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DISSERTATION ABSTRACT
Natasha Erickson
Doctor of Philosophy in Sociology

Title: Integrating Social and Neighborhood Contexts to Understand Low Birthweight Inequalities

This dissertation explores the ways in which social and spatial contexts interact to affect
the patterning of low birthweight (LBW) inequalities. | utilize a fundamental causes perspective
and ecosocial theory to look at how race/ethnicity and socioeconomic status operate as social
determinants of low birthweight at multiple levels. To address these research aims, | complete
three empirical analyses. First, I conduct a neighborhood level spatial analysis to look at the
relationships between racial/ethnic composition, family structure, neighborhood deprivation, and
LBW rates across California census tracts. Findings show that LBW rates are patterned by
racial/ethnic composition, percent female headed households and neighborhood deprivation.
However, these relationships are not uniform across racial/ethnic composition groups. Next, |
build on this with a multilevel analysis of nationally representative Add Health data on births to
look at the relationship between race/ethnicity and LBW at the individual level and the
neighborhood level separately, additively, and interactively. Black racial identity and higher
Black neighborhood composition are both associated with higher risk of LBW, but the
compositional effect appears to be driven by an accumulation of individual effects. Further,
Black mothers appear to experience a protective effect from living in higher percent Black
neighborhoods. Finally, | again use Add Health birth data and | employ innovative intersectional
multilevel models to look at the intersectional patterning of LBW by race/ethnicity and
socioeconomic status and consider how the effect of neighborhood median household income on

LBW varies across intersectional groups. Results indicate that there is considerable inequality in



the risk of LBW across intersectional groups. Further, the effect of median household income on
LBW risk varies across these groups. Taken as a whole, the findings in this dissertation
demonstrate that low birthweight inequalities are patterned by race/ethnicity and socioeconomic
status at both the individual and the neighborhood level. Black mothers and communities
experience particularly high risk of LBW. Further, neighborhood contextual effects vary for
individuals from different social groups. These findings highlight the importance of multilevel
thinking when looking at health inequalities and highlight the need for programs and policies that

support high risk mothers, infants, and communities.
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CHAPTER1

INTRODUCTION

Health inequalities are shaped by social determinants, such as sexism, racism, and
classism. Studying health inequalities can reveal broader patterns of inequalities in society and
can provide a better understanding of how inequalities are patterned and produced which can
lead to improved and more equitable outcomes.

Low birthweight is an important health metric that is useful for looking at the patterning
of health inequalities because it is reflective of social determinants that affect mothers’ health
such as maternal race/ethnicity (Alhusen et al. 2016; Almeida et al. 2018; Choi and Martinson
2018; Geronimus 1996; Lu and Halfon 2003) and socioeconomic status (Blumenshine et al.
2010; Finch 2003; Jansen et al. 2008; Ncube et al. 2016; Ramraj et al. 2020). Further, low
birthweight is associated with lower socioeconomic attainment later in life (Bilgin, Mendonca,
and Wolke 2018), suggesting that it may be one way that intergenerational transmission of
disadvantage occurs.

In this dissertation, I examine low birthweight inequalities as I aim to contribute to a
more complete understanding of how social and spatial contexts interact to influence health
inequalities. In this chapter, I provide a summary of the relevant literature and existing research,
discuss remaining gaps in health inequalities and low birthweight research, and provide an
overview of my empirical analyses. In the following three chapters I present the results of three
empirical studies that explore the patterning of LBW inequalities. In the final chapter I
summarize the results of my analyses and discuss key takeaways and directions for future

research.
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Social Determinants of Health Inequalities

Social conditions directly affect health and can lead to health inequalities that reflect
broader patterns of social inequalities. In his foundational work, Frederick Engels (2005) looked
at the relationship between social class and health in England in the mid-nineteenth century and
found striking health inequalities between the lower and upper classes. He determined that these
inequalities were due to social conditions, not individual characteristics, and he detailed horrific
living conditions in which working class individuals and families were subject to overcrowding,
pollution, famine, insufficient clothing, poor quantity and quality of food, and insufficient
medical care. He noted that these conditions lead to premature death, high rates of disease, and
states of hopelessness and demoralization. This work was highly influential in demonstrating that
poor health outcomes were not caused by individual factors, but rather social conditions
associated with economic class.

More recently, an influential study by Marmot, Shipley, and Rose (1984) looked at the
relationship between employment grade and health in London using data from the Whitehall
study of civil servants. Results from this study, which looked at mortality in men who were
working in office-based civil servant jobs in London over a ten-year period, showed a clear
mortality gradient for several causes of death, with the rate of death increasing as employment
grade decreased. This gradient was partially explained by risk factors such as smoking, physical
activity, and blood pressure. However these did not fully explain differences in mortality.

Link and Phelan (1995) argued that social determinants, such as sexism, racism, and
classism, operate as fundamental causes of health inequalities by influencing exposure to risk
factors that can affect health and by affecting access to resources to minimize the effects of

disease if it does occur. They contended that individually based risk factors or disease must be
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contextualized within fundamental causes, or risks of risk, such as socioeconomic status and
social support. They note that fundamental causes of disease involve access to resources,
operating through multiple mechanisms to affect multiple disease outcomes, and therefore
continue to be associated with disease even when proximal mechanisms change. They argue that
failure to acknowledge the role of fundamental causes may result in ineffective intervention
strategies. Link and Phelan specifically identify socioeconomic status (SES) as a fundamental
cause of disease. They note that over time, even as SES inequalities in some diseases have
disappeared due to advancements in sanitation and immunization, SES inequalities in other
diseases have emerged. This is in part because as new health risks and conditions emerge, higher
SES individuals have better access to information and resources that help them avoid risks of
disease and minimize negative outcomes of disease when it does occur.

Race and racism are also important social determinants of health. In the U.S., structural
racism affects health in many ways through mutually reinforcing systems that are historically
rooted and culturally reinforced (Bailey et al. 2017). In his seminal work in the early twentieth
century, W.E.B. Du Bois detailed the harms and challenges faced by Black individuals following
the Civil War (Du Bois 2003). This work was influential in highlighting the material effects of
race and racism in the U.S. More recently, scholars have argued that race is a social construction,
and racial identities are determined by social, economic, and political forces. Race is used as a
means of control in which minority groups are limited in their freedom, upward mobility,
economic gain, and social expectations (Omi and Winant 2014). Further, racism is embedded in
our social structures and continues to be perpetuated even without anyone explicitly intending to
perpetuate it or the presence of overt racism (Bonilla-Silva 2021; Omi and Winant 2014).

Institutional racism such as drug policies that disproportionately target Black people for
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incarceration and discrimination in rental and housing markets against Black and Latino
communities are rooted in historical policies and practices, but remain pervasive and continue to
have adverse physical, social, and economic effects that are harmful to health (Bailey et al.
2017).

Racism has been identified as a fundamental cause of health inequalities. Phelan and Link
(2015) note that racism operates as a fundamental cause of health inequalities in part because
race and SES are closely connected in the United States. They argue that racism leads to
differences in SES which then operates as a fundamental cause of disease resulting in racial
health inequalities. However, they note that there is evidence that racism also operates as a
fundamental cause of health inequalities independently of SES through factors such as unequal
power, prestige, freedom, neighborhood context, and healthcare.

Krieger’s ecosocial theory (Krieger 2001, 2011) complements a fundamental causes
perspective in several ways. Krieger similarly argues that it is not sufficient to focus on
biological and individual explanations when seeking to understand health inequalities. Instead,
we must consider how social environments interact with biology to affect health outcomes. She
argues that the material and social world in which we live becomes biologically incorporated, or
embodied, throughout our lives. This embodiment occurs at multiple levels and through many
pathways, including economic and social deprivation, toxic substances and hazardous conditions,
socially inflicted trauma, and inadequate health care. Gravlee (2009) also describes the process
of embodiment, detailing how racial inequality becomes embodied in the biology of minority

racial groups, leading to racial inequalities in health.
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Intersectionality

While much research on health inequalities focuses on the effects of social determinants
independently, it is also important to consider how social contexts interact to create unique
outcomes. An intersectional framework focuses on the interaction of social identities and is
useful when analyzing health inequalities. Intersectionality focuses on interlocking systems of
privilege and oppression (Collins 1990; Crenshaw 1990) which can help us understand how
inequalities are a result of intersecting social identities rather than separate axes of
marginalization. Recently there has been a trend for research on the social production of health
inequalities to explicitly use an intersectional framework (Bauer 2014; Bowleg 2012; Evans,
Williams, Onnela, and S.V. Subramanian 2018; Evans and Erickson 2019; Merlo 2018).

McCall (2005) identified three approaches to intersectional research: the anticategorical
approach that aims to deconstruct analytical categories, the intracategorical approach that
critically recognizes social categories and focuses on particular marginalized social groups, and
the intercategorical approach that utilizes existing categories to look at patterns of inequality
across multiple, intersecting social dimensions such as socioeconomic status, race, and sex.
Intersectional research looking at health inequalities often uses the intracategorical approach by
utilizing qualitative methods to get an in-depth understanding on processes that lead to health
inequalities for one particular group. This type of research is important and provides a thorough
understanding of inequalities that would be difficult to achieve with other approaches. However,
it is also important to look at how different intersectional social groups compare to one another
in order to understand the unique ways that different groups experience inequality. This is where

an intercategorical approach is useful.

17



Recent methodological advancements have addressed several of the practical and
theoretical limitations of prior quantitative intersectional research. Using these novel techniques,
recent quantitative intercategorical research has looked at a variety of health related outcomes
including depression (Evans and Erickson 2019), cigarette use (Evans 2019b), lead exposure
(Liévanos, Evans, and Light 2021), cancer risk from air toxics (Alvarez and Evans 2021), and
low birthweight (Evans et al. 2023; Nieves et al. 2023).

Neighborhoods and Health

Returning to fundamental causes, Williams and Collins (2001) identify racial residential
segregation as a fundamental cause of racial disparities in health. They note that this in part
occurs through processes related to SES such as differential access to education and employment
opportunities. However, they argue that segregation also leads to racial differences
independently of SES by leading to social and physical conditions that are harmful to health. Gee
and Payne-Sturges (2004) argued that living in disadvantaged communities increases exposure to
environmental hazards which may increase psychosocial stress and lead, directly and indirectly,
to health problems. They argued that this may help explain racial and ethnic health disparities.

Liévanos (2019b) looked at the relationship between neighborhood racial composition,
concentrated disadvantage, and air pollution in California and found that percent Latinx, percent
non-Latinx Black, and percent non-Latinx Asian were positively correlated with fine particulate
matter at the neighborhood level. Arcaya et al. (2012) found evidence that life expectancy is
driven by spatial processes and argued that consideration of space and membership in
geographically-embedded administrative units can provide valuable insight into area variations
in health. It is also important to consider gendered family structure when looking at the spatial

concentration of health inequalities (Liévanos et al. 2021). Recent research has argued that
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family structure is closely tied to class, race, and gender inequalities and is an important
mechanism through which these inequalities are reproduced (McLanahan and Percheski 2008).

Krieger’s (2001, 2011) third construct of an ecosocial approach is interested in the
“cumulative interplay between exposure, susceptibility and resistance” and looks at pathways of
embodiment at multiple levels and in multiple domains. Further, the six pathways of
embodiment that she describes include socio-spatial determinants including residential and
occupational segregation that leads to racial inequalities in economic deprivation and inequalities
in risk of exposure to toxic substances, such as air pollution and lead paint.

Further, intersectional scholars have focused on the importance of considering the role of
contextual processes in producing intersectionally patterned experiences and outcomes (Choo
and Ferree 2010; Crenshaw 1990; May 2015). However, intersectional work has often lacked
sufficient attention to the role of neighborhood and community context in producing health
inequalities. Recent advancements in quantitative intersectional analysis have been used to
incorporate neighborhood and community context into research on intersectional health
inequalities (Evans 2019b; Evans et al. 2023) and to look at the intersectional patterning of
health outcomes at the neighborhood level (Alvarez and Evans 2021)

Low Birthweight Inequalities

Low birthweight (LBW) is an important biomarker of infant health. LBW infants are
more often small because they are born early, but they can also be born small at full term due to
growth restriction during pregnancy. Births are considered LBW when the baby weighs less than
2,500 grams (about 5.5 pounds). LBW is a useful measure for looking at how health inequalities
are patterned and produced because it is an indicator of social determinants that affect mothers’

health such as maternal race/ethnicity (Alhusen et al. 2016; Almeida et al. 2018; Choi and
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Martinson 2018; Geronimus 1996; Lu and Halfon 2003) and socioeconomic status (Blumenshine
et al. 2010; Finch 2003; Jansen et al. 2008; Ncube et al. 2016; Ramraj et al. 2020). LBW is a
predictor of higher risk of infant mortality (Ely and Driscoll 2021; Pusdekar et al. 2020) and
several health and developmental outcomes in childhood and adulthood including asthma,
hypertension, and diabetes (Barker et al. 2002; Choi and Martinson 2018; Hassan et al. 2021;
Nepomnyaschy and Reichman 2006; Whincup et al. 2018). Further, LBW is linked to an
increased sensitivity to environmental exposures such as air pollution (Faust et al. 2017) and is
associated with lower socioeconomic attainment later in life (Bilgin et al. 2018), suggesting that
is may be one way that intergenerational transmission of disadvantage occurs.

Stress is an important mechanism through which social determinants become embodied
and affect LBW risk (Turner 2010; Wadhwa et al. 2011). Geronimus (1996) describes a
“weathering” effect where exposure to discrimination, environmental hazards, and other stressors
among racially/ethnically minoritized mothers causes an increased risk of LBW. The weathering
hypothesis suggests that racially/ethnically minoritized individuals experience excess chronic
activation of psychosocial stress pathways that lead to the embodiment of these experiences in
the form of premature biological aging (Geronimus et al. 2006). In a key study, Geronimus
(1996) found that Black women, particularly those residing in low-income areas, experience
accelerated aging, in part due to stress, that causes an increased risk of having a LBW baby
compared to white mothers. Not only is the risk of LBW for Black mothers higher than for white
mothers at all ages, the relationship between age and LBW risk is shaped differently for these
two groups. While white women generally experience a J-shaped relationship between age and
LBW risk, with a decrease in risk from the teenage years into the late twenties and then an

increase in risk after that, Black women start with a higher risk of LBW than white women in
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their teen years that increases at an increased rate with age so that by their early thirties, Black
women have a substantially higher risk of LBW than white women.

The importance of the role of stress in the relationship between race/ethnicity and LBW
risk is further supported by Lu and Halfon’s (2003) review of studies on racial and ethnic
disparities in birth outcomes. They note that poor birth outcomes, including LBW, are
disproportionately high among Black women compared to Hispanic and non-Hispanic white
women and they propose that these disparities in birth outcomes result from differences in
developmental trajectories that start with early life experiences and differences in cumulative
allostatic load over the life course. Geronimus et al. (2006) note that allostatic load is “the
cumulative wear and tear on the body’s systems owing to repeated adaptation to stressors” and
find that Black individuals on average have higher allostatic load scores at all ages than white
individuals.

The relationship between risk of LBW and other racial/ethnic identities is less clear,
perhaps because categories such as “Asian” and “Hispanic” encompass several diverse
subgroups. One such distinction within these categories that may play a role in birth outcomes is
nativity or immigration status. On the one hand, being foreign-born could result in poor birth
outcomes due to social, political, economic, and legal vulnerability, particularly among asylum
seekers and refugees (Heslehurst et al. 2018). However, research has sometimes shown a
“healthy immigrant’ effect in which immigrants experience better health outcomes than their
non-immigrant counterparts and in which health outcomes worsen the longer immigrants reside
in the U.S., possibly due to differential exposure to U.S. racial hierarchies and acculturation

(Andrasfay and Goldman 2020; Ghazal Read and Emerson 2005). These patterns are also
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observed in research on birth outcomes, including birthweight (Acevedo-Garcia, Soobader, and
Berkman 2007; Andrasfay and Goldman 2020; Heslehurst et al. 2018).

Further, research has shown a link between SES and LBW, with higher rates of LBW
among women with less education (Jansen et al. 2008) and with lower household incomes (Finch
2003). Koning and Ehrenthal (2019) identified “stressor landscapes” that consist of differing
patterns of stressful maternal life events preceding birth. They found that low income and
minority women are at greater risk of experiencing preterm birth and LBW, in part because they
are more likely to experience toxic stressor landscapes.

An intersectional framework is useful when looking at inequalities in LBW and other
birth outcomes. An intracategorical approach can provide insight into the experiences of
particular marginalized groups within broader groups in which they belong. For instance, a
recent study investigated Black pregnant women’s experiences of gendered racism during
pregnancy (Mehra et al. 2020). An intercategorical approach can reveal patterns of inequality
across multiple, intersecting social dimensions. Recent research demonstrated that birthweight
inequalities in New York City are patterned by intersectional social strata consisting of
intersecting social identities (Nieves et al. 2023) and found evidence of intersectional inequalities
in birthweight outcomes for twin and singleton births (Evans et al. 2023).

Like health inequalities generally, it is useful to consider neighborhood context when
looking at LBW. LBW inequalities in the U.S. have been shown to be geographically
concentrated, with disproportionately high rates in Black and low-income communities
(Liévanos 2019b; Morenoff 2003). Many of the mechanisms that influence LBW, such as
pollution and access to healthcare, occur at the neighborhood or community level. For instance,

Shi (2004) found that having more primary care providers in an area was associated with better
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birthweight outcomes, especially in areas with high levels of social disparities. Further, Rich et
al. (2015) looked at low birthweight rates among babies born to women in Beijing who were
pregnant during the 2008 Olympics, which was a time when air pollution was significantly lower
than normal. They found that babies whose 8" month of gestation occurred during the 2008
Olympics were on average 23 grams larger than babies whose 8" month of gestation occurred
during the same calendar dates the year before or the year after.

According to Morenoff (2003), socio spatial determinants of LBW include stress and
adaptation mechanisms that occur through conditions created by structural factors like
concentrated disadvantage. Findings specifically identified that prolonged exposure to violent
crime is associated with greater risk of LBW, while neighborhood social relationships and
engagement provide a protective effect that decreases the risk of LBW. Further, prior research
has shown that residential segregation is linked to adverse birth outcomes (Mehra, Boyd, and
Ickovics 2017). Krieger et al. (2020) found evidence that historical redlining in New York City
may be a determinant of present-day preterm birth risk and De Maio et al. (2017) found
racial/ethnic segregation to be significantly associated with LBW in Chicago.

Empirical Approach

Despite the abundance of research on LBW inequalities, there are still a few important
gaps in the existing literature. Neighborhood-level studies of LBW inequalities often focus on a
small area, such as a single city or county (Campbell et al. 2018; Legerski and Thayn 2013;
Morenoff 2003; Schulz et al. 2020) and few studies have looked at these patterns across a wide
and diverse area. Further, few studies have simultaneously considered multiple neighborhood
context variables such as racial/ethnic composition, family structure, and neighborhood

deprivation in the patterning of LBW rates.
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Importantly, inequalities in LBW have often been studied at the individual or the
neighborhood level. However, it is useful to consider both levels simultaneously, as LBW is
shaped by factors that occur at the individual level and the neighborhood level. Subramanian et
al. (2009) revisited the famous 1950 article by Robinson (1950) that led to awareness and
warnings about ecological fallacy. Subramanian et al. demonstrated that there are perils
presented by ecological fallacy, but that there are also perils posed by individualistic fallacy.
They argued that historically informed multilevel thinking is a necessity.

