al., 2012; Ebbeling et al., 2006;
Grimm, et al., 2004; Neumark‐Sztainer, et al., 2003; van Ansem et al., 2013). Access to fruits and
vegetables (Cullen, et al., 2003; Ding, et al., 2012; Neumark‐Sztainer et al., 2003; van Ansem, et al.,
2013), soft drinks (Ebbeling, et al., 2006; Grimm, et al., 2004), and snack foods at home have been
associated with increased consumption among children. This suggests that readily available healthful
foods are likely to enhance healthful dietary behaviors among families.
The empirical evidence is more consistent for away‐from‐home foods eaten at fast food outlets
and full‐service restaurants. Fast food consumption has been associated with more fat, sodium, sugars,
7

and soda and less fruits, vegetables, fiber, and milk in child diets (relationship 5) (Bauer et al., 2009;
Bowman et al., 2004; Powell and Nguyen, 2013). Further, a study of children and adolescents finds that
similar to fast food, full‐service restaurant consumption is associated with increased daily total energy
intake, sugar, fat, and soda (Powell and Nguyen, 2013). Thus, away‐from‐home food consumption is
associated with greater total calorie intake, which is particularly important because children are
increasingly eating away‐from‐home foods (Poti and Popkin, 2011).
Finally, there may be certain types of parents with preferences for healthy family diets. A
potential proxy for parental preferences for healthy diets is parental supervision of the children’s diets.
Therefore, an important aspect of the framework is the role of parental supervision as a confounder to
the influences of the home food environment and away‐from‐home food consumption (relationships 6
and 7). Parents with preferences for healthy diets (and parental supervision of diets) may have
healthier home food environments, eat fewer meals out of the home, and have healthier child diet
behaviors. Two measures of parent supervision are family meals and limits on child intake of junk
foods. Parents who participate in family meals or set limits on children’s intake of junk foods may have
healthier foods in the home or limit fast food intake and influence their children’s dietary choices
overall. Frequency of family meals together has been positively associated with child consumption of
fruits, vegetables, and grains, and less fried foods, soda, and fat (French et al., 2003; Neumark‐Sztainer
et al., 2003).

Empirical approach
The main objective of our study is to determine the association between the neighborhood food
environment and children’s dietary behaviors, BMI, and overweight/obesity (relationship 1). We
estimate this relationship using the multiple linear regression model in the equation below. The primary
explanatory variable of interest is the neighborhood food environment (NFE).
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Yi =  +  NFEi +  Xi + i
The main coefficient of interest is , which captures the relationship between the neighborhood food
environment and the child’s dietary behaviors, BMI and obesity (Y). The vector (X) includes
contemporaneous child, family and contextual covariates that may influence diet and BMI. Standard
errors are adjusted for clustering within installations. We examine this relationship using both objective
and perceived measures of the neighborhood food environment separately.
An additional objective of the study is to unpack the potential mechanisms through which the
neighborhood food environment might influence children’s diet/BMI as presented in the conceptual
framework. We first examine how the neighborhood food environment is associated with where the
family shops for or accesses food. For example, greater availability of certain types of food outlets in
one’s neighborhood might increase the likelihood that the family shops or eats at those outlets. We test
this hypothesis by estimating relationship (2) separately for food‐at‐home and away‐from‐home foods.
For food‐at‐home, the dependent variable measures where the family primarily shops for grocery items.
For away‐from‐home foods, the dependent variable measures the number of meals or snacks from fast
food outlets and number of evenings the family eats at a restaurant or gets take out dinner per week.
For food‐at‐home, we then examine whether the family’s primary grocery food shopping source
is associated with the family’s home food environment (relationship (3)). The home food environment
measures the healthiness of food available in the home. We then examine how the home food
environment is associated with children’s outcomes (relationship 4). Similarly, for away‐from‐home
foods, we examine how the number of meals eaten at fast food outlets or restaurants influenced
children’s outcomes (relationship (5)).
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Finally, we examine how parental supervision influenced the relationship between the home
food environment (relationship 6) and fast food/restaurant meals (relationship 7) on children’s
outcomes.
Data
M‐TEENS is a longitudinal study of families of Army‐enlisted personnel located at 12 Army
installations in the continental U.S. The 12 installations are distributed across all four Census regions:
West (Joint Base Lewis‐McChord, Fort Carson), Northeast (Fort Drum), South (Fort Bragg, Fort Benning,
Fort Bliss, Fort Campbell, Fort Hood, Fort Polk, Fort Stewart) and Midwest (Fort Polk, Fort Riley, Fort Sill).
Installations were selected to represent a majority of the Army active duty enlisted population with
eligible children. Recruitment was conducted March to December 2013 via emails to the service
members’ military email and mailings sent to their home address, which were obtained from the
Defense Manpower Data Center. Due to concerns about outdated contact information of this mobile
population and typically low response rates in this population (2014 Health Care Survey of DoD
Beneficiaries; Tanielian et al. 2014), 8545 families were initially contacted, of which 2106 completed the
eligibility screener. Families were eligible to participate if: 1) the Army‐enlisted parent intended to stay
in the Army for the coming year; 2) the 12‐ or 13‐year old child resided with the enlisted parent at least
half‐time; and 3) the child was enrolled in public or Department of Defense Education Activity school.
Of those screened, 1794 were eligible and 1188 consented to participate. This study uses data from the
baseline surveys conducted in 2013.
The eligible 12‐ or 13‐year old child and a parent completed online or paper surveys. The child
survey focused on the child’s dietary behaviors, food purchases at school, and physical activity. The
parent survey focused on the family’s background, the residential neighborhood, the home
environment, and the family’s dietary and exercise behaviors. A total of 1052 parents and 933 children

10

completed the surveys with completed surveys for a total of 903 child/parent pairs. The child’s height,
weight, and waist circumference were also measured by trained field staff during visits to the 12
installations.
The study leverages unique quasi‐random variation in neighborhood environments generated
by the assignment of military personnel to installations to serve the military’s needs. This assignment
process renders even cross‐sectional data valuable because the distribution of families across
installations at any given point in time is potentially exogenous to the study outcomes.
The study was approved by the Institutional Review Boards at RAND and University of Southern
California and by the Army’s Human Research Protection Office.
Measures
BMI and overweight/obesity
BMI and overweight/obesity are primary outcome measures. One important advantage of the
M‐TEENS is that height and weight measurements were not only reported by parents and children, but
were also collected by trained study staff for a subsample of children (N=522) who were able to attend
the onsite installation visits. Given that only 58% of the sample had height and weight measurements,
we used these observations as a validation sample to estimate “correction models” that are a standard
approach in the literature (Cawley, 2002, 2004). For boys and girls separately, the measured height
(weight) was regressed on the corresponding self‐reported and parent‐reported height (weight),
quadratic term of height (weight), age in months, and indicators of race‐ethnicity. The regression
estimates were used to predict corrected children’s height (weight) in the overall sample. These models
yielded very high model‐fit (Adjusted R2 =77.4 for height, 88.3 for weight) and low classification error for
obesity (sensitivity, or true positive: 77‐85%, specificity, or true negative: 96‐99%). Detailed findings
from these models are reported elsewhere (Ghosh‐Dastidar et al., 2016). There were no statistically
11

significant differences between the measured and unmeasured children in terms of their self‐reported
BMI or overweight/obese status or in family background characteristics, with one exception ‐ those who
were measured were more likely to live on‐installation, which is not surprising given that the
measurement visits were hosted at an installation youth center. Using the predicted height and weight,
we constructed age‐ and gender‐specific BMI z‐score and BMI percentile based on the 2000 BMI‐for‐age
and gender growth charts issued by the Centers for Disease Control and Prevention. A child was
classified as obese or overweight if the BMI percentile was greater than or equal to 85.
Dietary behaviors
We also examine outcomes measuring children’s dietary behaviors. These were collected via a
modified version of the Beverage and Snack Questionnaire (Neuhouser et al., 2009) which asks about
frequency of consumption of fruits, vegetables, soda, and types of salty snacks and sweets, among other
beverages and foods during the past 7 days. The survey response categories (never, 1‐3 in past 7 days,
4‐6 in past 7 days, 1 per day, 2 per day, 3 per day, 4+ per day) were converted into times per week (0, 2,
5, 7, 14, 21, 28+). We created a weekly measure of salty snacks and sweets by summing responses to the
relevant questions: salty snacks (low‐fat or non‐fat chips; regular chips; other salty snacks) and sweets
(candy; doughnuts or other pastries; cookies, brownies, pies and cakes; low fat or nonfat frozen
desserts; regular ice cream and milkshakes). Children were also asked how often they ate a dinner that
was ready‐made in the past 7 days. Parents were asked how often the family had a dinner that was
ready‐made in the past week.
Objectively measured neighborhood food environment
Objective measures of the neighborhood food environment summarized the availability and
number of various food outlets within certain radii from the family’s home. Home addresses provided
by parents were geocoded to a position along the street network using the 10.0 U.S. Streets Address
12

