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Abstract 
 

Conceptualizing and Measuring Racism as a Multilevel Determinant of Health 
 

by  
 

Elizabeth Katahdin Michaels 
 

Doctor of Philosophy in Epidemiology 
 

University of California, Berkeley 
 

Professor Amani Allen, Chair 
 

Racism is a fundamental cause of health inequities. Racism is multidimensional, 
encompassing: i) interpersonal (i.e., racial discrimination enacted by individuals); ii) 
institutional (i.e., discriminatory policies and practices occurring within social 
institutions); iii) structural (i.e., a web of inter-institutional connections which 
concentrate wealth, power, and health among whites); and iv) cultural (i.e., societal 
ideologies that place differential value on individuals based on race) processes. To 
effectively document racism, understand its effects on health, and develop 
interventions, it is necessary to measure it according to its dimension and the 
hypothesized pathways to health. This dissertation contributes to the growing racism 
and health literature, with a specific focus on the conceptualization and measurement 
of racism across its multiple distinct dimensions.  
 
Chapter 1 examines the association between interpersonal-level racial discrimination 
and hypertension and depressive symptomatology, two health outcomes that are 
prevalent among African American women and increase risk of many leading causes of 
death, including cardiovascular disease. Data are from the African American Women’s 
Heart and Health Study, a cross-section of African American women in the Bay Area 
with detailed survey and biomarker data. Given that racial discrimination is believed to 
harm health through repeated adaptation to chronic psychosocial stress, we 
investigate a novel approach to coding a commonly used discrimination scale to more 
accurately capture chronicity of racial discrimination experiences. Specifically, we 
develop and test a the “chronicity coding approach” and compare it to two 
conventional coding approaches. Findings suggest that scale coding influences 
exposure classification (i.e., low, moderate, or high levels of racial discrimination) and 
whether that discrimination is associated with hypertension but not depressive 
symptomatology. We discuss implications for scale coding in racism and health, and 
epidemiologic research more broadly. 
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Chapter 2 moves from the interpersonal- to the institutional-level. Using administrative 
data from the Home Mortgage Disclosure Act, we apply a novel measure of 
institutional racism at the census-tract level, namely the odds that a Black applicant is 
denied a home mortgage loan relative to an equally qualified White applicant, an 
indicator of institutional discrimination, neighborhood hostility, and resultant 
psychosocial stress. We link this measure with 2006-2015 data from the California 
Cancer Registry, a complete repository of all breast cancer cases in the state, with 
detailed information on tumor characteristics. Given increasing interest in the structural 
drivers of triple-negative breast cancer—an aggressive subtype most prevalent among 
Black females—we examine whether racial bias in home mortgage lending is 
associated with breast cancer incidence separately by race (non-Hispanic Black and 
non-Hispanic White) and subtype (triple-negative and Luminal A which is more 
common and has a more favorable prognosis). We find that racial bias in home 
mortgage lending is not associated with either subtype among either racial/ethnic 
group. Possible explanations for null findings, and directions for future research are 
discussed. 
 
Finally, Chapter 3 presents a systematic review of the emerging literature on the health 
consequences of area-level racial prejudice, which I conceptualize as an indicator of 
cultural racism. Across fourteen studies reviewed, area-level racial prejudice is found to 
be associated with myriad adverse health outcomes, ranging from preterm birth to 
premature mortality. Findings are most pronounced among racial/ethnic minoritized 
groups, but several studies also find effects among Whites. After discussing 
conceptual and measurement considerations and illustrating potential pathways to 
health, we offer concrete directions for future research. 
 
Taken together, these three chapters contribute to the growing literature on racism as 
a fundamental cause of health inequities. A primary theme of my dissertation is to 
contribute to the ongoing conversation of how we can best measure racism to 
understand its effects on health. I leverage data from a variety of sources—including a 
small community sample of African American women with rich social, psychosocial, 
and biomarker data; a large scale publicly available administrative dataset; a state-
wide cancer registry; and the peer reviewed literature—to interrogate how racism 
operating across multiple dimensions is associated with a variety of mental and 
physical health outcomes and inequities. My dissertation confirms the adverse health 
consequences of racism, concluding that measurement decisions should be guided by 
the conceptual definition and level of racism, as well as the hypothesized social or 
biologic pathway to health. I hope this body of work will encourage the critical 
reflection and theory-driven measurement required to rigorously document and 
ultimately eliminate racism’s harmful effects on the health of racially marginalized 
individuals, families, and communities.
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INTRODUCTION 
 
