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Abstract

Higher asthma rates are one of the more obvious ways that health inequalities between African 

American and other children are manifested beginning in early childhood. In 2010, black asthma 

rates were double non-black rates. Some but not all of this difference can be explained by factors 

such as a higher incidence of low birth weight (LBW) among blacks; however, even conditional on 

LBW, blacks have a higher incidence of asthma than others. Using a unique data set based on the 

health records of all children born in New Jersey between 2006 and 2010, we show that when we 

split the data by whether or not children live in a “black” zip code, this racial difference in the 

incidence of asthma among LBW children entirely disappears. All LBW children in these zip 

codes, regardless of race, have a higher incidence of asthma. Our results point to the importance of 

residential segregation and neighborhoods in explaining persistent racial health disparities.

1. Introduction

Higher asthma rates are one of the more obvious ways that health inequalities between 

African American and other children are manifested beginning in early childhood. Asthma is 

one of the most common childhood chronic conditions, accounting for approximately 

774,000 visits to the emergency room in 2009 (Newacheck and Halfon, 2000; American 

Lung Association, 2012) and affecting approximately one in every 11 children (Akinbami et 

al., 2009). Data from the National Health Interview Survey suggest that rates are much 

higher among African-Americans: in 2010, black asthma rates were double non-black rates 

(Akinbami et al., 2014). Some observers even describe “being black” as a risk factor for 

asthma (WebMD, 2006; Mayo Clinic, 2016).
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Although many factors including income, birth weight, preventive care, and urban residence 

have been shown to be related to asthma prevalence, it has proven difficult to fully account 

for the gap between African-American and other children. For example, McDaniel et al. 

(2006) find that they are unable to explain the racial disparity with the detailed child and 

family characteristics available in the National Health Interview Survey. They comment that 

“Many studies have documented the racial gap in asthma prevalence, but few have explained 

it.”

This paper asks whether what is manifested as a racial difference in asthma prevalence is 

actually an effect of neighborhoods rather than an effect of race per se. This distinction is 

important because unlike race, it is possible to change neighborhoods either by finding and 

remediating the hazards that are causing higher asthma prevalence or by helping vulnerable 

children to move. Moreover, if the underlying factor is actually residential location rather 

than race, then it will affect all children in a neighborhood regardless of race, meaning that 

an exclusive focus on race as a risk factor may cause some affected children to be 

overlooked.

Using a unique data set based on the health records of all children born in New Jersey 

between 2006 and 2010, we explore the roles of race, birth weight, and residential location 

in explaining the incidence of emergency room visits for asthma in early childhood. In 

addition to the large scale of our data set, we are able to compare siblings born to the same 

mother in order to rule out other unobserved characteristics of mothers as potential 

confounders, and to examine a large sample of non-black children who live in the same 

neighborhoods where most African-Americans in our sample reside.

Consistent with previous research, we find that low birth weight (LBW) children are more 

likely to have emergency visits for asthma, and that this result holds within families when 

comparing siblings. Black children are more likely to be LBW, but have significantly more 

visits for asthma than other children of the same birth weights at all weights, though the gap 

is more pronounced at lower weights.

Our most surprising result is that the racial difference in asthma prevalence among low birth 

weight children disappears when we look within the neighborhoods where most African-

American children live. That is, when we condition on whether a mother lives in a black zip 

code (defined so that half the children in the sample living in so-called black zip codes were 

African-American), there is no longer any racial difference in asthma prevalence conditional 

on birth weight. Put another way, all LBW children—including non-black children—are at 

much higher risk of asthma if they happen to live one of the New Jersey neighborhoods 

where the majority of African-American residents live. This result clearly points to the 

importance of neighborhoods as a key determinant of asthma prevalence in vulnerable LBW 

children, and suggests that understanding the characteristics of neighborhoods that 

contribute to asthma prevalence is necessary for addressing racial gaps in children’s health 

status, and for protecting the health of vulnerable LBW children more generally.
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The rest of this paper is laid out as follows: In Section 2, we discuss the background for our 

study. Section 3 lays out the data, and Section 4 discusses methods. Results appear in 

Section 5, and a discussion and conclusions appear in Sections 6 and 7.

2. Background

African-Americans tend to be in worse health than whites at all ages (Boustan and Margo, 

2014), a fact that is reflected both in higher rates of low birth weight and prematurity, and in 

higher death rates (Currie and Schwandt, 2016). Research over the past ten years has also 

shown that poor health in childhood is associated with poorer health and other outcomes in 

adulthood (see Almond et al., 2017 for a recent review). For example, Isen et al. (2017) 

show that children born in counties that cleaned up their air following passage of the Clean 

Air Acts of 1970 were more likely to work, had higher education, and had higher earnings as 

young adults. Thus, it is probable that some of the continuing health disparity between 

African-Americans and others over the life course has its origins in negative health shocks to 

early life health, some of which, like pollution exposure in utero and in early childhood, are 

due to their residential location.

One possible contributor to the racial differential in health is low birth weight (LBW), 

defined as birth weight less than 2500 grams. African-Americans are twice as likely as 

others to be LBW and LBW has been shown to have negative effects on a broad range of 

outcomes. For example, Oreopoulos et al. (2008) use a large sample of twins and show that 

within twin pairs, LBW is associated with higher mortality up to age 17, as well as with 

lower schooling attainment, and a higher probability of being on welfare. LBW is also 

associated with a higher incidence of asthma: research using a large sample of Swedish 

twins (Ortqvist et al., 2009; Villamor et al., 2009) shows that even within twin pairs, LBW 

increases the incidence of asthma. However, as discussed above, within birth weight 

categories, blacks are more likely to have asthma than others, so LBW by itself cannot be a 

complete explanation for the racial disparity in asthma; rather, LBW should perhaps be 

viewed as a factor that primes children to have asthma in certain circumstances. In this 

paper, we examine residential location as one such circumstance.

Social scientists have long been interested in the ways that neighborhoods affect people’s 

health. Pickett and Pearl (2001) and Kawachi and Berkman (2003) provide excellent reviews 

of this literature; most studies show evidence of an association between neighborhood 

characteristics and health outcomes even after controlling for a range of measurable 

individual and family characteristics. Curtis et al. (2004) look specifically at children and 

show that neighborhood characteristics predict several measures of child well-being 

conditional on family characteristics. Merkin et al. (2009) argue that the stress associated 

with living in disadvantaged neighborhoods increases “allostatic load,” which in turn leads 

to a wide range of poorer health outcomes, and find particularly large effects among 

African-Americans.

Since observational studies are limited in the extent to which they can distinguish between 

neighborhood effects and the effects of family characteristics common to people living in 

disadvantaged neighborhoods, data from the Moving to Opportunities (MTO) experiment 
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are of particular interest. The MTO randomly assigned families to a treatment regime that 

required them to move to lower poverty neighborhoods in order to obtain housing benefits. 

Surprisingly, research based on the MTO data by Fortson and Sanbonmatsu (2010) and 

Kling et al. (2007) concluded that neighborhood characteristics had little effect on children’s 

physical health outcomes, including asthma.1

However, the MTO health measures are parent or self-reported which may introduce 

considerable measurement error relative to the administrative data we use here. Such error 

would be a particular concern if changing neighborhoods caused people to think about or 

report their health differently. It is also important to note that while all of the “treated” 

children in MTO moved to lower poverty neighborhoods, the new neighborhoods were not 

much less segregated than the old ones. For instance, Kling et al. (2007) report that the 

average share minority in the treated group was 82% after moving. Thus, the MTO 

experiment leaves open the question of whether children’s health can be improved by 

moving away from heavily segregated neighborhoods.

Jacob et al. (2013) exploit a “natural experiment” created by the Chicago public housing 

authority. In 1997, the city opened its housing-voucher wait list for the first time in over ten 

years. As a result, the authority randomly chose families from a wait list to receive Section 8 

housing vouchers; these families were enabled to leave large public housing projects and 

move anywhere that would accept their vouchers. The authors find suggestive evidence of 

positive effects of mortality among boys and large negative effects of mortality among girls. 

However, the standard errors are large which reflects the fact that mortality is a rare 

outcome; for example among “treated” girls, there was only one death. Thus, this study 

highlights the potential gains to understanding the health effects of neighborhoods from 

examining a relatively common health problem like asthma rather than a (thankfully) rare 

one like mortality. Moreover, like the MTO, the “treated” population in the Jacob et al. 

(2013) study generally stayed within segregated neighborhoods.

Research has consistently shown that the U.S. continues to be highly racially segregated, 

with African-American neighborhoods (on average) suffering higher poverty, lower average 

educational attainments, higher unemployment, higher exposure to pollution, and other ills 

(Boustan, 2011).2 Thus, black mothers may de facto have less choice about where they live 

compared to other observationally similar women. It is this continuing residential 

segregation combined with the unexplained health differential between black and non-black 

children that makes the concept of a “black” zip code salient for our research.