In the following chapters, I address these gaps and build on the existing literature with
three empirical analyses that contribute to a better understanding of how LBW inequalities are
patterned and produced. In Chapter 2, I complete a neighborhood-level spatial analysis to look at
the relationship between racial/ethnic composition and LBW rates across California census
tracts. I also consider the role of family structure and neighborhood deprivation in this
relationship. Chapters 3 uses nationally representative data to build on this by considering the
role of individual-level race/ethnicity and neighborhood-level racial/ethnic composition
simultaneously. I conduct a multilevel analysis to look at how race/ethnicity at both levels shape
LBW risk separately, additively, and interactively. I consider the extent to which racial/ethnic
disparities are driven by individual-level race/ethnicity and the extent to which they are driven by
neighborhood-level racial/ethnic composition. I then consider whether living in a neighborhood
with a high percentage of the population belonging to one’s own racial/ethnic group provides a
protective effect for risk of LBW. In Chapter 4, I use nationally representative data to further
consider how LBW risk is shaped at multiple levels by employing an intersectional framework
and innovative intersectional multilevel models to look at how LBW inequalities are patterned

intersectionally. I start by looking at LBW risk across intersectional social strata that consist of
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race/ethnicity and SES. I then consider how the effect of census tract-level median household

income on LBW varies across intersectional social strata.
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CHAPTER 11

A SPATTAL ANALYSIS OF RACIAL/ETHNIC COMPOSTION AND LOW

BIRTHWEIGHT RATES ACROSS CALIFORNIA CENSUS TRACTS

Introduction

Low birthweight (LBW) is an important biomarker of infant health. It is associated with a
higher risk of infant mortality (Ely and Driscoll 2021; Pusdekar et al. 2020) and several health
and developmental outcomes later in life, including asthma, hypertension, and diabetes (Barker
et al. 2002; Choi and Martinson 2018; Hassan et al. 2021; Nepomnyaschy and Reichman 2006;
Whincup et al. 2018). LBW is also an indicator of social determinants, which function as
“fundamental causes” of health inequalities through systemic racism, sexism, and classism by
affecting access to resources including economic resources, social supports, and quality
healthcare (Link and Phelan 1995; Phelan and Link 2015). Social determinants of LBW and that
affect mothers’ health include a variety of social sources of stress (Geronimus 1996; Koning and
Ehrenthal 2019), maternal race/ethnicity (Alhusen et al. 2016; Almeida et al. 2018; Choi and
Martinson 2018; Geronimus 1996; Lu and Halfon 2003), and maternal socioeconomic status
(Blumenshine et al. 2010; Finch 2003; Jansen et al. 2008; Ncube et al. 2016; Ramraj et al. 2020).
Further, LBW is associated with lower socioeconomic attainment later in life (Bilgin et al. 2018),
suggesting that it may be one process through which intergenerational transmission of
disadvantage occurs. Although there is an abundance of research on the patterning of LBW
inequalities at the individual level, it is also important to understand how inequalities in

neighborhood-level LBW rates are patterned as many mechanisms that influence LBW occur at
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the neighborhood or community level, such as air pollution (Rich et al. 2015) and access to

healthcare (Shi 2004).

LBW inequalities in the U.S. have been shown to be geographically concentrated, with
disproportionately high rates in Black and low-income communities (Liévanos 2019b; Morenoff
2003). However, much is still unknown about how these inequalities are patterned and the
mechanisms that drive them. Much of the existing research at the neighborhood level focuses on
a small area such as a single city or county (Campbell et al. 2018; Legerski and Thayn 2013;
Morenoft 2003; Schulz et al. 2020). Further, few studies have simultaneously considered the role
of racial/ethnic composition, family structure, and neighborhood deprivation in the patterning of
LBW rates. Higher rates of LBW among already marginalized communities add an additional
burden that further disadvantages these communities. Understanding how and why certain
communities experience higher LBW rates can aid in policy and other interventions aimed at

supporting equitable health outcomes.

To address these gaps in the literature and inform health equity policy, I conduct a spatial
analysis of the relationship between racial/ethnic composition and LBW rates at the census tract
level across California. I then consider how family structure, specifically the extent of female-
headed households (FHH), and neighborhood deprivation affect this relationship. Findings show
that percent Black, percent Hispanic, percent Asian, and percent Native are all positively
associated with LBW rates, but the strength of the relationship varies across racial/ethnic groups.
Further, percent FHH and neighborhood deprivation appear to account for some of this

relationship, but this effect is not uniform.
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Literature Review

Stress is an important mechanism through which social determinants affect LBW (Turner
2010; Wadhwa et al. 2011). Geronimus (1996) concluded that Black women have worse LBW
outcomes than white women in part due to premature biological “weathering” that is caused by
stress from experiences of sexism and racism. Additionally, Koning and Ehrenthal (2019) find
that risk of preterm birth and LBW is higher among low-income and racial minority women in

part due to their higher likelihood of experiencing “stressor landscapes.”

While studies on LBW inequalities often focus on individual-level social determinants,
many factors that influence LBW occur at the neighborhood or community level such as
exposure to hazardous environments (Rich et al. 2015) and access to quality healthcare (Shi
2004). Krieger’s (2001, 2011) ecosocial theory posits that our health is affected when the
material and social world in which we live becomes embodied which leads to health inequalities.
Embodiment occurs at multiple ecological levels and includes socio-spatial determinants of

health, which play a role in LBW outcomes.

Racist, classist, and gendered processes can lead to community level health inequalities.
Research has shown that contextual factors affect LBW risk both directly and indirectly and that
racial and ethnic differences in LBW are driven in part by the characteristics of the county where
the mother resides (Gorman 1999). Using U.S. birth data from 1990, Gorman (1999) showed that
at the county level, the percent of the population that was foreign-born, the percent of families
that were female headed, and median household income affected risk of LBW. These effects
differed across racial/ethnic groups. Further, LBW inequalities are geographically concentrated
in the U.S., with rates particularly elevated in Black and low-income communities (Liévanos

2019b; Morenoff 2003). Such racialized neighborhood-level health inequalities occur through
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multiple complex processes, particularly through the fundamental cause of residential

segregation (Williams and Collins 2001).

As Williams and Collins (2001) elaborate, residential segregation leads to racial
differences in SES by affecting access to education and employment opportunities. These
differences in SES then lead to racial differences in health. In addition, they note that segregation
leads to social and physical conditions that are harmful to health. Prior research has shown that
residential segregation is linked to adverse birth outcomes (Mehra et al. 2017). Krieger et al.
(2020) found evidence that historical redlining in New York City may be a determinant of
present-day preterm birth risk and De Maio et al. (2017) found racial/ethnic segregation to be

significantly associated with LBW in Chicago.

Another way that residential segregation may affect risk of LBW is through exposure to
environmental hazards. For instance air pollution exposure has been linked to an increased risk
of LBW (Rich et al. 2015) and previous research has shown disproportionately high exposures to
air pollution among single-mother families (Downey, Crowder, and Kemp 2017; Downey and
Hawkins 2008) and minoritized racial/ethnic households (Crowder and Downey 2010).
Liévanos, Evans, and Light (2021) found that among neighborhood-level indicators of racialized
single-parent families, elevated percentages of single-father Black and single-mother Latina
families were associated with significantly higher likelihood of census block exposure to lead
water service lines during the Flint Water Crisis. They attribute those findings to how family
structure is closely tied to class, race, and gender inequalities within education, housing, and
labor markets and is an important mechanism through which these inequalities are reproduced in

the United States (Ducre 2018; Highsmith 2015; Howard 2013; McLanahan and Percheski 2008)
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Additional socio-spatial determinants of LBW include stress and adaptation mechanisms
that occur though conditions created by structural factors like concentrated disadvantage that is
disproportionately experienced by Black and Latinx communities (Morenoff 2003). In the case
of Chicago, Morenoff (2003) found that prolonged exposure to violent crime is associated with
greater risk of LBW. Further, neighborhood social relationships and engagement provide a

protective effect that decreases the risk of LBW.

Despite previous work that has considered neighborhood-level LBW inequalities, much
of the existing research at the neighborhood level focuses on a small area such as a single city or
county (Campbell et al. 2018; Legerski and Thayn 2013; Morenoff 2003; Schulz et al. 2020) and
few studies have looked at these patterns across a wide and diverse area. Further, few studies
have simultaneously considered the role of racial/ethnic composition, family structure, and

neighborhood deprivation in the patterning of LBW rates.

Research Aims

To address these gaps and add to the understanding of how inequalities in neighborhood-
level LBW rates are patterned, I analyze California census tract data with spatial lag regression
models. The objectives of the analysis are twofold: evaluate the relationships between
racial/ethnic composition and LBW rate and consider the effect of census tract-level percent of

female-headed households and neighborhood deprivation on these relationships.

Specifically, I consider the effect of non-Hispanic Black, Hispanic, non-Hispanic Asian,
and non-Hispanic Native composition. Native populations are often omitted from studies looking
at health inequalities, frequently due to lack of data availability, but as noted and addressed by

recent research (Liévanos 2019a), it is important to consider Indigenous populations in spatial,
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health-related analyses. Further, a recent review article looked at research on racial/ethnic
segregation and health disparities (Yang, Park, and Matthews 2020) and noted the need for more
work that looks at segregation between whites and non-Black minorities, especially Hispanics

and Asians.

Given the existing literature as well as the structural racism and racial segregation that
disproportionately affects Black and Native populations, I expect that higher percent Black
composition and higher percent Native composition will be associated with higher LBW rates.
Given the heterogeneity with respect to country of origin and immigration status within the
Hispanic and Asian racial/ethnic groups, I predict that the strength of the relationships between
these compositional groups and LBW rates will be smaller in magnitude. I predict that percent
female headed households and neighborhood deprivation will be associated with higher LBW
rates. Further, I expect that these variables will somewhat attenuate that relationship between
racial/ethnic composition and LBW rates, especially when looking at percent Hispanic and

percent Asian composition.

Data and Methods

Data

I utilize data from the California Communities Environmental Health Screening Tool
(CalEnviroScreen) and from the 2010 Census. CalEnviroScreen (August et al. 2021) is an
environmental justice tool developed by the California Environmental Protection Agency and the
Office of Environmental Health Hazard Assessment. This tool contains data on several pollution
measures, health outcomes, and demographic variables for all California census tracts. Four
versions of CalEnviroScreen have been released to the public since 2013. For this analysis, I am

using low birthweight data from the most recent version, CalEviroScreen 4.0, which was

31



released in October 2021, and neighborhood deprivation data from CalEnviroScreen 3.0, which

was released in 2017 and updated in June 2018.

In addition to data availability, California is well-suited for this study because its large
area and population and its diverse geography and people provide a large study site that
encompasses a wide range of social, community, and environmental contexts. Further, recent
research has looked at patterns of LBW in California and found disproportionately high rates of
LBW among Black women (Enders et al. 2019; Ratnasiri et al. 2018), elevated rates of LBW
among Latina women compared to non-Latina whites (Sanchez-Vaznaugh et al. 2016), and high
LBW rates concentrated in neighborhoods with a higher proportion of Black residents and lower
proportion of Latinx residents (Liévanos 2019b). These studies highlight the importance of

further investigation into the patterning of LBW in the state of California.

The low birthweight variable in CalEnviroScreen 4.0 is a measure of the percent of births
that were considered low birthweight (less than 2,500 grams) for each census tract. This value is
an average of low birthweight rates from 2009-2015 as reported by the California Department of
Public Health. Births were geocoded based on the mother’s residential address at the time of the
birth and were excluded if they could not be geocoded. Census tracts with fewer than 50 live
births during the data range were considered unreliable estimates and were excluded from the

CalEnviroScreen data.

Data on racial/ethnic composition and female headed households comes from the 2010
Census, acquired from [PUMS NHGIS (Manson et al. 2023). Each racial/ethnic composition
variable is the percent of all individuals in each census tract that identify as that race/ethnicity. I
utilize four racial ethnic categories for my analysis—percent non-Hispanic Black, percent

Hispanic, percent non-Hispanic Asian, and percent non-Hispanic Native (hereafter percent
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Black, percent Hispanic, percent Asian, and percent Native). I exclude percent non-Hispanic

white and percent non-Hispanic other to avoid issues of multicollinearity.

Female headed households is the percent of all households in each census tract that are
classified as female headed family households. According to the 2010 U.S. decennial census, “a
family consists of a householder and one or more other people living in the same household who
are related to the householder by birth, marriage, or adoption. All people in a household who are
related to the householder are regarded as members of his or her family” (U.S. Census Bureau

2012:640).

Neighborhood deprivation variables come from CalEviroScreen 3.0. I utilize data from
this wave rather than the most recent wave because the dates of data collection for these
variables in version 3.0 more closely align with the dates for the LBW variable in version 4.0.
Prior work has utilized neighborhood deprivation and racial/ethnic composition variables from
CalEnviroScreen to explore how concentrated racialized deprivation affects exposure to
pollution (Liévanos 2018, 2019b). To deal with the high correlation between these variables and
therefore avoid issues of multicollinearity, this research utilized principal component factor
analysis to create factor variables that were used in spatial regression analysis. I utilized a
similar, but distinct approach in which I constructed a summated scale that is the standardized
sum of four standardized neighborhood deprivation variables: educational attainment, linguistic
isolation, poverty, and unemployment. As a sensitivity check, I followed up with a principal
component analysis with these four variables. Results indicated that a single component factor
had an eigenvalue greater than one (2.78) and that this factor accounted for 69.84% of the
variance. This factor variable was almost identical to the summated scale I constructed (r=0.998).
I therefore opted to use the deprivation scale in the analysis.
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Each of the neighborhood deprivation variables used to construct the scale is an average
of data from 2011-2015. Educational attainment is the percent of the population over age 25 with
less than a high school education, linguistic isolation is the percent of households where all
members 14 years old or older have at least some difficulty speaking English, poverty is the
percent of the population living below two times the federal poverty level, and unemployment is
the percent of the population over the age of 16 that is eligible for the labor force and
unemployed. These variables in CalEnviroScreen 3.0 were derived using 2011-2015 American
Community Survey (ACS) estimates. CalEnviroScreen 3.0 determined that the ACS estimates
were reliable if the standard error was less than half of the estimate or if it was less than the mean
standard error for all California census tract estimates. Estimates that did not meet these criteria

were not included in the data (Faust 2017).

Analvtical Sample

The final analytic sample excludes any tracts missing data for LBW, racial/ethnic
composition, percent female headed households, or neighborhood deprivation. Further, five
additional tracts were dropped from the analysis due to being neighborless. Neighborless tracts
are those that do not share a border with any other tracts due to geography or to being surrounded
by tracts that are missing data and therefore cannot be included in the spatial weights matrix used

for the spatial regression analysis. The resulting final sample includes 7,619 census tracts.

Methodological Approach

To look at the spatial patterning of racial/ethnic composition and LBW rates, [ employ
OLS regression and spatial regression models. Spatial regression models use spatial weights

matrices to account for spatial dependence (Mitchell 2005; Anselin 2009). This spatial
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dependence often occurs in spatial data when observations near one another are more similar
than observations that are far apart and violates the assumption of traditional OLS regression
models that cases are independent of one another. I started by fitting four OLS regression models
and calculated Global Moran’s I for the residuals with a row-standardized first order queen
adjacency matrix. The Moran’s I values indicated statistically significant spatial autocorrelation.
I then ran Lagrange Multiplier diagnostics which indicated that spatial lag models were

appropriate.

The general equation for the spatial lag models is:

y=pWy+Xp+¢

where y is a vector of observations of the dependent variables, p is a spatial autoregressive
parameter, Wy is a spatially lagged weights matrix of the dependent variable, X is a matrix of
observations of the explanatory variables, f is a vector of the associated parameter values, and ¢
is a vector of normally distributed, random error terms. I utilize the same first order queen

adjacency matrix that was used to calculate the Moran’s I values.

I ran two sets of four models predicting LBW rate—a set of OLS models and a set of
spatial lag models. All models were fit in RStudio and spatial lag models were fit using the
spatialreg package (Bivand, Millo, and Piras 2021). Model 1 includes the racial/ethnic
composition variables—percent Black, percent Hispanic, percent Asian, and percent Native.
Model 2 includes the racial/ethnic composition variables and adds percent female headed
households. Model 3 includes the racial/ethnic composition variables and adds neighborhood
deprivation scale. Model 4 includes the racial/ethnic composition variables and adds percent

female headed households and neighborhood deprivation scale.
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Results

Descriptive Statistics

Descriptive statistics for the analytic sample are shown in Table 2.1. The mean LBW rate

is about 5%, but rates vary substantially across census tracts with the minimum rate being 0%

and the maximum being 13.3%. This variation can be seen visually in Figure 2.1, which shows

quintile ranges of observed LBW rates for the census tracts included in the analysis. Relatively

large concentrations of high LBW rates are seen in the central Los Angeles area (Map C) and the

East Bay area (Map B).

Table 2.1. Descriptive Statistics of Analytic Sample (n=7,619)

Mean Median Minimum Maximum SD Moran’s I?
LBW Rate (%)  5.006 4.920 0.000 13.330 1576 0.287%%*
% Black 5.823 2563 0.000 89.760 9.263 0.812%%*
% Hispanic 37.223 29606  1.291 99.031 26.400 0.830%**
% Asian 13.107 7.683 0.000 89.877 14.924 0.819%**
% Native 0.421 0.264 0.000 37.457 0.900 0.391%%*
% FHH 14.179 13.305  0.600 58.545 6.388 0.718%**
Neighborhood 0.000 -0.229 1638 3.980 1.000 0.719%%*

Deprivation Scale

Notes: ?A first-order queen adjacency spatial weights matrix was used to calculate Moran’s 1.

***p<0.001

Table 2.1 also shows that the racial/ethnic composition of census tracts ranges

considerably. For percent Black and percent Asian these values range from 0 or near 0% to

around 90%. Percent Hispanic ranges from just over 1% to just over 99%, while percent Native

ranges from 0 to 37%. Percent female headed households also varies considerably across census

tracts, ranging from 0% to 58.5%, with a mean value of 14%.
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Map A: California Map B: San Francisco Bay Area

LBW Quintile

<20th percentile: 0.00 to 3.70%
20th to 40th percentile: 3.70 to 4.56%
40th to 60th percentile: 4.56 to 5.31%
60th to 80th percentile: 5.31 to 6.28%
>80th percentile: 6.28 to 13.33%

Figure 2.1. Quintile ranges of observed census tract low birthweight (LBW) rates in California,
the San Francisco Bay Area, and the greater Los Angeles Area. Census tracts excluded from the
analysis are represented with diagonal striped lines.

Spatial Regression Analyses

To start, I fit the OLS regression models. Given that these results are not central to the
research aims, I present them as a supplementary table in Appendix A (Table A1). As expected,
the Moran’s I of the residuals for the OLS models indicated statistically significant spatial
autocorrelation for all four models. Lagrange Multiplier diagnostics indicated that spatial lag

models were appropriate.
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Results from the spatial lag models are shown in Table 2.2. Two key statistics
demonstrate the importance of using spatial lag models rather than OLS models in this case.
First, the Moran’s I of residuals for each of the spatial lag models is non-significant, suggesting
that these models have successfully addressed the spatial dependence that was present in the
OLS regression models. Second, the spatial autoregressive coefficient (rho) is statistically
significant for all four spatial lag models, which further suggests that spatial dependence is not a
problem in these models. Additionally, model coefficients for the spatial lag models are generally
slightly smaller in magnitude than they were in the OLS models. This, in combination with the
statistical significance of the spatial autoregressive coefficients, signals that the coefficients in
the OLS models were slightly inflated due to spatial autocorrelation, but that this has been
adequately addressed in the spatial lag models. Also of note is the multicollinearity condition
number. Multicollinearity occurs when two or more independent variables in a model are highly
correlated with one another and can lead to incorrect regression results. Multicollinearity is
generally thought to be an issue if the multicollinearity condition number is above 15, but this
number falls below this value for all four models, indicating that correlation between the

independent variables is not an issue for these models.

Model 1 includes each of the racial/ethnic composition variables. An increased
percentage of Black, Hispanic, Asian, and Native populations are all associated with a
statistically significant higher LBW rate, but the magnitude of this effect varies across
racial/ethnic groups. For percent Hispanic and percent Asian, a one percentage point increase in
each of these populations is associated with about a 0.015 percentage point increase in LBW rate.
The effect for percent Black population is much larger, with a one percentage point increase in

Black population being associated with a 0.051 percentage point increase in LBW rate. Put
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another way, when comparing a census tract with 0% Black population (the lowest observed
value) to one with 90% Black population (the highest observed value), the predicted increase in
LBW rate is 4.6 percentage points. The effect for percent Native population is the largest, with a
one percentage point increase in Native population being associated with a 0.087 percentage
point increase in LBW rate. This translates to a 3.2 percentage point increase in LBW rate when
comparing a census tract with 0% Native population (the lowest observed value) to a tract with

37% Native population (the highest observed value).