Racism is a deeply-entrenched system of mutually reinforcing interpersonal, 
institutional, structural, and ideological processes operating overtly and covertly, 
implicitly and explicitly, to pattern the distribution of risk, resource, opportunity, and 
power on the basis of race.1-10 In their landmark paper, Phelan and Link (2015) describe 
racism as a “fundamental cause” of racial health inequalities.5 Briefly, fundamental 
causes are social conditions that (i) are associated with multiple adverse health 
outcomes via (ii) multiple intermediary risk factors.11,12 These associations (iii) persist 
over time, despite changing intermediary mechanisms (i.e., risk factors), and (iv) are 
characterized by access to flexible resources (e.g., money, knowledge, power, prestige) 
that can be utilized to avoid risk and lessen the impact of disease once it occurs.11,13 
Consequently, fundamental causes, such as racism, are most predictive of preventable 
health outcomes which are amenable to interventions involving flexible resources.13,14  
 
Key examples of racial health inequities in the United States 
 
As a fundamental cause that shapes the distribution of societal risks and resources, 
racism influences myriad health outcomes from preterm birth to premature mortality.2,5-
7,9,15-20 Two such health outcomes, which I examine in this dissertation, are 
cardiovascular disease (CVD) and breast cancer. CVD is the leading cause of death 
and largest contributor to the Black-White life expectancy gap in the United States.21,22 
According to recent estimates, 59% and 60% of non-Hispanic Black females and 
males suffer from CVD, compared to 42% and 54% among their respective White 
counterparts.23 Proximal risk factors for CVD (e.g., hypertension) are important targets 
for prevention to improve population health and reduce health inequities.24,25 Black 
persons have higher incidence of adverse cardiovascular outcomes than Whites across 
the lifecourse,26-33 with disparities widening in middle-adulthood.28,31,33 Further, the rate 
of health decline is differential by race, with Black adults showing equivalent 
cardiovascular risk profiles roughly 10 years earlier than Whites,28,34-36 a pattern referred 
to as accelerated biologic aging, or weathering.35,37  
 
Breast cancer is the most commonly diagnosed cancer and the second-leading cause 
of death from cancer among females in the United States. Although breast cancer 
incidence is highest among NH White females, the burden of disease, including 
severity and mortality rates, is markedly higher among Black females. Moreover, 
although incidence rates have declined among most racial/ethnic groups, they have 
steadily increased among Black females, to a level that is similar to that of NH White 
females, the group with the historically highest rates.38,39 Black females are also twice 
as likely as NH White females to be diagnosed with triple-negative breast cancer 
(TNBC),40-43 which is more aggressive and less responsive to current treatments than 
the hormone receptor-positive (HR+) subtypes, such as Luminal A.40,41,44 NH White 
females, in contrast, have the highest incidence of Luminal A breast cancer, the most 
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common subtype with the most favorable prognosis.40,41 Once diagnosed, Black 
females have roughly 42% higher mortality from breast cancer compared to NH 
Whites.45,46 Racial inequities have been documented across myriad other health 
outcomes, such as preterm birth and low birthweight,47 diabetes,48,49 low mental 
health,50 and being injured or killed by law enforcement.51,52    
 
Dimensions of racism  
 
Racism, defined as “beliefs, attitudes, institutional arrangements, and acts that tend to 
denigrate individual or groups because of phenotypic characteristics or ethnic group 
affiliation,”7 operates at multiple social levels, each of which impact health via distinct, 
yet reinforcing mechanisms.1,6,7,16,53-56  While many taxonomies for racism have been 
proposed, we draw on frameworks offered by Jones (2000),1 Williams, Lawrence, Davis 
(2019)56 and Gee and Hicken (2021),57 which together encompass interpersonal racism, 
institutional racism, structural racism, and cultural racism. Figure 1 displays my 
conceptual model, documenting these dimensions of racism and their pathways to 
health. 
 
Figure 1. Conceptual model of racism dimensions and pathways to health 

 
 
Interpersonal racism 
 
Interpersonal racism, sometimes called “personally-mediated racism”1 or “individual-
level discrimination,”56 refers to prejudice and discrimination enacted by individuals on 
the basis of race.1,56 Prejudice describes differential assumptions about individuals 
based on their race, whereas discrimination refers to differential treatment on the basis 
of race.1 Whereas racial discrimination can occur in everyday interactions or in 
institutional spaces, “interpersonal racism” refers to discrimination enacted between 
individuals in day-to-day life. 
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Everyday experiences of racial discrimination, such as being treated with less courtesy 
or respect because of one’s race, are a pervasive racism-related stressor, commonly 
reported by Black Americans.19,58 Chronic experiences of racial discrimination are 
hypothesized to degrade health through repeated affective and biological adaptation to 
chronic psychosocial stress.7,19,59 Affective processes include threat appraisal and 
coping.60 Biological processes include repeated activation of the body’s physiologic 
stress response processes (e.g., hypothalamic-pituitary-adrenal axis), resulting in the 
over-circulation of stress hormones, such as cortisol.61 Over time, this can lead to 
multisystem dysregulation, accelerated biologic aging (i.e., weathering37), and myriad 
chronic health conditions.37,61  
 