The preceding discussion makes clear that while there is substantial overlap between poor 

neighborhoods and black neighborhoods, they are not the same thing. People can move to 

less poor neighborhoods but remain highly racially segregated, while many non African-

Americans reside in poor neighborhoods. Nevertheless, given the overlap between poor and 

1More recently Chetty et al. (2016b) use data from the Moving to Opportunities experiment to show that children who were randomly 
assigned to a program that led them to live in lower poverty neighborhoods as young children experienced lasting improvements in 
adult outcomes including education and income. However, the only health outcome available in the tax data they use is disability 
status, and they do not examine that.
2Negative peer effects may also contribute to poor outcomes. See Case and Katz (1991).
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black neighborhoods, the literature on socioeconomic determinants of health is certainly 

relevant. This is a vast literature but perhaps the key reference with respect to child health is 

Case et al. (2002) who show that while poor children start life in poorer health than richer 

ones (by almost any measure), the gap continues to grow as children age. Currie and Stabile 

(2003) demonstrate that this widening gap occurs because of a higher arrival rate of negative 

health shocks (such as developing asthma). Condliffe and Link (2008) show further that in 

the U.S. poor children also recover from each health shock more slowly than rich children.

Chetty et al. (2016a) is one of the few studies to bring together the literature on 

socioeconomic status and health and the literature on the effects of place on health. Using 

rich U.S. tax data, they explore the interaction between low household income and 

residential location in the production of life expectancy. They show that life expectancy for 

low income individuals varies greatly across commuting zones in the United States. Low 

income individuals had significantly shorter life expectancy in several cities in the industrial 

Midwest such as Gary, Detroit, and Cincinnati, and significantly longer life expectancy in 

New York City, Miami, and Los Angeles. Unfortunately, given that the tax data do not 

record the race of filers, they are unable to extend their analysis to examine racial differences 

in health.

Our work contributes to this literature on the health effects of place. We ask whether what is 

often viewed as a racial difference in asthma prevalence is actually a neighborhood 

difference in asthma prevalence. This is an important question because unlike race, we can 

change people’s neighborhoods either by identifying the problem and remediating it or by 

enabling people to move to safer areas. By focusing on a common illness rather than on 

death, we can conduct our analysis at the zip code level, which is a much finer level of 

aggregation (and a closer approximation to a neighborhood) than the commuting zone (there 

are 741 commuting zones in the U.S. compared to roughly 40,000 zip codes).3 Moreover, by 

comparing children born at different birth weights to the same mother, we can isolate the 

effects of place per se, rather than measuring the effects of place bundled with the 

characteristics of mothers that cause them to locate in a particular place.

3. Data

Our sample is the cohort of all children born to mothers residing in New Jersey between 

2006 and 2010.4 The sample is constructed by merging information from electronic birth 

records filed with the state government to hospital records covering every visit to a hospital 

emergency room (ER) from 2006 to 2012. These data are then collapsed, so that every child 

is represented by one observation. The information on the birth certificate is used to link 

siblings via identifying information about their mothers. This matching process was 

3Previous work by Nepomnyaschy and Reichman (2006) shows that at the level of the Census tract, the fraction of housing that is 
renter-occupied and vacancies are predictors of childhood asthma. Unfortunately, we do not have sufficient observations within Census 
tract to conduct our analysis, so we use the zip code.
4We deleted from the sample a small number of children who died before their first birthday. Most of these children died within the 
first month of life and so would not have been “eligible” to be diagnosed with asthma. We also dropped a small number of children 
with birth weights less than 518 g (the 0.25th percentile of the sample distribution) or above 4820 g (the 99.75th percentile) as these 
have a high probability of being data entry errors.
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conducted in Trenton at the Department of Health and Senior Services, and these data were 

then de-identified on site. Below, we discuss data construction in further detail.

New Jersey electronic birth records include detailed information about infants and mothers. 

For the mother, we have her name, as well as information about her race, age, education, 

marital status, date of birth, residence at the time of the child’s birth, and whether she 

smoked during the pregnancy. For the children, we know birth weight, gender, and birth 

order (including whether it was a multiple birth).

We combine the birth records with information about ER visits from New Jersey Uniform 

Billing Records from 2006 to 2012. These data are compiled by the state from information 

that all general medical and surgical hospitals are required to submit about every individual 

encounter with a patient. These records have the hospital, the child’s diagnosis, and the type 

of insurance coverage.5 We include all records where there is an emergency room revenue 

code on the billing record; some of these visits would have resulted in admission to the 

hospital but in most cases the patient is seen in the ER and returns home. Note that whether 

or not the visit resulted in admission, it appears in our data.

We matched birth records and ER visits by sex of child, date of birth, and first and last name 

of the child.6 This process created a unique patient identifier, so that we can follow each 

child over time and across hospitals in the Uniform Billing Records. Similarly, we matched 

siblings in the birth records using characteristics of the mother including her first and last 

name, birth date, and social security number. The matching algorithm does a good job 

catching slight misspellings without lumping together names that look different in a manual 

inspection of these data. More details on the matching process and the quality of the 

algorithm can be found in the Data appendix.

Along with the sibling match, the ability to observe all visits to all hospitals is a particular 

strength of these data. It is possible to measure the total number of emergency room visits 

even if the child was treated at multiple hospitals. We use this aspect of these data to keep 

track of the total number of times a child was treated in the emergency room for asthma.

A key contribution of our paper is to examine non-African-American children living in black 

zip codes, and to compare their outcomes to African-American children also living in black 

zip codes. We define black zip codes so that half of the children living in black zip codes are 

African-American (pooled across all black zip codes). That is, black zip codes are defined as 

5The Uniform Billing data includes up to three detailed payer code variables for each visit (primary, secondary, and tertiary), which 
reflect the specific type of insurance used. Each payer code is classified into seven payer types: Medicare, Medicaid, Commercial, 
Blue Cross, HMO, Self-Pay, and Other. We re-categorize this information into two groups based on the primary payer: the first 
category, “public”, consists of Medicaid (Medicaid and Medicaid HMOs), NJ FamilyCare (New Jersey’s Children’s Health Insurance 
Program (CHIP)), and the indigent. (Indigent children make up just 0.5% of the public insurance category. We include them in the 
public category because their expenses are likely to eventually be paid by public insurance even if they are not publicly insured at the 
time of admission.) The “private” category consists of Blue Cross, non Medicaid/NJ FamilyCare HMOs, and other commercial 
insurers. Those with military insurance (CHAMPUS) are classified as “private” since their coverage is similar to that of the privately 
insured. One strength of the data is that we can identify both Medicaid fee for service and Medicaid HMO patients as publicly insured 
patients. Further details about the coding are in Data appendix.
6The Levenshtein edit distance is used to match names, because of problems with typographical errors and misspellings (stata 
command strgroup—http://fmwww.bc.edu/repec/bocode/s/strgroup.html).
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those with the highest fraction of black children in the sample. This definition yields a 

sample in which the non-black zip codes have at least 73% non-black children.

By this metric, 94 out of 676 zip codes are classified as black zip codes. The rationale 

behind this choice is to have the same power to estimate birth weight-asthma profiles for 

African-American and for other children in black zip codes. The zip codes we define as 

“black” are also those in which the majority of black children live:63.4% of black children 

in our sample live in one of these zip codes, compared to only 15.9% of other children.

The cutoff percent black that achieves a split such that half of the children living in black zip 

codes are African-American is 27% black. Our results are not sensitive to using alternative 

cutoffs to define the black zip codes; Appendix Tables A1–A4 show that our results are 

robust to using cut offs 5% higher or lower than our preferred specification. Using a cut off 

requiring at least 22% of children in a zip code to be black, 109 zip codes are designated as 

black zip codes; using a cut off requiring least 32% of children in a zip code to be black 

yields 75 black zip codes. An alternative and reasonable categorization would be to define 

the cutoff such that half of the black children in our sample are in black zip codes, and half 

of the black children are in other zip codes. In practice, this results in a fairly similar 

threshold, and would mean setting the cutoff at essentially the same level as in Tables A.3 

and A.4. On the other hand, defining black zip codes as those with at least 50% black seems 

just as arbitrary as our preferred specification, and would result in a very small sample of 

non-black children residing in black zip codes.7

Fig. 1 shows that most black zip codes follow a diagonal line from the Northeast to the 

Southwest of the state, along the path of the New Jersey Turnpike, while a few others are 

located along the Garden State Parkway. They are also clustered around older, poorer cities, 

such as Camden, Trenton, and Newark.