Table 2.2. Spatial lag regression results predicting low birthweight rates in California census
tracts (n=7619)

Variable Model 1 Model 2 Model 3 Model 4
% Black 0.051 *** 0.041 *** 0.048 *** 0.041 ***
(0.002) (0.002) (0.002) (0.002)
% Hispanic 0.015 *** 0.009 *** 0.008 *** 0.005 ***
(0.001) (0.001) (0.001) (0.001)
% Asian 0.016 *** 0.015 *** 0.014 *** 0.013 ***
(0.001) (0.001) (0.001) (0.001)
% Native 0.087 *** 0.070 *** 0.060 *** 0.052 **
(0.018) (0.018) (0.018) (0.018)
% FHH 0.032 *** 0.023 ***
(0.004) (0.005)
Neighborhood 0.230 *** 0.189 ***
Deprivation Scale (0.027) (0.029)
Intercept 2,730 **x 2,614 *xx 3,122 *xx 2.068 **+
(0.075) (0.077) (0.088) (0.094)
Rho 0.237 **x 0.226 *** 0.224 **x 0.218 ***
(0.017) (0.017) (0.017) (0.017)
Log Likelihood -13163.508 -13137.917  -13128.287  -13116.254
Akaike information 26341.016 26291.834 26272.574 26250.508
criterion (AIC)
AIC difference from 516 947 -190.210 186,516 176572
OLS model
Multicollinearity
Condition Namber 5.174 10.242 8.379 11.120
Moran’s I of -0.006 -0.007 -0.008 -0.008

Residuals®
Notes: *** p < 0.001; ** p < 0.01; * p < 0.05. Standard errors are in parentheses.
®A first-order queen adjacency spatial weights matrix was used to calculate the Moran’s 1.
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Model 2 adds percent female headed households (FHH). This is positively associated
with LBW rate with a one percentage point increase in FHH predicting a 0.032 percentage point
increase in LBW. Further, percent FHH appear to account for some of the racial/ethnic
composition effects. The effect of each racial/ethnic composition variable decreases slightly with
percent FHH added, with the exception of percent Asian which remains about the same,
suggesting that the relationship between percent Asian and LBW rate is not affected

substantively by percent FHH.

Model 3 includes racial/ethnic composition and neighborhood deprivation scale.
Neighborhood deprivation scale is positively associated with LBW rate, with a one-point
increase on the scale predicting a 0.23 percentage point increase in LBW rate. Further, as in
Model 2, the racial/ethnic composition effects decrease by varying amounts, suggesting that
neighborhood deprivation accounts for some of the relationship between racial/ethnic

composition and LBW rate, particularly for percent Hispanic and percent Native.

Model 4 adds both percent FHH and neighborhood deprivation scale. As in Models 2 and
3, both of these variables are positively associated with LBW rate but are slightly smaller in
magnitude than they were when added individually, likely due to the correlation between these
two variables. A one percentage point increase in FHH is associated with a 0.023 percentage
point increase in LBW rate and a one-point increase in neighborhood deprivation scale is
associated with a 0.189 percentage point increase in LBW rate. The racial/ethnic composition
coefficients are all smaller in magnitude in Model 4 than they were in Model 1, and with the
exception of percent Black, they are all smaller when percent FHH and neighborhood
deprivation are added together than in the two models when they are added individually. This

suggests that percent FHH and neighborhood deprivation each play an independent role in
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accounting for the relationship between racial/ethnic composition and LBW rate. However, the

relationship between these variables does not appear to be uniform across racial/ethnic groups.

When looking at percent Black, the coefficient in Model 4 is somewhat lower than it was
in Model 1 but is the same as in Model 2. This seems to suggest that percent FHH and
neighborhood deprivation account for some of the relationship between percent Black and LBW
rate but are likely closely intertwined for Black communities. For percent Hispanic, percent FHH
and neighborhood deprivation appear to have the largest attenuating effect as the coefficient in
Model 4 is one third as large as it was in Model 1. Percent FHH and neighborhood deprivation
also appear to account for some of the relationship between percent Native and LBW rate, with
the coefficient in Model 4 being about one third smaller than it was in Model 1. Interestingly, the
coefficient for percent Asian in Model 4 is only slightly smaller than in Model 1. This suggests
that percent FHH and neighborhood deprivation play a small role in the relationship between
percent Asian and LBW rate, but this relationship appears to be largely driven by factors not
included in this analysis. Despite female headed households and neighborhood deprivation
accounting for some of the relationship between racial/ethnic composition and LBW rate, a

strong relationship remains, particularly for percent Black and percent Native.

Also of note in Table 2.2 is the Akaike information criterion (AIC). The AIC for each of
the spatial lag models is lower than the AIC for the corresponding OLS models, suggesting that
the spatial lag models are a better fit. Further the AIC decreases when percent FHH and
neighborhood deprivation scale are added and is lowest in Model 4, suggesting that Model 4 is a

better fitting model.

To identify vulnerable areas for future consideration and intervention, I identified census

tracts that had high LBW rates and low residuals for Model 4. Specifically, I included tracts that
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were in the highest quintile for observed LBW rate and that had standardized residuals within
one standard deviation from the mean. Figure 2.2 shows the census tracts (n=631) that met these
criteria. There are several pockets of high LBW/low residual tracts across the state. Of particular
interest are the central Los Angeles and East Bay areas, which each contain a relatively high
concentration of high LBW/low residual tracts, suggesting these are vulnerable areas that

warrant further consideration.

Map A: California Map B: San Francisco Bay Area
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Figure 2.2. Map of census tracts that are in the highest quintile range for observed low
birthweight rate and have Model 4 residuals within one standard deviation of the mean. Census
tracts excluded from the analysis are represented with diagonal striped lines.
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Discussion

In this analysis, I utilized spatial lag regression models to look at the relationship between
racial/ethnic composition and LBW rate across California census tracts and considered the role

of family structure and neighborhood deprivation in this relationship.

Findings show that predicted census tract LBW rate increases as the proportion of Black,
Hispanic, Asian, and Native populations increase. However, this effect is not uniform across
racial/ethnic composition groups and appears particularly large for percent Black and percent
Native. This is consistent with prior findings that LBW rates are higher in Black communities
(Liévanos 2019; Morenoff 2003). Further, spaces in which elevated proportions of Black and
Native individuals are found may also contain multiple stressors linked to structural racism and
racial segregation which may contribute to the elevated rates of LBW found in these spaces. The
smaller effects of percent Hispanic and percent Asian are likely due in part to the heterogeneity
within these groups and may reflect the “healthy immigrant paradox” (Acevedo-Garcia et al.
2007; Bender and Castro 2000). Future research should consider how differences in immigration
status and country of origin affect racial/ethnic composition effects on LBW rates for these

groups.

Further, a higher proportion of female headed households and increased neighborhood
deprivation are both associated with higher predicted LBW rates. These variables are closely
related, but both remain statistically significant even when added to the model together,
suggesting that each plays an independent role in the relationship between racial/ethnic
composition and LBW rate. This is consistent with prior research demonstrating that family
structure is an important mechanism through which inequalities are reproduced (Liévanos et al.

2021; McLanahan and Percheski 2008).
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Family structure and neighborhood deprivation appear to attenuate some of the
racial/ethnic composition effects. However, this is not uniform across racial/ethnic groups. The
effect of percent Black remains relatively large after percent female headed households and
neighborhood deprivation are added and although the effect of percent Native decreases a fair
amount when these variables are added, this effect remains quite large. This suggests that other
variables not included in this analysis are driving the relationship for percent Black and percent
Native and should be investigated in future research. The effect for percent Hispanic drops
considerably when these variables are added, suggesting that the relationship between percent
Hispanic and LBW rate is largely driven by these variables. This is consistent with prior work
that demonstrates that in the state of California, tract-level Latinx composition is associated with
concentrated socioeconomic disadvantage and that isolated Latinx economic disadvantage is

associated with higher risk of exposure to fine particulate matter air pollution (Liévanos 2019b).

Perhaps surprisingly, the effect of percent Asian only decreases slightly when percent
female headed households and neighborhood deprivation are added. It is not entirely clear why
this is the case, but it is consistent with prior work that found percent Asian population to be
associated with higher concentrations of fine particulate matter air pollution across California
census tracts, even when controlling for neighborhood disadvantage (Liévanos 2019b). Many
factors outside the scope of this analysis, such as exposure to environmental hazards, access to
healthcare, and availability of healthy foods, likely play a role in the relationship between
racial/ethnic composition and LBW inequalities at the community level and should be considered

by future work.

As part of the analysis, I also identified areas with a high number of census tracts that

have high LBW rates and low residuals for the full model. Two areas stood out as particularly
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vulnerable—the central Los Angeles area and the East Bay area—suggesting that these and other
disadvantaged areas should be targeted by policies and interventions designed to promote better
outcomes for mothers and babies. Further, findings highlight the importance of ongoing support
for programs like California’s Black Infant Health Program that aims to improve health among
Black mothers and babies by connecting Black women with vital care and support during and
after pregnancy. Similar programs should be developed for other high-risk groups and should
target communities with characteristics demonstrated to be associated with higher risk of LBW,
including those with high racial/ethnic minority population, high proportion of female headed

families, and high neighborhood deprivation.

This analysis is not without limitations. Although findings revealed important patterns
about the relationship between racial/ethnic composition and LBW rates at the neighborhood
level, conclusions cannot be made about how these relationships operate at the individual level.
Future research should consider how individual-level racial/ethnic identity interacts with

neighborhood-level contexts to influence LBW.

Linking CalEnviroScreen data with individual-level birth data for the state of California
would be a great way to further explore the patterning of racial/ethnic inequalities in LBW.
Morenoft (2003) previously identified neighborhood stress and adaptation mechanisms as
predictors of individual-level risk of LBW in Chicago. Future work could investigate these
mechanisms for the state of California to see if the same patterns hold true. Further, utilizing the
CalEnviroScreen data to explore the effect of environmental exposures on individual-level birth
outcomes would build on prior research linking various environmental exposures to LBW risk
including lead, air pollution, toxic air contaminants, traffic pollution, pesticides, and
polychlorinated biphenyls (PCBs) (August 2021; Faust 2017; Rich et al. 2015).
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Additionally, future research should consider the non-stationarity in the relationship
between racial/ethnic composition and LBW rate by looking at how this relationship varies
across space. For instance, utilizing geographically weighted regression to follow up on the
current analysis would provide insight into whether the observed patterns are generally uniform
across the state or if they vary due to place-specific social and historical contexts. This type of

analysis could also help further identify areas of interest for future research.
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CHAPTER III
A MULTILEVEL ANALYSIS OF RACIAL/ETHNIC INEQUALITIES IN LOW

BIRTHWEIGHT

Introduction

Low birthweight (LBW) inequalities in the U.S. are patterned by race/ethnicity (Alhusen
et al. 2016; Almeida et al. 2018; Lu and Halfon 2003; Womack 2018) and are geographically
concentrated with disproportionately high rates in Black communities (Liévanos 2019b;
Morenoff 2003). LBW is an important biomarker of infant health as it is associated with a higher
risk of infant mortality (Pusdekar et al. 2020) and several health and developmental outcomes
later in life, including asthma, hypertension, and diabetes (Barker et al. 2002; Choi and
Martinson 2018; Hassan et al. 2021; Nepomnyaschy and Reichman 2006). Further, LBW is
associated with lower socioeconomic attainment later in life (Bilgin et al. 2018) suggesting that it

may be one way that disadvantage is transmitted intergenerationally.

Social conditions, such as race/ethnicity and segregation, operate as “fundamental
causes” of health inequalities by affecting exposure to risk factors that can influence health and
by affecting access to resources that can mitigate the effects of disease if it does occur (Link and
Phelan 1995; Phelan and Link 2015; Williams and Collins 2001). Race/ethnicity and segregation
can function as fundamental causes of LBW at both the individual and neighborhood levels in
several ways including stress (Turner 2010; Wadhwa et al. 2011), exposure to hazardous

environments (Rich et al. 2015), and access to quality healthcare (Shi 2004).
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Despite an abundance of research that show a link between race/ethnicity and
racial/ethnic composition and the risk of LBW, this research often focuses on either the
individual level or the neighborhood level and may miss important information about how these
inequalities are patterned. Research that focuses on the neighborhood level cannot tell us about
individual-level patterns and research that focuses on the individual level may miss information
about how neighborhood contexts effect individuals with different social identities in different
ways. Further, research that focuses on compositional effects may inadvertently suggest that

living among higher concentrations of some groups is bad for one’s health.

To address these gaps in the literature and to add to the understanding of how
racial/ethnic health inequalities are patterned, I use nationally representative data to conduct a
multilevel analysis look at how individual-level race/ethnicity and neighborhood-level
racial/ethnic composition shape LBW risk separately, additively, and interactively. To assess to
what extent inequalities are being driven by individual-level race/ethnicity and to what extent
they are being driven by neighborhood-level racial/ethnic composition, I fit a series of additive
models where I look at the individual and compositional effects of race/ethnicity—first
separately and then together. I then consider whether living in a neighborhood with a higher
percentage of one’s own race/ethnicity provides a protective effect for LBW and if this varies
across racial/ethnic groups. To do this, I fit a series of models that allow the two levels to

interact.

Results indicate that individual-level Black racial identity and higher neighborhood-level
Black composition are both associated with higher risk of LBW. However, the neighborhood

composition effect appears to be driven by an accumulation of individual-level risk. Further, for
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Black mothers, but not mothers of other racial/ethnic identities, there appears to be a protective

effect from living in a neighborhood with a higher percentage of one’s own race/ethnicity.

Literature Review

Research that seeks to understand health inequalities often focuses on either the
individual level or the neighborhood level. This holds true when looking at disparities in LBW.
For instance, at the individual level, risk of LBW is patterned by racial/ethnic identity (Alhusen
et al. 2016; Almeida et al. 2018; Womack 2018) with Black women in particular having
disproportionately high risk of LBW compared to women in other racial/ethnic groups (Lu and
Halfon 2003). Further, LBW is patterned by SES, with higher risk of LBW among mothers with
less education (Jansen et al. 2008) and with lower household incomes (Finch 2003). Research at
the neighborhood or community level has shown that LBW is concentrated geographically, with
rates particularly high among Black and low-income communities (Liévanos 2019b; Morenoff

2003).

Focusing on the individual level can tell us important information about how health
inequalities occur but may miss important processes and context that occur at the neighborhood
or community level. However, focusing on the neighborhood level may result in an ecological
fallacy in which an inaccurate assumption is made that patterning of inequality at the
neighborhood level is an indication of individual-level inequality. Robinson’s (1950) influential
work demonstrated that a correlation between two variables can be different at the individual and
ecological levels. Further, Subramanian et al. (2009) demonstrated that there are perils presented
not only by the ecological fallacy, but also by the individualistic fallacy, and they argued for the
necessity of historically informed multilevel thinking. It is likely that LBW inequalities are

shaped by both individual-level social identities and neighborhood-level contexts simultaneously
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so studying how both levels interact to shape inequalities is important to better support mothers
and babies. Further, considering both levels simultaneously allows for the exploration of

differential effects of neighborhood contexts for individuals from different racial/ethnic groups.

LBW is a commonly used biomarker of infant health. It is an apt measure for looking at
the patterning and production of health inequalities because it is an indicator of social
determinants that affect health such as maternal race/ethnicity (Alhusen et al. 2016; Almeida et
al. 2018; Choi and Martinson 2018; Geronimus 1996; Lu and Halfon 2003). LBW is a predictor
of higher risk of infant mortality (Pusdekar et al. 2020) and several health and developmental
outcomes in childhood and adulthood, including asthma, hypertension, and diabetes (Barker et
al. 2002; Choi and Martinson 2018; Hassan et al. 2021; Nepomnyaschy and Reichman 2006).
Further, LBW is associated with lower socioeconomic attainment later in life (Bilgin et al. 2018),

suggesting that it may be one way that disadvantage is transmitted intergenerationally.

LBW at the Individual Level

Fundamental causes theory (Link and Phelan 1995) posits that social conditions, such as
socioeconomic status, operate as fundamental causes of health disparities by affecting exposure
to risk factors that influence health and by affecting access to resources that that minimize the
effects of disease if it does occur. Phelan and Link (2015) argue that racism is a fundamental
cause of racial health inequalities. This is in part due to racial differences in SES, but racism also
operates as a fundamental cause independently through inequalities in power, prestige, freedom,

neighborhood context, and health care.

Krieger’s ecosocial theory (Krieger 2001, 2011) complements a fundamental causes

perspective by arguing that the material and social world in which we live becomes biologically
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incorporated, or embodied, throughout our lives and leads to health inequalities. This occurs
through several pathways of embodiment, including economic and social deprivation, toxic
substances and hazardous conditions, socially inflicted trauma, and inadequate health care.
Gravlee (2009) also describes the process of embodiment, detailing how racial inequality
becomes embodied in the biology of racialized groups and individuals and leads to racial

inequalities in a variety of health outcomes.

Stress is an important mechanism that influences birth outcomes (Turner 2010; Wadhwa
et al. 2011). Geronimus (1996) concluded that racial/ethnic inequalities in LBW can occur when
racially/ethnically minoritized individuals experience chronic activation of psychosocial stress
pathways caused by exposure to discrimination, environmental hazards, and other stressors.
These experiences become embodied in the form of premature biological aging or “weathering”
(Geronimus et al. 2006). Black mothers in particular experience a weathering effect that leads to
higher risk of LBW than white mothers at all ages as well as a different shaped relationship

between age and LBW risk.

This is supported by Lu and Halfon’s (2003) review of studies on racial and ethnic
disparities in birth outcomes in which they found that poor birth outcomes, including low
birthweight, are disproportionately high among Black women compared to Hispanic and non-
Hispanic white women. They propose that these disparities in birth outcomes result from
differences in developmental trajectories that start with early life experiences and differences in
cumulative exposure to stressors over the life course. Further, Koning and Ehrenthal (2019) find
that low-income and racial minority women have a higher risk of preterm birth and LBW in part

due to a higher likelihood of experiencing “stressor landscapes.”
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LBW at the Neighborhood Level

Many of the factors that influence low birthweight occur at the neighborhood level
including stress (Turner 2010; Wadhwa et al. 2011), exposure to hazardous environments (Rich
et al. 2015), and access to quality healthcare (Shi 2004). Further, Morenoff (2003) found that, in
the case of Chicago, neighborhood-level stress and adaptation mechanisms were predictors of
individual-level risk of LBW. Specifically, prolonged exposure to neighborhood-level violent
crime was associated with greater risk of LBW, while neighborhood social relationships and

engagement were associated with a lower risk of LBW.

These processes may disproportionately impact racial/ethnic minority communities
through residential segregation. Williams and Collins (2001) identified segregation as a
fundamental cause of racial health inequalities. They argue that this occurs in part because
residential segregation affects access to education and employment opportunities which leads to
racial differences in SES which then lead to racial differences in health. Further, they argue that
segregation also leads to differences in social and physical conditions that affect health. Prior
research has linked residential segregation to adverse birth outcomes (Mehra et al. 2017).
Krieger et al. (2020) found evidence that historical redlining in New York City may be a
determinant of present-day preterm birth risk and De Maio et al. (2017) found a significant

association between racial/ethnic segregation and LBW in Chicago.

Further, Krieger’s pathways of embodiment include processes that occur at the
neighborhood and community level including residential and occupational segregation that lead
to racial inequalities in economic deprivation and inequalities in risk of exposure to toxic

substances, such as air pollution and lead paint. When looking at adverse birth outcomes, some
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of the ways that embodiment may occur and affect outcomes at the neighborhood level include

access to quality prenatal care, exposure to environmental toxins, and stress (Krieger et al. 2020).

LBW at Multiple Levels

Although most research that has looked at racial/ethnic inequalities in LBW has focused
on either the individual or the ecological level, there are some exceptions. For instance, using
U.S. birth data from 1990, Gorman (1999) found that at the county level, the percent of the
population that was foreign-born, the percent of families that were female headed, and median
household income affected risk of LBW. However, the effects of these variables differed across
racial/ethnic groups. Specifically, higher foreign-born population and higher median household
income were associated with a decreased risk of LBW for Mexican and white Americans but had
no effect for Puerto Rican and Cuban Americans. Further, a higher percentage of female headed
families was associated with a higher risk of LBW for all groups but was strongest for Cuban

and Puerto Rican Americans.