Locator within ArcGIS (ESRI, Redlands CA). Circular buffers around the family’s home were computed
using 0.5‐, 1‐ and 2‐mile radii from each family’s home to generate counts of fast food outlets,
restaurants, supermarkets, small grocery stores, and convenience stores within the buffers. The food
outlet data were geocoded to latitude and longitude based on the 2012 release of InfoUSA, a dataset of
all business establishments that includes the name, location, sales volume, and North American Industry
Classification System (NAICS). Fast food outlets were identified as limited service restaurants (NAICS
722513). Our set of fast food outlets also includes the outlets from the National Restaurants Association
list of top 100 fast‐food chains. The NAICS were used to identify restaurants ( NAICS 7225511),
supermarkets with annual sales greater than $2 million (NAICS 445100), small grocery stores with
annual sales less than or equal to $2 million ( NAICS 445100), and convenience stores (NAICS 445120).
We constructed a similar measure for warehouse/megastores, but there was almost no variation in the
measure: 99% of families had no warehouse/megastore within 2 miles of the home. Commissaries are
another shopping outlet alternative for military personnel, but were not identified in the data;
moreover, we assumed that all military personnel have access the commissary during their time on the
installation which implies no variation in this measure across families. Among the three distances, the 2‐
mile radius was selected as the main objective measure because it is consistent with the literature (Ball,
Timperio, & Crawford, 2006) and provides sufficient variation.
Perceived neighborhood food environment
Parents completed the parent version of the Neighborhood Environment Walkability Scale –
Youth version (NEWS‐Y) (Adams et al., 2009; Saelens et al., 2003). To correspond to the objective
neighborhood food environment measures, individual questions from the NEWS‐Y were utilized,
including how long it would take the parent to walk from the home to the nearest convenience/corner
store/small grocery store/bodega, supermarket, fast food restaurant, and non‐fast food restaurant.
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Responses included: 1‐5, 6‐10, 11‐20, 21‐30, and 31+ minutes. Based on these data, we created
indicator variables for whether there was a parent‐reported store (of each type) within a 20 minute walk
from home.
Where family accesses food
Regarding food‐at‐home, parents were asked where the family most often shops for each of the
following grocery items: fruits and vegetables; meat, fish, eggs, beans; milk and dairy products; bread,
rice, pasta, cereals, other grains. Indicator variables were constructed to indicate whether the family
shops most often for groceries at the commissary, supermarket, convenience or small grocery store,
warehouse or mega store, or other by selecting the modal food shopping location.
For away‐from‐home foods, children were asked how many times they ate a meal or snack from
a fast food restaurant in the past 7 days. The survey response categories (never, 1‐3 in past 7 days, 4‐6
in past 7 days, 1 per day, 2 per day, 3 per day, 4+ per day) were converted into times per week (0, 2, 5,
7, 14, 21, 28+). Children who ate at least one fast food meal in the past 7 days were asked where they
most often got it from (on‐post or off‐post). Parents were also asked, in a typical week, how many
evenings their family eats out at a restaurant or gets take‐out dinner (response categories were 0 to 7).
Home food environment
The home food environment variable measured the “healthiness” of the food available in the
home by summarizing how much parents agree or disagree with the following statements about the
food environment in their home: most of the food in the house is healthy; there are a lot of salty snacks
in our house (reverse coded); there are a lot of sweets in our house (reverse coded); there are a lot of
other high‐fat foods in our house (reverse coded); there are a lot of sweetened beverages in our house
(reverse coded); a variety of healthy foods is available to my child at each meal served at home. The
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response categories included strongly disagree, somewhat disagree, neutral, somewhat agree, and
strongly agree.
These six items were summed to create an overall score for the home food healthiness. Higher scores
indicated a healthier home food environment.
Parental supervision and children's dietary behaviors
Two sets of variables captured parental supervision on children’s dietary behaviors. First we
created a measure of the parents’ rules for snack foods. Parents were asked what limits, if any, their
family set on the child’s intake of the following foods and beverages: Sugary drinks, Salty snacks, and
Sweets. Parent responses included No limit, 0‐1 per week; 2‐3 per week, 4‐6 per week, 1 per day, 2 per
day, 3 per day, and 4 or more per day. These items we recoded to dichotomous variables indicating
whether the family had set a limit of three or fewer servings per week. Second, parents were asked
separate questions about how many days per week the family eats breakfast and dinner together.
Other covariates
We included child, family and contextual covariates that may influence dietary and BMI
outcomes such as the child’s age in months, gender, race/ethnicity (non‐Hispanic white, non‐Hispanic
black, Hispanic/Latino, other), education levels of both parents (less than high school, high school
graduate or equivalent, some college, and college graduate or higher), household income (<=$40,000;
$40,001‐$50,000; $50,001‐$75,000; $75,001 or higher), marital status, and number of children in
household, whether the family lives on‐post, and region (west, south, midwest, northeast, other). In
addition, two measures of residential location preference (how important proximity to supermarkets
and proximity to restaurants were to selection of family residence) were included in the regressions that
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examine the neighborhood food environment and dietary behaviors. These measures of residential
location preference adjust for one aspect of self‐selection.
Results
Descriptive statistics of the M‐TEENS sample are presented in a previous paper (Datar et al.,
2015). The mean age of children was 13.2 years. Almost 41% of the sample were White, non‐Hispanic
(40.8%), 20.7% were Black, non‐Hispanic, 24.6% were Hispanic/Latino, and 13.9% were other. Almost
44% had an income of less than or equal to $50,000. The 903 children in the M‐TEENS sample lived in
408 Census Block Groups.
Approximately 26% of the children in the sample were obese or overweight. The average
number of servings of fruits (8.9), vegetables (8.1), soda (3.1), sweets (12.5) and salty snacks (7.6) per
week are reported in Table 1 as are the number of child‐ and parent‐reported ready‐made meals (1.3
and 0.9) per week. Most families shopped at the commissary (57.7%) followed by discount/big
box/wholesale clubs (16.6%), supermarkets (15.3%), convenience/small grocery stores (1.9%) and other
outlets (8.5%). Many families reported having limits on sugary drinks (64.4%), salty snacks (50.1%) and
sweets (59.7%). On average, the families ate dinner together (5.5 times per week) twice as often as
breakfast together (2.7 times).
There was considerable variation across food outlet types and across families. The modal
number of fast food outlets and restaurants was 5+, but almost one in four families had no fast food
outlets and 14.4% had no restaurants within 2 miles of their home. Convenience stores, small grocery
stores, and supermarkets were less common with modal responses of 1‐2 convenience stores and 0
small grocery stores and supermarkets. Using parent‐perceived measures of outlets within a 20‐minute
walk, convenience stores/small grocery stores were most common (72.4%) followed by supermarkets
(44.6%), fast food outlets (44.2%) and restaurants (31.9%).
16

Neighborhood food environment and child BMI and dietary behaviors
Table 2 presents the estimated adjusted associations between the objective and parent‐
perceived neighborhood food environment and the child’s BMI and dietary behaviors.
The top panel presents the results using the objective measures of the neighborhood food
environment using the 2‐mile radius from the child’s home. Most of the estimated coefficients were
close to zero and none were statistically significant. The bottom panel presents the results using the
parent‐perceived measures of the neighborhood food environment. Again, there were no significant
associations between the neighborhood food environment and child’s dietary behaviors, BMI, or
overweight/obese. Sensitivity analyses using alternative radii of 0.5 and 1 mile produced qualitatively
similar findings.
The results thus far suggest that there are no significant relationships between the availability of
fast food outlets, restaurants, convenience stores, small grocery stores, and supermarkets in the child’s
neighborhood and their BMI, obesity or diet. These results are consistent with recent larger cross‐
sectional and longitudinal studies examining food availability and children’s outcomes (An and Sturm,
2012; Lee, 2012; Powell and Bao, 2009; Shier et al., 2012; Sturm and Datar, 2005).
Neighborhood food environment and where family accesses food
Next, we provide insight into why living in neighborhoods with fewer supermarkets or more
convenience stores or fast food outlets might not contribute to “unhealthy” diets among children.
Specifically, we examined whether the availability of certain food outlets is related to where a family
shops for or eats food.
There were no significant relationships between the availability of particular food outlets and
where the family shops for groceries (Table 3). In fact, families with a supermarket within 2 miles of
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home were no more likely to shop at a supermarket than those who have without (Table 3). These
findings may be because families are willing to travel further than two miles from their home to grocery
shop. Families may shop for groceries at stores close to the parents’ work, their children’s schools, or
other convenient locations. In our sample, most families shopped at the on‐post Commissary (i.e.,
where at least one parent works and items are sold at lower prices) or a discount, big box store, or
wholesale club even though many families live off‐post and almost none live within 2 miles of a
wholesale club. This suggests that affordability may be an important consideration. Relatedly, a recent
nationally representative survey of households found that households do not shop at the nearest
supermarket, even if they walk, bike, or use public transportation to get to the store (Ver Ploeg, et al.,
2015). A study of residents in a food desert also found that they did not rely on the neighborhood
stores, but bypassed closer stores to shop at a preferred supermarket (Dubowitz et al., 2015).
The results were similar when we examined the relationships for food outlets offering prepared
foods. Children with fast food outlets or restaurants did not consume more fast food meals/snacks or
restaurant and take‐out meals per week (Table 4), respectively. Further, most children reported that
they most often got fast food from locations off‐post even if they lived on‐post.
Food‐at‐home: home food environment and children’s diet and BMI
Next, we examined whether the type of food outlet the family shops at was related to the
healthiness of foods available at home, children’s diet, and BMI. The regressions indicate that where
the family shops for groceries is not associated with the healthiness of food available at home (Table 5).
In particular, even shopping at a supermarket was not associated with healthier food environment at
home. The estimated relationships with children’s diet were also small and non‐significant with one
exception. Compared to shopping at the Commissary, shopping at convenience/small grocery stores
was associated with children eating fewer ready‐made dinners (‐0.993). While these results may initially
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seem counterintuitive, most families shopped at supermarkets or the Commissary that may provide
greater opportunity for junk food purchases given that all food outlets devote more shelf space to
unhealthy items than healthy items and supermarkets offer more total shelf space (Farley et al., 2009).
We found evidence of significant relationships between the home food environment and
children’s diet. Healthier home food environments as reported by the parents were significantly
associated with higher consumption of fruits and vegetables, less consumption of soda, salty snacks, and
sweet snacks, and fewer dinners of ready‐made food among children (Appendix). Although we found no
significant association with BMI and overweight or obese, these results underscore the importance of
the role that parents can play in contributing to the obesogenic environment at home.
Away‐from‐home foods: fast food and restaurant meals and child dietary behaviors and BMI
Consistent with the existing literature (Bauer et al., 2009; Bowman et al., 2004; Powell and
Nguyen, 2013), we also found evidence of significant relationships between fast food and restaurant
consumption and children’s diet (Appendix). An additional fast food meal/snack per week was
associated with lower frequency of eating fruit (‐0.580) and vegetables (‐0.442) and higher frequency of
drinking soda (0.489), eating sweet snacks (1.056) and eating salty snacks (0.430). An additional
restaurant meal per week was associated with eating vegetables fewer times per week (‐0.611), drinking
more soda more times (0.362) and eating ready‐made dinners (0.249) more times per week. However,
these results are more likely to be biased due to endogeneity since the same factors may contribute to
the choice to eat at a fast food outlet and the choice of what to eat overall. Children who eat a lot of fast
food or restaurant meals may also eat lower quality foods at home. We found no significant
relationships with BMI or the probability of being overweight or obese.
Parental supervision and children’s diet and BMI
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Finally, we examined the role of parental supervision defined as limits on sugary drinks, salty
snacks, and sweets and the number of breakfast meals and dinner meals eaten together. With few
exceptions, the significant relationships between the home food environment and children’s diet and
between fast food meals/snacks and diet were robust to the addition of parental supervision covariates
(Appendix and Table 6) suggesting that parental supervision has a separate influence on dietary
behaviors. In both food‐at‐home (Table 6, Panel A) and away‐from‐home regressions (Table 6, Panel B),
setting limits was significantly associated with children consuming fewer sugary drinks and salty snacks,
but not sweet snacks. Finally, eating an additional dinner, but not breakfast, together as a family was
associated with children eating fewer ready‐made dinners. These results confirm a strong relationship
between parental supervision and children’s diet.
Conclusion
Several recent federal and local policies and programs focus on promoting access to
supermarkets and restricting access to fast food outlets despite growing evidence that availability of
particular food outlets may not be associated with diet and BMI among children and adolescents (An
and Sturm, 2012; Lee, 2012; Shier et al., 2012). This study adds to the growing body of evidence that the
availability of supermarkets close to home is not associated with positive children’s dietary outcomes,
lower BMI and lower probability of overweight/obesity and, similarly, that the availability of fast food
outlets and convenience stores is not associated with negative outcomes among children. These
confirmatory findings are noteworthy given that our sample of military families, whose relocation
generates unique variation in neighborhood environments, is not subject to the same level of residential
selection that undermines typical observational studies and that we examine both perceived and
objective measures of multiple aspects of the environment.
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Our additional contributions are a rich exploration of 1) the potential reasons for these null
findings and 2) the role of the home environment and parental supervision on children’s dietary
behaviors. The availability of grocery food outlets was not associated with where a family shopped for
groceries and the family’s choice of outlet was not associated with the healthiness of the food in the
home nor children’s diet. Likewise, the availability of fast food outlets was not associated with how
often children eat fast food meals. However, we did find significant associations between both the
healthiness of food available at home and consumption of fast food and restaurant meals as well as
measures of parental supervision on children’s diet.
An important limitation of this study is the quality of the InfoUSA business dataset, as field
observations have been found to have only fair to good agreement with commercial data(Bader et al.,
2010; Powell et al., 2011) which increases the noise and the probability of a null finding. However, we
also found no association between whether the parent‐perceived food outlets were close to home and
children’s diet. Another option would have been field observations, but that would be infeasible for
such a large and geographically‐dispersed sample of participants. Second, neighborhoods were defined
using Euclidean distance to measure the 2‐mile buffer, but a street network distance might provide
better measure of travel distance or time. Third, there may be remaining selection bias because families
can choose where to live around their assigned installation. However, two measures of residential
location preference were included in the analyses that examined the neighborhood food environment,
which adjust for one aspect of self‐selection. Finally, our data focuses on families with an Army‐enlisted
parent in an effort to address the common concern regarding neighborhood selection, but, as a result,
our findings may not be completely generalizable. These families exhibit similar patterns of obesity and
related behaviors as civilian populations and the availability of a commissary may provide a similar
affordable shopping option to big box or discount stores available to civilian families, which suggests
that our findings may provide some insights for civilian populations living in similar environments.
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The main take‐away from our analyses is that focusing only on the availability of particular food
outlets in the neighborhood may ignore other important factors, including how families make decisions
about food purchases and where to shop for foods, availability of healthy foods at home, consumption
of fast food and restaurant meals, and parental limits, that may collectively impact children’s obesity
and dietary behaviors. However, we caution that our models examining the healthiness of the home
food environment, consumption of fast food and restaurant meals, and parental limits and children’s
outcomes are vulnerable to bias from potential endogeneity because unobserved individual
characteristics may be correlated with the explanatory variables and children’s outcomes. Given the
current research and policy emphasis on the neighborhood food environment, policy initiatives and
interventions could focus greater attention on the home food environment and the role of parents.
Parents have a central role in helping to shape their children’s dietary habits (Savage et al., 2007).
Parents can help promote healthy eating behaviors through the types and amounts of foods available in
the home (Cullen et al., 2003; Jago et al., 2007; Kratt et al., 2000) and accessibility of foods in home (e.g.,
having fruits on the counter) (Cullen et al., 2003). Modeling healthy food consumption (Arcan et al.,
2007; Fisher et al., 2002; Young et al., 2004) is also important. Parent fruit and vegetable intake has
been associated with fruit and vegetable intake among children (Hanson et al., 2005; Fisher et al., 2002).
Child dietary behaviors may also be influenced by parenting practices. Authoritative parenting styles
that are firm but warm (likely to set limits for children based on reasoning rather than intimidation) have
been associated with greater intake of fruit and vegetables and lower intake of junk food (Gable and
Lutz, 2000; Lytle et al., 2003), while authoritarian (firm and likely to set rigid limits with punishment) and
permissive (warm but not firm and less likely to set limits) parenting styles may not have the intended
effect and lower intakes of fruits and vegetables (Cullen et al., 2000; De Bourdeaudhuij, 1997; Patrick
and Nicklas, 2005). The home environment can either facilitate or inhibit healthy eating among children
and parents play a key role in maintaining and supporting the home environment. Future research and
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interventions should address the complexity of the role of the home environment and familial influences
on child diet and obesity.
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Tables and Figures
Figure 1: Conceptual model of relationship between neighborhood food environment and child diet and
BMI
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Table 1: Summary statistics of the study sample