Table 1 provides an overview of child and mother characteristics from the birth certificate 

data, broken out by race and whether the child’s mother lived in a black zip code or not at 

the time of the birth. The first two rows indicate that there is a large gap in asthma rates by 

race, but that there is also a large gap by type of zip code. African-American children in 

black zip codes are 4.38 percentage points more likely to have been ever diagnosed with 

asthma than African-American children in other zip codes. Among non-black children, this 

gap is almost the same at 4.83 percentage points. One can see that the same patterns emerge 

for birth weight, with African-American children being more likely to be low birth weight, 

but also large gaps in birth weight across types of zip codes within racial groups.

However, one can also see from Table 2 that within race groups the children in black zip 

codes are negatively selected. Their mothers are more likely to have smoked during 

pregnancy, are more likely to be high school dropouts, are less likely to be married, more 

likely to have public rather than private insurance, and are more likely to be having a higher 

order birth. The patterns of selection are somewhat different across racial groups. For 

example, non-black mothers in black zip codes are more likely to be high school drop outs 

7Defining black zip codes as those with at least 50% black would result in 55 black zip codes, with 28,258 black children and 10,601 
non-black children. The sample size of non-black children in this specification is just 20% of that in our preferred specification.
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than any other group, whereas African-American mothers in black zip codes are the least 

likely to be married and the most likely to be less than 20 years old. These patterns make it 

unclear whether we should attribute high asthma rates among children in black zip codes to 

residence in the zip code or to the characteristics of people who happen to live in those zip 

codes. The models discussed below will attempt to untangle these relationships.

Because we focus on differences in asthma by residential location, we also collect 

information about zip codes from the 2010 Census including: total population in 2010, 

population per square mile (population density), median age, average household size, the 

percentage of people age 25 and older with less than a high school degree and with a 

bachelor’s degree, the percentage of people aged sixteen and over in the labor force, the 

percentage of households with an income less than $20,000 per year, the percentage of 

households with incomes greater than $200,000 per year, the percentage of households 

below the poverty line, the median age of the structures, the percent of housing that is owner 

occupied, the percentage of housing that is vacant, the median value of owner occupied 

housing, and the average commute. Together these variables capture many aspects of 

socioeconomic status and disadvantage that are often associated with black neighborhoods.

In addition to neighborhood characteristics from the Census, we have created additional 

measures that attempt to measure pollution exposure. For outdoor air pollution, these 

measures are the average distance from zip code centroids to the 25 largest point source 

emitters of PM 2.5 in New Jersey (as defined by the EPA, from 2011); and the fraction of the 

population of a zip code living in census blocks with centroids within 800 m or 400 m of a 

limited access highway (to capture pollution from vehicle emissions). For indoor air 

pollution, we look at the fraction of mothers in a zip code who reported smoking during 

pregnancy, as well as two measures proxying for the quality of the housing stock: the 

percent of housing left vacant, and the percent built before 1960.

Table 2 shows the population weighted means of these variables for all zip codes, black zip 

codes, and other zip codes. Overall, 94 zip codes are classified as black, while 582 zip codes 

are not. Table 2 indicates that black zip codes tend to be more densely populated and to have 

more young children. Consistent with Table 1, residents of black zip codes tend to be less 

educated, and are more than twice as likely to be in poverty. Houses are an average of seven 

years older in black zip codes, and people are much more likely to be renters. Those in black 

zip codes are also exposed to more pollution, both indoor and outdoor, as measured by our 

proxies. Black zip codes are on average half the distance to top polluting facilities compared 

to other zip codes, and a larger fraction of the population of black zip codes live close to 

limited access highways. In addition, a slightly higher fraction of mothers in black zip codes 

report smoking during pregnancy, and the housing stock in these areas is both older and 

more likely to be vacant—both of with are associated with indoor air pollution from mold 

and rodent and insect infestations. Once again, this table suggests that residents of black zips 

suffer multiple disadvantages, which could well be reflected in lower birth weights and a 

higher propensity to have asthma among their children.
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4. Methods

We explore the relationship between asthma, race, birth weight, and location, using Ordinary 

Least Squares (OLS) models. We first estimate models of the form:

Asthmaiz = a0 + a1BirthWeighti + a2Blacki + a3BirthWeighti × Blacki + qi + eiz, (1)

where Asthmaiz is either a zero-one indicator equal to one if child i in zipcode z was ever 

diagnosed with asthma in the course of a hospital visit, or a count of the number of times the 

child was diagnosed with asthma during a hospital visit; BirthWeighti is a vector of 

indicators for birth weight categories including 500–999 g, 1000–1499 g … 4500–4999 g 

(the reference category is normal birth weight of 3000–3499 g); Blacki indicates that the 

child’s mother is African-American; and BirthWeighti × Blacki is the intersection of the two. 

We also include qi: fixed effects for each child’s age in quarters as of the end of our sample 

(this is equivalent to including a separate control for each year and quarter of birth 

combination in the data). Controlling for age allows for the fact that older children have a 

longer window in which they could have been diagnosed with asthma. This regression 

describes the asthma-birth weight profile, and how it differs by race.

We next add controls for child, mother, and location specific characteristics as well as fixed 

effects for each hospital (since asthma in young children can be difficult to diagnose and 

might be reported differently at different hospitals):

Asthmaiz = a0 + a1BirthWeighti + a2Blacki + a3BirthWeighti × Blacki + a4Xindi
+ a5Xzipz + a6Hospitali + eiz,

(2)

where the vector Xindi captures individual mother and child characteristics including all of 

the explanatory variables listed in Table 1, as well as each child’s age in quarters as of the 

end of our sample. The vector Xzipz captures the zip code level characteristics listed in 

Table 2, and Hospitali is a vector of hospital fixed effects.8

Next we modify (2) by adding mother fixed effects, denoted am. This specification controls 

for all fixed characteristics of the mother including race, and asks whether within families, 

lower birth weight children are more likely to have asthma:

Asthmaiz = am + a1BirthWeighti + a2BirthWeighti × Blacki + a4Xindi′ + a5Xzipz′
+ a6Hospitali + eiz,

(3)

While the main effect of Blacki drops out of these fixed effects regressions, we are able to 

include interactions of BirthWeighti × Blacki, and the estimated coefficients are indicative of 

the extent to which low birth weight has a larger effect on African-American than on other 

8If a child is seen at more than one hospital, we use the hospital the child visited the most frequently in Hospitali.
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children. The vectors Xindi andXzipz now include only time varying characteristics of 

mothers, and zip codes.

We expect that our measure of whether a child ever had asthma should be fairly clean: most 

children with asthma will have ended up with at least one trip to the ER, since having a child 

who cannot breathe is a medical emergency that is terrifying to parents. The number of trips 

to the hospital for asthma, however, is related both to the severity of the child’s asthma, but 

also other factors such as the availability of outpatient care for the child and how faithful the 

family is about medication adherence. These are factors that may be partially controlled by 

including mother-specific fixed effects.

Finally, in order to explore the effect of location, we estimate models (2) and (3) separately 

for black and other zip codes. These regressions address whether different propensities to 

have asthma conditional on birth weight are found across areas, and whether there are racial 

differences in birth-weight specific asthma rates within areas. When we estimate maternal 

fixed effects models separately by type of zip code, the identifying variation comes from 

mothers who have more than one child with different birthweights (we count women as 

living in a black zip code if we ever observe them giving birth in a black zip code).9 While 

mother fixed effects models are not a panacea, we include them for comparison with models 

that control for a rich set of observable controls, and for comparison with previous work 

using siblings. We show below that the estimated relationships between race, asthma, and 

birth weight are quite similar with and without maternal fixed effects, but differ across types 

of zip codes, lending further support to the conclusion that characteristics of the zip code 

itself are important rather than characteristics of the people who happen to live in them 

being determinative.10

5. Results

Table 3 shows estimates of the effects of race and birth weight on the probability of ever 

having been diagnosed with asthma during a hospital visit in columns 1–3. Estimates of the 

number of times the child has been diagnosed with asthma during a hospital visit appear in 

columns 4–6.11 The first column does not include any additional controls beyond birth 

weight and length of time a child spent in the sample, so it provides a simple description of 

the relationship between asthma prevalence and birth weight. Column 1 shows that relative 

to normal birth weight babies (3000–3499 g) the light est non African-American infants are 

15.4 percentage points more likely to be subsequently diagnosed with asthma. This 

increased probability of asthma falls monotonically with birth weight and becomes 

9An alternative strategy would be to use mothers who move between different zip code types. However, in practice very few mothers 
move between Black and other zip codes between children (just 3,683 mothers have a child in both zip code types). Appendix Table A.
11 restricts the sample to those that do move between zip code types and tries to estimate the effect of black zip codes via movers. 
Unfortunately there are very few remaining observations, and very few of the coefficients are statistically significant.
10An alternative specification would involve examining models with a complete set of interactions between an indicator for black 
race, LBW, and living in a black zip code. Such a specification is shown in Appendix Table A.10. In these models, the indicator for 
LBW × black zip is statistically significant, but the triple difference indicator LBW × black zip × black is not. This finding is 
consistent with the results discussed below as it suggests that it is living in a black zip code rather than being black that is associated 
with higher asthma rates among LBW children.
11While our main specification uses OLS for both of our outcomes—whether a child has ever been diagnosed with asthma and the 
number of times a child has been diagnosed with asthma at an ER—Table A.5 shows that our results are robust to using zero-inflated 
negative binomial models when looking at the number of visits. This technique is designed to deal with count data with many zeroes.
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negligible around the cutoff for low birth weight (2500 g). The indicator for Black shows 

that African-American babies of all birth weights are more likely to be diagnosed with 

asthma than other children.