In a review of studies on racial residential segregation and birth outcomes, Mehra et al.
(2017) found that segregation was associated with an increased risk of preterm birth and LBW
for Black mothers. Further, Walton (2009) found that segregation is associated with a decreased
risk of LBW for Asian Americans, no effect among Latino Americans, and a small increase in
risk for African Americans, but only in the presence of higher poverty rates. Despite these
studies, there is still much that is not understood about the patterning of racial/ethnic LBW

inequalities at multiple levels.
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Research Aims

In this analysis, I add to the understanding of how racial/ethnic health inequalities are
patterned at multiple levels by utilizing multilevel models to look at how individual-level
race/ethnicity and neighborhood-level racial/ethnic composition shape LBW risk separately,

additively, and interactively. [ address two main research questions:

1. To what extent are racial/ethnic disparities in LBW being driven by individual-
level race/ethnicity and to what extent are they being driven by neighborhood-
level racial/ethnic composition?

2. Does living in a neighborhood with a high percentage of the population belonging
to one’s own racial/ethnic group provide a protective effect for risk of LBW? If

so, does this effect vary across racial/ethnic groups?

Data and Methods

Data

Data comes from the restricted-use National Longitudinal Study of Adolescent to Adult
Health (Add Health) (Harris et al. 2019). Add Health is a large longitudinal survey of a
nationally representative sample of U.S. adolescents who were in grades 7-12 during the first
wave of data collection (1994-95). Respondents have been followed for five waves of data

collection, with the most recent occurring in 2016-18 when respondents were aged 33-43.

Wave 5 contains information about births that occurred for respondents and their partners.
My analysis utilizes this birth data along with demographic data from all waves. Wave 5
contained data for 11,122 births to female respondents. My analysis includes 9,652 births that

occurred between 1990 and 2018 for which birthweight data and census tract pseudo FIPS codes
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were available. Rather than drop cases that were missing data on the key independent variables
or the control variables, I chose to impute missing values using multiple imputation. I used the
mice package in RStudio (van Buuren and Groothuis-Oudshoorn 2011) to impute 5 datasets. Of
the key independent variables, no cases were missing data for individual-level race/ethnicity and
81 cases (0.84%) were missing data for census tract racial/ethnic composition. Information on

number and percent of missing cases for control variables is shown in Table 3.1.

Dependent Variable

Low birthweight is a dichotomous variable coded as 1=yes is the baby weighed less than
5.5 pounds or O=no if the baby weighed 5.5 pounds or more. To code this variable, I used
birthweight data provided by Add Health respondents. They were first asked to report the
birthweight of the baby. If they did not know, they were asked a follow-up question of whether
the baby was more or less than 5.5 pounds. When available I used the former to determine
whether the baby was LBW, otherwise I used the latter. About 8.76% of births in the sample

were LBW.

Key Independent Variables

Individual-level race/ethnicity comes from Wave 5, except for 32 cases that were missing
this information in this wave. In these instances, I utilized Wave 1 race/ethnicity data instead.
Add Health respondents had the option to identify with more than one racial/ethnic category. In
these cases, they were asked to choose the one category that they most strongly identified with. I
use these responses when applicable. I utilize five race/ethnicity categories that correspond with
the categories used for the neighborhood racial/ethnic composition variables available in the Add

Health data. The categories are: white, Black, Hispanic, Asian/Pacific Islander (Asian/PI), and
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other, which includes respondents who indicated other (either initially or when asked to choose a
single identity after selecting more than one initially) or American Indian/Alaska Native for their

racial identity.

Neighborhood racial/ethnic composition variables are based on data for the census tract
in which the mother was residing at the wave of data collection prior to the date of the birth.
These variables are a measure of the percent of the population that belongs to each racial/ethnic
category. I utilize four racial/ethnic composition variables: percent non-Hispanic Black, percent
Hispanic, percent non-Hispanic Asian (including Pacific Islander), and percent non-Hispanic
other which includes other, two or more races, and American Indian/Alaska Native (hereafter
percent Black, percent Hispanic, percent Asian, and percent other). These four categories, along

with percent white, add up to 100 percent for each census tract.

Control Variables

I include controls for maternal age, educational attainment, and nativity status, as well as
multiple gestation and census tract median household income. Controlling for these variables
removes the effect of potential compositional differences. For instance, if twins are more
common among some racial/ethnic groups, this may elevate the predicted risk of LBW for those
groups given that twins’ risk of LBW is 10.3 times greater than singletons’ (Luke and Keith
1992). This allows us to see if observed inequalities between social strata are driven by these

variables or if the inequalities persist even after accounting for them.

Maternal age is measured by subtracting the birthdate of the baby from the mother’s
birthdate. I include age and age-squared in the models to account for the non-linear relationship

between maternal age and LBW (Evans et al. 2023; Geronimus 1996).

56



Maternal educational attainment is a measure of the highest level of education that the
mother had achieved prior to the date of the birth. I constructed three educational attainment
categories: less than high school (HS) if the mother had not earned a high school diploma or
equivalent, HS diploma if the mother had earned a high school diploma or equivalent (including

GED), and bachelor’s+ if the mother had earned a bachelor’s degree or higher.

U.S. born is a dichotomous measure indicating whether the mother was born in the U.S.

or somewhere else.

Multiple gestation was coded as singleton, twins, or triplets+.

Neighborhood median household income is a measure of the median household income
(in $1,000s) for the census tract in which the mother resided at the wave of data collection prior
to the date of birth. I adjusted all median household income values to be equivalent to 2008

dollars. A logged version of median household income was used in the models.

Methodological Approach

[ utilize Bayesian logistic multilevel models in which individuals are nested in census
tracts. The restricted use Add Health data includes pseudo FIPS codes for the respondents’
location of residence. While these codes do not allow for merging with other spatial data, they do
allow for grouping of respondents who live in the same spatial units. I utilize census tract pseudo
FIPS codes to group respondents living in the same census tracts. The amount of census tract
clustering is relatively small, but notable. The minimum number of respondents in a census tract
is 1, while the maximum is 30. The mean number of respondents in observed census tracts is

2.67 and the median is 2.
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All models were fit in RStudio using the brm_multiple command from brms library
(Burkner 2017). brm_multiple is well-suited for analyses with imputed data as it runs the model
for each imputed dataset then pools the results. Models were fit with a burn-in of 5,000 iterations

and a total length of 50,000 iterations (with thinning every 50 iterations).

The general equation for the logistic multilevel models is:
T[ij
log 7——= = Bo + BaXij + Hoj
(1-my)

[O Gﬂo]

where 7;; is the probability of birth 7 in in census tract j being LBW, B, is the intercept, x;; is a
vector of explanatory variables, and 3, is a vector of associated parameter values. (i ; is the

census tract-level random effect, which is normally distributed with mean 0 and variance aﬁo.

To assess model goodness-of-fit, I calculate the LOO (leave-one-out cross-validation)
information criterion (LOOIC) using the loo package in R (Vehtari et al. 2024). The LOOIC is
comparable to the Akaike Information Criterion (AIC) used for frequentist approaches, but is
designed for use with Bayesian models as it takes into account model priors and the posterior

distribution (Vehtari, Gelman, and Gabry 2016).

To address my first research question that asks to what extent are racial/ethnic disparities
in LBW being driven by individual-level race/ethnicity and to what extent are they being driven
by neighborhood-level racial/ethnic composition, I fit four logistic multilevel models with LBW

as the dependent variable.

Model 1 includes individual-level race/ethnicity. This model indicates how LBW is

patterned by individual racial/ethnic identity without accounting for compositional effects.
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Model 2 includes census tract-level racial/ethnic composition. This model shows how
LBW is patterned by the racial/ethnic composition of the census tract where the mother resides,

without accounting for individual-level racial/ethnic identity.

Model 3 includes individual-level race/ethnicity and census tract-level racial/ethnic
composition. By including variables at both levels, this model evaluates if compositional effects
are being driven by an accumulation of individual-level effects or if there are independent

compositional effects.

Model 4 is the same as Model 3 with control variables added. This model assesses if the
effects of individual and compositional race/ethnicity on LBW are explained by maternal age,
educational attainment, and nativity, multiple gestation, and census tract median household

income.

To address my second research question that asks if there is a protective effect for living
in a neighborhood with a high percentage of one’s own racial/ethnic group, I fit a series of
models with interaction terms. First, I consider the interaction between each racial/ethnic group

and its “ego” composition:

Model 5 includes individual-level racial/ethnic identity, census tract racial/ethnic
composition, and an interaction between each racial/ethnic identity and its ego composition. In
this model the main effects of race/ethnicity and the corresponding interactions are relative to
white mothers (the omitted category). In other words, the interaction effect indicates the
difference in the compositional effect for mothers with the indicated racial/ethnic group
compared to the effect for white mothers. Further, the interaction between each racial/ethnic

identity and its corresponding ego composition provides an indication of whether there is a
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protective effect, harmful effect, or no effect for living in a neighborhood with a higher

percentage of one’s own race/ethnicity.

Model 6 is the same as Model 5 with control variables added to see how the control

variables affect the relationships.

Results from Models 5 indicate that the only statistically significant interaction is for
Black racial identity and composition. To further explore this, I consider this interaction alone,

without any other racial/ethnic identities or compositions included:

Model 7 includes individual-level Black racial/ethnic identity, census tract percent Black
composition, and an interaction between the two. In this model, the main effect of Black racial
identity and the interaction effect is no longer relative to white mothers, but is now relative to all
non-Black mothers. In other words, the interaction effect indicates the difference in the effect of

Black composition on Black mothers compared to non-Black mothers.

Model 8 is the same as Model 7 with control variables added.

I also fit a version of the model with every possible interaction between individual
race/ethnicity and census tract racial/ethnic composition to see if there were any other significant
interactions that warranted further investigation. Results were similar to the results of Models 5
and 6 and no other significant interactions were present. Further, LOOIC statistics were higher
for these models indicating worse goodness-of-fit. So rather than include these results with the

main models, I present them as a supplementary table in Appendix B (Table A2).
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Results

Descriptive statistics are shown in Table 3.1. 8.67% of births were classified as LBW
(less than 5.5 1bs.) About 60% of births were to white mothers, about 22% were to Black
mothers, about 12% were to Hispanic mothers, about 4% were to Asian/PI mothers, and about
1% were to mothers in the “other” race/ethnicity category. Further, there is considerable variation
in census tract racial/ethnic composition. Percent Black ranges from 0 to 100%, percent Hispanic
ranges from 0 to 97%, percent Asian ranges from 0 to 74%, and percent other ranges from 0 to
82%. The mean maternal age was 27.18 years. A little over half of the births were to mothers
with a high school diploma or equivalent, about 30% were to mothers with a bachelor’s degree or
higher, and about 9% were to mothers with less than a high school education. About 92% of
births were to mothers who were born in the U.S. and about 97% were singleton births. The
mean census tract median household income in which mothers resided during the wave of data
collection prior to the birth was about $48,000 and ranged considerably from $7,280 to

$168,800.

The results of the first set of logistic regression models are shown in Table 3.2. Model 1
includes just the individual-level race/ethnicity categories. Black mothers, Hispanic mothers, and
“other” mothers are each predicted to have higher risk of LBW than white mothers, while
Asian/PI mothers are predicted to have lower rates. However, the only effects that are
statistically significant are those for Black and “other”. The risk of LBW for Black mothers is
predicted to be 2 times higher than the risk for white mothers and the risk for “other” mothers is
predicted to be over 4 times higher. While it is not possible to draw strong conclusion about the
effect of “other” since this category encompasses multiple racial/ethnic identities, it is likely that
the large effect is driven at least in part by the effect the American Indian/Alaska Native (AI/AN)
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category that is included in this group because about 64% of “other”” mothers are AI/AN. Model

2 includes just the census tract racial/ethnic composition variables. Once again, the only

statistically significant effect is associated with the Black racial identity and a one percentage

point increase in Black population is associated with a 0.7% increase in the risk of LBW.

Table 3.1. Descriptive statistics of sample (n=9,652 births)

n %
Variable n % Missing Missing
LBW 0 0
Yes 837 8.67
No 8,815 91.33
Race/Ethnicity 0 0
White 5,853 60.64
Black 2,139 22.16
Hispanic 1,161 12.03
Asian/PI 396 4.10
Other 103 1.07
Racial/Ethnic Mean SD Median ~ Min Max 81 0.84
Composition
% Black 17.17  25.70 4.98 0.00 100.00
% Hispanic 1259 19.84 3.54 0.00 97.40
% Asian 4.49 9.38 1.11 0.00 74.38
% Other 1.91 3.17 1.10 0.00 82.06
Controls
Maternal Age 27.18 5.56 27.25 1350  40.92 0 0
CT Median Household 48.09 21.08  45.40 7.28 168.80 83 0.86
Income (in $1,000s)
Educational Attainment n % 834 8.64
Less than HS 896 9.28
HS Diploma or GED 4,974 5153
Bachelor’s Degree or 2,948 30.54
Higher
U.S. Born 275 2.85
Yes 8,854  91.73
No 523 5.42
Multiple Gestation 16 0.17
Singleton 9,320 96.56
Twins 312 3.23
Triplets+ 4 0.04
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Model 3 includes both the individual-level race/ethnicity categories and the census tract
racial/ethnic composition variables. In this model, the effect of percent Black decreases in
magnitude and is no longer statistically significant, while the effect of individual-level Black
racial identity remains statistically significant and similar in magnitude to what it was in Model
1. This suggests that the neighborhood-level effect of percent Black on LBW risk in Model 2 is
being driven by the aggregation of individual-level effects. The effect of the individual-level
“other” racial category remains large and significant. Again, it is not clear what this means, but it
is likely driven at least in part by the AI/AN group, although I am not able to determine what

share of “percent other” identify as AI/AN.

Model 4 adds controls for maternal age, educational attainment, and nativity status, as
well as multiple gestation and census tract median household income. As expected, higher
maternal educational attainment and multiple gestation are associated with higher risk of LBW.
Maternal age and nativity status do not have statistically significant effects, perhaps due to the
differential relationship between age and LBW across different racial/ethnic groups (Evans et al.
2023; Geronimus 1996) and the complex relationship between immigration status and birth
outcomes (Acevedo-Garcia, Soobader, and Berkman 2005; Bender and Castro 2000).
Interestingly, when the control variables are added, the effect of individual-level Black racial
identity remains statistically significant and in fact increases in magnitude. This suggests that
there may be other factors responsible for Black mothers’ high risk of LBW that are not

accounted for in this analysis.
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Table 3.2. Multilevel logistic regression results from additive models predicting low birthweight

Model 1 Model 2 Model 3 Model 4
OR 95% CI OR 95% CI OR 95% CI OR 95% CI
Race/Ethnicity
Black 2.002 1579 2.547 1978 1.454 2724 2106  1.553 2.835
Hispanic 1.024 0.747 1.402 0.900 0.600 1.340 0.961 0.633 1.435
Asian/PI 0.885 0.517 1.486 0.879 0.487 1598 0.993 0.529 1.790
Other 4,145 1988 8.802 3.725 1.704 7.885 4.402 2.092 8.971
Racial/Ethnic
Composition
% Black 1.007 1.003 1.011 1.000 0.995 1.005 0.998 0.993 1.003
% Hispanic 1.003 0.998 1.008 1.004 0.998 1.010 1.002 0.996 1.009
% Asian 0.992 0980 1.004 0.993 0.980 1.006 0.995 0.981 1.007
% Other 1.026 0998 1.054 1.022 0.992 1.051 1.017 0.987 1.046
Controls
Age 0.996 0.974 1.016
Agen2 1.001  0.998 1.004
HS Diploma 0.740 0.521 1.057
Bachelors+ 0.649 0.425 0.976
US Born 0.878  0.547 1.406
Twins 38.091 26.629 55.701
Triplets+ 56.036 2.271 2069.371
Median HH 0.876  0.670 1.148
Income
(logged)
Intercept 0.035 0.028 0.043 0.035 0.027 0.044 0.032 0.025 0.041 0.074 0.022 0.249
LOOIC 5278.5 5299.0 5278.6 4917.0

Notes: n=9,652 births, OR=0dds ratio, 95% CI=95% credible interval, LOOIC=leave-one-out cross-validation information
criterion. Reference categories are white for Race/Ethnicity, less than high school for educational attainment, foreign born for

nativity, and singleton for multiple gestation.
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The results from the second set of logistic regression models are shown in Table 3.3.
These models explore the interactions between each racial/ethnic group and its corresponding
ego composition and evaluate the possibility of a protective effect of living in a neighborhood

with a higher percentage of one’s own racial/ethnic group.

Model 5 includes individual-level race/ethnicity, census tract racial/ethnic composition,
and an interaction between each individual-level racial/ethnic identity and its ego composition
variable. There is a statistically significant interaction effect when Black is interacted with
percent Black. In fact, the effect of percent Black is associated with an increased risk of LBW for
white mothers, while it is associated with a slight decreased risk of LBW for Black mothers. This
suggests that for white mothers, living in a higher percent Black neighborhood is associated with
a higher risk of LBW, but for Black mothers, living in a higher percent Black neighborhood

provides a protective effect for risk of LBW.

The interaction effects are not significant when Hispanic is interacted with percent
Hispanic or when Asian/PI is interacted with percent Asian. This suggests that the protective
effect of living in a neighborhood with a higher percentage of one’s own racial/ethnic group is
largely unique to Black mothers. Although the interaction between “other’ and “percent other” is
also significant, it is not clear what this means without further investigation. It is possible that

this effect is related to AI/AN mothers, but caution should be used when interpreting this result.

Model 6 adds controls. For the most part, coefficients for race/ethnicity, racial/ethnic
composition, and interactions remain about the same, but the interaction between Black and
percent Black is no longer significant. This suggests that the observed difference in the effect of
Black composition between Black mothers and white mothers is explainable by one or more of

the control variables.
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Table 3.3. Multilevel logistic regression results from interaction models predicting low birthweight

Model 5 Model 6 Model 7 Model 8
OR 95% CI OR 95% CI OR 95% CI OR 95% CI

Black 2492  1.721 3.581 2.542 1.747 3.666 2412 1.696 3431 2421 1.704 3.443

% Black 1.007 0998 1.015 1.004  0.995 1.012 1.008 1.000 1.016 1.004 0.996 1.013

Black x % Black 0.990 0980 1.000 1.000  0.981 1.001 0989 0979 0.999 0.990 0.981 1.000

Hispanic 0.704 0385 1267 0.767 0418 1.377

% Hispanic 1.002 0994 1.010 1.000  0.992 1.008

Hispanic x % 1.007 0994 1.020 1.006  0.993 1.019

Hispanic

Asian/PI 0.937 0426 1979 0.951 0.414 2.111

% Asian 0994 0979 1.009 0.994 0978 1.009

Asian x % Asian 0.995 0967 1.024 1.001 0.972 1.029

Other 5.085 2111 11.575 5.865 2.591 13.558

% Other 1.037 1.004 1.073 1.035 1.001 1.067

Other x % Other 0.921 0.832 1.001 0.925  0.841 0.999

Controls
Age 0995 0974 1.016 1.000 0.980 1.020
Age™2 1.001 0.999 1.004 1.001 0.998 1.004
HS Diploma 0.743  0.524 1.066 0.730 0.510 1.046
Bachelors+ 0.647  0.431 0.996 0.619 0.414 0.936
US Born 0.899  0.551 1.461 0.901 0.591 1.398
Twins 38.629 26.496 56.599 36.771 25.628  53.452
Triplets+ 51.987 2.145 2375.587 56.818 2319 2664.522
Median HH Income 0.875 0.672 1.147 0.830 0.647 1.065
(logged)

Intercept 0.030 0.023 0.038 0.068 0.020 0.230 0.034 0.027 0.042 0.095 0.031 0.285

LOOIC 5276.1 4917.6 5285.7 49259

Notes: n=9,652 births, OR=0dds ratio, 95% CI=95% credible interval, LOOIC=leave-one-out cross-validation information criterion.
Reference category for race/ethnicity is white for Models 5 and 6 and non-Black for Models 7 and 8. Reference categories for control

variables are less than high school for educational attainment, foreign born for nativity, and singleton for multiple gestation.
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To further explore the protective effect that Black mothers experience when living in a
higher percentage Black neighborhood, Model 7 includes an interaction between individual-level
Black racial identity and percent Black composition without including any of the other
racial/ethnic identities or compositions. The main effects for Black and percent Black and the
interaction effect are about the same as they were in Model 5 when the other racial/ethnic groups
were included. This suggests that Black mothers experience a protective effect when living in a
higher percentage Black neighborhood compared to white women and compared to non-Black

women in general.