Child BMI z‐score
Child overweight or obese
Times per week
Fruits
Vegetables
Soda
Sweets
Salty snacks
Ready‐made food (child‐reported)
Ready‐made food (parent‐reported)
Objective measures: food outlets within 2‐miles of home
Fast food
0
1‐2
3‐4
5+
Restaurants
0
1‐2
3‐4
5+
Convenience stores
0
1‐2
3‐4
5+
Small grocery stores
0
1‐2
3‐4
5+
Supermarkets
0
1‐2
3‐4
5+
Perceived measures: food outlets within 20‐minute walk of
home
Fast food
Restaurants
Convenience/small grocery stores
Supermarkets
Most shopping done at:
Commissary
Supermarket
Convenience/small grocery store
Discount or big box store or Wholesale club
Other
Home food healthiness

% or Mean (SD)
0.41 (1.02)
26.2%
8.9 (7.7)
8.1 (7.1)
3.1 (4.6)
12.5 (13.8)
7.6 (8.9)
1.3 (1.8)
0.9 (1.1)

22.1%
17.3%
13.0%
47.6%
14.4%
17.1%
19.1%
49.4%
30.8%
56.2%
13.0%
0.0%
61.0%
26.2%
8.2%
4.6%
61.4%
32.8%
5.6%
0.2%

44.2%
31.9%
72.4%
44.6%
57.7%
15.3%
1.9%
16.6%
8.5%
22.0 (4.5)
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Limits on child intake (<=3 servings per week)
Sugary drinks
Salty snacks
Sweets
Meals eaten as family per week
Breakfast
Dinner

64.4%
50.1%
59.7%
2.7 (2.1)
5.5 (1.7)

Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013).
Notes: SD: Standard deviation
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Table 2: Regression estimates of the association between objective and perceived neighborhood food environment and children’s BMI and
dietary behaviors
Times per week
Overweight or
obese
Coef (SE)

BMI z‐score
Coef (SE)

Fruits
Coef (SE)

Vegetables
Coef (SE)

Soda
Coef (SE)

Sweet
snacks
Coef (SE)

Salty
snacks
Coef
(SE)

Ready‐
made
dinner
Coef (SE)

Ready‐made
dinner
(parent)
Coef (SE)

Objective Measures: Number of food outlets within 2 miles of home
Fast food
Restaurant
Convenience store
Small Grocery store
Supermarket

Fast food
Restaurant
Convenience store
Supermarket

0.000

‐0.001

0.014

0.068*

0.006

‐0.040

‐0.056*

0.003

0.003

(0.002)

(0.004)

(0.037)

(0.033)

(0.025)

(0.033)

(0.026)

(0.011)

(0.006)

‐0.001

‐0.001

0.001

0.016

0.005

0.023

‐0.014

‐0.003

‐0.002

(0.001)
‐0.019
(0.016)
‐0.001
(0.004)
0.011
(0.014)

(0.002)
0.007
(0.039)
0.004
(0.010)
0.025
(0.028)

(0.011)
‐0.011
(0.160)
‐0.014
(0.043)
‐0.319*
(0.173)

(0.012)
0.254
(0.199)
0.033
(0.080)
0.037
(0.154)

(0.009)
0.035
(0.212)
0.007
(0.054)
‐0.113
(0.085)

(0.017)
‐0.358
(0.452)
‐0.110
(0.168)
‐0.103
(0.325)

(0.008)
‐0.255
(0.288)
‐0.027
(0.051)
‐0.458*
(0.192)

(0.004)
0.026
(0.060)
‐0.019
(0.025)
‐0.036
(0.071)

(0.003)
‐0.040
(0.048)
0.016
(0.011)
‐0.018
(0.033)

Perceived Measures: Parent reported whether food outlet within 20 minute walk of home
0.020
0.020
‐0.416
‐0.736
‐0.432
‐0.912
‐0.092
(0.030)
(0.051)
(0.926)
(0.763)
(0.271)
(1.388)
(0.594)
0.023
‐0.013
‐0.200
‐0.174
‐0.415
‐0.981
‐0.196
(0.034)
(0.058)
(0.785)
(0.784)
(0.388)
(0.895)
(0.445)
‐0.018
0.010
‐0.423
‐0.234
‐0.184
0.744
‐0.157
(0.033)
(0.088)
(1.121)
(0.739)
(0.296)
(0.829)
(0.544)
‐0.002
0.051
‐0.150
‐0.140
‐0.535*
‐0.843
‐0.548
(0.024)
(0.047)
(0.767)
(0.663)
(0.238)
(1.019)
(0.452)

‐0.110
(0.148)
‐0.124
(0.135)
‐0.238
(0.154)
‐0.151
(0.125)

‐0.057
(0.063)
‐0.078
(0.058)
‐0.059
(0.056)
‐0.062
(0.053)

**p<0.01, *p<0.05
Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013). Sample size ranges from 778 to 941.
Notes: SE = Standard Error. Each cell represents a separate regression. All regressions controlled for child, family, and contextual covariates and how important
proximity to supermarket or produce market and restaurants were in selecting family’s current residence.
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Table 3: Regression estimates of the association between objective neighborhood food environment and where families shop for food
Family shops for food at:

Food stores available within 2 mile of home
Has at least one Supermarket
Has at least one Small grocery store
Has at least one convenience store

Commissary
Coef (SE)

Supermarket
Coef (SE)

Small
grocery/conv
store
Coef (SE)

‐0.021
(0.047)
0.011
(0.042)
‐0.027

0.014
(0.032)
‐0.001
(0.019)
0.051

‐0.001
(0.011)
0.011
(0.009)
‐0.009

(0.043)
(0.025)
(0.012)
**p<0.01, *p<0.05
Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013). Sample size is 945.

Warehouse/ Mega
store
Coef (SE)
‐0.006
(0.026)
‐0.028
(0.042)
‐0.023
(0.038)

Notes: SE = Standard Error. Reference group is no food store. Each column represents a separate regression.
All regressions controlled for child, family, and contextual covariates.
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Table 4: Regression estimates of the association between objective
neighborhood food environment and fast food outlet and restaurant meals

Food outlets available
within 2 mile of home
Has at least one
restaurant
Has at least one fast food
outlet

Number of fast food
meals/snacks
Coef (SE)
0.022
(0.158)
0.210

Number of
restaurant or
take‐out dinners
Coef (SE)
‐0.035
(0.103)
0.0432

(0.100)
(0.085)
**p<0.05, *p<0.10
Source: Military Teenagers’ Environments, Exercise and Nutrition Study,
wave 1 (2013). Sample size ranges from 815 to 945.
Notes: SE = Standard error. Reference group is no food outlet. Each
column represents a separate regression. All regressions controlled for
child, family, and contextual covariates.
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Table 5: Regression estimates of the association between where families shop for food and home food environment/child’s dietary behaviors
Times per week

Supermarket
Small grocery/
convenience
Warehouse/
Mega store

Other

Home food
healthiness
Coef (SE)

Fruits
Coef (SE)

Vegetables
Coef (SE)

Soda
Coef (SE)

Sweet snacks
Coef (SE)

Salty snacks
Coef (SE)

Ready‐made
dinner
Coef (SE)

‐0.406
(0.451)

‐0.083
(0.846)

0.515
(0.777)

0.680
(0.504)

1.205
(1.524)

0.994
(0.964)

0.123
(0.191)

Ready–made
dinner
(parent)
Coef (SE)
0.149
(0.112)

‐0.865
(1.137)

0.662
(2.016)

0.744
(1.845)

‐1.556
(1.194)

‐4.430
(3.530)

‐4.345
(2.361)

‐0.993*
(0.456)

‐0.244
(0.277)

0.059
(0.435)

‐0.399
(0.804)

‐0.046
(0.735)

0.677
(0.477)

1.833
(1.420)

0.059
(0.919)

‐0.137
(0.182)

0.209
(0.108)

0.990
(0.556)

1.766
(0.980)

0.512
(0.902)

‐0.184
(0.580)

1.928
(1.746)

0.675
(1.114)

‐0.035
(0.223)

0.005
(0.137)

**p<0.01, * p<0.05
Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013). Sample size ranges from 786 to 950.
Notes: SE = Standard error. Reference group is shopping at the Commissary. Each column represents a separate regression.
Home food healthiness is a summary score of 6 parent questions about food in the home. Higher score indicates healthier home food
environment.
All regressions controlled for child, family, and contextual covariates.
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Table 6: Regression estimates of the association between home food healthiness, eating out, parent supervision, and child dietary behaviors and
BMI
Times per week
Overweight or
Obese
Coef (SE)

Vegetables
Coef (SE)

Soda
Coef (SE)

Sweet
snacks
Coef (SE)

Salty
snacks
Coef (SE)

Ready‐made
dinner
Coef (SE)

Ready‐made
dinner
(parent)
Coef (SE)

0.328**

0.288**

‐0.121**

‐0.275*

‐0.139

‐0.025

‐0.055**

(0.068)

(0.062)

(0.038)

(0.116)

(0.076)

(0.015)

(0.009)

BMI z‐
score
Coef (SE)

Fruits
Coef (SE)

‐0.002

0.003

(0.004)

(0.009)

Panel A: Food‐at‐home
Home food
healthiness
Limits on soda

0.040

0.108

0.087

0.525

‐1.598**

‐2.329

‐0.787

‐0.181

0.022

(0.041)

(0.092)

(0.696)

(0.633)

(0.393)

(1.204)

(0.783)

(0.153)

(0.090)

Limits on salty
snacks

‐0.040

‐0.089

0.505

0.914

0.102

0.365

‐2.125**

‐0.061

‐0.103

(0.041)

(0.093)

(0.702)

(0.642)

(0.398)

(1.218)

(0.794)

(0.155)

(0.092)

Limits on sweet
snacks

‐0.029

‐0.105

‐0.724

‐0.727

0.263

‐1.550

0.593

‐0.191

0.076

(0.044)

(0.100)

(0.750)

(0.685)

(0.424)

(1.306)

(0.847)

(0.166)

(0.098)

Days family eats
breakfast together

‐0.014
(0.008)

‐0.020
(0.018)

0.078
(0.138)

0.082
(0.126)

‐0.079
(0.078)

0.125
(0.240)

‐0.047
(0.156)

‐0.007
(0.030)

‐0.013
(0.018)

Days family eats
dinner together

0.017*

0.012

0.143

0.301

‐0.059

‐0.505

0.084

‐0.168**

‐0.141**

(0.010)

(0.023)

(0.173)

(0.157)

(0.097)

(0.298)

(0.195)

(0.038)

(0.022)

0.011
(0.022)