However, the interactions between the birth weight categories and whether the baby is 

African-American show that while there is a higher probability of asthma among black 

infants, the racial gap in asthma prevalence is much greater for the lightest infants. An 

African-American baby of 500–999 g is 33.1 percentage points more likely to ever be 

diagnosed with asthma than a non African-American baby with a birth weight of 3000–3499 

g. This gap falls to 9.1 percentage points for African-American babies 3000–3499 g and to 

5.6 percentage points for the heaviest African-American babies. The F-test shown at the 

bottom of the table is from a test of the hypothesis that the interactions of the four lowest 

birth weight categories with the indicator for black race are jointly significantly different 

than zero, and confirms that black LBW babies are more likely to suffer from asthma than 

white babies with LBW (F = 13.95).

Comparing columns (1) and (2) of Table 3 suggests that adding a rich set of individual and 

area level controls, as well as hospital fixed effects, has little impact on the estimated 

asthma-birth weight profiles.12 It does however, reduce the “main effect” of black by about 

50%, showing that much of the level effect attributed to race can in fact be explained by 

other observable characteristics of families and neighborhoods (though of course 50% 

remains unexplained in this specification).

We thought it important a priori to include hospital fixed effects, as African-American 

children may systematically use hospitals with different practices or protocols related to 

reporting or diagnos ing asthma. Moreover, since people tend to use the nearest hospital in 

an emergency, adding hospital fixed effects is similar to adding fixed effects for the 

geographical catchment area of each hospital. In practice, however, adding both hospital 

fixed effects and zip code level characteristics from the census have little to no impact on the 

magnitude or precision of the coefficients (see Tables A.6 and A.7).13

Column (3) of Table 3 shows that adding a fixed effect for each mother leaves the estimated 

asthma-birth weight profile largely intact. Hence, even comparing siblings born to the same 

mother, lower birth weight is strongly associated with a higher probability of asthma, and 

this effect is significantly larger for black mothers.

Columns (4)–(6) of Table 3 show similar qualitative patterns for the number of times a child 

is diagnosed with asthma during a hospital visit. Once again, the main effect of Blacki is 

halved when observable controls are added to the model, and the elevated effect of low birth 

weight among African-Americans persists even when controls for mother fixed effects are 

added to the model.14

12included zip code level controls, which are suppressed in Table 3.
13Table A.7 shows that some of the racial gap in the birth weight-asthma profile remains when zip code fixed effects are included, but 
this result is not inconsistent with the main results because there is a racial gap in the group of “other zip codes.”
14Table A.9 shows that none of the results are sensitive to removing “other race” or Hispanic mothers.
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In Table 4, we pursue the analysis of the effects of neighborhoods by dividing the sample 

into Black zips and other zip codes. Note that children are assigned to zip codes on the basis 

of their location at the time of the birth. One advantage of this procedure is that the location 

is chosen before information about the child’s health is revealed. Thus, these estimates 

should not suffer from endogeneity associated with families moving because of a child’s 

respiratory problems.

A comparison of columns (1) and (2) and of columns (3) and (4) in Table 4 shows that in 

Black zip codes the effects of low birth weight are much larger, about twice as large, as in 

other zip codes for both African-Americans and others. In Black zip codes, even non 

African-American babies of 500–999 g are 22.6 percentage points more likely to ever end up 

at the hospital ER with asthma than non African-American babies of normal birth weight 

(3000–3499 g). An African-American baby of 500–999 g would be 26.4 percentage points 

more likely to be diagnosed with asthma than white babies of normal birth weight but, as 

discussed further below, the two estimates are not statistically significantly different from 

each other for low birth weight babies.

Remarkably, in Black zip codes the profile of asthma and low birth weight is the same for all 

low birth weight children in these zip codes. In contrast, in other zip codes, African-

American children of low birth weight still face additional increases in the probability of 

having asthma beyond the level effect of Blacki. In other zip codes, an African-American 

baby of 500 to 999 grams would be 26.4 percentage points more likely to ever have asthma 

than a non African-American baby of 3000–3499 g, while for a non African American baby 

of 500–999 g the equivalent figure would be 13.1 percentage points. One reason a difference 

might persist between black and non-black children in these other zip codes is that the 

average black child in this group is less comparable to the average non-black child. We 

address this issue in Table 5, which controls for time-invariant characteristics of the mother.

Table 5 shows estimates for black zip codes and other zip codes from models including 

mother fixed effects. In these models, the relationship between low birth weight and asthma 

is readily apparent, but remarkably, once we separate black zip codes and other zip codes, 

that relationship is exactly the same for white and black children in both types of zip codes. 

That is, unlike the mother fixed effects models shown in Table 3, when we stratify by black 

vs. non-black zip codes there is no statistically significant interaction between the birth 

weight categories and the indicator Blacki. The overall relationship between low birth 

weight and asthma is much the same as in Table 4, with the effects of low birth weight being 

twice as large for all children in black zip codes compared to other zip codes. These results 

strongly suggest that there are characteristics of black zip codes that contribute to higher 

asthma rates among all children living in those zip codes.15 Moreover, controlling for 

residential location in addition to the detailed controls and mother fixed effects completely 

explains the racial difference in asthma rates conditional on low birth weight.

1583,187 mothers only have children in black zip codes, 282,927 mothers only have children in other zip codes, and a small minority, 
3,683 mothers, have at least one child in both black and other zip codes.
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These results are the most novel and striking of this paper. As discussed above, it has been 

quite difficult to explain the racial gap in asthma rates. Our results suggest that while some 

of the gap may be associated with characteristics of families, once we account for where 

people live, the gap among LBW children entirely disappears. This finding is important 

because it suggests that if we could identify the relevant characteristics of neighborhoods, it 

might be possible to address them, and that addressing these characteristics would benefit all 

children living in these neighborhoods.

The estimates presented in Tables 3–5 and their confidence intervals are graphed as Figs. 2–

4. These figures make it easier to see the overall effect of being African-American at each 

birth weight (which includes the main effect Blacki, the baseline effect of the birth weight 

category, and the interaction between the two) and to compare it to the effect of low birth 

weight for other children. The standard error bands show visually where the estimates are 

significantly different and where their confidence bands overlap.

The left most panels of Fig. 2 show estimates corresponding to columns (1) and (4) of Table 

3. They show that the incidence of asthma, and the number of visits for asthma are always 

higher for African-American children, though the risks converge as birth weight rises. 

Moreover, among children who are not African-American, the risk of asthma for those at the 

high end of the LBW/low end of the normal birth weight range is not much higher than for 

normal birth weight children (the reference category is non-African-American children with 

a birth weight of 3000–3499 g).

The middle panel of Fig. 2 shows that the gap between African-Americans and others is 

considerably narrowed by the inclusion of basic controls for individual children and their 

mothers, neighborhoods, and hospitals. Remarkably, there is almost no change in the 

relationship between asthma risk and low birth weight among the non-African-American 

children. Hence, the narrower gap is entirely explained by the reduction in the extent to 

which asthma risk is attributed to race once controls are included in the models. In other 

words, much of the higher asthma risk among African-Americans can be explained by 

observable characteristics of families, neighborhoods, and hospitals, though there is still a 

large unexplained residual gap at low birth weights.

The right hand panels of Fig. 2 indicate that once all of the unobserved fixed characteristics 

of mothers are controlled for (which includes race), the profile of asthma risk and birth 

weight again nar rows. However, the point estimates for African-Americans of low birth 

weight remain somewhat higher than those for other children, and these differences are 

statistically significant (see Table 3 columns 3 and 6).