Model 8 adds control variables. For the most part, the magnitude of the effects remains
about the same, but unlike when controls were added in Model 6, the interaction effect remains
statistically significant. This is interesting and suggests that while the observed difference in the
effect of percent Black between Black and white mothers is driven by one or more of the control
variables, the observed difference between Black and non-Black mothers is not accounted for by

these variables.

Figure 3.1 shows the differential effect of percent Black composition for Black and non-
Black mothers using results from Model 7. Here we see that among neighborhoods with a small
percentage of Black population, Black mothers are predicted to have a much higher risk of LBW
than white mothers. However, as the percent of Black population increases, Black mothers
experience a protective effect, while non-Black mothers experience greater risk of LBW.
Eventually at around 80% Black population, predicted LBW for Black mothers actually becomes

lower than that of non-Black mothers.
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Figure 3.1. Predicted probability of LBW for Black and non-Black mothers by census tract
percent Black population. Probabilities were calculated using results from Model 7.

Discussion

In this analysis I used multilevel logistic regression to address two research questions.
First, I examined how LBW inequalities are shaped by individual-level race/ethnicity and
neighborhood-level racial/ethnic composition, separately, additively, and interactively. Second, |
looked at whether higher neighborhood racial/ethnic composition corresponding to one’s own

racial/ethnic identity provides a protective effect for risk of LBW.

Results from the first part of the analysis showed that Black racial identity at the
individual level is associated with a higher risk of LBW, while Hispanic and Asian/PI identities
are not. Further living in a census tract with a higher percentage of Black population is
associated with a higher risk of LBW, while a higher percentage of Hispanic and Asian

population is not associated with higher risk. However, when individual-level race/ethnicity and
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census tract-level racial/ethnic composition were added to the model together, the effect of
individual-level Black identity remained large in magnitude and statistically significant, while
the effect of census tract-level Black racial composition was no longer significant. This suggests
that the observed effect of percent Black on LBW risk is driven by an accumulation of

individual-level risk.

In the second part of the analysis, findings indicated that specifically for Black mothers
there is a protective effect associated with living in a neighborhood with a higher percentage of
one’s own racial identity. This effect holds true whether comparing the effect for Black mothers
and white mothers or comparing the effect for Black mothers and non-Black mothers. For white
or for non-Black mothers, living in a neighborhood with a higher percentage of Black population
is associated with a greater risk of LBW. However, for Black mothers, living in a neighborhood
with a higher percentage of Black population is associated with a slight decrease in risk of LBW.
It is not entirely clear why this is the case but given that prior research has shown that
neighborhood social relationships and engagement were associated with a lower risk of LBW
(Morenoff 2003), it could be that Black mothers may experience greater social support in higher
Black neighborhoods which could lead to lower risk of LBW. Further, it is possible that Black
mothers in neighborhoods with a larger Black population experience less stress from
interpersonal racism than what they may encounter in neighborhoods with fewer Black people.

Future research should further explore factors that may contribute to this protective effect.

Interestingly, the interaction effect between Black racial identity and percent Black
composition was no longer significant after adding the control variables when comparing Black
mothers to white mothers but it stayed significant when comparing Black mothers to non-Black

mothers. It is not entirely clear why this is the case, but it could indicate a relationship between
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racial identity, racial composition, and SES. If white individuals living in higher percent Black
neighborhoods are more likely to have low SES or if they are more likely to live in higher SES
Black neighborhoods, then it would make sense that when comparing Black to white mothers the
interaction effect disappeared when educational attainment and median household income were
controlled for. However, if this relationship with race, racial composition, and SES does not hold
true for non-white individuals, that might explain why the interaction effect remained significant
when comparing Black to non-Black mothers. Further research is needed to explore this

interesting dynamic.

In both parts of the analysis, a statistically significant effect for “other” racial identity was
observed. In the first part, the effect of individual-level “other” racial identity was large in
magnitude and statistically significant. In the second part, there was significant interaction effect
between “other” racial identity and “percent other”. It is unclear what these results mean since
“other” encompasses multiple racial/ethnic identities, but this effect is likely driven at least in
part by AI/AN identity being included in this category. Future research should investigate how

AI/AN racial identity and composition affect LBW risk, both additively and interactively.

Overall, these findings are consistent with previous research that has found that Black
women in particular have disproportionately high risk of LBW, even when controlling for factors
like socioeconomic status (Lu and Halfon 2003). This highlights the need for continued funding

and expansion of programs and interventions that support high risk individuals and communities.

Further, these results contribute to the existing literature by providing insight into how
individuals’ health risks are influenced simultaneously by their social identities and their
neighborhood contexts and demonstrate the importance of multilevel thinking. Not only is it

important to look at multiple levels to avoid ecological fallacy and/or individualistic fallacy, but
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it is important to consider how multiple levels interact to influence health outcomes. The results
of this analysis revealed that patterning of LBW by neighborhood-level racial/ethnic composition
and by individual-level race/ethnicity was largely the same. However, looking at the interaction
between individual-level race/ethnicity and neighborhood-level racial/ethnic composition

revealed important patterning that would have been missed with a single level approach.

Despite these contributions, this analysis is not without limitations. One important
limitation of this study is the gaps of time between waves of data collection for the Add Health
sample. I chose to use data from the wave of data collection prior to each birth, but it’s possible
the values of some variables could have changed from the time of data collection to the time of
the birth, particularly for census tract racial/ethnic composition. Repeating this analysis with
another dataset where information was collected at or near the time of birth would strengthen

these findings.
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CHAPTER IV
INTERSECTIONAL INEQUALITIES IN THE EFFECT OF NEIGHBORHOOD

MEDIAN HOUSEHOLD INCOME ON LOW BIRTHWEIGHT

Introduction

Birthweight is a commonly used metric of infant health. Babies born low birthweight
(LBW), or less than 2500 grams (about 5.5 1bs.), are at an increased risk of infant mortality (Ely
and Driscoll 2021; Pusdekar et al. 2020), as well as several adverse health and developmental
outcomes in childhood and as adults, including asthma, hypertension, coronary heart disease, and
diabetes (Barker et al. 2002; Choi and Martinson 2018; Hassan et al. 2021; Nepomnyaschy and
Reichman 2006; Whincup et al. 2018). Further, LBW is associated with lower socioeconomic
attainment later in life (Bilgin et al. 2018) and an increased sensitivity to environmental

exposures (Faust et al. 2017).

Risk of LBW is patterned by race/ethnicity (Alhusen et al. 2016; Almeida et al. 2018; Lu
and Halfon 2003; Womack 2018), socioeconomic status (SES) (Blumenshine et al. 2010; Finch
2003; Jansen et al. 2008; Ramraj et al. 2020), and neighborhood context (Legerski and Thayn
2013; Matoba and Collins 2017; Morenoff 2003). However, studies rarely look at how the
interaction between these social determinants shape LBW risks. Further, studies typically focus
on individual-level or neighborhood-level predictors, without considering how neighborhood

contexts may affect social groups in different ways.

To address these gaps in the literature, I utilize data on 10,531 births that occurred
between 1990 and 2018. Data comes from the National Longitudinal Study of Adolescent to

Adult Health (Add Health) (Harris et al. 2019). I employ an innovative intersectional MAIHDA
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approach to address two main research questions. First, how are LBW inequalities patterned
intersectionally by race/ethnicity and SES? Second, how does the effect of census tract median

household income on LBW vary across intersectional social strata?

Findings show that LBW risk varies considerably across social strata and that the effect
of neighborhood median household income is not uniform across strata. Further, Black women
experience particularly high risk of LBW, even among women with high educational attainment

and who live in advantaged neighborhoods.

The Social Determinants of Low Birthweight

Race and socioeconomic status (SES) have been theorized as fundamental causes of
inequalities in health outcomes because they affect exposure to risk factors that can affect health
as well as access to resources to minimize the effects of disease if it does occur (Link and Phelan
1995). When thinking about birthweight, race and SES can operate as fundamental causes of
LBW in several ways, including stress (Turner 2010; Wadhwa et al. 2011), exposure to
hazardous environments (Rich et al. 2015), and access to quality healthcare (Shi 2004). These

risks occur at both the individual and neighborhood level.

Krieger’s ecosocial theory (Krieger 2001) further highlights the importance of
considering how individual- and neighborhood-level social determinants affect health outcomes
like LBW. Krieger argues that the material and social world in which we live becomes
biologically incorporated, or embodied, throughout our lifetime (Krieger 2011). This
embodiment can occur through many pathways at multiple levels. Specific to pregnancy and

LBW, access to quality prenatal care, exposure to environmental toxins, and stress are just some
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of the ways that the social world can become embodied and affect adverse birth outcomes

(Krieger et al. 2020).

Inequalities in LBW are patterned by race/ethnicity (Alhusen et al. 2016; Almeida et al.
2018; Womack 2018) and SES (Blumenshine et al. 2010; Ramraj et al. 2020). Black women in
particular have been shown to have a disproportionately high risk of LBW compared to other
racial/ethnic groups (Lu and Halfon 2003). Further, higher rates of low birthweight have been
observed among women with less education (Jansen et al. 2008) and with lower household

incomes (Finch 2003).

Racial/ethnic inequalities in LBW have been theorized to occur when exposure to
discrimination, environmental hazards, and other stressors cause premature “weathering” among
racially/ethnically minoritized mothers (Geronimus 1996). The weathering hypothesis suggests
that racially/ethnically minoritized individuals experience excess chronic activation of
psychosocial stress pathways that lead to the embodiment of these experiences in the form of
premature biological aging (Geronimus et al. 2006). In a key study by Geronimus (1996), Black
mothers are shown to experience a weathering effect that leads not only to higher risk of LBW at
all ages compared to white mothers, but also to a different shaped relationship between age and
LBW risk. The lowest risk of LBW occurs at a younger age for Black mothers and there is a less

pronounced LBW risk associated with teen pregnancy.

The relationship between risk of LBW and other racial/ethnic identities is less clear,
perhaps because categories such as “Asian” and “Hispanic” encompass several diverse
subgroups. One such distinction within these categories that may play a role in birth outcomes is
nativity or immigration status. On the one hand, being foreign-born could result in poor birth

outcomes due to social, political, economic, and legal vulnerability, particularly among asylum
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seekers and refugees (Heslehurst et al. 2018). However, research has sometimes shown a
“healthy immigrant’ effect in which immigrants experience better health outcomes than their
non-immigrant counterparts and in which health outcomes worsen the longer immigrants reside
in the U.S., possibly due to less exposure to U.S. racial hierarchies and acculturation (Andrasfay
and Goldman 2020; Ghazal Read and Emerson 2005). These patterns are also observed in
research on birth outcomes, including birthweight (Acevedo-Garcia et al. 2007; Andrasfay and

Goldman 2020; Heslehurst et al. 2018).

SES may influence LBW through several mechanisms including access to information
and resources (Shi 2004) and stress (Turner 2010; Wadhwa et al. 2011). Koning and Ehrenthal
(Koning and Ehrenthal 2019) identify “stressor landscapes” that consist of differing patterns of
stressful maternal life events preceding birth. They find that low income and racial minority
women are more likely to experience toxic stressor landscapes and that mothers in toxic stressor

landscapes are at greater risk of experiencing preterm birth and low birthweight.

While many factors that affect LBW through mechanisms such as stress, exposure to
environmental harms, and access to resources occur at the individual level, it is also important to
consider how these are affected at the neighborhood level. For instance, Shi (2004) found that
having more primary health care providers in an area was associated with better birthweight
outcomes, especially in areas with high levels of social disparities. Further, Rich et al. (2015)
looked at low birthweight rates among babies born to women in Beijing who were pregnant
during the 2008 Olympics, which was a time when air pollution was significantly lower than
normal. They found that babies whose 8th month of gestation occurred during the 2008
Olympics were on average 23 grams larger than babies whose 8th month of gestation occurred

during the same calendar dates the year before or the year after. Additionally, Morenoft (2003)
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found that neighborhood contexts influence birthweight, with stress and adaptation mechanisms
being the best neighborhood-level predictors of low birthweight. Despite ample work that looks
at LBW at either the individual or neighborhood level, insufficient work has been done that

considers the role of individual-level and neighborhood-level factors on LBW simultaneously.

It is important to consider not only how social determinants affect risk of LBW
independently, but also how they interact to produce inequalities in LBW outcomes (Nieves et al.
2023). Intersectionality theory originates with Black feminist scholars (Collins 1990; Crenshaw
1990) and conceptualizes axes of marginalization such as racism, sexism, and socioeconomic
inequality as interlocking systems of oppression that cannot be understood individually. Further,
intersectional scholars have argued that it is important to consider the role of contextual
processes, such as those at the neighborhood level, in producing intersectionally patterned
experiences and outcomes (Choo and Ferree 2010; Crenshaw 1990; May 2015). A few studies
have incorporated context into intersectional analyses examining low birthweight inequalities,
but these typically focus on a specific geographic location, such as De Maio et al.’s (2017) look
at the relationship between racial/ethnic minority segregation and low birthweight in Chicago
and Toronto, or a specific population, such as Coley and Nichols’ (Coley and Nichols 2016)

research on adolescent mothers.

Intersectional scholarship often falls into one of three approaches: the anticategorical
approach which centers on deconstructing social categorizations, the intracategorical approach
which seeks to highlight the experiences of people at the intersections of multiple systems of
oppression, and the intercategorical approach which focuses on estimating inequalities by

considering the interactions between axes of marginalization (McCall 2005). I utilize an
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intercategorical approach to consider how race/ethnicity, educational attainment, and

neighborhood median household income interact to affect LBW.

Research Aims

In this analysis, I employ an intersectional framework to look at how LBW rates are
patterned intersectionally by race/ethnicity and socioeconomic status. Further, I consider the role
of neighborhood context by examining how the relationship between neighborhood median

household income and LBW varies across different intersectional groups.

To do this, I utilize intersectional Multilevel Analysis of Individual Heterogeneity and
Discriminatory Accuracy (MAIHDA) (Evans, Williams, Onnela, and S. V. Subramanian 2018;
Merlo 2018). There are several methodological advantages of intersectional MAIHDA over
conventional interaction models (Bell, Holman, and Jones 2019; Evans 2019a; Evans, Williams,
Onnela, and S. V. Subramanian 2018; Mahendran, Lizotte, and Bauer 2022). To look at how the
interaction between individual- and neighborhood-level variables affect LBW, I utilize an
innovative random effects MAIHDA approach. Recently, Evans et al. (2023) demonstrated the
use of this approach to look at the intersectional patterning of the birthweight gap between
singleton and twin births. In their analysis, they included random coefficients for a categorical
variable (singleton vs. twins). Similarly, I utilize a random effects MAIHDA model, but I
demonstrate the use of random slopes for a continuous variable (census tract median household

income).

77



Data and Methods

Data

Data comes from the restricted-use National Longitudinal Study of Adolescent to Adult
Health (Add Health) (Harris et al. 2019). Add Health is a large longitudinal survey of a
nationally representative sample of U.S. adolescents who were in grades 7-12 during the first
wave of data collection (1994-95). Respondents have been followed for five waves of data

collection, with the most recent occurring in 2016-18 when respondents were aged 33-43.

In Wave 5 respondents were asked to report retrospective information about births that
had occurred for them and their partners. I utilize this data along with demographic data from all
waves of Add Health. I started with all births reported by female respondents that had data for
birthweight (n=11,122). I excluded any births that were missing data for birth date (n=552) and
any for which the respondent’s race was indicated as “other” (n=39). This resulted in an analytic

sample of 10,531 births that occurred between 1990 and 2018.

I was unable to determine mother’s highest educational attainment prior to birth for 1,129
cases (10.72% of all cases). The most common reason for this was respondents who had missed
one or two waves of data collection after the initial wave but then returned at a later wave. In
these instances, information is available about births that had occurred during the gap in data
collection, but detailed educational information was not available to determine what level of
education the respondent had attained prior to the birth. Further, 90 cases (0.85% of all cases)
were missing data on census tract median household income. Rather than drop cases that were

missing information on educational attainment or median household income from the analysis, I
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chose to impute these missing values using multiple imputation. I used the mice package in

RStudio (van Buuren and Groothuis-Oudshoorn 2011) to impute 5 datasets.

Dependent Variable

When asked about births, Add Health respondents were asked to report the birthweight of
the baby. When available, I used this to code low birthweight as 1=yes if the baby weighed less
than 5.5 pounds or O=no if the baby weighed 5.5 pounds or more. If respondents reported that
they did not know the birthweight of the baby, they were asked a follow up question of whether
the baby was more or less than 5.5 pounds. When applicable, I utilized this to determine whether

the baby was LBW.

Social Strata

Race/ethnicity comes from Wave 5 except for 32 cases that were missing this information
for Wave 5. Wave 1 race/ethnicity data was used instead for these cases. If Add Health
respondents indicated they belonged to more than one racial/ethnic category, they were asked to
choose the one that they most strongly identified with. I utilized these responses when
applicable. Five race/ethnicity categories were constructed: 1=white, 2=Black, 3=Hispanic,

4=Asian, and 5=American Indian/Alaska Native or Pacific Islander (AI/AN/PI).

Education is a measure of the highest level of education that the mother had achieved
prior to the date of the birth. Three categories of education were constructed: 1=less than a high
school (HS) diploma or equivalent, 2=high school diploma or equivalent (including GED), and

3=bachelor’s degree or higher.
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Neighborhood Context

Neighborhood median household income is a measure of the median household income
(in $1,000s) for the census tract in which the mother was residing at the wave of data collection
prior to the date of birth. All median household income values were adjusted to be equivalent to
2008 dollars. I used a logged version of median household income in the models and centered

the variable at the mean.

Controls

To account for other factors that have been shown to have a relationship with birthweight,
I include controls for maternal age, maternal nativity status, and multiple gestation. Controlling
for these things removes the effect of potential compositional differences in these variables. For
instance, if twins are more common in some social strata, this may elevate the predicted risk of
LBW for those strata given that twins’ risk of LBW is 10.3 times greater than singletons’ (Luke
and Keith 1992). This allows us to see if observed inequalities between social strata are driven by

these variables or if the inequalities persist even after accounting for them.

Maternal age is calculated by subtracting the birthdate of the baby from the mother’s
birthdate. I include age and age-squared in the models to account for the non-linear relationship
between age and LBW (Evans et al. 2023; Geronimus 1996). In the models, I center age at the

mean.

U.S. born 1s a measure of maternal nativity status and is coded as 1=yes if the mother was

born in the U.S. and 0=no if the mother was born somewhere else.

It is important to control for multiple gestation births, as it is well established that

compared to singleton births, multiple births are at a higher risk for several adverse birth
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outcomes (Kalikkot Thekkeveedu et al. 2021), including LBW (Luke and Keith 1992). Births are

coded as singleton, twins, or triplets+.

Social Strata IDs

Social strata were constructed using race/ethnicity and educational attainment as coded
above. A two-digit stratum ID code was used consisting of individual race/ethnicity in the first
position and individual educational attainment in the second position. For example, a stratum ID
code of 23 would indicate an individual who is Black and has a bachelor’s degree or higher. A

summary of stratum ID codes and sample size for each stratum is shown in Table 4.1.

Table 4.1. Stratum ID codes and sample sizes

Stratum  First Position: Second Position: Mean Sample
ID Race/ethnicity Educational attainment Size (n)

11 1=White 1=Less than HS 660
12 1=White 2=High school diploma or GED 3,501
13 1=White 3=Bachelor’s degree or higher 2,184
21 2=Black 1=Less than HS 421
22 2=Black 2=High school diploma or GED 1,424
23 2=Black 3=Bachelor’s degree or higher 453
31 3=Hispanic 1=Less than HS 247
32 3=Hispanic 2=High school diploma or GED 817
33 3=Hispanic 3=Bachelor’s degree or higher 265
41 4=Asian 1=Less than HS 17
42 4=Asian 2=High school diploma or GED 193
43 4=Asian 3=Bachelor’s degree or higher 186
51 5=Al/AN/PI 1=Less than HS 44
52 5=Al/AN/PI 2=High school diploma or GED 111
53 5=AIl/AN/PI 3=Bachelor’s degree or higher 10

Note: Stratum sample sizes vary slightly across five imputed datasets so
reported values are the mean sample sizes for the five datasets.
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Methodological Approach

I utilize an intersectional multilevel approach—Multilevel Analysis of Individual
Heterogeneity and Discriminatory Accuracy (MAIHDA)—that allows for individuals to be
nested within intersectional social positions (Evans, Williams, Onnela, and S. V. Subramanian
2018; Merlo 2018). Traditional quantitative intersectional analyses have typically used
interaction terms in single-level regression models to look at intersectional relationships. The
MAIHDA approach has several theoretical and practical advantages over the conventional
approach, including easier interpretability even with a relatively large number of interactions and
better handling of small sample sizes in some strata (Bell et al. 2019; Evans 2019a; Evans,

Williams, Onnela, and S. V. Subramanian 2018; Mahendran et al. 2022).