‐0.532**
(0.165)

‐0.388*
(0.151)

0.427**
(0.095)

0.922**
(0.287)

0.352
(0.189)

0.186**
(0.036)

0.008
(0.023)

‐0.015
(0.040)

0.070
(0.301)

‐0.524
(0.273)

0.208
(0.173)

0.428
(0.521)

0.098
(0.345)

0.032
(0.066)

0.202**
(0.041)

0.122
(0.093)
‐0.070
(0.093)
‐0.107
(0.100)

0.149
(0.693)
0.741
(0.697)
‐0.039
(0.747)

0.515
(0.628)
1.117
(0.634)
‐0.259
(0.678)

‐1.625**
(0.397)
0.042
(0.401)
0.202
(0.429)

‐2.563*
(1.196)
‐0.214
(1.208)
‐1.082
(1.296)

‐0.670
(0.789)
‐2.307**
(0.798)
0.687
(0.854)

‐0.137
(0.152)
‐0.049
(0.154)
‐0.166
(0.165)

‐0.040
(0.095)
‐0.208*
(0.096)
0.034
(0.103)

Panel B: Away‐from home foods
Number of fast
‐0.000
food meals/snacks
(0.010)
Number of
0.005
restaurant or take‐
(0.018)
out dinners
0.042
Limits on soda
(0.041)
Limits on salty
‐0.040
snacks
(0.041)
Limits on sweet
‐0.035
snacks
(0.044)
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Days family eats
breakfast together

‐0.014
(0.008)
0.015
(0.010)

‐0.020
(0.018)
0.010
(0.023)

0.153
(0.135)
0.251
(0.170)

0.106
(0.123)
0.400**
(0.154)

‐0.118
(0.078)
‐0.051
(0.097)

‐0.021
(0.234)
‐0.363
(0.292)

‐0.080
(0.154)
0.095
(0.195)

Days family eats
dinner together
**p<0.01, *p<0.05
Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013). Sample size ranges from 764 to 913.

‐0.005
(0.030)
‐0.161**
(0.037)

‐0.017
(0.019)
‐0.154**
(0.023)

Note: SE = Standard Error. Each column within the panel represents a separate regression.
Home food healthiness is a summary score of 6 parent questions about food in the home. Higher score indicates healthier home food environment.
All regressions controlled for child, family, and contextual covariates.
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Appendix Table: Regression estimates of the association between home food healthiness, eating out, and child dietary behaviors and BMI
Times per week
Overweight or
Obese
Coef (SE)

BMI z‐
score
Coef (SE)

Fruits
Coef (SE)

‐0.003

‐0.002

(0.004)
Panel B: Away‐from home foods
Number of fast
0.001
food meals/snacks
(0.010)

Ready‐made
dinner
Coef (SE)

Ready‐made
dinner
(parent)
Coef (SE)

‐0.204**

‐0.053**

‐0.068**

(0.105)

(0.069)

(0.014)

(0.008)

1.056**
(0.284)

0.430*
(0.186)

0.203**
(0.037)

0.025
(0.023)

0.082
(0.066)

0.249**
(0.041)

Vegetables
Coef (SE)

Soda
Coef (SE)

Sweet
snacks
Coef (SE)

Salty
snacks
Coef (SE)

0.345**

0.339**

‐0.159**

‐0.390**

(0.008)

(0.061)

(0.056)

(0.035)

0.016
(0.022)

‐0.580**
(0.163)

‐0.442**
(0.150)

0.489**
(0.096)

Panel A: Food‐at‐home
Home food
healthiness

Number of
0.005
‐0.008
‐0.052
‐0.611*
0.362*
0.697
0.159
restaurant or take‐
(0.017)
(0.040)
(0.292)
(0.268)
(0.172)
(0.509)
(0.337)
out dinners
** p<0.01, *p<0.05
Source: Military Teenagers’ Environments, Exercise and Nutrition Study, wave 1 (2013). Sample size ranges from 776 to 932.

Notes: SE: Standard error. Each column within the panel represents a separate regression.
Home food healthiness is a summary score of 6 parent questions about food in the home. Higher score indicates healthier home food environment.
All regressions controlled for child, family, and contextual covariates.
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Chapter 3: Ambient air pollution and children’s cognitive outcomes
Introduction and Background

Ambient air pollution remains a serious public health concern despite a general decline of
pollutants since the amended Clean Air Act of 1990. The American Lung Association (American Lung
Association, 2010) estimated that half of the U.S. population lives in counties with unhealthful levels of
either ozone or particulate matter (PM) pollution. Children are more vulnerable than adults to the
adverse effects of ambient air pollution because they spend more time outdoors (Wiley, 1991), have
higher incidence of outdoor physical activity, have more rapid breathing, and their biological and
immune systems are still developing (Bearer, 1995; Schwartz, 2004). Therefore, even thresholds deemed
safe for adults may have consequences among children.
A growing literature has linked higher concentrations of ambient air pollution to adverse health
effects among children including preterm delivery, lower birth weight, infections, exacerbation of
asthma, development of lung function, and childhood cancer (Chay and Greenstone, 2003; Janet Currie
and Neidell, 2004; Europe, 2005; Kelly and Fussell, 2011; Lleras‐Muney, 2010; Neidell, 2004; Patel and
Miller, 2009; Schwartz, 2004). In addition to health effects, vulnerability to neurotoxic exposures is
crucial during childhood and adolescence because the central nervous system is still developing (Bearer,
1995). Preliminary biological evidence suggests a link between exposure to air pollution and
neurobehavioral development (Brockmeyer and D’Angiulli, 2016; Calderón‐Garcidueñas et al., 2008;
Suglia et al., 2008). Animal model studies find that acute and chronic exposures to ozone and PM have
neurotoxic effects (Dorado‐Martínez et al., 2001; Rivas‐Arancibia et al., 1998; Sirivelu et al., 2006; Sorace
et al., 2001). Studies of the lung and cardiovascular system suggest that air pollution damage includes
inflammation and oxidative stress (Block and Calderón‐Garcidueñas, 2009). And when PM is inhaled, it
may be toxic to lung and cardiovascular tissue, cross the blood‐air barrier of the lungs into circulation
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and the brain, and may be associated with neurodegenerative pathology (Block and Calderón‐
Garcidueñas, 2009).
In addition to this biological evidence on cognitive outcomes, there is emerging epidemiological
and econometric evidence that air pollution may be associated with children’s cognitive outcomes.
Children and young adults exposed to ambient and traffic‐related air pollution have been shown to
perform worse on neurobehavioral tests and cognitive tasks (Amitai et al., 1998; Chen and Schwartz,
2009; Shu et al., 2009; Sunyer et al., 2015). There is additional evidence linking air pollution to cognitive
function in older adults (Ailshire and Crimmins, 2014; Ranft et al., 2009; Weuve et al., 2012), who, like
children, may be particularly susceptible to adverse outcomes associated with air pollution.
A few key studies have also specifically examined the association between ambient air pollution
and children’s test scores (Ham et al., 2014; V Lavy et al., 2012; Miller and Vela, 2013). For example, one
study found that reductions in 03, PM10 (course particulate matter, smaller than 10 micrometers in
diameter), PM2.5 (fine particulate matter, smaller than 2.5 micrometers in diameter), and NO2 (but not
CO) were associated with significant but modest increases in academic performance on math and
English/language arts standardized tests among 2nd through 6th graders in California (Ham et al., 2014). A
second study found that annual exposure to PM10 and O3, but not PM2.5, CO, or NO2, were associated
with lower math and reading test scores in students in Chile (Miller and Vela, 2013). Although these
studies suggest there is a relationship between air pollution and academic achievement, there is little
consistency across studies in the pollutants that are found to be associated with cognitive outcomes.
However, there are several limitations to the existing literature and gaps remain. First, existing
studies examining the relationship between air pollution and cognitive outcomes are based on
geographically‐limited samples (e.g. city, state) or not located in the U.S. thereby limiting generalizability
for U.S. children. Second, these studies have examined either previous year exposure (Ham et al., 2014;
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Miller and Vela, 2013) or shorter‐term exposure (Lavy et al., 2012) (on day of exams or testing) and
cognitive outcomes, but have not yet examined the role of cumulative exposure. Cumulative exposure
may be particularly important for cognitive outcomes. Third, the potential mechanisms for a relationship
between air pollution and cognitive outcomes are not well explored. Although air pollution has been
associated with school absences (Currie et al., 2009; Gilliland et al., 2001; Mohai et al., 2011), and school
absences have been associated with negative outcomes, the extent to which absenteeism due to air
pollution affects academic performance has not been adequately studied.
To address these gaps, we use rich longitudinal data on a national sample of children in the U.S.
to examine the relationship between annual and cumulative exposure to ambient air pollution during
elementary school years and children’s cognitive outcomes. We also seek to explore some of the
potential mechanisms by examining the role of short‐term exposure and school absences.
Conceptual Framework
The conceptual framework in Figure 1 illustrates the factors that influence children’s exposure
to ambient air pollution and the subsequent relationship with their health and cognitive outcomes. Child
and family factors (e.g., socioeconomic status) influence neighborhood choice, which may be correlated
with the level of exposure to air pollution as well as the availability of opportunities for outdoor
activities. These individual and neighborhood characteristics together influence exposure to ambient air
pollution through factors such as the amount of time spent outdoors.
This framework highlights the potential mechanisms through which air pollution may impact
children’s test scores. Exposure to ambient air pollution may impact children’s cognition directly
(Calderón‐Garcidueñas et al., 2008; Suglia et al., 2008), with preliminary evidence from biological and
epidemiological studies as described earlier. Air pollution may also impact children’s test scores through
its effects on physical health in several ways (Currie et al., 2009; Gilliland et al., 2001). First, air pollution
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on the day of testing or the immediate days before testing could exacerbate respiratory illness
impacting the child’s ability to perform on the test date. There is evidence of a causal effect of air
pollution on exacerbation of respiratory illness (Lleras‐Muney, 2010; Neidell, 2004). Second, air
pollution throughout the school year that affects the child’s health, including exacerbating respiratory
illness, could result in increased illness‐related absenteeism (Currie et al., 2009; Gilliland et al., 2001;
Mohai et al., 2011). Children with respiratory problems, such as asthma, could be absent from school
because of exacerbation or because parents keep their child home to avoid exposure. In addition to
impacting school absences, air pollution throughout the school year may have more subtle effects on
child’s health such as fatigue and attention problems that could impact cognitive outcomes. Finally,
there may also be feedback from cognitive to health outcomes: for example, sickness contributes to
poor school performance which, in turn, affects behavioral health.

Methods
Data on children and families
We analyzed data from the Early Childhood Longitudinal Study – Kindergarten Class (ECLS‐K), a
longitudinal survey of a nationally‐representative cohort of U.S. kindergarteners starting in the 1998‐
1999 school year. The ECLS‐K used a multistage probability sample design where the primary sampling
units (PSUs) were geographic areas of counties or groups of counties. Schools were sampled within PSUs
and children were sampled within schools (Tourangeau et al., 2009). Students were followed from
kindergarten through 8th grade with data collection in fall and spring of kindergarten and spring of 1st,
3rd, 5th, and 8th grades. The study collected information on children’s cognitive, health and
developmental outcomes, and contextual data on their families, teachers and schools in each wave. We
focused on test scores collected in spring of 3rd and 5th grades because data on school absences were
collected in both of these years. The analytic sample includes 9400 children in 3rd grade and 9550
44

children in 5th grade, with valid census tract identifiers and air pollution data, and complete data on
covariates. Children in the sample were more likely than those who did not remain in the sample to
have family income greater than or equal to $75,000 and a mother who completed college or more in
kindergarten. There were no differences in race/ethnicity or gender.
Cognitive outcomes: The ECLS‐K assessed children’s cognitive outcomes through their reading
and math test scores. In both subject areas, assessments consisted of a two‐stage assessment: (1) a 12‐
20 item routing test; (2) a second‐stage test with item difficulties based on the performance on the
routing items. ECLS computed scores based on the full set of test items using item response theory (IRT)
procedures. Standardized scores (T‐scores) were used to provide norm‐references measurements of
reading and math achievement with means of 50 and standard deviations of 10.
School Absences: The number of excused and unexcused absences for the school year were
obtained from school record abstraction.
Covariates: Detailed socioedemographic characteristics of children and their families at 3rd and
5th grades were included as control variables in the regressions. These include child’s gender, race‐
ethnicity (white, black, Hispanic, Asian, and other/Multi‐race), socioeconomic status, age in months,
mother’s education (less than high school; high school; some college; college and more), single parent
household, indicators of household income (<15k, 15k to <25k, 25k to <35k, 35k to <50k, 50k to <75k,
and >=75k), number of siblings, percent minority in school (<10%, 10% to <25%, 25% to <50%, 50% to
<75%, 75% or more), and urbanicity (rural, town, urban). In addition, we also included controls for
weather: the maximum annual temperature and mean annual temperature. Maximum annual
temperature and mean annual temperature were created based on daily weather data, measured at
more than 20,000 stations throughout the country. We used the same methods to assign weather
covariates to children’s residential locations as we used to assign pollution exposure (described below).
Weather data was included as potential confounders because hot temperatures in some geographic
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locations may raise O3 levels and also result in poor health. Descriptive statistics for covariates are
reported in Table 1.
Additional controls used in sensitivity analysis include school size (0‐149, 150‐299, 300‐499, 500‐
749, 750+), whether the student attended a private school, percent of students eligible for free or
reduced lunch, and region (indicators for south, west, and northeast).