Fig. 3 shows estimates comparable to those in the middle panels of Fig. 2 except that the 

sample is divided into black zip codes and other zip codes. Remarkably, as the left hand 

panels show, within black zip codes there is no statistically significant difference between 

African-American and other children in terms of the relationship between low birth weight 

and asthma risk. The convergence in rates within black zip codes comes about because while 

all children have higher asthma rates in black zip codes, non-African-American children 

have much higher asthma rates in black zip codes than in other zip codes. That is, black zip 
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codes appear to be bad for all children (in terms of higher asthma rates), whereas in other zip 

codes there is still a gap between African-American and other children of low birth weight.

Any remaining differences between African-American and other children are eliminated in 

Fig. 4, which shows estimates comparable to Fig. 3, but with mother fixed effects. This 

figure suggests that within the same families, low birth weight is only associated with higher 

asthma rates in black zip codes.

6. Discussion

Our study supports the growing consensus about the importance of place in the evolution of 

disadvantage as children grow. Our estimates suggest that black zip codes are less healthy 

places for all children, and that much of the gap in asthma rates between African-American 

and other children in New Jersey is attributable to their place of residence. Moreover, we 

have shown that all low birth weight children, regardless of race, are at higher risk of asthma 

if they live in these neighborhoods. This finding of course begs the question of what it is 

about these neighborhoods that contributes so strongly to triggering asthma in vulnerable 

low birth weight children?

Table 6 reports correlations between a wide range of zip code level characteristics: general 

neighborhood characteristics, adult respiratory disease burden, and indoor and outdoor air 

pollution proxies. As can be seen in Table 6, besides living in areas with higher outdoor air 

pollution (measured by distances to top emitting facilities and limited access highways), 

children in black zip codes also live in places where indoor air pollution is likely to be a 

serious issue. Especially if children in the worst neighborhoods spend a lot of time indoors, 

mold, dust, smoke, and fecal matter from insect and rodent infestations may play an outsized 

role in triggering asthma. Unfortunately there is very little systematic measurement of 

indoor air pollution levels in the US, and the best we can do is proxy for indoor air pollution 

with measures of the age and upkeep of the housing stock, and smoking rates.

Table 6 also shows that adults living in black zip codes have a high respiratory disease 

burden. Acute respiratory disease and allergic rhinitis (hay fever) are both known asthma 

triggers, and have been shown to be independently associated with indoor and outdoor air 

pollution. Adult COPD prevalence is both a measure of how much of a population smokes—

itself an important type of indoor air pollution—and is another disease which is exacerbated 

by air pollution.

Finally, Table 6 shows that all our proxies for environmental asthma triggers are highly 

correlated with general neighborhood characteristics, such as the fraction of the population 

living below the poverty line, and the fraction of single mothers. Given the extensive 

literature on residential segregation, these strong correlations are not surprising.

Appendix Table A.12 shows that dividing our sample by poor vs. non-poor zip codes 

produces similar results to splitting by black vs. non-black zip codes. In Appendix Table A.

12 high poverty zip codes are defined analogously to black zip codes, such that there are 

approximately the same number of black and non-black children in poor zip codes (the 

poverty rate that accomplishes this division is 16%). Nevertheless, splitting the sample by 
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fraction black does a slightly better job of eliminating the racial differences in the birth 

weight-asthma gradient than splitting the sample by poverty rates.

Despite the fact that areas where black children tend to live are clearly poorer 

neighborhoods, asthma needs a physical trigger; poverty per se does not cause asthma. We 

think that higher levels of pollution in black zip codes could be an important trigger, but 

given the available data it is difficult to investigate this hypothesis. As discussed earlier, 

black zip codes tend to line up along the main highways in New Jersey, and Fig. 5 shows 

that many of the top emitters of PM 2.5 are also located in or close to black zip codes. Figs. 

A1 and A2 show that if we divide air monitoring stations into those that are within two miles 

of a black zip code and those that are more than two miles from a black zip code, monitoring 

stations located closer to black zip codes have higher air pollution levels.16. Unfortunately, 

there are far fewer monitors than zip codes, and thus we do not have good coverage of air 

pollution measures across the state (see Figs. A3 and A4 for maps of monitor locations). Fig. 

A5 shows major highways in New Jersey. The concentration of these highways in black zip 

codes is evident, but since we do not have consistent traffic count data, the best measure we 

can construct of exposure to pollution from traffic is distance from one of these roadways. 

When added to our main regression specifications, though, the resulting noisy measures 

explain little of the variation in asthma rates.17 However, we suspect that this result reflects 

the imperfections in the available measures. Finally, we suspect that indoor air pollution is 

an important asthma trigger, but we were not able to find any direct and geographically 

comprehensive measures of these sources.

While we focus on explaining the racial gap in asthma rates conditional on low birth weight, 

there is a growing literature pointing to pollution as one of the explanations for higher rates 

of low birth weight among African-American children (Currie, 2011; Aizer and Currie, 

2014). African-American mothers are more likely to be exposed to many forms of pollution 

during pregnancy compared to other mothers, including pollution from traffic, emissions 

from manufacturing and power plants, and Superfund hazardous waste sites; they are also 

more likely to be exposed to hazardous water pollutants (Currie et al., 2013). Thus, pollution 

may explain both higher rates of low birth weight, and a higher propensity to develop asthma 

conditional on birth weight among African-Americans.

7. Conclusions

In this paper, we have focused on the racial gap in asthma rates, conditional on birth weight, 

and shown that the gap can be largely explained by observable characteristics of households 

plus their residential locations. Our results suggest that the racial gap in asthma rates arises 

for three reasons: because African-American children are more likely to be low birth weight, 

because they are more likely to come from families with other characteristics that are 

associated with poorer health (such as maternal smoking and poverty), and because of where 

16Currie (2011) and Currie et al. (2015) suggest that living within a mile of plants emitting hazardous chemicals has detectable effects 
on infant health. Currie and Walker (2011) show that living within 2 km of a highway toll plaza also has negative effects on infant 
health.
17Including these noisy pollution measures has no effect on the magnitude or precision of reported coefficients. Results available upon 
request.
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they live. It is striking that within black zip codes, all children have much higher asthma 

rates than in other zip codes, and that within these zip codes there is no statistically 

significant difference in asthma rates between the races conditional on low birth weight. 

Clearly, understanding what aspects of neighborhoods contribute most to these disparities is 

key to reducing the racial gap in asthma, and potentially in other health conditions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Map of Black zip codes. Note: Grey denotes black zip codes, white denotes other zip codes. 

Black zip codes are zip codes with the highest fraction of black children, up until the point 

where there are approximately the same number of black children and non-black children in 

the black zip codes. The resulting threshold is that a zip code is defined as a Black zip code 

if the share of black children is at least 27%. The remaining zip codes are defined as other 

zip codes. As US Postal Service zip codes do not represent contiguous geographic 

boundaries, we map zip codes to census zip code tabulation areas for the purpose of this 

figure.
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Fig. 2. 
Effects of low birthweight on asthma by race. Note: All regressions include dummy 

variables for child’s age at end of sample in quarters. Additional controls included in second 

and third columns: indicator for other race (nonwhite, nonblack), indicator for whether the 

child ever used public insurance in a New Jersey hospital, sex of child, indicator for mother 

smoked during pregnancy, mother’s education (4 categories: 0–11 years of school; 12 years 

of school; 13–16 years of school; more than 16 years), mother’s age in bins (<20, 20–24, 

25–29, 30–34, 35+), mother married at birth, birth order (1, 2, 3, 4+), dummy for multiple 

birth, as well as the following zip code level variables: population, population density, 

median age, average household size, percent of people 25+ with less than high school 

education, percent of people 25+ with bachelor’s degree or more, percent 16+ in labor force, 

percent of households making less than 20k, percent of households making more than 200k, 

median year structure built, percent of housing owner occupied, percent of housing vacant, 
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median value of owner occupied housing, percent of families below poverty, and hospital 

fixed effects.
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Fig. 3. 
Black zip codes versus other zip codes (OLS). Note: Additional controls included: dummy 

variables for child’s age at end of sample in quarters, indicator for other race (nonwhite, 

nonblack), indicator for whether the child ever used public insurance in a New Jersey 

hospital, sex of child, indicator for mother smoked during pregnancy, mother’s education (4 

categories: 0–11 years of school; 12 years of school; 13–16 years of school; more than 16 

years), mother’s age in bins (<20, 20–24, 25–29, 30–34, 35+), mother married at birth, birth 

order (1, 2, 3, 4+), dummy for multiple birth, as well as the following zip code level 

variables: population, population density, median age, average household size, percent of 

people 25+ with less than high school education, percent of people 25+ with bachelor’s 

degree or more, percent 16+ in labor force, percent of households making less than 20k, 

percent of households making more than 200k, median year structure built, percent of 

housing owner occupied, percent of housing vacant, median value of owner occupied 

housing, percent of families below poverty, and hospital fixed effects. Black zip codes are 
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Fig. 4. 
Black zip codes versus other zip codes (mother fixed effects). Note: Additional controls 

included: dummy variables for child’s age at end of sample in quarters, indicator for other 

race (nonwhite, nonblack), indicator for whether the child ever used public insurance in a 