My analysis consists of two main parts. [ first utilize a traditional logistic MAIHDA
approach to look at the intersectional patterning of LBW across individual-level social strata. I
then utilize a logistic random effects MAIHDA approach to look at how the effect of

neighborhood median household income on LBW varies across social strata.
LBW Inequalities

In the first part of the analysis, I assess the intersectional patterning of LBW across
individual-level social strata and look at how much of the variation in LBW is occurring due to
interactive, rather than additive, effects. I use traditional logistic MAIHDA models in which
individuals are nested in intersectional social strata consisting of racial/ethnic identity and

educational attainment.
The general equation for the model is:

lbw;j~Bernoulli(m;;)
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where 7;; is the probability of birth 7 in in stratum j being LBW, y; is a vector of additive main
effects for maternal race/ethnicity and educational attainment, and £, is a vector of associated
parameter values. uo; is the stratum-level residual difference in predicted LBW risk. Stratum-

level residuals are normally distributed with mean 0 and variance aﬁo.

This part of the analysis includes three logistic MAIHDA models:

Model 1 is a null model that only includes the intercept (f,) and the stratum level random
effects (14o;). The amount of inequality in predicted low birthweight between strata is captured
by aﬁo. Another measure of between-stratum variance is the Variance Partition Coefficient

(VPC). The VPC is a measure of the proportion of the total variance that is attributable to the

stratum level. In logistic models, the individual-level variance can be estimated using the latent

2
variable approach (Goldstein, Browne, and Rasbash 2002) in which aezo = % = 3.29.

The equation for the VPC is:

Between Stratum Variance Gﬁo
VPC = - *100% = —5———*100%
Total Variance o + 0

Model 2 adds the additive main effects for race/ethnicity and educational attainment

categories (B,Y;)-
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Model 3 includes the additive main effects for race/ethnicity and educational attainment

and also adds controls for maternal age, nativity status, and multiple gestation.

An additional statistic of interest in MAIHDA analysis is the Proportional Change in
Variance (PCV). The PCV indicates the amount of between-stratum variance that is “explained”

by adding the fixed parameters to the model. The PCV for Models 2 and 3 is calculated as:

2 2
Ouy,ModellA — Oug ModellB,1C

2
Uuo,ModellA

PCV = * 100%

The PCV for Model 2 is a measure of the between-strata inequality that is explained by additive
main effects and the PCV for Model 3 is a measure of the between-strata inequality that is

explained by the additive main effects and the control variables.
Adding Neighborhood Context

In the second part of the analysis, I look at the effect of neighborhood median household
income on LBW and consider how this effect varies across social strata. I start with a traditional
logistic MAIHDA model to consider the overall effect of median household income. The general
equation for this model is the same as above with an added fixed effect for census tract median

household income (S (CTinc;;)).

I then consider how the effect varies across social strata by utilizing a logistic random
effects MATHDA approach (Evans et al. 2023) in which census tract median household income is
added as a random slope. Adding census tract median household income as a random slope
allows the predicted effect of census tract median household income to vary by stratum j. In

other words, the model allows for the relationship (slope) between neighborhood income and
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LBW to take a unique value in each intersectional social stratum. The general form of the

equation for this model is:

Bo + B1(CTinc;j) + Boy; + toj + 11 (CTincy;)

; o2
el-v (o] 2 )
] Gﬂolh 0#1

with a similar interpretation as above, except 3; represents the overall effect of census tract

T[ij
log—Y =
o (1-my)

median household income across all strata and y, ; indicates how much this effect differs from S,
for stratum j. In other words, the effect of census tract median household income for stratum j
(B1j) is given by By; = 1 + Uy aﬁo is the between-stratum variance in the probability of LBW
for an individual living in a census tract with a median household income of $43,380, Ulfl is the
between-stratum variance in the change of predicted probability of LBW associated with each

$1,000 increase in median household income, and oﬁo u, 18 the covariance between y; and py ;.

This part of the analysis includes four MAIHDA models:

Model 4 is a traditional logistic MAIHDA model and includes census tract median
household income to the model as a fixed eftect. This provides a predicted effect of census tract
median household income on low birthweight, but the effect is assumed to be the same in all

strata.

Model 5 is a logistic random effects MAIHDA model that includes census tract median
household income but treats the variable as a random coefficient. This model allows for the
relationship between census tract median household income and LBW to be unique for every

stratum.
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Model 6 treats median household income as a fixed eftect (like Model 4) and includes all

additive main effects and control variables.

Model 7 treats median household income as a random coefficient (like Model 5) and

includes all additive main effects and control variables.

All models were fit in RStudio using the brm_multiple command from the brms library
(Biirkner 2017). brm_multiple is well-suited for using imputed data as it allows for multiple
datasets to be used in the model. It runs the model for each imputed dataset then pools the
results. Following the convention used in previous MAIHDA analyses, models have a burn-in of

5,000 iterations with a total length of 50,000 iterations (with thinning every 50 iterations).

Results

Descriptive statistics are shown in Table 4.2. In the sample, 8.70% of the births were
considered LBW (less than 5.5 1bs.) About 60% of births were to white mothers, about 20%
were to Black mothers, about 13% were to Hispanic mothers, about 4% were to Asian mothers,
and about 1.5% were to AI/AN/PI mothers. Just over half of the births were to mothers whose
highest educational attainment was a HS diploma or GED, a little over a quarter were to mothers
with a bachelor’s degree or higher, and just under 10% were to mothers with less than a HS
diploma. The mean census tract median household income in which mothers resided during the
wave of data collection prior to the birth was about $48,000. Census tract median household
income varied considerably, with the lowest being just $7,280 and the highest being $190,900.
The mean maternal age was 27.73 years. About 91% of births were to U.S. born mothers and

about 96% were singleton births.
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Table 4.2. Descriptive statistics of sample (n=10,531 births)

n %
Dependent Variable n % Missing Missing
LBW 0 0
Yes 916 8.70
No 9,615 91.30
Social Strata
Dimensions
Race/Ethnicity 0 0
White 6,345 60.25
Black 2,297 21.81
Hispanic 1,328 12.61
Asian 396 3.76
AIl/AN/PI 165 1.57
Educational 1,129 10.72
Attainment
Less than HS 990 9.40
HS Diploma or GED 5,407 51.34
Bachelor’s Degree 3,005 28.53
or Higher
Neighborhood Context  Mean SD Median Min Max
CT Median Household 47.95 20.97 45.35 7.28 190.90 90 0.85
Income (in $1,000s)
Controls
Maternal Age 27.23 5.56 27.33 1350 4150 0 0
n %
U.S. Born 308 2.92
Yes 9,593 91.09
No 630 5.98
Multiple Gestation 18 0.17
Singleton 10,155 96.43
Twins 344 3.27
Triplets+ 14 0.13

LBW Inequalities Across Social Strata

Table 4.3 shows results from the first set of MAIHDA models that consider how LBW
inequalities are patterned intersectionally by race/ethnicity and SES. The VPC in Model 1, the

null model, indicates that 2.16% of the variation in LBW is attributable to the stratum level. This
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indicates that there is a small, but notable, amount of inequality in LBW between strata. Perhaps
unsurprisingly, there is a large amount of within-stratum variance, likely due to the myriad

factors that contribute to LBW.

Table 4.3. Logistic MAIHDA results

Model 1 Model 2 Model 3
OR 95% CI OR 95% CI OR 95% CI

Intercept 0.104 0.086 0.124 0.096 0.073 0.127 0.084 0.053 0.133
Race/Ethnicity

White (Ref) - - - - - -

Black 1.709 1.292 2.250 1.833 1.377 2.424

Hispanic 1.099 0.805 1.467 1.118 0.807 1.543

Asian 1.088 0.696 1.685 1.201 0.722 1.976

PI/AI/AN 1416 0.781 2.392 1.664 0.891 2.957
Educational
Attainment

< HS (Ref) - - - - - -

HS Diploma 0.814 0.616 1.095 0.762 0.557 1.056

Bachelor’s + 0.838 0.608 1.143 0.684 0.471 1.004
Controls

Age 0.995 0.979 1.010

Age2 1.001 0.999 1.003

U.S. Born 0.918 0.650 1.305

Twins 19.289 15.328 24,527

Triplets+ 393.740 53.473 8804.604
Random Effects Est Est Est

Strata variance 0.074 0.009 0.011

(o2,)

VPC (%) 2.213 0.280 0.329

PCV (%) 87.605 85.40

(compared to null

model)

Notes: n=10,531, OR=0dds ratio, 95% CI=95% credible interval, VPC=variance partition coefficient,
PCV=proportional change in variance.

Model 2 includes the additive main effects for the strata variables. In this model, we see

that purely from an additive perspective, the effects of race/ethnicity and educational attainment
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are consistent with what we would expect—women with non-white racial/ethnic identities,
particularly Black women, have higher odds of LBW births and having a high school or college
education is associated with lower odds of LBW compared to having less than a high school
education. The PCV for Model 2 indicates that 87.6% of the between-stratum variance is

explained by the additive main effects.

Model 3 adds controls for maternal age, nativity status, and multiple gestation. In this
model, the additive main effects for race/ethnicity and educational attainment are slightly larger
in magnitude. Further, a gradient effect for higher educational attainment is now apparent, likely
due to the relationship between educational attainment and maternal age. Interestingly, age and
nativity status do not appear to have a significant relationship with LBW. This is perhaps due to
the non-uniform relationship between age and LBW across racial/ethnic groups and the complex
relationship between immigration status and LBW. As expected, multiple gestation has a strong
relationship with LBW, with multiple births having a much higher risk of being LBW than
singleton births. Interestingly, the VPC increases slightly from Model 2 to Model 3, indicating

that more variation in LBW is attributable to the stratum level once the controls are added.

Figures 4.1 and 4.2 use estimates from Model 3 to show the predicted probability of
LBW for each stratum. Figure 4.1 shows these values ranked from lowest to highest and Figure
4.2 shows them sorted by race/ethnicity and educational attainment. Values range from 5.34% for
white mothers with a bachelor’s degree or higher to 13.30% for Black mothers with less than a

high school diploma.
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Figure 4.1. Predicted probability of low birthweight by intersectional social stratum ranked
from low to high. Probabilities were calculated using results from Model 3 with all controls
(maternal age, nativity status, and multiple gestation) set at the mean.
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Figure 4.2. Predicted probability of low birthweight by intersectional social stratum grouped
by race/ethnicity. Probabilities were calculated using results from Model 3 with all controls
(maternal age, nativity status, and multiple gestation) set at the mean.
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When looking at patterning by social strata, a few things stand out. First, the three strata
with Black racial identity are among the highest predicted probabilities for LBW. All three Black
social strata have higher predicted probabilities than all of the white, Hispanic, and Asian strata.
This suggests that even among Black mothers with high educational attainment, the risk of LBW
remains disproportionately high. Further, the predicted probabilities for the AI/AN/PI strata are
notably high, especially among mothers with less than a bachelor’s degree. Generally, lower
predicted probabilities are among white, Hispanic, and Asian mothers with a high school or
college degree. The strata with the very lowest predicted probabilities are specifically white

mothers with a HS or college degree.

For each racial/ethnic category, there appears to be a clear decrease in predicted LBW
associated with having more education. There appears to be a gradient effect where each increase
in educational attainment is associated with a decrease in probability of LBW. However, this
positive effect seems to be particularly strong when moving from having less than a HS

education to having a HS degree.

Neighborhood Variation in LBW Inequalities

Table 4.4 shows the results from the second set of MAIHDA models that consider the

effect of census tract median household income on LBW and how this effect differs across

intersectional strata.
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Table 4.4. Logistic random slopes MAIHDA results

Model 4 Model 5 Model 6 Model 7
Fixed Effects OR 95% ClI OR 95% CI OR 95% CI OR 95% CI
Intercept 0.103 0.087 0.123 0.104 0.086 0.127 0.082 0.051 0.132 0.084 0.048 0.146

Logged CT median 0.885 0.746 1.042 0.897 0.754 1.077 0.885 0.737 1.064 0.895 0.742 1.101
HH income

Race/Ethnicity

White (Ref) - - - - - -
Black 1.758 1.283 2.392 1.677 0.986 2.566
Hispanic 1.111 0.789 1.569 1.066 0.616 1.678
Asian 1.224 0.735 2.021 1.206 0.625 2.191
PI/AI/AN 1.663 0.865 2.891 1.534 0.641 3.016
Educational
Attainment
< HS (Ref) - - - - - -
HS Diploma 0.772 0.558 1.087 0.793 0.524 1.293
Bachelor’s + 0.701 0.477 1.037 0.712 0.444 1.172
Controls
Age 0.997 0.980 1.012 0.997 0.982 1.012
Age2 1.001 0.999 1.003 1.001 0.999 1.003
U.S. Born 0.925 0.658 1.308 0.930 0.670 1.323
Twins 19.391 15.362 24.458 19.466  15.393 24.669
Triplets+ 409.292 54.640 9909.806 405.475 57.759 8639.759
Random Effects Est Est Est Est
Strata variance (aﬁo) 0.064 0.065 0.012 0.051
CT median HH 0.007 0.004
income variance (o)
Covariance (o,,,,) 0.883 -0.357

Notes: n=10,531, OR=0dds ratio, 95% CI=95% credible interval.
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Model 4 includes a fixed effect for logged census tract median household income. Model
6 also includes a fixed effect of logged census tract median household income but adds additive
main effects for race/ethnicity and educational attainment and controls for maternal age, nativity
status, and multiple gestation. Model 5 includes a random effect for logged census tract median
household income, as does Model 7 with additive main effects and controls included. The effect
of logged median household income is similar across all four models, with a 1% increase in
median household income associated with about a 0.11% decrease in the odds of LBW. In other
words, LBW risk decreases as neighborhood advantage increases. This is consistent with what
we would expect given past research demonstrating that neighborhood disadvantage is associated
with increased risk of LBW. When looking at the additive main effects and control variables in
Models 6 and 7, we see similar effects as in the first part of the analysis—Black women have

particularly high risk of LBW and risk of LBW decreases as educational attainment increases.

Although the overall effect of CT median household income is similar for the random
slopes models as it is for the fixed effects models, Figures 4.3 and 4.4 use the random slopes
estimates from Model 7 to show how the effect of CT median household income differs across
social strata. Figure 4.3 shows the random slopes coefficients for each stratum. We see that
higher median household income is associated with a decrease in LBW for all strata, but the
coefficients range from -0.082 for AI/AN/PI mothers with a HS education to -0.148 for white
mothers with a HS education. Although there does not appear to be much in the way of obvious
patterning by race/ethnicity and educational attainment, one thing that stands out is the
particularly strong effect of median household income for white mothers with a high school or
college education. Further, all of the white social strata have larger magnitude coefficients than

the overall coefficient.
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Figure 4.3. Random slopes coefficients for census tract median household income. Dotted
black line indicates overall slope coefficient (-0.111). Coefficients are from Model 7. Negative
slope values indicate that risk of LBW decreases as neighborhood median household income
increases.

Among the Asian strata, the negative effect of median household income is much smaller
in magnitude for the stratum with less than a HS diploma than it is for the other two educational
attainment strata. Interestingly, there is a similar patterning between the Black and Hispanic
strata where the less than HS and Bachelor’s + strata have smaller magnitude coefficients than

the HS diploma stratum.

Figure 4.4 shows the predicted probability of LBW for each social strata across the range
of median household income. A few things stand out in this figure. First, across all values of
median household income and all racial/ethnic categories, as educational attainment increases,

risk of LBW decreases. Interestingly, for Asian, Hispanic, and AI/AN/PI mothers the gap
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between the less than a HS diploma stratum and the HS diploma stratum appears to be
particularly wide, whereas for white and Black mothers, the gap between each educational
attainment strata appears fairly uniform. Among Black and Hispanic mothers, the gap between
those with HS diploma and those with a bachelor’s degree shrinks as median household income
increases, whereas this gap widens for AI/AN/AP mothers as median household income

Increases.

The high risk of LBW among Black mothers is once again striking and particularly
apparent when looking at the disparity between Black and white mothers. Across the range of
median household income, Black mothers with the highest educational attainment still
experience higher predicted LBW than white mothers with the lowest educational attainment.
This suggests that even with the protective effects that Black mothers appear to experience from
higher educational attainment and living in more advantaged neighborhoods, they still

experience much greater risk of LBW than white mothers.

95



White

Black

Hispanic

Asian

AlJAN/PI

14%

12% o

10% ~

8% A

Predicted Probability of LBW

6% o

10 30

100

10 30

Census Tract Median Household Income (in $1,000s)

100

10

30

100

10

30

100

10 30

100

Educational
Attainment

Less than HS

. HS Diploma
or GED

= Bachelors+

Figure 4.4. Predicted probability of low birthweight for intersectional social strata by census tract median household income. X-axis
is shown with a logged scale. Probabilities were calculated using results from Model 7 with all controls (maternal age, nativity
status, and multiple gestation) set at the mean.
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Discussion

In this analysis I addressed two main research questions. First, I used intersectional
MAIHDA models to look at how LBW is patterned across intersectional social strata consisting
of race/ethnicity and educational attainment. Second, I used random slopes MAIHDA models to
consider how census tract median household income affects LBW and how this effect varies

across social strata.

In the first part of the analysis, I found that LBW risk varies considerably across social
strata. Consistent with prior work that used a MAIHDA approach to look at LBW (Evans et al.
2023; Nieves et al. 2023), a small, but notable, amount of the variation in LBW is attributable to
the stratum level. White mothers with bachelor’s degrees have the lowest risk of having a LBW
baby, while Black mothers with less than a high school diploma have the highest risk. Higher
educational attainment is associated with lower risk of LBW for all racial/ethnic groups with a
particularly strong effect when moving from less than a high school education to having a high
school degree. Education itself likely plays a role in LBW risk as higher educational attainment
can increase access to resources such as income, health insurance, and information. However, the
observed protective effect of education likely also encompasses the effects of SES more broadly
such as familial financial and social support and the ability to avoid hazardous and/or stressful

environments.

Results from the second part of the analysis demonstrate that neighborhood context
matters for risk of LBW. Increased neighborhood median household income is associated with a
lower risk of LBW for all social strata. However, the protective effect of higher census tract

median household income is not uniform across social strata. Particularly, white women with a
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HS diploma or bachelor’s degree appear to benefit the most from higher neighborhood median

household income.

Consistent with previous research, the findings of this study show that Black mothers are
at a particularly high risk of having a LBW baby (Lu and Halfon 2003). This is particularly
pronounced among Black mothers with less than a HS diploma, but even Black mothers with a
HS diploma or bachelor’s degree still have higher predicted probability of LBW than almost all
other social strata. Further, although higher neighborhood median household income appears to
be associated with lower risk of LBW for Black mothers, the predicted risk of LBW remains
high across the range of median household income values. This is particularly striking when
comparing Black and white mothers. These findings are troublesome and suggest that even with
access to higher individual and neighborhood SES, Black women still experience poor birth
outcomes. It is important for policy interventions to address these disparities at the individual,

neighborhood, and institutional levels.