Air pollution exposure
We used data on the ambient concentrations of O3, PM2.5, and PM10 recorded at U.S.
Environmental Protection Agency (EPA) Air Quality System (AQS) monitors. For each pollutant, daily data
were obtained for the year prior to the date of each child’s test assessment in 3rd and 5th grades.
Applying U.S. EPA inclusion criteria (EPA, 2016), monitors for O3 were included if at least 75% of valid
days were available in the effective monitoring season. Data from monitors for PM2.5 and PM10 were
included if 75% or more hourly observations were available. Using ArcGIS 10.3, we employed Empirical
Bayesian Kriging (EBK), to spatially interpolate daily data of O3, PM2.5, and PM10 for each child’s home
census tract. Kriging is a geostatistical method that uses a semivariogram, a function of the distance and
direction between two locations, to quantify the spatial dependence in the data. Kriging calculates
weights for measured points to predict values at unmeasured locations. The weights are based on the
variation between measured points as a function of distance (instead of just distance). EBK automates
parameter selection process through simulation and subsetting and estimates many semivariogram
models. For each location, EBK generates a prediction using the semivariogram distribution. Kriging is
the best linear unbiased predictor and is the methodology used by the EPA to predict ozone and
particular matter.
Using the interpolated data, we constructed three types of air pollution exposure: (1) annual
measures to capture pollution exposure in year preceding testing (third and fifth grades), (2) cumulative
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measures to examine pollution exposure from kindergarten through third and kindergarten through fifth
grades, and (3) short‐term measures to capture pollution exposure on the day of and the week before
testing.
Annual air pollution measures in third and fifth grades: For annual pollution exposure, three
measures were created for each pollutant using data from the year prior to each child’s test date. These
measures of air pollution exposure were created based on the National Ambient Air Quality Standards
(NAAQS) for each pollutant. These measures were created to capture both the maximum exposure the
child was exposed to during the year and also how much high levels of exposure the child was exposed
to. The measures of O3 exposure created include: (1) the highest daily maximum 8‐hr concentration in
the previous year; (2) the percentage of days in the previous year when the daily 8‐hr concentration was
>= 75 ppb; and (3) whether the highest daily maximum 8‐hr concentration was >= 75 parts per billion
(ppb). Similarly, three measures of PM2.5 were created: (1) the highest daily 24‐hour average in the
previous year; (2) the percentage of days in the previous year when the daily 24‐hour average was >=35
μg/m3; and (3) whether the highest daily average was >=35 μg/m3. Similar measures of PM10 were
created using the daily average cutoff of 150 μg/m3.
Cumulative air pollution measures (kindergarten to third grade, kindergarten to fifth grade): For
cumulative measures of pollutant exposure, two measures were created: (1) the number of years where
the highest daily maximum concentration was above the NAAQS standard (>= 75 parts per billion (ppb)
for ozone; >= 35 μg/m3 for PM2.5; ,>= 150 μg/m3 for PM10) and (2) indicators for whether the highest daily
maximum concentration was above the NAAQS standard during one year or two or more years. These
measures were created using data from kindergarten through third and kindergarten through fifth
grades.
Short‐term air pollution measures in third and fifth grades: Two measures of short‐term
pollutant exposure were created: (1) the daily value (daily maximum 8‐hr concentration for ozone and
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24‐hour average for PM10 and PM2.5) on the day of testing and, (2) the maximum of these values during
the week prior to each child’s testing date.
Descriptive statistics of the measures of are reported in Table 2. (Descriptive statistics of the
measures for PM10 are presented in Appendix 1). On average, children were exposed to a daily
maximum 8‐hour concentration of 61.3 ppb of ozone in the year preceding the testing. At the time of
testing, the NAAQS specified the annual fourth‐highest daily maximum 8‐hour concentration, averaged
over 3 years should not exceed 75 ppb of ozone. For PM2.5, children were exposed to a maximum of 32.1
µg/m3 in the year preceding the testing, while NAAQS specifies the 98th percentile of daily average,
averaged over 3 years should not exceed 35 µg/m3. Children were more likely to be exposed to above‐
standard concentrations of PM2.5 than ozone in the years between Kindergarten and fifth grade.

Analyses
The relationship between ambient air pollution and cognitive development is a complex
relationship to estimate empirically. Therefore, in addition to examining several measures of annual,
cumulative, and short‐term air pollution exposure, we also took a comprehensive approach to analysis.
We started with cross‐sectional linear regression models to examine the association between annual
ambient air pollution and cognitive outcomes in third and fifth grades. We conducted separate analyses
for each of the three pollutants and their associated measures evaluating air pollution exposure in
relation to reading and math test scores.
Next, we leveraged the longitudinal nature of the data by estimating two additional models.
First, we estimated a child fixed‐effects model that leverages within‐child changes in exposure and helps
address bias from potential endogeneity if time‐invariant unobserved individual and neighborhood
characteristics are correlated with air pollution and academic outcomes. However, the within‐child
change in exposure each year may be small and it is possible that cumulative exposure may matter more
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than yearly exposure for cognitive development. Therefore, second, we estimated the relationship
between the cumulative exposure of air pollution (Kindergarten to 3rd and Kindergarten to 5th) and
reading and math test scores in third and fifth grades, respectively. Test scores in kindergarten were also
added to these models to control for pre‐school achievement that would not be impacted by the air
pollution exposure starting in Kindergarten
We examined the robustness of these cumulative model results by conducting additional
regression models that added the following controls: (1) school: school size, whether a private school,
and percent of students eligible for free or reduced lunch; and (2) region fixed effects. Next, we fitted
the models separately for children who did not move between kindergarten and fifth grade to address
the potential selection within children if parents choose to move to a new location for reasons that are
related to the air pollution in their current neighborhood, their child’s health, or cognitive outcomes.
Finally, for findings found to be robust in the previous analyses, we began to explore some of
the potential mechanisms through which air pollution might impact test scores including air pollution
levels on the day of testing and whether total absences in the school year helps explain some of the
relationship between air pollution test scores.
Statistical analyses were conducted using Stata/MP 13 (StataCorp LP, College Station, Texas).
Our analyses used ECLS‐K weights constructed for the analyses of the particular wave of interest and
combined data from the parent interview, child assessment, and school administrator questionnaire.
Sample sizes were rounded to the nearest 10 to comply with the restricted data license of the National
Center for Education Statistics.

Results
Table 3 Panel A presents the results for OLS models examining the cross‐sectional association
between annual O3 and PM2.5 measures on child reading and math test scores in third and fifth grades.
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The results indicate that annual ozone measures are consistently significantly associated with lower
math test scores in third grade. The results were consistent across the three measures of annual air
pollution (maximum annual value, percentage of days above the standard, and whether there were any
days above the standard). A 1 ppb increase in the daily maximum 8‐hour concentration of ozone in the
year prior to testing was significantly associated with 0.04 decrease in math test T‐scores. Among PM2.5
measures, maximum annual value was significantly associated with lower math and reading test scores
in third and fifth grades, while two other measures were associated with lower math test scores in fifth
grade. There were no significant associations between annual PM10 measures and reading and math
test scores (Appendix 2).
In the child fixed‐effects models (Table 3, Panel B), the results were similar to the cross‐sectional
results for ozone – a significant negative association between annual ozone and math test scores in third
grade. Some results from the child fixed‐effects models for PM2.5 were not consistent with the cross‐
sectional results.
Using measures of cumulative exposure (K to third grade and K to fifth grade) (Table 4), we
found significant association between the number of years with ozone exposure above the NAAQS
standards and lower math test scores in third grade. Additional significant associations were found for
lower reading tests scores in third and fifth grades when implementing a second measure of cumulative
ozone exposure (indicators for whether 1 year above standard or 2 years+ above standard). We also
found significant associations between cumulative exposure for PM2.5 and lower reading and math test
scores in 3rd and 5th grades using both cumulative measures.

Robustness checks
We examined the robustness of the cumulative model findings for O3 and PM2.5 by considering
additional covariates to control for school (Table 5, Panel A)and region (Table 5, Panel B) using the
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number of years (K to 3 and K to 5) where pollutant exposure was above the standard. The coefficients
and significance remained similar to the main model results for both math and reading scores. When we
restricted the sample to children who did not move between kindergarten and third and between
kindergarten and fifth grades (Table 5, Panel C), again the coefficients remained similar in magnitude
and significance to the results for third and fifth grades, respectively.