New Jersey hospital, sex of child, indicator for mother smoked during pregnancy, mother’s 

education (4 categories: 0–11 years of school; 12 years of school; 13–16 years of school; 

more than 16 years), mother’s age in bins (<20, 20–24, 25–29, 30–34, 35+), mother married 

at birth, birth order (1, 2, 3, 4+), dummy for multiple birth, as well as the following zip code 

level variables: population, population density, median age, average household size, percent 

of people 25+ with less than high school education, percent of people 25+ with bachelor’s 

degree or more, percent 16+ in labor force, percent of households making less than 20k, 

percent of households making more than 200k, median year structure built, percent of 

housing owner occupied, percent of housing vacant, median value of owner occupied 

housing, percent of families below poverty, and hospital fixed effects. Black zip codes are 
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Fig. 5. 
Top 25 Point source emitters: PM 2.5. Note: Grey denotes black zip codes, white denotes 

other zip codes. Black zip codes are zip codes with the highest fraction of black children, up 

until the point where there are approximately the same number of black children and non-

black children in the black zip codes. The remaining zip codes are defined as other zip 

codes. As US Postal Service zip codes do not represent contiguous geographic boundaries, 

we map zip codes to census zip code tabulation areas for the purpose of this figure. The 

facilities displayed are the top 25 biggest emitters of PM 2.5 in New Jersey, in 2011 (EPA).
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Table 1

Individual-level summary statistics.

Black White/Other

Black zips Other zips Black zips Other zips

Asthma: pct. ever diagnosed 18.07 13.69 10.89 6.06

Ifhave asthma, # of times diagnosed 2.62 2.32 2.24 1.83

Explanatory variables

Pct. 500–999g 1.12 0.88 0.39 0.29

Pct. 1000–1499g 1.48 1.29 0.87 0.66

Pct. 1500–1999g 2.70 2.29 1.58 1.50

Pct. 2000–2499g 7.03 6.63 5.02 4.64

Pct. 2500–2999g 23.68 21.80 18.57 16.86

Pct. 3000–3499g 38.08 38.91 39.78 38.80

Pct. 3500–3999g 20.83 22.69 26.30 28.70

Pct. 4000–4499g 4.53 4.91 6.80 7.72

Pct. 4500–4999g 0.55 0.61 0.69 0.83

Pct. other race 0.00 0.00 14.71 14.51

Pct. smoked 8.89 7.11 6.12 5.32

Mother’s educ.: pct. 0–11 yrs 17.37 11.58 25.48 9.50

Mother’s educ.: pct. 12 yrs 42.74 33.25 32.41 21.75

Mother’s educ.: pct. 13–16yrs 33.40 42.58 31.37 46.63

Mother’s educ.: pct. 17+yrs 5.79 11.89 10.13 21.64

Pct. boy 50.73 50.97 50.81 51.12

Pct. married 29.31 46.63 52.39 79.27

Mother’s age: pct. less than 20 11.94 7.78 6.89 2.52

Mother’s age: pct. 20–24 27.17 21.97 21.97 11.84

Mother’s age: pct. 25–29 25.74 25.10 27.57 23.83

Mother’s age: pct. 30–24 20.05 24.13 25.56 34.41

Mother’s age: pct. 35+ 15.10 21.02 18.01 27.39

Birth order: 1 38.45 38.23 39.03 39.02

Birthorder: 2 28.95 31.43 32.82 34.11

Birth order: 3 17.77 17.53 17.18 16.74

Birth order: 4+ 14.83 12.82 10.98 10.12

Pct. multiple birth 3.96 4.43 3.28 4.88

Child age in quarters at end 17.36 17.44 17.43 17.65

Pct. ever publicly insured 65.67 55.39 59.42 35.81

Sample size

Black children 49,122 28,418 0 0

White/Other children 0 0 50,844 319,652

Note: Other race category is 40.8% Asian Indian, 23.1% other and unspecified race, 11.5% Filipino, 9.8% Chinese, and 8.4% Korean (the 
remaining categories are Vietnamese, American Indian, Japanese, and Pacific Islander). Black zip codes are zip codes with the highest fraction of 
black children, up until the point where there are approximately the same number of black children and non-black children in the black zip codes. 
The remaining zip codes are defined as other zip codes.

J Health Econ. Author manuscript; available in PMC 2018 August 28.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Alexander and Currie Page 27

Table 2

Zip code-level summary statistics.

Black zip codes Other zip codes All zip codes

Explanatory variables

Total population 2010 34,095 28,726 29,862

Pop. per square mile 9,797 4,757 5,823

Median age 35.44 39.88 38.94

Avg. household size 2.77 2.72 2.73

Pct. less than high school (25+) 19.37 10.96 12.74

Pct. bachelors or more (25+) 24.17 38.19 35.22

Pct. in labor force (16+) 66.04 66.95 66.76

Pct. households less than 20k 22.19 12.07 14.21

Pct. households greater than 200k 4.11 10.20 8.91

Median year structure built 1960 1967 1965

Pct. owner occupied 46.87 70.15 65.23

Pct. vacant units 11.57 7.62 8.45

Median value owner occupied 270,317 353,676 336,035

Pct. families below poverty 15.43 6.30 8.23

Average commute 28.71 30.35 30.01

Pollution proxies

Distancetotop polluting facility 8.32 16.33 14.70

Pct. within 400m of highway 0.51 0.44 0.45

Pct. within 800m of highway 0.73 0.61 0.63

Pct. smoked during pregnancy 0.07 0.06 0.06

Pct. housing stock built <1960 0.54 0.41 0.44

Zips 94 582 676

Note: From 2010 Census/American Community Survey. Zip code characteristics weighted by population. Black zip codes are zip codes with the 
highest fraction of black children, up until the point where there are approximately the same number of black children and non-black children in the 
black zip codes. The remaining zip codes are defined as other zip codes. Pct. smoked is the percent of mothers in the zip code who reported 
smoking during pregnancy; pct. vacant is the percent of the housing stock reported vacant; built <1960 is the fraction of the housing stock built 
before 1960; facility distance is the distance to nearest high polluting facility (top 25 facilities by PM 2.5 emissions in 2011, as reported by the 
EPA); within 400 m and 800 m are the fraction of a zip code whose census block is within that distance of a limited access highway.
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Table 3

Asthma and low birthweight.

Ever diagnosed with asthma No. times diagnosed with asthma

(1) (2) (3) (4) (5) (6)

500–999 g 0.154*** 0.148*** 0.127*** 0.411*** 0.398*** 0.599***

(0.013) (0.012) (0.029) (0.058) (0.057) (0.179)

1000–1499g 0.091*** 0.088*** 0.078*** 0.225*** 0.223*** 0.240***

(0.007) (0.007) (0.014) (0.025) (0.024) (0.045)

1500–1999g 0.051*** 0.056*** 0.043*** 0.127*** 0.145*** 0.133***

(0.004) (0.004) (0.009) (0.014) (0.015) (0.028)

2000–2499 g 0.020*** 0.023*** 0.014*** 0.062*** 0.073*** 0.052***

(0.002) (0.002) (0.005) (0.007) (0.008) (0.015)

2500–2999 g 0.008*** 0.009*** 0.009*** 0.021*** 0.024*** 0.027***

(0.001) (0.001) (0.003) (0.003) (0.003) (0.008)

3500–3999 g −0.002** −0.003*** −0.000 −0.003 −0.004 −0.001

(0.001) (0.001) (0.002) (0.003) (0.003) (0.006)

4000–4499 g −0.006*** −0.007*** −0.005 −0.013*** −0.014*** −0.007

(0.002) (0.002) (0.004) (0.004) (0.004) (0.009)

4500–4999 g −0.002 −0.005 −0.008 −0.013 −0.018* −0.026

(0.004) (0.004) (0.010) (0.010) (0.010) (0.023)

Black 0.091*** 0.045*** 0.000 0.250*** 0.113*** 0.000

(0.002) (0.002) (.) (0.007) (0.008) (.)