Overall, the results of this analysis contribute to the literature by demonstrating the
importance of utilizing an intersectional framework to look at health outcomes across
intersecting social identities. Further, this analysis shows the value of considering individual-
level and neighborhood-level social determinants simultaneously. Doing so can reveal important
patterns in how inequalities are shaped that might otherwise be missed. However, this analysis is
not without limitations. One important limitation of this study is the relatively large gaps of time
in between waves of Add Health data collection. I opted to utilize data from the wave prior to the
birth, but particularly for educational attainment and CT median household income, the values of
these variables could have changed from the time of data collection to the time of the birth.
Repeating this analysis with data collected at or near the time of birth would strengthen the
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findings. Another limitation was the small sample size for some social strata. Because of this, |
was unable to include other important axes of marginalization in the social strata. Of particular
interest is how maternal age, nativity status, and multiple gestation interact with race/ethnicity
and SES to shape birth outcomes. Future research should consider including these variables in

the social strata to see what role they play in the patterning of LBW inequalities.
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CHAPTER 5

CONCLUSION

In this dissertation I sought to add to the understanding of how health inequalities are
patterned and produced by examining LBW inequalities. I started by reviewing key literature that
highlighted the need for the consideration of fundamental causes of health inequalities such as
sexism, racism, and classism. Further, prior research has demonstrated that LBW is patterned by
race/ethnicity and SES at the individual level and racial/ethnic composition at the neighborhood
level. This patterning is shaped by mechanisms such as stress, social support, exposure to
environmental hazards. Despite prior work on LBW inequalities, gaps still remain. My analyses
added to a more complete understanding of how inequalities in LBW rates are patterned at the
neighborhood level, a better understanding of how racial/ethnic inequalities in LBW are shaped
at both the individual level and neighborhood level additively and interactively, and a better
understanding of how LBW risk is shaped intersectionally by race/ethnicity and SES and how

different intersectional groups are affected differently by neighborhood contexts.

In Chapter 2, I conducted a spatial analysis to look at the relationship between
racial/ethnic composition and LBW rates across California census tracts. I then considered the
role of family structure, specifically female headed households, and neighborhood deprivation in
this relationship. Findings highlight neighborhood-level racial/ethnic inequalities in LBW rates.
Increases in census tract proportion of Black, Hispanic, Asian, and Native population are all
associated with higher LBW rates. However, these effects are not uniform across racial/ethnic

composition groups and are particularly strong for percent Black and percent Native. Findings
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also show that a higher percentage of female headed households and increased neighborhood
deprivation are both associated with higher LBW rates. Further, these variables appear to
attenuate some of the effect of racial/ethnic composition on LBW rate, but this is not uniform for
across racial/ethnic groups. The effect of percent Hispanic on LBW rate appears to be largely
driven by percent female headed households and neighborhood deprivation, but the effects of
percent Black and percent Native are only partially attenuated by the variables, and percent

Asian only decreases slightly when these variables are accounted for.

Chapters 3 and 4 build on this by looking at the individual level and neighborhood level
simultaneously. In Chapter 3, I completed a multilevel analysis to look at how individual-level
race/ethnicity and neighborhood-level racial/ethnic composition affect LBW individually,
additively, and interactively. Findings show that individual-level Black racial identity and census
tract percent Black population are both associated with a higher risk of LBW, but the effect for
other racial/ethnic identities is not significant. However, it appears that the effect of percent
Black is driven by an accumulation of individual-level risk. Further, when looking at the
interaction between individual-level race/ethnicity and neighborhood-level racial/ethnic
composition, Black mothers appear to experience a protective effect from living in a
neighborhood with a higher percentage of their own racial identity, while mothers of other

racial/ethnic identities do not experience this effect.

Finally, in Chapter 4, I utilized an intersectional framework and innovative intersectional
MAIHDA models to look at the patterning of LBW by race/ethnicity and SES. I then considered
how the effect of neighborhood median household income on LBW differs across intersectional
social strata. Findings indicate that LBW risk varies considerably across intersectional social
strata, with white mothers with high educational attainment having the lowest risk and Black
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mothers with low educational attainment having the highest risk. Further, findings show that
increased census tract median household income is associated with a lower risk of LBW for all
social strata, but the effect is not uniform and white women with higher educational attainment
benefit the most. Findings from this chapter also highlight the disproportionately high risk of
LBW that Black mothers experience, even when accounting for educational attainment and

neighborhood median household income.

Taken as a whole, the findings from the empirical analyses highlight several important
things. First, results show that individual Black racial identity and neighborhood-level Black
racial composition are both disproportionately associated with greater LBW risk. This is
consistent with prior research that has shown that Black mothers in particular are
disproportionately at risk of poor birth outcomes and is consistent with patterns in the U.S. in
which spaces with elevated proportions of Black individuals are found to also contain multiple

stressors linked to structural racism and racial segregation.

LBW inequalities observed in these analyses that are patterned by race/ethnicity and SES
highlight the need for policies and programs intended to reduce these disparities. However,
taking into account key theoretical perspectives on health inequalities, interventions designed to
address LBW are not likely to be widely effective unless they address fundamental causes of
health such as racism, SES, and segregation. Large scale policies such as universal healthcare
and a livable minimum wage are key to reducing disparities in LBW. Not only will such policies
directly benefit pregnant women but will lead to a more equal and safer society which in turn
will promote healthier and less stressful environments for pregnant women. Further, education
and training for healthcare professionals about the structural factors that affect health are needed.

For instance, the health effects of structural racism are well covered in social science literature,
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but have not been adequately addressed in medical and scientific literature aimed at health
professionals (Bailey et al. 2017). Awareness about these factors will help providers to promote
health equity and to provide better care for all women. Programs like California’s Black Infant
Health Program which aims to improve health among Black mothers and babies by connecting
Black women with vital care and support during and after pregnancy should receive continued
support. Similar programs should be developed across the country that target Black women and

other high-risk groups and communities.

Further, results highlight the importance of a multilevel approach when looking at health
inequalities. The spatial analysis in Chapter 2 revealed important neighborhood-level patterns of
LBW inequalities, but a limitation of this analysis is that we cannot draw conclusions about how
these patterns operate at the individual level. Chapter 3 and 4 built on this by using a multilevel
approach to consider individual-level and neighborhood-level effects simultaneously. Results
from these chapters revealed important patterning that would have been missed with a single
level analysis. Prior research has argued that multilevel thinking is essential to avoid ecological
fallacy and/or individualistic fallacy (Subramanian et al. 2009). Avoiding these fallacies is
important, but the results of the analyses in this dissertation demonstrate that the value of
multilevel thinking goes beyond this, as a multilevel approach can also reveal important
interactions between levels that shape inequalities. This is important not just when looking at

health inequalities, but also when looking at social inequalities more broadly.

Future research should build on this work to further explore inequalities in LBW and
other health outcomes. Linking the CalEnviroScreen data used in Chapter 2 with individual-level
data for births in California would be an excellent way to explore how individual-level social

identities and neighborhood-level contexts interact to affect LBW outcomes. This data is
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particularly well suited to look at the effect of environmental exposures and neighborhood

deprivation.

One drawback of the Add Health data used in Chapters 3 and 4 was the large gaps of time
between waves of data collection. This meant that there was some uncertainty about whether the
values of some variables accurately represented the values at the time of each birth, particularly
when looking at measures of individual-level and neighborhood-level SES. Repeating these
analyses with data collected at or near the time of birth would likely strengthen the findings.
Another limitation of the Add Health data was that the sample size did not allow for additional
axes of marginalization to be included in the intersectional analysis in Chapter 4. Future work
should further explore how other social identities, such as nativity status and age, intersect with
race/ethnicity and SES to shape LBW risk and how these unique intersections are differentially

affected by neighborhood contexts.

Further, multilevel thinking should be used to consider the role of things that affect LBW
that were not included in this analysis, including social support, stress, and access to healthy
foods and quality healthcare. Additionally, more investigation is needed to understand the unique
protective effect that Black mothers appear to experience when living in high percent Black
neighborhoods. A better understanding of this effect might be gained through qualitative methods
like interviews and participant observation and could help inform ways to improve birth

outcomes for all mothers.
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APPENDIX A
SUPPLEMENTAL TABLE FROM CHAPTER 2

Table Al. OLS regression results predicting low birthweight rates in California census tracts

(n=7619)
Variable Model 1 Model 2 Model 3 Model 4
% Black 0.064 *** 0.052 *** 0.059 *** 0.051 ***
(0.002) (0.002) (0.002) (0.002)
% Hispanic 0.019 *** 0.012 *** 0.010 *** 0.007 ***
(0.001) (0.001) (0.001) (0.001)
% Asian 0.020 *** 0.018 *** 0.017 *** 0.016 ***
(0.001) (0.001) (0.001) (0.001)
% Native 0.106 *** 0.084 *** 0.072 *** 0.063 ***
(0.018) (0.018) (0.018) (0.018)
% FHH 0.038 *** 0.027 ***
(0.005) (0.005)
Neighborhood 0.271 *** 0.219 ***
Deprivation Scale (0.028) (0.029)
Intercept 3.635*** 3.445 *** 4.037 *** 3.824 ***
(0.040) (0.045) (0.057) (0.067)
Akaike information  »eo59 g6 26482.04 26459.09 26427.08
criterion (AIC)
Adjusted R-squared 0.232 0.239 0.241 0.244
Moran’s I of 0.111*** 0.102*** 0.100*** 0.096***

residuals®

Notes: *** p < 0.001; ** p < 0.01; * p < 0.05. Standard errors are in parentheses.
8A first-order queen adjacency spatial weights matrix was used to calculate Moran’s 1.
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APPENDIX B
SUPPLEMENTAL TABLE FROM CHAPTER 3

Table A2. Multilevel logistic regression results predicting low birthweight

Model 9 Model 10
OR 95% CI OR 95% CI

Black 2.462 1.505 4.076 2.380 1.468 3912
Hispanic 0.936 0.392 2.138 1.034 0.455 2.277
Asian/PI 0.305 0.066 1.174 0.352 0.080 1.330
Other 9.650 2.651 34.329 9.826 2.832 33.549
% Black 1.007 0.998 1.017 1.005 0.995 1.015
% Hispanic 0.997 0.985 1.008 0.996 0.984 1.008
% Asian 0.994 0.970 1.016 0.993 0.969 1.017
% Other 1.059 1.005 1.113 1.037 0.984 1.092
Black x % Black 0.990 0.978 1.001 0.991 0.979 1.003
Hispanic x % Black 0.998 0.976 1.020 0.995 0.972 1.017
Asian x % Black 1.022 0.980 1.063 1.012 0.969 1.054
Other x % Black 0.971 0.932 1.007 0.973 0.935 1.008
Black x % Hispanic 1.005 0.987 1.022 1.003 0.986 1.022
Hispanic x % Hispanic 1.009 0.994 1.026 1.007 0.991 1.024
Asian x % Hispanic 1.030 0.997 1.064 1.026 0.994 1.061
Other x % Hispanic 1.003 0.960 1.044 1.003 0.962 1.044
Black x % Asian 1.014 0.975 1.055 1.018 0.978 1.059
Hispanic x % Asian 0.992 0.957 1.027 0.991 0.956 1.026
Asian x % Asian 0.998 0.960 1.037 1.000 0.965 1.037
Other x % Asian 0.972 0.880 1.058 0.980 0.897 1.061
Black x % Other 0.951 0.858 1.052 0.976 0.874 1.082
Hispanic x % Other 0.937 0.844 1.022 0.956 0.865 1.045
Asian x % Other 1.027 0.946 1.120 1.061 0.973 1.157
Other x % Other 0.893 0.801 0.980 0914 0.822 0.999
Controls

Age 0.995 0.975 1.015

Age”2 1.001 0.998 1.004

HS Diploma 0.736 0.516 1.075

Bachelors+ 0.640 0.424 0.969

US Born 0.908 0.550 1.493

Twins 40.488 27.827 59.264

Triplets+ 53.839 2.026 2241.723

Median HH Income 0.878 0.664 1.165

(logged)
Intercept 0.029 0.022 0.038 0.065 0.019 0.218
LOOIC 5288.5 4934.9

Notes: n=9,652 births, OR=0dds ratio, 95% CI=95% credible interval, LOOIC=leave-one-out
cross-validation information criterion. Reference categories are white for race/ethnicity, less than
high school for educational attainment, foreign born for nativity, and singleton for multiple
gestation.

106



REFERENCES CITED

Acevedo-Garcia, Dolores, Mah-J. Soobader, and Lisa F. Berkman. 2005. “The Differential
Effect of Foreign-Born Status on Low Birth Weight by Race/Ethnicity and Education.”
Pediatrics 115(1):e20-30. doi: 10.1542/peds.2004-1306.

Acevedo-Garcia, Dolores, Mah-J. Soobader, and Lisa F. Berkman. 2007. “Low Birthweight
among US Hispanic/Latino Subgroups: The Effect of Maternal Foreign-Born Status and
Education.” Social Science & Medicine 65(12):2503-16. doi:
10.1016/j.socscimed.2007.06.033.

Alhusen, Jeanne L., Kelly M. Bower, Elizabeth Epstein, and Phyllis Sharps. 2016. “Racial
Discrimination and Adverse Birth Outcomes: An Integrative Review.” Journal of
Midwifery & Women'’s Health 61(6):707—20. doi: 10.1111/jmwh.12490.

Almeida, Joanna, Laia Bécares, Kristin Erbetta, Vani R. Bettegowda, and Indu B. Ahluwalia.
2018. “Racial/Ethnic Inequities in Low Birth Weight and Preterm Birth: The Role of
Multiple Forms of Stress.” Maternal and Child Health Journal 22(8):1154-63. doi:
10.1007/s10995-018-2500-7.

Alvarez, Camila H., and Clare Rosenfeld Evans. 2021. “Intersectional Environmental Justice and
Population Health Inequalities: A Novel Approach.” Social Science & Medicine
269:113559. doi: 10.1016/j.socscimed.2020.113559.

Andrasfay, Theresa, and Noreen Goldman. 2020. “Intergenerational Change in Birthweight.”
Epidemiology (Cambridge, Mass.) 31(5):649-58. doi: 10.1097/EDE.0000000000001217.

Anselin, Luc. 2009. “Spatial Regression.” in the The SAGE Handbook of Spatial Analysis, edited
by A. S. Fotheringham and P. A. Rogerson. Los Angeles, CA: SAGE.

Arcaya, Mariana, Mark Brewster, Corwin M. Zigler, and S. V. Subramanian. 2012. “Area
Variations in Health: A Spatial Multilevel Modeling Approach.” Health & Place
18(4):824-31. doi: 10.1016/j.healthplace.2012.03.010.

August, Laura, Komal Bangia, Laurel Plummer, Shankar Prasad, Kelsey Ranjbar, Andrew
Slocombe, and Walker Wieland. 2021. CalEnviroScreen 4.0. Sacramento, CA: Office of
Environmental Health Hazard Assessment.

Bailey, Zinzi D., Nancy Krieger, Madina Agénor, Jasmine Graves, Natalia Linos, and Mary T.
Bassett. 2017. “Structural Racism and Health Inequities in the USA: Evidence and
Interventions.” The Lancet 389(10077):1453-63. doi: 10.1016/S0140-6736(17)30569-X.

Barker, DJP, JG Eriksson, T. Forsén, and C. Osmond. 2002. “Fetal Origins of Adult Disease:
Strength of Effects and Biological Basis.” International Journal of Epidemiology
31(6):1235-39. doi: 10.1093/ije/31.6.1235.

107



Bauer, Greta R. 2014. “Incorporating Intersectionality Theory into Population Health Research
Methodology: Challenges and the Potential to Advance Health Equity.” Social Science &
Medicine 110:10-17. doi: 10.1016/j.socscimed.2014.03.022.

Bell, Andrew, Daniel Holman, and Kelvyn Jones. 2019. “Using Shrinkage in Multilevel Models
to Understand Intersectionality.” Methodology 15(2):88-96. doi: 10.1027/1614-
2241/a000167.

Bender, Deborah E., and Dina Castro. 2000. “Explaining the Birth Weight Paradox: Latina
Immigrants’ Perceptions of Resilience and Risk.” Journal of Immigrant Health 2(3):155—
73. doi: 10.1023/A:1009513020506.

Bilgin, Ayten, Marina Mendonca, and Dieter Wolke. 2018. “Preterm Birth/Low Birth Weight
and Markers Reflective of Wealth in Adulthood: A Meta-Analysis.” Pediatrics
142(1):e20173625. doi: 10.1542/peds.2017-3625.

Bivand, Roger, Giovanni Millo, and Gianfranco Piras. 2021. “A Review of Software for Spatial
Econometrics in R.” Mathematics 9(11):1276. doi: 10.3390/math9111276.

Blumenshine, Philip, Susan Egerter, Colleen J. Barclay, Catherine Cubbin, and Paula A.
Braveman. 2010. “Socioeconomic Disparities in Adverse Birth Outcomes.” American

Journal of Preventive Medicine 39(3):263-72. doi: 10.1016/j.amepre.2010.05.012.

Bonilla-Silva, Eduardo. 2021. Racism without Racists: Color-Blind Racism and the Persistence
of Racial Inequality in America. Rowman & L.ittlefield.

Bowleg, Lisa. 2012. “The Problem With the Phrase Women and Minorities: Intersectionality—
an Important Theoretical Framework for Public Health.” American Journal of Public
Health 102(7):1267-73. doi: 10.2105/AJPH.2012.300750.

Biirkner P. 2017. “brms: An R Package for Bayesian Multilevel Models Using Stan.” Journal of
Statistical Software, 80(1), 1-28. d0i:10.18637/jss.v080.101.

Campbell, Emily E., Jason Gilliland, Paula D. N. Dworatzek, Barbra De Vrijer, Debbie Penava,
and Jamie A. Seabrook. 2018. “SOCIOECONOMIC STATUS AND ADVERSE BIRTH
OUTCOMES: A POPULATION-BASED CANADIAN SAMPLE.” Journal of Biosocial
Science 50(1):102-13. doi: 10.1017/S0021932017000062.

Choi, Kate H., and Melissa L. Martinson. 2018. “The Relationship between Low Birthweight
and Childhood Health: Disparities by Race, Ethnicity, and National Origin.” Annals of
Epidemiology 28(10):704-709.e4. doi: 10.1016/j.annepidem.2018.08.001.

Choo, Hae Yeon, and Myra Marx Ferree. 2010. “Practicing Intersectionality in Sociological
Research: A Critical Analysis of Inclusions, Interactions, and Institutions in the Study of
Inequalities.” Sociological Theory 28(2):129-49. doi: 10.1111/j.1467-
9558.2010.01370.x.

108



Coley, Sheryl L., and Tracy R. Nichols. 2016. “Race, Age, and Neighborhood Socioeconomic
Status in Low Birth Weight Disparities Among Adolescent Mothers: An Intersectional
Inquiry.” Journal of Health Disparities Research and Practice 9(4):1-16.

Collins, Patricia Hill. 1990. Black Feminist Thought: Knowledge, Consciousness, and the
Politics of Empowerment. 2nd ed. New York: Routledge.

Crenshaw, Kimberle. 1990. “Mapping the Margins: Intersectionality, Identity Politics, and
Violence against Women of Color.” Stanford Law Review 43:1241-1300.

Crowder, Kyle, and Liam Downey. 2010. “Interneighborhood Migration, Race, and
Environmental Hazards: Modeling Microlevel Processes of Environmental Inequality.”
American Journal of Sociology 115(4):1110-49. doi: 10.1086/649576.

De Maio, Fernando, Raj C. Shah, Kellie Schipper, Realino Gurdiel, and David Ansell. 2017.
“Racial/Ethnic Minority Segregation and Low Birth Weight: A Comparative Study of
Chicago and Toronto Community-Level Indicators.” Critical Public Health 27(5):541—
53. doi: 10.1080/09581596.2016.1273510.

Downey, Liam, Kyle Crowder, and Robert J. Kemp. 2017. “Family Structure, Residential
Mobility, and Environmental Inequality.” Journal of Marriage and Family 79(2):535-55.
doi: 10.1111/jomf.12355.

Downey, Liam, and Brian Hawkins. 2008. “Single-Mother Families and Air Pollution: A
National Study*.” Social Science Quarterly 89(2):523-36. doi: 10.1111/j.1540-
6237.2008.00545.x.

Ducre, Kishi Animashaun. 2018. “The Black Feminist Spatial Imagination and an Intersectional
Environmental Justice.” Environmental Sociology 4(1):22-35. doi:
10.1080/23251042.2018.1426089.

Du Bois, William E. B. 2003. The Souls of Black Folk. New York: Barnes & Nobles Classics.

Enders, Catherine, Dharshani Pearson, Kim Harley, and Keita Ebisu. 2019. “Exposure to Coarse
Particulate Matter during Gestation and Term Low Birthweight in California: Variation

in Exposure and Risk across Region and Socioeconomic Subgroup.” Science of The Total
Environment 653:1435-44. doi: 10.1016/j.scitotenv.2018.10.323.