Potential Mechanisms
We shed light on two potential mechanisms through which air pollution may impact children’s
test scores. First, we examined ozone on the day of testing and the week prior to testing (Table 6, Panel
A) and found no association with child test scores. This suggests that the association between ozone and
math test scores is not due to decreased health on the day of testing.
Second, we examined whether air pollution impacts the child’s health throughout the year
resulting in increased illness‐related absenteeism, contributing to lower test scores. We tested this by
adding annual school absences as a covariate to the annual ozone model to examine math test scores in
third grade (Table 6, Panel B) and found that the coefficient on ozone exposure (number of years with
exposure above standard) was reduced from ‐0.037 to ‐0.028 and was no longer significant. These
results suggest that the relationship between ozone and lower math test scores may be partially
explained by increased school absences.
Conclusions
This study adds to the emerging body of evidence that ambient air pollution is associated with
cognitive outcomes using a national U.S. sample of children, sophisticated interpolation methods, and
exploring some of the potential mechanisms of this association. We found that annual and cumulative
measures of ozone and PM2.5 during third grade were significantly associated with lower reading and
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math test scores among children. The significant negative association between ozone and math test
scores is consistent with two recent studies that examined academic performance in California (Ham et
al., 2014) and Chile (Miller and Vela, 2013). One of these studies also found a significant relationship for
PM2.5 (Ham et al., 2014). Although no previous studies have examined cumulative exposure and
cognitive outcomes, studies of health outcomes have shown that long‐term repeated exposure is
associated with increased risk of cardiopulmonary disease, mortality, and potentially lower lung function
(Pope 3rd, 2000). While no significant association was found between ozone and reading test scores, it is
possible a significant association would be found among more vulnerable or more susceptible
subpopulations. This would include children with respiratory health issues or children who are more
exposed to ambient air pollution by spending more time outdoors.
There are several potential mechanisms through which air pollution may impact children’s test
scores. Although we could not test whether air pollution impacts children’s brain development and
cognitive functioning directly, we shed light on some of the other potential mechanisms. First, it is
possible that elevated air pollution could impact children’s test scores through decreased health on the
day of testing. Previous research has identified links between air pollution and exacerbating respiratory
illness (Lleras‐Muney, 2010; Neidell, 2004). In contrast, our results suggest that the association between
ozone and math test scores is not due to decreased health on the day of testing. However, it may be
that children who have decreased health on the day of testing miss the testing altogether or that the
short‐term effect of air pollution may not be substantial enough to impact the test scores. One previous
study in Israel also examined the association between air pollution on the day of exams, and found an
association with a decrease in college entrance exam scores, but this study simply averaged the
monitors within the city limits, did not set a maximum distance of the monitors, and did not discern
between monitors closer or further from the school (Lavy et al., 2012; Lavy et al., 2014).
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Air pollution could also impact the child’s health throughout the year, causing increased illness‐
related absenteeism. Our results suggest that the relationship between ozone and lower math test
scores may be partially explained by increased school absences. These results are consistent with a
previous study that found a change in ozone was associated with an increase in school absences due to
respiratory illness (Gilliland et al., 2001). Increased absences, as a partial explanation for the
relationship between ozone and test scores could also help explain why we consistently found larger
associations between ozone and math test scores, compared to reading test scores. Math performance
has been found to be more dependent on attendance and hours of instruction (McCombs et al., 2015).
In contrast to associations between ozone and PM2.5 and test scores, we found no signification
associations for PM10. We considered potential explanations for these null findings. Insufficient
statistical power seems unlikely given that we had sufficient power to detect very small significant
associations in O3 and PM2.5..However, it is possible that PM10 is associated with cognitive outcomes that
are not best measured through reading and math testing. Responses to exposure of different air
pollutants may vary by brain region and function. Examining healthy, cognitively normal adults, one
study found that PM2.5 was associated with lower verbal learning performance, while O3 was associated
with lower executive functioning and logical memory (Gatto et al., 2014). Thus, it may be the case that
ozone and PM2.5 exert effects on cognitive domains that are captured by the reading and math scores
used in the ECLS, whereas PM10 could impact cognitive domains that are not measured by the ECLS
tests.
This study had several limitations. First, we used ambient air pollution concentrations measured
at central monitoring sites to assign exposures to the study sample. Personal monitors may better
capture individual exposure by incorporating individual activity patterns and time spent outdoors.
Second, we do not have residential information to represent the geographic location of the children
prior to kindergarten so cannot characterize the life‐course cumulative exposure. Finally, while our
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study begins to explore some of the potential mechanisms for a relationship between ozone and test
scores, we were not able to investigate whether air pollution impacts fatigue or attention issues.
Within these limitations, our results provide some of the strongest findings to date linking ozone
and PM2.5 with cognitive outcomes using a national sample of children, with significant geographic,
socio‐economic, and racial‐ethnic diversity. Additional research should focus on: (1) the biological
effects on cognition, (2) the potential roles of neurobehavioral, fatigue, and attention issues, and (3)
effects among potential vulnerable subpopulations, to better understand the mechanisms behind the
relationship between ambient air pollution and children’s cognitive effects.
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Tables and Figures
Figure 1: Conceptual Framework
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Table 1: Summary statistics of ECLS‐K children in 3rd and 5th grades
Mean (SE) or %
Child Characteristics
Male
Race/ethnicity
White
Black
Hispanic
Asian
Other
Age in months
Mother’s education
Less than HS
High School
Some college
College
Urbanicity
City
Town
Rural
Income
<15k
15k to <25k
25k to <35k
35k to <50k
50k to <75k
75k or more
Percent minority students in
school
<10%
10% to <25%
25% to <50%
50% to <75%
75% or more
Number of siblings
Single parent
Sample size ranges from 9400‐9550

3rd Grade
50.4%

5th Grade
51.2%

58.0%
13.3%
22.2%
3.4%
3.2%
111.1 (0.06)

57.6%
16.1%
19.9%
2.9%
3.4%
134.8 (0.08)

13.2%
25.2%
36.6%
24.6%

12.0%
25.9%
37.4%
24.6%

36.3%
44.2%
19.4%

33.9%
47.1%
19.0%

12.3%
14.6%
12.9%
17.8%
17.%
24.7%

13.3%
14.7%
13.3%
16.0%
16.6%
26.1%

30.0%
17.5%
17.2%
11.7%
23.5%
1.5 (0.01)
24.5%

29.0%
17.5%
18.7%
10.8%
24.1%
1.6 (0.02)
27.4%
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Table 2: Measures of ozone, PM10, and PM2.5 using kriging interpolated ambient air pollution
concentrations in 5th grade (2003‐2004)

Ozone (ppb)

PM2.5 (μg/m3)

Short‐term measures
Measure on day of assessment

30.5

12.1

Mean of week before assessment

30.7

11.8

Annual Measures
Maximum annual value

61.3

32.1

Percentage of days above standard

0.3%

1.9%

Whether any days above standard

0.09

0.85

Cumulative Measures
Number of years above standard

0.29

4.2

0.17
0.05

0.03
0.91

Indicator for whether 1 year above standard
Indicator for whether 2 years+ above
standard
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Table 3: Association between annual air pollution measures and child test scores

Ozone
rd

PM2.5
th

rd

3 grade
5 grade
3 grade
5th grade
Reading Math T Reading Math T Reading Math T Reading Math T
score
T score
score
T score
score
T score
score
T score
Coeff
Coeff
Coeff
Coeff
Coeff
Coeff
Coeff
Coeff
(SE)
(SE)
(SE)
(SE)
(SE)
(SE)
(SE)
(SE)
A. Annual Pollution Measures
Maximum annual
‐0.02
‐0.04*
‐0.00
0.02
‐0.03*
‐0.02*
‐0.04*
‐0.06**
value
(0.02)
(0.02)
(0.02)
(0.02)
(0.01)
(0.01)
(0.02)
(0.02)
Percentage of days
‐1.86
‐6.66**
‐0.10
0.10
‐0.01
‐0.05
‐0.09
‐0.16*
above standard
(2.27)
(1.57)
(1.16)
(0.96)
(0.03)
(0.03)
(0.06)
(0.06)
Whether any days
‐1.05
‐3.26**
‐0.44
‐0.41
‐0.30
‐0.22
‐0.53
‐0.99*
above standard
(0.85)
(0.80)
(0.50)
(0.49)
(0.33)
(0.33)
(0.44)
(0.42)
B. Child Fixed Effects K to 3/5
Indicator for
‐0.24
‐0.90**
‐0.21
0.35
0.13
‐0.25**
0.18*
‐0.09
whether year
(0.31)
(0.27)
(0.20)
(0.18)
(0.09)
(0.09)
(0.08)
(0.07)
above standard
**p<0.01; *p<0.05
Cross‐sectional regressions include male, race/ethnicity, age, mother’s education, urbanicity, family
income, percent minority in school, number of siblings, single parent household, maximum annual
temperature, mean annual temperature

58

Table 4: Association between cumulative air pollution measures and child test scores

Cumulative
Air
Pollution
Measure (K
to 3/5)

Number
of years
above
standard

Ozone
3rd Grade
5th Grade
Reading Math Reading Math
T
T score
T
T score
Score
Coeff
Score
Coeff
Coeff
(SE)
Coeff
(SE)
(SE)
(SE)
‐0.31
‐0.10
‐0.12
‐
(0.21)
(0.18)
(0.34)
0.82**
(0.30)

PM 2.5
3rd Grade
5th Grade
Reading Math Reading Math
T
T score
T
T score
Score
Coeff
Score
Coeff
Coeff
(SE)
Coeff
(SE)
(SE)
(SE)
‐0.29**
‐
‐0.35**
‐
(0.09)
0.26**
(0.10)
0.23**
(0.07)
(0.08)

‐0.05
‐0.67
‐0.25
0.48
0.69
‐0.80*
0.24
Indicator
1.42
(1.02)
(0.47)
(0.57)
(0.42)
(0.51)
(0.38)
(0.42)
for
(0.87)
‐0.80* ‐2.06** ‐1.33*
‐0.94*
‐1.35
‐2.03*
‐2.19*
whether 1 ‐2.55*
(0.74)
(0.34)
(0.44)
(0.88)
(0.98)
(1.00)
(1.18)
year
(0.52)
above
standard
Indicator
for
whether 2
years+
above
standard
**p<0.01; p<0.05
Regressions include reading/math test score in kindergarten, male, race/ethnicity, age, mother’s
education, urbanicity, family income, percent minority in school, number of siblings, single parent
household, maximum annual temperature, mean annual temperature
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Table 5. Estimates of ozone coefficients from alternate cumulative models

A. Additional school
level controls
B. Additional region
controls

Ozone
3rd Grade
5th Grade
Reading Math Reading Math
T
T score
T
T score
score
Coeff
Score
Coeff
Coeff
(SE)
Coeff
(SE)
(SE)
(SE)
‐0.12
‐
‐0.24
‐0.08
(0.38)
0.82* (0.21)
(0.19)
(0.32)
‐0.17
‐0.11
‐0.08
‐
(0.18)
(0.35)
0.75* (0.21)
(0.30)
‐0.29
‐0.32
‐0.39
‐
(0.19)
(0.38)
0.71* (0.22)
(0.33)

PM 2.5
3rd Grade
5th Grade
Math
Reading Math Reading
T score T Score T score T Score
Coeff
Coeff
Coeff
Coeff
(SE)
(SE)
(SE)
(SE)
‐0.39**
(0.10)
‐0.35**
(0.10)

‐
0.35**
(0.09)
‐
0.23**
(0.08)
‐0.21*
(0.08)

‐0.29**
(0.09)

‐0.28**
(0.08)

‐0.27**
(0.10)

‐0.25**
(0.08)

C. Restricting sample
‐0.27**
‐0.19
‐0.23**
to children who
(0.10)
(0.11)
(0.07)
did not move
between
kindergarten and
3rd/5th
**p<0.01; p<0.05
Cumulative Ozone Measure: Number of years above NAAQS standard
Regressions include reading/math test score in kindergarten, male, race/ethnicity, age, mother’s
education, urbanicity, family income, percent minority in school, number of siblings, single parent
household, maximum annual temperature, mean annual temperature
School level controls: school size; whether private school; percent students eligible for free or reduced
lunch
Region controls: south, west, and northeast indicators
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Table 6: Potential mechanisms for relationship between ozone and child test scores
Ozone 3rd grade
Reading
Math
T Score
T Score
Coeff (SE)
Coeff (SE)
A. Short Term Pollution measures
Measure on day of assessment
0.01 (0.02)
0.01 (0.01)
Max of week before assessment
0.01 (0.02)
0.02 (0.02)
B. Addition of Absences in Annual Model
Annual model a
‐0.02 (0.02)
‐0.04** (0.02)
Annual model, controlling for absences
‐0.02 (0.02)
‐0.03 (0.02)
**p<0.01; *p<0.05
Maximum annual value used in annual model (Panel B)
Regressions include male, race/ethnicity, age, mother’s education, urbanicity, family
income, percent minority in school, number of siblings, single parent household,
maximum annual temperature, mean annual temperature
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Appendix 1: Measures of PM10 using kriging interpolated ambient air pollution concentrations in 5th
grade (2003‐2004)
PM10 (μg/m3)
Short‐term measures
Measure on day of assessment

27.6
27.1

Mean of week before assessment
Annual Measures
Maximum annual value

160
0.2%

Percentage of days above standard

0.19
Whether any days above standard
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Appendix 2: Association between annual air pollution measures (PM10) and child test scores
3rd grade
Reading Math T
score
T score
Coeff
Coeff
(SE)
(SE)
Annual Pollution Measures
Maximum annual value

0.00
(0.00)
‐0.13
(0.09)
0.30
(0.38)

0.00
(0.00)
‐0.01
(0.09)
‐0.14
(0.38)

5th grade
Reading Math T
score
T score
Coeff
Coeff
(SE)
(SE)
0.00
(0.00)
‐0.14
(0.27)
‐0.35
(0.47)

0.00
(0.00)
0.10
(0.28)
‐0.08
(0.46)

Percentage of days above
standard
Whether any days above
standard
**p<0.01; *p<0.05
Cross‐sectional regressions include male, race/ethnicity, age, mother’s education,
urbanicity, family income, percent minority in school, number of siblings, single
parent household, maximum annual temperature, mean annual temperature
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Chapter 4: Children’s vulnerability to cognitive effects of air pollution
Children’s vulnerability to cognitive effects of air pollution