Institutional racism 
 
Racial discrimination also occurs in institutional settings. This form of discrimination 
can be described as institutional racism, or “racial inequity perpetuated by 
organizations, such as banks, hospitals, and governmental agencies.”56 Institutional 
racism occurs through formal/overt policies (e.g., Jim Crow Laws, redlining) as well as 
informal/covert practices, such as racial bias in policing and home mortgage lending 
discrimination.  
 
Institutional racism harms health by shaping the distribution of societal risks (e.g., 
police, environmental pollutants, fast food and alcohol outlets, neighborhood stressors) 
and flexible health-promoting resources (e.g., education, income, healthcare, 
neighborhood green space, healthful foods) by race. Experiences of discrimination in 
institutional settings (e.g., being denied a bank loan, fired at work, or unlawfully 
stopped by the police) also act as racism-related stressors which, whether chronic or 
acute, can undermine health.2,62 
 
Structural racism 
 
Structural racism has been defined as “macrolevel systems, social forces, institutions, 
ideologies, and processes that interact with one another to generate and reinforce 
inequities among racial and ethnic groups”55 and uphold “structural white 
supremacy.”57 Whereas some scholars use structural and institutional racism 
interchangeably,56 this dissertation distinguishes these forms of racism, following Gee 
and Hicken (2021).57 Specifically, institutional racism describes racially discriminatory 
policies and practices occurring within specific institutions (e.g., education or the 
judicial system), while structural racism is characterized by the “connections across 
multiple institutions, and the system as a whole.”57 For example, overt and covert 
policies and practices occurring in the education and judicial system act synergistically 
to maintain the school-to-prison pipeline and disproportionate incarceration of racially 
marginalized individuals.63-65 
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These inter-institutional connections are upheld by cultural processes, such as 
“racialized rules,” defined as the “norms, principles, and regulations that govern the 
behavior of individuals and organizations that reinforce racial hierarchies.”57 Embedded 
in everyday practices, these racialized rules are normalized and deeply entrenched, 
such that they often operate invisibly to normalize inequality.57  
 
Like institutional racism, structural racism concentrates flexible societal resources 
among whites, excludes racially marginalized groups from accessing these resources, 
and disproportionately exposes these communities to health-harming factors.5,15,66 
However, because it is maintained by inter-institutional connections, structural racism 
may produce health effects that are greater than the sum those caused by any 
particular institution (i.e., synergistic effects).54  
 
Cultural racism 
 
Cultural racism, defined as “the instillation of the ideology of inferiority in the values, 
language, imagery, symbols, and unstated assumptions of the larger society,”56 creates 
a shared logical frame through which different racial and ethnic groups are valued.56,67-
69 As Williams et al. (2019) note, “cultural forms of racism may serve as the conduit 
through which views regarding the limitations, stereotypes, values, images, and 
ideologies associated with racial/ethnic minority groups are presented to society and 
are consciously or subconsciously adopted and normalized.”56 A related construct, 
advanced by Geronimus and colleagues (2016) is “the surround,” or “subliminal 
reminders in our everyday rounds of the degree to which our social identity group is – 
or isn’t – valued by society.”70 As a “pervasive logical structure,” the surround guides 
our perceptions, expectations, and treatment of different identity groups, driving social 
and health inequies.70  
 
Cultural racism is an important dimension of racism because it creates the ideological 
environment wherein institutional and interpersonal racism can flourish.56 Building on 
Gee and Hicken’s (2021) conceptualization of structural racism,57 I argue that cultural 
racism serves as the ideological foundation upon which “racialized rules” are created 
and maintained. For example, assumptions about white as the dominant or superior 
race (i.e., culture of white supremacy) may undergird racialized rules around 
algorithmic decision-making, which create and maintain racial inequities across 
multiple social and health outcomes.57 Thus, cultural racism may impact health via 
institutional racism and the resultant inequitable distribution of resources.56,68,71  
Cultural racism may also influence health by creating an environment that is more 
tolerant of interpersonal level racism,56,69,72-74 leading to psychosocial stress and 
physiological dysregulation, as well as through vicarious racism and heightened 
vigilance in anticipation of institutional or interpersonal racial discrimination.68,74-76  
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Considerations for the measurement of racism in epidemiologic research 
 