Engels, Frederick. 2005. “The Condition of the Working Class in England*.” The Sociology and
Politics of Health. Retrieved February 3, 2020 (https://www.taylorfrancis.com/).

Ely, Danielle M., Driscoll, Anne K., 2021. Infant mortality in the United States, 2019: data from
the period linked birth/infant death file. Natl. Vital Stat. Rep. 70 (14), 1-17.

Evans, Clare R. 2019a. “Adding Interactions to Models of Intersectional Health Inequalities:
Comparing Multilevel and Conventional Methods.” Social Science & Medicine 221:95-
105. doi: 10.1016/j.socscimed.2018.11.036.

109



Evans, Clare R. 2019b. “Reintegrating Contexts into Quantitative Intersectional Analyses of
Health Inequalities.” Health & Place 60:102214. doi: 10.1016/j.healthplace.2019.102214.

Evans, Clare R., and Natasha Erickson. 2019. “Intersectionality and Depression in Adolescence
and Early Adulthood: A MAIHDA Analysis of the National Longitudinal Study of
Adolescent to Adult Health, 1995-2008.” Social Science & Medicine 220:1-11. doi:
10.1016/j.socscimed.2018.10.019.

Evans, Clare R., Christina I. Nieves, Natasha Erickson, and Luisa N. Borrell. 2023.
“Intersectional Inequities in the Birthweight Gap between Twin and Singleton Births: A
Random Effects MAIHDA Analysis of 2012-2018 New York City Birth Data.” Social
Science & Medicine 331:116063. doi: 10.1016/j.socscimed.2023.116063.

Evans, Clare R., David R. Williams, Jukka-Pekka Onnela, and S.V. Subramanian. 2018. “A
Multilevel Approach to Modeling Health Inequalities at the Intersection of Multiple
Social Identities.” Social Science & Medicine 203:64—73. doi:
10.1016/j.socscimed.2017.11.011.

Evans, Clare R., David R. Williams, Jukka-Pekka Onnela, and S. V. Subramanian. 2018. “A
Multilevel Approach to Modeling Health Inequalities at the Intersection of Multiple
Social Identities.” Social Science & Medicine 203:64—73. doi:
10.1016/j.socscimed.2017.11.011.

Faust, John, Laura August, Komal Bangia, Vanessa Galaviz, Julian Leichty, Shankar Prasad,
Rose Schmitz, Andrew Slocombe, Robbie Welling, Walker Wieland, Lauren Zeise. 2017.
“Update to the California Communities Environmental Health Screening Tool,
CalEnviroScreen 3.0.” Office of Environmental Health Hazard Assessment: Sacramento,
CA, USA.

Finch, Brian Karl. 2003. “Socioeconomic Gradients and Low Birth-Weight: Empirical and
Policy Considerations: Socioeconomic Gradients and Low Birth-Weight.” Health
Services Research 38(6p2):1819-42. doi: 10.1111/j.1475-6773.2003.00204.x.

Gee, Gilbert C., and -Sturges Devon C. Payne. 2004. “Environmental Health Disparities: A
Framework Integrating Psychosocial and Environmental Concepts.” Environmental
Health Perspectives 112(17):1645-53. doi: 10.1289/ehp.7074.

Geronimus, Arline T. 1996. “Black/White Differences in the Relationship of Maternal Age to
Birthweight: A Population-Based Test of the Weathering Hypothesis.” Social Science &
Medicine 42(4):589-97. doi: 10.1016/0277-9536(95)00159-X.

Geronimus, Arline T., Margaret Hicken, Danya Keene, and John Bound. 2006. “‘Weathering’
and Age Patterns of Allostatic Load Scores Among Blacks and Whites in the United
States.” American Journal of Public Health 96(5):826-33. doi:
10.2105/AJPH.2004.060749.

110



Ghazal Read, Jen’nan, and Michael O. Emerson. 2005. “Racial Context, Black Immigration and
the U.S. Black/White Health Disparity.” Social Forces 84(1):181-99. doi:
10.1353/s0f.2005.0120.

Goldstein, Harvey, William Browne, and Jon Rasbash. 2002. “Partitioning Variation in
Multilevel Models.” Understanding Statistics 1(4):223-31. doi:
10.1207/S15328031US0104 _02.

Gorman, Bridget K. 1999. “Racial and Ethnic Variation in Low Birthweight in the United States:
Individual and Contextual Determinants.” Health & Place 5(3):195-207. doi:
10.1016/51353-8292(99)00009-X.

Gravlee, Clarence C. 2009. “How Race Becomes Biology: Embodiment of Social Inequality.”
American Journal of Physical Anthropology 139(1):47-57. doi: 10.1002/ajpa.20983.

Hassan, Sapha, Shayesteh Jahanfar, Joseph Inungu, and Jeffrey M. Craig. 2021. “Low Birth
Weight as a Predictor of Adverse Health Outcomes during Adulthood in Twins: A
Systematic Review and Meta-Analysis.” Systematic Reviews 10(1):186. doi:
10.1186/513643-021-01730-5.

Harris, K.M., C.T. Halpern, E.A. Whitsel, J.M. Hussey, L. Killeya-Jones, J. Tabor, and S.C.
Dean. 2019. Cohort Profile: The National Longitudinal Study of Adolescent to Adult
Health (Add Health). International Journal of Epidemiology 48(5):1415-1425.
https://doi.org/10.1093/ije/dyz115.

Heslehurst, Nicola, Heather Brown, Augustina Pemu, Hayley Coleman, and Judith Rankin. 2018.
“Perinatal Health Outcomes and Care among Asylum Seekers and Refugees: A
Systematic Review of Systematic Reviews.” BMC Medicine 16(1):89. doi:
10.1186/s12916-018-1064-0.

Highsmith, Andrew R. 2015. “Demolition Means Progress: Flint, Michigan, and the Fate of the
American Metropolis.” in Demolition Means Progress. University of Chicago Press.

Howard, Clayton. 2013. “Building a ‘Family-Friendly’ Metropolis: Sexuality, the State, and
Postwar Housing Policy.” Journal of Urban History 39(5):933-55. doi:
10.1177/0096144213479322.

Jansen, P. W., H. Tiemeier, V. W. V. Jaddoe, A. Hofman, E. A. P. Steegers, F. C. Verhulst, J. P.
Mackenbach, and H. Raat. 2008. “Explaining Educational Inequalities in Preterm Birth:
The Generation r Study.” Archives of Disease in Childhood - Fetal and Neonatal Edition
94(1):F28-34. doi: 10.1136/adc.2007.136945.

Kalikkot Thekkeveedu, Renjithkumar, Nilesh Dankhara, Jagdish Desai, Angelle L. Klar, and
Jaimin Patel. 2021. “Outcomes of Multiple Gestation Births Compared to Singleton:
Analysis of Multicenter KID Database.” Maternal Health, Neonatology and Perinatology
7(1):15. doi: 10.1186/540748-021-00135-5.

111



Koning, Stephanie M., and Deborah B. Ehrenthal. 2019. “Stressor Landscapes, Birth Weight,
and Prematurity at the Intersection of Race and Income: Elucidating Birth Contexts
through Patterned Life Events.” SSM - Population Health 8:100460. doi:
10.1016/j.ssmph.2019.100460.

Krieger, Nancy. 2001. “Theories for Social Epidemiology in the 21st Century: An Ecosocial
Perspective.” International Journal of Epidemiology 30(4):668—77. doi:
10.1093/ije/30.4.668.

Krieger, Nancy. 2011. Epidemiology and the People’s Health: Theory and Context. Oxford
University Press.

Krieger, Nancy, Gretchen Van Wye, Mary Huynh, Pamela D. Waterman, Gil Maduro, Wenhui
Li, R. Charon Gwynn, Oxiris Barbot, and Mary T. Bassett. 2020. “Structural Racism,
Historical Redlining, and Risk of Preterm Birth in New York City, 2013-2017.”
American Journal of Public Health 110(7):1046-53. doi: 10.2105/AJPH.2020.305656.

Legerski, Elizabeth Miklya, and Jonathan B. Thayn. 2013. “The Effects of Spatial Patterns of
Neighborhood Risk Factors on Adverse Birth Outcomes.” Social Science Journal
50(4):635-45. doi: 10.1016/j.s0scij.2013.10.006.

Liévanos, Raoul S. 2018. “Retooling CalEnviroScreen: Cumulative Pollution Burden and Race-
Based Environmental Health Vulnerabilities in California.” Int. J. Environ. Res. Public
Health.

Liévanos, Raoul S. 2019a. “Air-Toxic Clusters Revisited: Intersectional Environmental
Inequalities and Indigenous Deprivation in the U.S. Environmental Protection Agency
Regions.” Race and Social Problems 11(2):161-84. doi: 10.1007/s12552-019-09260-5.

Liévanos, Raoul S. 2019b. “Racialized Structural Vulnerability: Neighborhood Racial
Composition, Concentrated Disadvantage, and Fine Particulate Matter in California.”
International Journal of Environmental Research and Public Health 16(17):3196. doi:
10.3390/ijerph16173196.

Liévanos, Raoul S., Clare R. Evans, and Ryan Light. 2021. “An Intercategorical Ecology of Lead
Exposure: Complex Environmental Health Vulnerabilities in the Flint Water Crisis.”
International Journal of Environmental Research and Public Health 18(5):2217. doi:
10.3390/ijerph18052217.

Link, Bruce G., and Jo Phelan. 1995. “Social Conditions As Fundamental Causes of Disease.”
Journal of Health and Social Behavior 35:80. doi: 10.2307/2626958.

Lu, Michael C., and Neal Halfon. 2003. “Racial and Ethnic Disparities in Birth Outcomes: A
Life-Course Perspective.” Maternal and Child Health Journal 7(1):13-30. doi:
10.1023/A:1022537516969.

112



Luke, B., and L. G. Keith. 1992. “The Contribution of Singletons, Twins and Triplets to Low
Birth Weight, Infant Mortality and Handicap in the United States.” The Journal of
Reproductive Medicine 37(8):661-66.

Mahendran, Mayuri, Daniel Lizotte, and Greta R. Bauer. 2022. “Describing Intersectional Health
Outcomes: An Evaluation of Data Analysis Methods.” Epidemiology 33(3):395. doi:
10.1097/EDE.0000000000001466.

Manson, Steven, Jonathan Schroeder, David Van Riper, Katherine Knowles, Tracy Kugler, Finn
Roberts, and Steven Ruggles. 2023. [PUMS National Historical Geographic Information
System: Version 18.0 [dataset]. Minneapolis, MN: IPUMS.
http://doi.org/10.18128/D050.V18.0

Marmot, M. G., M. J. Shipley, and Geoffrey Rose. 1984. “INEQUALITIES IN DEATH—
SPECIFIC EXPLANATIONS OF A GENERAL PATTERN?” The Lancet
323(8384):1003-6. doi: 10.1016/S0140-6736(84)92337-7.

Matoba, Nana, and James W. Collins. 2017. “Racial Disparity in Infant Mortality.” Seminars in
Perinatology 41(6):354-59. doi: 10.1053/j.semperi.2017.07.003.

May, Vivian M. 2015. Pursuing Intersectionality, Unsettling Dominant Imaginaries. Routledge.

McCall, Leslie. 2005. “The Complexity of Intersectionality.” Signs: Journal of Women in
Culture and Society 30(3):1771-1800. doi: 10.1086/426800.

McLanahan, Sara, and Christine Percheski. 2008. “Family Structure and the Reproduction of
Inequalities.” Annual Review of Sociology 34(1):257-76. doi:
10.1146/annurev.soc.34.040507.134549.

Mehra, Renee, Lisa M. Boyd, and Jeannette R. Ickovics. 2017. “Racial Residential Segregation
and Adverse Birth Outcomes: A Systematic Review and Meta-Analysis.” Social Science
& Medicine 191:237-50. doi: 10.1016/j.socscimed.2017.09.018.

Mehra, Renee, Lisa M. Boyd, Urania Magriples, Trace S. Kershaw, Jeannette R. Ickovics, and
Danya E. Keene. 2020. “Black Pregnant Women ‘Get the Most Judgment’: A Qualitative
Study of the Experiences of Black Women at the Intersection of Race, Gender, and
Pregnancy.” Women'’s Health Issues 30(6):484-92. doi: 10.1016/j.whi.2020.08.001.

Merlo, Juan. 2018. “Multilevel Analysis of Individual Heterogeneity and Discriminatory
Accuracy (MAIHDA) within an Intersectional Framework.” Social Science & Medicine
203:74-80. doi: 10.1016/j.socscimed.2017.12.026.

Mitchell, Andy. 2005. ESRI Guide to GIS Analysis, Volume 2: Spatial Measurement and
Statistics. Redlands, CA: ESRI Press.

Morenoft, Jeffrey D. 2003. “Neighborhood Mechanisms and the Spatial Dynamics of Birth
Weight.” American Journal of Sociology 108(5):976-1017. doi: 10.1086/374405.

113



Ncube, Collette N., Daniel A. Enquobahrie, Steven M. Albert, Amy L. Herrick, and Jessica G.
Burke. 2016. “Association of Neighborhood Context with Offspring Risk of Preterm
Birth and Low Birthweight: A Systematic Review and Meta-Analysis of Population-
Based Studies.” Social Science & Medicine 153:156-64. doi:
10.1016/j.socscimed.2016.02.014.

Nepomnyaschy, Lenna, and Nancy E. Reichman. 2006. “Low Birthweight and Asthma Among
Young Urban Children.” American Journal of Public Health 96(9):1604-10. doi:
10.2105/AJPH.2005.079400.

Nieves, Christina I., Luisa N. Borrell, Clare R. Evans, Heidi E. Jones, and Mary Huynh. 2023.
“The Application of Intersectional Multilevel Analysis of Individual Heterogeneity and
Discriminatory Accuracy (MAIHDA) to Examine Birthweight Inequities in New York
City.” Health & Place 81:103029. doi: 10.1016/j.healthplace.2023.103029.

Omi, Michael, and Howard Winant. 2014. Racial Formation in the United States. 3rd ed. New
York: Routledge.

Phelan, Jo C., and Bruce G. Link. 2015. “Is Racism a Fundamental Cause of Inequalities in
Health?” Annual Review of Sociology 41(1):311-30. doi: 10.1146/annurev-soc-073014-
112305.

Pusdekar, Yamini V., Archana B. Patel, Kunal G. Kurhe, Savita R. Bhargav, Vanessa Thorsten,
Ana Garces, Robert L. Goldenberg, Shivaprasad S. Goudar, Sarah Saleem, Fabian
Esamai, Elwyn Chomba, Melissa Bauserman, Carl L. Bose, Edward A. Liechty, Nancy F.
Krebs, Richard J. Derman, Waldemar A. Carlo, Marion Koso-Thomas, Tracy L. Nolen,
Elizabeth M. McClure, and Patricia L. Hibberd. 2020. “Rates and Risk Factors for
Preterm Birth and Low Birthweight in the Global Network Sites in Six Low- and Low
Middle-Income Countries.” Reproductive Health 17(3):187. doi: 10.1186/512978-020-
01029-z.

Ramraj, Chantel, Ariel Pulver, Patricia O’Campo, Marcelo L. Urquia, Vincent Hildebrand, and
Arjumand Siddiqi. 2020. “A Scoping Review of Socioeconomic Inequalities in
Distributions of Birth Outcomes: Through a Conceptual and Methodological Lens.”
Maternal and Child Health Journal 24(2):144-52. doi: 10.1007/s10995-019-02838-w.

Ratnasiri, Anura W. G., Steven S. Parry, Vivi N. Arief, lan H. DeLacy, Laura A. Halliday, Ralph
J. DiLibero, and Kaye E. Basford. 2018. “Recent Trends, Risk Factors, and Disparities in
Low Birth Weight in California, 2005-2014: A Retrospective Study.” Maternal Health,
Neonatology and Perinatology 4(1):15. doi: 10.1186/s40748-018-0084-2.

Rich, David Q., Kaibo Liu, Jinliang Zhang, Sally W. Thurston, Timothy P. Stevens, Ying Pan,
Cathleen Kane, Barry Weinberger, Pamela Ohman-Strickland, Tracey J. Woodruff,
Xiaoli Duan, Vanessa Assibey-Mensah, and Junfeng Zhang. 2015. “Differences in Birth
Weight Associated with the 2008 Beijing Olympics Air Pollution Reduction: Results
from a Natural Experiment.” Environmental Health Perspectives 123(9):880-87. doi:
10.1289/ehp.1408795.

114



Robinson, W.S. 1950. "Ecological correlations and the behaviour of individuals." American
Sociological Review. 15(3):351-357.

Sanchez-Vaznaugh, Emma V., Paula A. Braveman, Susan Egerter, Kristen S. Marchi, Katherine
Heck, and Michael Curtis. 2016. “Latina Birth Outcomes in California: Not so
Paradoxical.” Maternal and Child Health Journal 20(9):1849-60. doi: 10.1007/s10995-
016-1988-y.

Schulz, Amy J., Amel Omari, Melanie Ward, Graciela B. Mentz, Ricardo Demajo, Natalie
Sampson, Barbara A. Israel, Angela G. Reyes, and Donele Wilkins. 2020. “Independent
and Joint Contributions of Economic, Social and Physical Environmental Characteristics
to Mortality in the Detroit Metropolitan Area: A Study of Cumulative Effects and
Pathways.” Health & Place 65:102391. doi: 10.1016/j.healthplace.2020.102391.

Shi, L. 2004. “Primary Care, Infant Mortality, and Low Birth Weight in the States of the USA.”
Journal of Epidemiology & Community Health 58(5):374-80. doi:
10.1136/jech.2003.013078.

Subramanian, S. V., Kelvyn Jones, Afamia Kaddour, and Nancy Krieger. 2009. “Revisiting
Robinson: The Perils of Individualistic and Ecologic Fallacy.” International Journal of
Epidemiology 38(2):342—60. doi: 10.1093/ije/dyn359.

Turner, R. Jay. 2010. “Understanding Health Disparities: The Promise of the Stress Process
Model.” Pp. 3—21 in Advances in the Conceptualization of the Stress Process: Essays in
Honor of Leonard 1. Pearlin, edited by W. R. Avison, C. S. Aneshensel, S. Schieman,
and B. Wheaton. New York, NY: Springer.

U.S. Census Bureau. Technical Documentation: 2010 Census Summary File 1; U.S. Census
Bureau: Washington, DC, USA, 2012.

van Buuren S., Groothuis-Oudshoorn K. 2011. “mice: Multivariate Imputation by Chained
Equations in R.” Journal of Statistical Software, 45(3), 1-67. doi:10.18637/jss.v045.103.

Vehtari, Aki, Andrew Gelman, and Jonah Gabry. 2016. “Practical Bayesian Model Evaluation
Using Leave-One-out Cross-Validation and WAIC.”

Vehtari A, Gabry J, Magnusson M, Yao Y, Biirkner P, Paananen T, Gelman A (2024). “loo:
Efficient leave-one-out cross-validation and WAIC for Bayesian models.” R package
version 2.7.0, https://mc-stan.org/loo/.

Wadhwa, Pathik D., Sonja Entringer, Claudia Buss, and Michael C. Lu. 2011. “The Contribution
of Maternal Stress to Preterm Birth: Issues and Considerations.” Clinics in Perinatology
38(3):351-84. doi: 10.1016/j.clp.2011.06.007.

Walton, Emily. 2009. “Residential Segregation and Birth Weight among Racial and Ethnic

Minorities in the United States.” Journal of Health and Social Behavior 50(4):427-42.
doi: 10.1177/002214650905000404.

115



Whincup PH, Kaye SJ, Owen CG, et al. 2008. Birth Weight and Risk of Type 2 Diabetes: A
Systematic Review. JAMA. 300(24):2886—2897. doi:10.1001/jama.2008.886

Williams, David R., and Chiquita Collins. 2001. “Racial Residential Segregation: A
Fundamental Cause of Racial Disparities in Health.” Public Health Reports 116:13.

Womack, Lindsay S. 2018. “Singleton Low Birthweight Rates, by Race and Hispanic Origin:
United States, 2006-2016.” (306):8.

Yang, Tse-Chuan, Kiwoong Park, and Stephen A. Matthews. 2020. “Racial/Ethnic Segregation

and Health Disparities: Future Directions and Opportunities.” Sociology Compass
14(6):e12794. doi: https://doi.org/10.1111/s0c4.12794.

116