Although pollution levels have decreased during the last three decades, an estimated
half of the U.S. population lives in counties with unhealthful levels of either ozone or particle
pollution. A variety of adverse health effects of higher concentrations of ambient air pollution
have been identified among children including preterm delivery, lower birth weight, infections,
exacerbation of asthma, development of lung function, and childhood cancer(Chay and
Greenstone, 2003; Currie and Neidell, 2004; Europe, 2005; Kelly and Fussell, 2011; Lleras‐
Muney, 2010; Neidell, 2004; Patel and Miller, 2009; Schwartz, 2004). There is also emerging
evidence of cognitive effects of ambient air pollution. Biological studies suggest a link between
exposure and neurobehavioral development (Brockmeyer and D’Angiulli, 2016; Calderón‐
Garcidueñas et al., 2008; Suglia et al., 2008) and econometric and epidemiological studies have
found associations between ambient air pollution and children’s test scores (Ham et al., 2014;
Lavy et al., 2012; Miller and Vela, 2013; Mohai et al., 2011) and neurobehavioral tests and
cognitive tasks (Amitai et al., 1998; Chen and Schwartz, 2009; Shu et al., 2009; Sunyer et al.,
2015).
The mechanisms underlying the relationship between ambient air pollution and health,
and particularly cognitive, effects are not well understood. Exposure to ambient air pollution
may impact children’s cognition directly through neurotoxic effects of exposure (Dorado‐
Martínez et al., 2001; Rivas‐Arancibia et al., 1998; Sirivelu et al., 2006; Sorace et al., 2001). Air
pollution may also impact a child’s health, such as through exacerbation of respiratory illness.
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Studies of the lung and cardiovascular system suggest that air pollution damage includes
inflammation and oxidative stress (Block and Calderón‐Garcidueñas, 2009). Reduced health
could then impact cognitive outcomes through increased absences school (Currie et al., 2009;
Gilliland et al., 2001; Mohai, et al., 2011) or fatigue and attention problems.
Children are more biologically susceptible to the adverse effects of ambient air pollution
than adults because their biological, immune, and central nervous systems are still developing
(Bearer, 1995; Schwartz, 2004). Even among children, health and cognitive impacts may be
greater for groups that are more susceptible or vulnerable to the effects of ambient air
pollution. Certain groups, such as those with underlying health conditions, may have a negative
response at lower doses, or may be more likely to have adverse effects or have greater severity
of outcomes at a given dose. A reduction in pollution levels and exposure for these groups with
the highest vulnerability may lead to greater health benefits. Some subgroups, such as children
from families with low income, may also have more exposure to high levels of air pollution.
However, there is no existing evidence on the heterogeneity of the relationship between
ambient air pollution and children’s cognitive outcomes. An understanding of these
heterogeneous effects across subgroups of children will not only improve the ability to identify
risk of cognitive and health effects in future studies, but also help explain the potential
mechanisms of these effects.
In this study, I use rich data on a national sample of children in the U.S. to examine the
relationship between annual and cumulative ozone exposure during elementary school years
and cognitive outcomes. I seek to understand the heterogeneous effects of ozone exposure by
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child characteristics, including socioeconomic status, gender, asthma status, and regular
outdoor exercise.
Methods

Data on children and families
I analyzed data from the Early Childhood Longitudinal Study – Kindergarten Class (ECLS‐
K), a longitudinal survey of nationally representative sample of 21,260 U.S. kindergarteners
starting in the fall of 1998. The ECLS‐K used a multistage probability sample design where the
primary sampling units (PSUs) were geographic areas of counties or groups of counties. Schools
were sampled within PSUs and children were sampled within schools (Tourangeau et al., 2009).
Data were collected from multiple sources including direct cognitive assessments of children,
interviews with parents, and surveys of school administrators and teachers. Children were
followed from kindergarten through eighth grade (1998 – 2007).

Data on ambient air pollution
I analyzed data on the ambient concentrations of ozone (O3) recorded at U.S.
Environmental Protection Agency (EPA) Air Quality System (AQS) monitors. Data from the four
years prior and six years prior to the children’s test assessments in spring of 3rd and 5th grades
(kindergarten through 3rd grade and kindergarten through 5th grade), respectively, were used.
Applying U.S. EPA inclusion criteria,(EPA) monitors for O3 were included if at least 75% of valid
days were available in the effective monitoring season. Using ArcGIS 10.3, I used Empirical
Bayesian Kriging (EBK), to spatially interpolate data of O3 for each child’s home census tract.
Kriging is a geostatistical method that uses a semivariogram, a function of the distance and
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direction between two locations, to quantify the spatial dependence in the data. Kriging
calculates weights for measured points to predict values at unmeasured locations. These
weights are based on the variation between measured points as a function of distance. EBK
automates parameter selection process through simulation and subsetting and estimates many
semivariogram models. For each location, EBK generates a prediction using the semivariogram
distribution.

Dependent variables
The ECLS‐K assessed children’s cognitive outcomes through their reading and math test
scores. The reading and math test scores were determined through a two‐stage assessment of
a 12‐20 item routing test and a second‐stage test with item difficulties based on the
performance on the routing items. ECLS computed scores based on the full set of test items
using item response theory (IRT) procedures. Standardized scores (T‐scores) were used to
provide norm‐references measurements of reading and math achievement with means of 50
and standard deviations of 10.

Measures of ozone exposure
The main explanatory variables are annual and cumulative measures of ozone exposure.
Using the interpolated data of ozone, for the annual measure of exposure, I constructed the
highest daily maximum 8‐hr concentration in the previous year to capture the maximum
exposure each child was exposed to during their third and fifth grade years. For cumulative
ozone, I constructed a measure of the number of years where the highest daily maximum
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ozone concentration was above the National Ambient Air Quality Standards (NAAQS) of >= 75
parts per billion (ppb). These measures were created using data from kindergarten through
third and kindergarten through fifth grades.

Covariates
Detailed socioedemographic characteristics of children and their families at 3rd and 5th grades
were included as control variables in the regressions. These include child’s gender, race‐
ethnicity (white, black, Hispanic, Asian, and other/Multi‐race), age in months, mother’s
education (less than high school; high school; some college; college and more), single parent
household, indicators of household income (<15k; 15k to <25k; 25k to <35k; 35k to <50k; 50k to
<75k; and >=75k), number of siblings, percent minority in school (<10%; 10% to <25%; 25% to
<50%; 50% to <75%; 75% or more), and urbanicity (rural, town, urban). In addition, I also
included controls for the maximum annual temperature and mean annual temperature.
Maximum annual temperature and mean annual temperature were created based on daily
weather data, measured at more than 20,000 stations throughout the country. These
temperature covariates were assigned to children’s residential locations using the same EBK
method that was used to assign ozone exposure. Temperature data was included as
confounders because hot temperatures in some geographic locations may raise O3 levels and
also result in poor health.
Analysis

I first estimated the cross‐sectional relationship between annual ozone exposure and
cognitive outcomes. Leveraging the longitudinal nature of the data, I then estimated the
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relationship between the cumulative exposure of air pollution (Kindergarten to third and
Kindergarten to fifth) and reading and math test scores in third and fifth grades, respectively.
Test scores in fall of kindergarten were also added to these models to control for any impact of
exposure prior to when home location is known and air pollution exposure can be measured.
In addition to the full sample in third and fifth grades for the annual and cumulative
measures of ozone, these models were estimated for a series of subgroups to examine any
heterogeneous effects and explore whether results are driven by particular subgroups. I
examined whether the relationship between ozone and reading and math test scores differed
across children based on socioeconomic status, gender, whether the child has asthma, and
whether the child gets exercise at a public park. For socioeconomic status, I used a five category
variable constructed by ECLS‐K based on household income, mother’s education, father’s
education, and mother’s occupation, and father’s occupation. Each component of the SES was
converted to a z‐score with a mean 0 and then averaged to create the SES composite measure.
The high SES and low SES groups were created based on the top two quintiles and bottom three
quintiles, respectively. For whether the child has asthma, parents indicated whether a doctor,
nurse, or other medical professional ever told him/her that the child has asthma. Parents also
reported whether their child regularly got exercise through a public park or recreation center.
Statistical analyses were conducted using Stata/MP 13 (StataCorp LP, College Station,
Texas). ECLS‐K weights that constructed for the analyses of the particular wave of interest and
combined data from the parent interview, child assessment, and school administrator
questionnaire were used. Sample sizes were rounded to the nearest 10 to comply with the
restricted data license of the National Center for Education Statistics.
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Results

Table 1 presents descriptive statistics for cumulative ozone measure, dependent
variables, and covariates in third and fifth grades. In third grade, the same was almost 60%
white, non‐Hispanic, more than 20% Hispanic, and approximately 13% black, non‐Hispanic, Less
than 5% were each Asian or other. Almost 40% had mothers with an educational level of High
school or less than high school. Children most often lived in towns (44.2%) or cities (36.3%),
with only 19.4% living in rural areas.

Table 2 presents the results for the associations between annual exposure to ozone and
reading and math test scores in third and fifth grades for the overall sample, as well as by
subgroups. In the overall sample (Table 2, Panel A), an additional part per billion for the highest
daily maximum 8‐hr concentration was significantly associated with 0.04 lower math test score
in third grade. There was no significant association with reading test scores in third grade or
either test score in fifth grade. Similarly, Table 3 presents the results for the associations
between cumulative exposure to ozone (kindergarten to third and kindergarten to fifth) and
reading and math test scores for the overall sample, as well as by subgroups. The results for the
overall sample (Table 3, Panel A) are similar to the analysis with annual ozone exposure. An
additional year of exposure to elevated ozone (above the National Ambient Air Quality
Standards of >= 75 parts per billion) was significantly associated with 0.82 lower math test score
in third grade. Again, there was no significant association with reading test scores in third grade or
either test score in fifth grade.
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The results by subgroups were also similar using the annual and cumulative ozone
measures. Examining the associations by socioeconomic status, the association between
exposure of ozone and math test scores in third grade was larger and remained significant for
families with high socioeconomic status, but smaller and not significant for families with low
socioeconomic status (Tables 2 and 3, Panel B). This was also true for reading test scores in
third grade using the annual measure of ozone, but not the cumulative measure. There was
also a larger and significant association between ozone exposure and math test scores in third
grade among girls (Tables 2 and 3, Panel C). This relationship was smaller and not significant
among boys.
When examining the results by child’s asthma status (Tables 2 and 3, Panel D), I found
that the association with math test scores in third grade was larger, but non‐significant, for
children with asthma. The association remained similar to the overall results and significant
among children without asthma. I also found significant associations between exposure to
ozone and math test scores in third grade among children who regularly get exercise through a
public park (Tables 2 and 3, Panel E), but not those that do not regularly get exercise through a
public park. The same pattern was seen for reading test scores in third grade using the annual
exposure measure, but not the cumulative measure.
For reading and math test scores in fifth grade, all results remained insignificant in the
subgroup populations using both the annual ozone and cumulative ozone exposure measures.
Discussion