500–999 g × black 0.086*** 0.096*** 0.091* 0.471*** 0.489*** 0.419

(0.022) (0.021) (0.049) (0.107) (0.106) (0.267)

1000–1499 g × black 0.057*** 0.054*** 0.035 0.309*** 0.277*** 0.234

(0.016) (0.016) (0.036) (0.069) (0.067) (0.157)

1500–1999 g × black 0.036*** 0.028*** 0.047** 0.253*** 0.222*** 0.319***

(0.011) (0.011) (0.024) (0.053) (0.052) (0.119)

2000–2499 g × black 0.024*** 0.018*** 0.031** 0.112*** 0.089*** 0.106*

(0.006) (0.006) (0.015) (0.027) (0.026) (0.058)

2500–2999 g × black 0.008** 0.004 −0.001 0.045*** 0.029** −0.002

(0.004) (0.004) (0.009) (0.014) (0.013) (0.031)

3500–3999 g × black −0.008** −0.004 0.005 −0.013 −0.001 0.015

(0.004) (0.003) (0.009) (0.013) (0.013) (0.031)

4000–4499 g × black −0.007 −0.001 0.004 −0.001 0.021 0.043

(0.006) (0.006) (0.017) (0.024) (0.024) (0.054)

4500–4999 g × black −0.035** −0.027* 0.017 −0.099** −0.074 0.033

(0.016) (0.016) (0.045) (0.047) (0.046) (0.096)

Individual/census vars - × × - × ×

J Health Econ. Author manuscript; available in PMC 2018 August 28.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Alexander and Currie Page 29

Ever diagnosed with asthma No. times diagnosed with asthma

(1) (2) (3) (4) (5) (6)

Hospital fixed effects - × × - × ×

Mother fixed effects - - × - - ×

Observations 448,036 446,152 446,152 448,036 446,152 446,152

R-squared 0.026 0.066 0.023 0.024 0.056 0.022

Mean dep. var. 0.084 0.084 0.084 0.179 0.179 0.179

Clusters 369,797 368,295 368,295 369,797 368,295 368,295

F-statistic 11.958 10.714 2.282 18.506 15.718 2.515

P-value 0.000 0.000 0.058 0.000 0.000 0.039

Note: All regressions include dummy variables for child’s age at end of sample in quarters. Other included controls: other race, mother smoked 
during pregnancy, mother’s education (in years: 0–11, 12, 13–16, 16+), mother’s age (<20, 20–24, 25–29, 30–34, 35+), mother married at birth, 
sex, birth order (1, 2, 3, 4+), multiple birth indicator, indicator for other race (non-white, non-black), and indicator for child ever used public 
insurance; zip code level variables: population, population density, median age, average household size, pct. with less than high school (25+), pct. 
with bachelor’s degree or more (25+), pct. in labor force (16+), pct. of households making <20k, pct. of households making >200k, median year 
structure built, pct. of housing owner occupied, pct. of housing vacant, median value of owner occupied housing, pct. of families below poverty. F-
statistic/P-value from a test that the coefficients on the first 4 birthweight bins interacted with black are jointly equal to zero. Standard errors 
clustered at mother. The omitted categories are 3000–3499 and 3000–3499 black.

***
p < 0.01,

**
p < 0.05,

*
p < 0.1.
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Table 4

Asthma and low birth weight: by Black zip codes.

Ever diagnosed with asthma No. times diagnosed with asthma

(1)
Black zips

(2)
Other zips P-val

(3)
Black zips

(4)
Other zips P-val

500–999 g 0.226*** 0.131*** 0.0077 0.827*** 0.309*** 0.0361

(0.033) (0.013) (0.244) (0.044)

1000–1499g 0.139*** 0.077*** 0.0046 0.537*** 0.156*** 0.0003

(0.020) (0.008) (0.104) (0.019)

1500–1999g 0.102*** 0.047*** 0.0003 0.312*** 0.113*** 0.0015

(0.015) (0.005) (0.061) (0.013)

2000–2499 g 0.035*** 0.021*** 0.0581 0.135*** 0.060*** 0.0089

(0.007) (0.002) (0.028) (0.008)

2500–2999 g 0.019*** 0.007*** 0.0051 0.050*** 0.019*** 0.0166

(0.004) (0.001) (0.013) (0.003)

3500–3999 g −0.002 −0.003*** 0.7199 −0.002 −0.003 0.9357

(0.003) (0.001) (0.011) (0.003)

4000–4499 g −0.004 −0.007*** 0.5698 −0.031** −0.011*** 0.1845

(0.005) (0.002) (0.015) (0.004)

4500–4999 g 0.004 −0.005 0.5984 −0.017 −0.015 0.9661

(0.016) (0.005) (0.037) (0.010)

Black 0.038*** 0.045*** 0.1670 0.091*** 0.127*** 0.0284

(0.004) (0.003) (0.013) (0.010)

500–999 g × black 0.032 0.088*** 0.2772 0.135 0.456*** 0.3005

(0.039) (0.033) (0.266) (0.159)

1000–1499 g × black 0.007 0.057** 0.1684 −0.030 0.341*** 0.0294

(0.027) (0.024) (0.129) (0.112)

1500–1999 g × black −0.011 0.024 0.1623 0.096 0.182** 0.4664

(0.019) (0.016) (0.089) (0.078)

2000–2499 g × black 0.004 0.024** 0.1568 0.064 0.033 0.5660

(0.010) (0.009) (0.044) (0.031)

2500–2999 g × black −0.007 0.008 0.0664 0.019 0.006 0.6457

(0.006) (0.005) (0.022) (0.018)

3500–3999 g × black −0.010* 0.004 0.0573 −0.008 0.006 0.6068

(0.005) (0.005) (0.020) (0.019)

4000–4499 g × black −0.000 −0.005 0.7088 0.061* −0.019 0.0914

(0.010) (0.009) (0.037) (0.030)

4500–4999 g × black −0.024 −0.042* 0.6091 −0.038 −0.132*** 0.2897

(0.026) (0.022) (0.077) (0.045)

Individual/census vars × × × ×
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Ever diagnosed with asthma No. times diagnosed with asthma

(1)
Black zips

(2)
Other zips P-val

(3)
Black zips

(4)
Other zips P-val

Hospital fixed effects × × × ×

Observations 99,647 346,505 99,647 346,505

R-squared 0.071 0.049 0.057 0.042

Mean dep. var. 0.144 0.067 0.357 0.128

Clusters 86,609 285,225 86,609 285,225

F-statistic 0.330 4.852 0.865 5.794

P-value 0.858 0.001 0.484 0.000

Note: Other included controls: other race, mother smoked during pregnancy, mother’s education (in years: 0–11, 12, 13–16, 16+), mother’s age 
(<20, 20–24, 25–29, 30–34, 35+), mother married at birth, sex, birth order (1, 2, 3, 4+), multiple birth indicator, indicator for other race (non-white, 
non-black), indicator for child ever used public insurance, and dummy variables for child’s age at end of sample in quarters; zip code level 
variables: population, population density, median age, average household size, pct. with less than high school (25+), pct. with bachelor’s degree or 
more (25+), pct. in labor force (16+), pct. of households making <20k, pct. of households making >200k, median year structure built, pct. of 
housing owner occupied, pct. of housing vacant, median value of owner occupied housing, pct. of families below poverty. F-statistic/P-value from a 
test that the coefficients on the first 4 birthweight bins interacted with black are jointly equal to zero. Standard errors clustered at mother. The 
omitted categories are 3000–3499 and 3000–3499 × black. Reported P-values are for a Chow test that the coefficient is the same across black and 
other zip codes.

***
p < 0.01,

**
p < 0.05,

*
p < 0.1.
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Table 5

Asthma and low birth weight: by Black zip codes, with mother fixed effects.

Ever diagnosed with asthma No. times diagnosed with asthma

(1)
Black zips

(2)
Other zips

(3)
Black zips

(4)
Other zips

500–999 g 0.235** 0.114*** 1.730* 0.429***

(0.092) (0.030) (1.018) (0.113)

1000–1499g 0.165*** 0.066*** 0.852*** 0.172***

(0.048) (0.015) (0.279) (0.034)

1500–1999g 0.155*** 0.033*** 0.428*** 0.101***

(0.035) (0.009) (0.156) (0.024)

2000–2499 g 0.021 0.012** 0.159** 0.029**

(0.018) (0.005) (0.075) (0.013)

2500–2999 g 0.033*** 0.006* 0.121*** 0.013*

(0.011) (0.003) (0.043) (0.007)

3500–3999 g 0.013 −0.002 0.071** −0.008

(0.010) (0.002) (0.035) (0.005)

4000–4499 g 0.018 −0.007* −0.007 −0.010

(0.016) (0.004) (0.049) (0.009)

4500–4999 g −0.032 −0.008 0.012 −0.032

(0.048) (0.010) (0.130) (0.022)

500–999 g × black 0.019 −0.006 −0.313 −0.152

(0.103) (0.092) (1.043) (0.295)

1000–1499 g × black −0.022 −0.051 −0.148 −0.183

(0.063) (0.059) (0.352) (0.153)