In the overall population, I found a significant association between annual and
cumulative ozone exposure and math test scores in third grade, but not reading test scores in
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third grade or either test score in fifth grade. The significant association for math test scores,
but not reading test scores, may be because math testing requiring more attention, memory, or
executive functioning than reading tests. Math performance has also been found to be more
dependent on attendance and hours of instruction (McCombs et al., 2015). The difference
between third and fifth grades could be due to different activity patterns, behaviors, or
developing physiology. Younger children inhale more air per time and per body weight (Moya
et al., 2004).
The effects of ozone exposure may also differ across children based on their
vulnerability to health or cognitive effects of air pollution and their exposure to high levels of
ozone. A priori, the relationship between ozone exposure and children’s test scores among
family socioeconomic status is unclear. Previous research has shown mixed evidence for
differences in associations between pollution and mortality according to socioeconomic status
in short‐term relationships (Laurent et al., 2007). On the one hand, children in families with low
socioeconomic status may live in conditions that elevate exposure to air pollutants. Low‐
income families may be more likely to live in areas with high ambient air pollution and have
poorer housing, which can offer less protection indoors from ambient air pollution (Lipfert,
2004). These children may also be more susceptible to air pollution due to more underlying
conditions, poorer health status, multiple pollutant exposures (passive smoking), and less
access to healthcare (Adler and Newman, 2002; Goodman, 1999). On the other hand, as these
results suggest, children in families of low socioeconomic status may already be impacted by
many adverse factors and other environmental exposures (e.g., noise, water quality, crowding,
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housing quality, neighborhood conditions) that the effect of ozone on cognition is only seen
among children in high socioeconomic families.
Similarly, gender differences in associations between ozone and cognitive outcomes
may be attributable to multiple factors – namely exposure differences, biological differences, or
both. Girls spend less time exercising and less time outdoors than boys and children exercising
outdoors have greater exposure to air pollutants. This is particularly true for ozone, which has
very low levels indoors (Lee et al., 2002) due to a short half‐life in indoor air (Weschler, 2000).
Time spent exercising increases ventilation rates, which may also increase the child’s exposure
to air pollutants. The significant association between ozone and math test scores among
children who regularly get exercise through a public park provides some additional evidence for
this relationship. However, I also found a larger (in magnitude) and significant association
among girls compared to boys, which suggests that differences in activity patterns (i.e., outdoor
play) are not the only factor at play. Although the biological mechanisms are not well
understood, some studies have suggested that differences in response between girls and boys
may be due to biological differences in lung function growth rates, hormonal factors, and size
(Berhane et al., 2000; Clougherty, 2010; Oftedal et al., 2008; Peters et al., 1999).
Underlying medical conditions may also impact susceptibility to ambient air pollution.
Although I found a non‐significant association between ozone and math test scores among
children with asthma, the magnitude of the association was larger among children with asthma
than those without. Only 12% of the sample of children had asthma which may contribute to
why the association among children with asthma was insignificant. A strong relationship
between ozone and math test scores among children with asthma was expected because air
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pollution is related to exacerbation of asthma, children with asthma are absent from school
more often than students without asthma (Taras and Potts‐Datema, 2005), and persistent
asthma is associated with lower test scores (Moonie et al., 2008). However, these results also
indicate that it is not only children with asthma who may react adversely to ozone exposure.
Therefore, the impact of air pollution on test scores is not only through exacerbation of asthma
symptoms, but potentially through other decreased health, increased fatigue, or a direct
neurodegenerative effect.
This study had several limitations. First, personal monitors, instead of ambient air
pollution concentrations measured at central monitoring sites, may better capture individual
exposure and also incorporate individual activity patterns and time spent outdoors. However,
the use of personal monitors is unlikely feasible in larger national studies. Second, the variables
that make up socioeconomic status, asthma status, and whether the child regularly gets
exercise at a public park are reported by the parent.
This study is the first to explore factors, including socioeconomic, gender, medical
conditions, and outdoor exercise that may impact susceptibility and/or vulnerability of
exposure to ambient air pollution on cognitive outcomes among children. This provides insights
into the role of ozone and the mechanisms of any impact. Future work should also examine
whether different subgroups also have differential impacts at varying thresholds.
Identifying the heterogeneous effects will help us understand the mechanisms
underlying the relationship between ambient air pollution and cognitive outcomes. These
results also elucidate the importance of understanding the interplay between greater exposure
and biological susceptibility. The public health implications of the understanding of
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heterogeneous effects on health and cognitive outcomes and thresholds among children are
significant because many air pollution standards aim to reduce average exposure, rather than
targeting reduction to the areas receiving the highest exposure or among subgroups at highest
risk to adverse effects.
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Tables
Table 1: Descriptive statistics of ECLS‐K children in 3rd and 5th grades
Mean (SE) or %
Child Characteristics
Male
Race/ethnicity
White
Black
Hispanic
Asian
Other
Age in months
Mother’s education
Less than HS
High School
Some college
College
Urbanicity
City
Town
Rural
Income
<15k
15k to <25k
25k to <35k
35k to <50k
50k to <75k
75k or more
Percent minority students in
school
<10%
10% to <25%
25% to <50%
50% to <75%
75% or more
Number of siblings
Single parent
Sample size ranges from 9400‐9550

rd

3 Grade
50.4%

5th Grade
51.2%

58.0%
13.3%
22.2%
3.4%
3.2%
111.1 (0.06)

57.6%
16.1%
19.9%
2.9%
3.4%
134.8 (0.08)

13.2%
25.2%
36.6%
24.6%

12.0%
25.9%
37.4%
24.6%

36.3%
44.2%
19.4%

33.9%
47.1%
19.0%

12.3%
14.6%
12.9%
17.8%
17.%
24.7%

13.3%
14.7%
13.3%
16.0%
16.6%
26.1%

30.0%
17.5%
17.2%
11.7%
23.5%
1.5 (0.01)
24.5%

29.0%
17.5%
18.7%
10.8%
24.1%
1.6 (0.02)
27.4%
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Table 2: Heterogeneous effects of ozone on math and reading test scores in 3rd and 5th grades by child characteristics: Maximum annual ozone
exposure

3rd Grade
Reading T Score
Math T Score
Coeff (SE)
Coeff (SE)
A. Full sample
‐0.02 (0.02)
‐0.04** (0.02)
B. Associations by Socioeconomic status
Low SES
0.02 (0.02)
‐0.02 (0.02)
High SES

‐0.06** (0.02)

‐0.07** (0.02)

5th Grade
Reading T Score
Coeff (SE)
‐0.00 (0.02)

Math T Score
Coeff (SE)
0.02 (0.02)

0.02 (0.02)

0.04 (0.02)

‐0.03 (0.03)

‐0.01 (0.02)

C. Associations by Gender
Boys
‐0.02 (0.02)
‐0.03 (0.02)
0.01 (0.03)
0.02 (0.02)
Girls
‐0.02 (0.02)
‐0.04* (0.02)
‐0.02 (0.02)
0.01 (0.02)
C. Associations by Asthma status
Child has asthma
‐0.01 (0.04)
‐0.07 (0.04)
‐0.05 (0.04)
‐0.01 (0.04)
Child does not have
‐0.02 (0.02)
‐0.04* (0.02)
0.00 (0.02)
0.02 (0.02)
asthma
D. Associations by presence of exercise in public
park
Gets exercise in public
‐0.06** (0.02)
‐0.07** (0.02)
‐0.01 (0.02)
‐0.00 (0.02)
park
Does not get exercise in
0.03 (0.02)
0.11 (0.02)
0.02 (0.03)
0.03 (0.03)
public park
**p<0.01; p<0.05
Annual Ozone Measure: Highest daily maximum 8‐hr concentration in the previous year
Regressions include male, race/ethnicity, age, mother’s education, urbanicity, family income, percent minority in school, number of
siblings, single parent household, maximum annual temperature, mean annual temperature
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Table 3: Heterogeneous effects of ozone on math and reading test scores in 3rd and 5th grades by child characteristics: Cumulative ozone
exposure
3rd Grade
Reading T Score
Math T Score
Coeff (SE)
Coeff (SE)
B. Full sample
‐0.12 (34)
‐0.82** (0.30)
B. Associations by Socioeconomic status
Low SES
‐0.49 (0.45)
‐0.60 (0.42)
High SES

0.12 (0.51)

‐1.14** (0.43)

5th Grade
Reading T Score
Coeff (SE)
‐0.31 (0.21)

Math T Score
Coeff (SE)
‐0.10 (0.18)

‐0.16 (0.30)

0.12 (0.28)

‐0.34 (0.28)

‐0.24 (0.24)

C. Associations by Gender
Boys
‐0.17 (0.56)
‐0.66 (0.45)
‐0.33 (0.30)
‐0.36 (0.27)
Girls
‐0.13 (0.40)
‐1.06** (0.39)
‐0.33 (0.27)
0.15 (0.24)
C. Associations by Asthma status
Child has asthma
‐0.15 (1.00)
‐1.24 (0.81)
‐0.59 (0.58)
‐0.14 (0.44)
Child does not have
‐0.29 (0.37)
‐0.83* (0.32)
‐0.24 (0.22)
‐0.10 (0.20)
asthma
D. Associations by presence of exercise in public
park
Gets exercise in public
‐0.17 (0.48)
‐1.12** (0.42)
‐0.44 (0.28)
‐0.03 (0.26)
park
Does not get exercise in
‐0.26 (0.51)
‐0.51 (0.42)
‐0.04 (0.28)
‐0.26 (0.24)
public park
**p<0.01; p<0.05
Cumulative Ozone Measure: Number of years above NAAQS standard
Regressions include reading/math test score in kindergarten, male, race/ethnicity, age, mother’s education, urbanicity, family income,
percent minority in school, number of siblings, single parent household, maximum annual temperature, mean annual temperature
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Chapter 5: Conclusions

There is growing consensus that child health and development may be influenced by
individual factors but also by interactions with the larger social, economic, cultural, and built
and policy environmental contexts in which children live. This dissertation examined how the
local environment contributes to children’s health and cognition and explores the mechanisms
or pathways that may help explain relationships between the local environment and
health/cognition in three essays.
In the first paper, I explored how the neighborhood food environment influences
children’s dietary behaviors and BMI using data of children in military families, who have
unique variation in neighborhood environments due to frequent relocation of military
personnel. I found that the availability of food outlets close to home is not associated with
children’s dietary outcomes. These findings are noteworthy given that the sample is of military
families, whose relocation generates unique variation in neighborhood environments, and is
not subject to the same level of residential selection that undermines typical observational
studies. I also found that the availability of grocery food outlets was not associated with where a
family shopped for groceries and the family’s choice of outlet was not associated with the healthiness of
the food in the home nor children’s diet. Likewise, the availability of fast food outlets was not
associated with how often children eat fast food meals. However, I found significant associations
between both the healthiness of food available at home and consumption of fast food and restaurant
meals as well as measures of parental supervision on children’s diet. These results suggest that focusing
only on the availability of particular food outlets in the neighborhood may ignore other important
factors, including how families make decisions about food purchases and where to shop for foods,

88

availability of healthy foods at home, consumption of fast food and restaurant meals, and parental
limits, that may collectively impact children’s obesity and dietary behaviors. The home environment can
either facilitate or inhibit healthy eating among children and parents play a key role in maintaining and
supporting the home environment. Future research and interventions should address the complexity of
the role of the home environment and familial influences on child diet and obesity.

In the second paper, I explored the relationship between ambient air pollution and
children’s cognitive outcomes in elementary school years. I found that measures of ozone and
PM2.5 are associated with cognitive outcomes using a national U.S. sample of children,
sophisticated interpolation methods, and exploring some of the potential mechanisms of this
association. I found that annual and cumulative measures of ozone and PM2.5 during third grade
were significantly associated with lower reading (PM2.5) and math (ozone and PM2.5) test
scores. There are several potential mechanisms through which air pollution may impact
children’s test scores. First, these results suggest that the association between ozone and math
test scores is not due to short‐term effect of air pollution on the day of testing. The results also
suggest that the relationship may be partially explained by increased school absences
throughout the school year. Additional research should focus on: (1) the biological effects on
cognition and (2) the potential roles of neurobehavioral, fatigue, and attention issues.
In the third paper, I examined the heterogeneous effects of ozone exposure by child
characteristics including socioeconomic status, gender, asthma status, and regular outdoor
exercise. The effects of ozone exposure may also differ across children based on their
vulnerability to health or cognitive effects of air pollution and their exposure to high levels of
ozone. These results suggest that children in families of low socioeconomic status may already
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be impacted by many adverse factors and other environmental exposures (e.g., noise, water
quality, crowding, housing quality, neighborhood conditions) that the effect of ozone on
cognition is only seen among children in high socioeconomic families. I also found a significant
association between ozone and math test scores among children who regularly get exercise
through a public park, likely contributed to the increased exposure to air pollutants from
additional time spent outdoors exercising. I also found a significant association among girls but
not boys, which suggests that differences in activity patterns (i.e., outdoor play) are not the
only factor at play. Although not well understood, biological mechanisms including lung
function growth rates, hormonal factors, and size may contribute to gender differences. Finally,
I found a significant association between exposure and math test scores among children
without asthma indicating that it may not only be children with asthma who react adversely to
ozone exposure. Therefore, the impact of air pollution on test scores may not only be due to
exacerbation of asthma symptoms, but potentially through other decreased health, increased
fatigue, or a direct neurodegenerative effect.
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