1500–1999 g × black −0.059 0.051 0.096 0.197

(0.046) (0.037) (0.225) (0.168)

2000–2499 g × black 0.011 0.034 0.028 0.078

(0.026) (0.023) (0.111) (0.082)

2500–2999 g × black −0.029* 0.008 −0.107* 0.014

(0.016) (0.014) (0.060) (0.045)

3500–3999 g × black −0.030* 0.035** −0.068 0.068

(0.015) (0.014) (0.053) (0.048)

4000–4499 g × black −0.015 0.001 0.113 −0.022

(0.028) (0.028) (0.096) (0.077)

4500–4999 g × black −0.004 0.044 −0.167 0.163

(0.085) (0.053) (0.205) (0.106)

Individual/census vars × × × ×

Hospital fixed effects × × × ×

Mother fixed effects × × × ×

Observations 99,647 346,505 99,647 346,505
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Ever diagnosed with asthma No. times diagnosed with asthma

(1)
Black zips

(2)
Other zips

(3)
Black zips

(4)
Other zips

R-squared 0.050 0.018 0.044 0.016

Mean dep. var. 0.084 0.084 0.179 0.179

Clusters 86,609 285,225 86,609 285,225

F-statistic 0.619 1.245 0.147 1.258

P-value 0.649 0.289 0.965 0.284

Note: Other included controls: other race, mother smoked during pregnancy, mother’s education (in years: 0–11, 12, 13–16, 16+), mother’s age 
(<20, 20–24, 25–29, 30–34, 35+), mother married at birth, sex, birth order (1, 2, 3, 4+), multiple birth indicator, indicator for other race (non-white, 
non-black), indicator for child ever used public insurance, and dummy variables for child’s age at end of sample in quarters; zip code level 
variables: population, population density, median age, average household size, pct. with less than high school (25+), pct. with bachelor’s degree or 
more (25+), pct. in labor force (16+), pct. of households making <20k, pct. of households making >200k, median year structure built, pct. of 
housing owner occupied, pct. of housing vacant, median value of owner occupied housing, pct. of families below poverty. F-statistic/P-value from a 
test that the coefficients on the first 4 birthweight bins interacted with black are jointly equal to zero. Standard errors clustered at mother. The 
omitted categories are 3000–3499, black, and 3000–3499 × black.

***
p < 0.01,

**
p < 0.05,

*
p < 0.1.

J Health Econ. Author manuscript; available in PMC 2018 August 28.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Alexander and Currie Page 34

Ta
b

le
 6

Z
ip

 c
od

e 
le

ve
l n

ei
gh

bo
rh

oo
d 

ch
ar

ac
te

ri
st

ic
s:

 c
or

re
la

tio
ns

.

G
en

er
al

 n
ei

gh
bo

rh
oo

d 
ch

ar
ac

te
ri

st
ic

s
A

du
lt

 r
es

pi
ra

to
ry

 d
is

ea
se

In
do

or
 a

ir
 p

ol
lu

ti
on

 p
ro

xi
es

O
ut

do
or

 a
ir

 p
ol

lu
ti

on
 p

ro
xi

es

B
la

ck
 z

ip
%

B
la

ck
%

 P
ov

er
ty

%
 S

in
gl

e 
m

om
C

O
P

D
A

cu
te

 r
es

p.
A

lle
rg

. r
hi

n.
%

 S
m

ok
ed

%
 V

ac
an

t
B

ui
lt

 <
19

60
F

ac
ili

ty
 d

is
t.

W
it

hi
n 

40
0 

m
W

it
hi

n 
80

0 
m

B
la

ck
 z

ip
1

%
 B

la
ck

0.
85

4*
**

1

%
 P

ov
er

ty
0.

59
2*

**
0.

66
3*

**
1

%
 S

in
gl

e 
m

om
0.

69
2*

**
0.

77
9*

**
0.

79
4*

**
1

C
O

PD
0.

12
7*

**
0.

13
0*

**
0.

14
8*

**
0.

09
85

**
1

A
cu

te
 r

es
 p

.
0.

46
0*

**
0.

47
3*

**
0.

46
3*

**
0.

42
4*

**
0.

66
5*

**
1

A
lle

rg
. r

hi
n.

0.
38

1*
**

0.
42

9*
**

0.
45

7*
**

0.
45

1*
**

0.
31

1*
**

0.
47

1*
**

1

%
 S

m
ok

ed
0.

07
49

*
0.

08
40

**
0.

19
4*

**
0.

16
5*

**
0.

44
7*

**
0.

35
7*

**
0.

10
2*

*
1

%
 V

ac
an

t
0.

11
7*

**
0.

09
99

**
0.

13
5*

**
0.

03
89

0.
14

5*
**

0.
26

7*
**

0.
10

1*
*

0.
17

6*
**

1

B
ui

lt 
<

19
60

0.
16

0*
**

0.
16

7*
**

0.
19

7*
**

0.
25

7*
**

0.
07

19
*

0.
16

0*
**

0.
18

6*
**

−
0.

04
24

0.
01

19
1

Fa
ci

lit
y 

di
st

.
−

0.
23

1*
**

−
0.

32
9*

**
−

0.
28

8*
**

−
0.

31
2*

**
0.

15
4*

**
0.

01
32

−
0.

18
7*

**
0.

11
6*

**
0.

13
6*

**
−

0.
26

7*
**

1

W
ith

in
 4

00
 m

0.
08

76
**

0.
11

2*
**

0.
16

9*
**

0.
11

1*
**

0.
14

5*
**

0.
15

1*
**

0.
05

05
0.

04
87

−
0.

09
80

**
0.

05
73

−
0.

03
25

1

W
ith

in
 8

00
 m

0.
14

4*
**

0.
17

7*
**

0.
22

9*
**

0.
19

7*
**

0.
08

28
**

0.
13

6*
**

0.
09

07
**

−
0.

02
82

−
0.

12
3*

**
0.

11
0*

**
−

0.
12

4*
**

0.
93

7*
**

1

N
ot

e:
 A

ll 
va

ri
ab

le
s 

at
 th

e 
zi

p 
co

de
 le

ve
l. 

C
O

PD
, p

ne
um

on
ia

, a
nd

 o
th

er
 r

es
pi

ra
to

ry
 a

re
 th

e 
nu

m
be

r 
of

 h
os

pi
ta

l v
is

its
 p

er
 1

00
0 

pe
op

le
 d

ur
in

g 
ou

r 
sa

m
pl

e 
pe

ri
od

 b
y 

ad
ul

ts
 5

0+
 li

vi
ng

 in
 th

e 
zi

p 
co

de
; p

ct
. 

sm
ok

ed
 is

 th
e 

pe
rc

en
t o

f 
m

ot
he

rs
 in

 th
e 

zi
p 

co
de

 w
ho

 r
ep

or
te

d 
sm

ok
in

g 
du

ri
ng

 p
re

gn
an

cy
; p

ct
. v

ac
an

t i
s 

th
e 

pe
rc

en
t o

f 
th

e 
ho

us
in

g 
st

oc
k 

re
po

rt
ed

 v
ac

an
t; 

bu
ilt

 <
19

60
 is

 th
e 

fr
ac

tio
n 

of
 th

e 
ho

us
in

g 
st

oc
k 

bu
ilt

 
be

fo
re

 1
96

0;
 f

ac
ili

ty
 d

is
ta

nc
e 

is
 th

e 
di

st
an

ce
 to

 n
ea

re
st

 h
ig

h 
po

llu
tin

g 
fa

ci
lit

y;
 w

ith
in

 4
00

 m
 a

nd
 8

00
 m

 a
re

 th
e 

fr
ac

tio
n 

of
 a

 z
ip

 c
od

e 
w

ho
se

 c
en

su
s 

bl
oc

k 
is

 w
ith

in
 th

at
 d

is
ta

nc
e 

of
 a

 li
m

ite
d 

ac
ce

ss
 h

ig
hw

ay
; 

po
ve

rt
y 

an
d 

si
ng

le
 m

om
 a

re
 th

e 
fr

ac
tio

n 
liv

in
g 

be
lo

w
 th

e 
po

ve
rt

y 
lin

e 
an

d 
of

 s
in

gl
e 

m
om

s.

**
* p 

<
 0

.0
1,

**
p 

<
 0

.0
5,

* p 
<

 0
.1

.

J Health Econ. Author manuscript; available in PMC 2018 August 28.


	Abstract
	Introduction
	Background
	Data
	Methods
	Results
	Discussion
	Conclusions
	References
	Fig. 1.
	Fig. 2.
	Fig. 3.
	Fig. 4.
	Fig. 5.
	Table 1
	Table 2
	Table 3
	Table 4
	Table 5
	Table 6