Accurate exposure assessment is fundamental to validity in epidemiologic research,77 
and research on the health consequences of racism is no exception.78 Epidemiologic 
measurement decisions should be based on the conceptualization of the exposure and 
hypothesized biological mechanism linking the exposure and outcome.77 Scholars have 
developed instruments and methodologies to measure racism in its various 
dimensions:  
 
Much of the early work on racism and health relied on self-reported measures of 
interpersonal-level racial discrimination. One prominent example is the Everyday 
Discrimination Scale (applied in Chapter 1),79 which asks survey respondents to recall 
experiences of discrimination in “day-to-day life”, such as being followed around in 
stores, receiving poorer service in restaurants, etc. Respondents attributing these 
events to their race are classified as having experienced interpersonal-level racial 
discrimination. 
 
Institutional racism can also be measured by self-report (e.g., “have you ever 
experienced discrimination when applying for a bank loan, seeking medical treatment, 
by the police or in the courts, etc.”)80 or by leveraging administrative data on home 
mortgage denials (as in Chapter 2),81 employment discrimination, court sentencing 
decisions, healthcare referrals, or other forms of discrimination in institutional settings.  
 
Structural racism is complex to measure empirically because it operates across rather 
than solely within social institutions.9,57 Many studies aiming to measure structural 
racism may actually be measuring institutional racism because they focus on indicators 
of racism within a single institution as opposed to the synergistic interactions of 
discriminatory policies and practices operating across multiple institutions. Measuring 
structural racism requires creating indices that “reflect the multi-institutional nature of 
structural racism,”57 including “formal and informal policies and practices, financial 
streams, and relationships occurring at the intersections of multiple societal 
institutions.”57  
 
Cultural racism is similarly challenging to measure, and there is currently no consensus 
or best practice; however, it can be argued that the increasingly popular approach of 
aggregating individual-level racial prejudice data to the area-level71-73,82-90 (reviewed in 
Chapter 3) may provide a useful indicator of the “larger ideological environment,”56 
“unstated assumptions of larger society,”56 and “shared national subconscious”76 that 
are emblematic of cultural racism. Future research may consider other indicators of 
cultural racism, such as media portrayals or cultural symbols. 
 
Thus, while racism is recognized as a fundamental cause of health inequities, there 
have until recently been a limited set of instruments to operationalize and quantify 
racism as a social exposure in epidemiologic research. Advances in big data, data 
harmonization, and interdisciplinary and cross-sector collaboration, have led to a 



 

          

      

xii 

marked increase in the scope of data sources and methodologies used to measure 
racism as a multidimensional social construct.78 As new data advances are developed 
and applied, it will be ever important to return to a strong theoretical conceptualization 
of racism, including the dimension of interest and hypothesized pathway to health.  
 
This dissertation 
 
The purpose of this dissertation was to measure racism at multiple social levels and 
examine associations with key health outcomes and health inequities in the United 
States. Of particular interest was how to best measure racism given the dimension of 
interest (e.g., interpersonal, institutional, cultural) and hypothesized pathway to health. 
Given the focus on racism as a fundamental cause of health inequities—which, by 
definition, influences multiple health outcomes via multiple pathways—I examined a 
variety of mental and physical health outcomes that are prevalent among Black 
Americans, a racial group that has faced disproportionate, egregious, and ongoing 
violence and discrimination in virtually every facet of U.S. society since the country’s 
founding.  
 
In addition to Fundamental Cause theory, this dissertation is guided by Nancy Krieger’s 
ecosocial theory.3,91 Ecosocial theory is grounded in four core constructs: (i) 
embodiment, or how we biologically incorporate our social and physical environments); 
(ii) pathways to embodiment, or the diverse mechanisms through which social and 
material exposures become biologically incorporated; (iii) cumulative interplay between 
exposure, susceptibility and resistance across the lifecourse, and (iv) accountability 
and agency, in terms of who is responsible for—and benefits from—the production and 
maintenance of social and health inequities.3,91  
 
Chapter 1 was motivated by the tenant of pathways to embodiment, and more 
specifically, choosing a measurement strategy that most accurately quantifies chronic 
experiences of racial discrimination. Based on the understanding that racial 
discrimination acts as a source of chronic psychosocial stress which harms health 
through repeated activation of the body’s stress-response processes, we challenged 
the dominant approaches to coding the Everyday Discrimination Scale, arguing that 
they may under-estimate the chronicity feature of racial discrimination. We developed a 
novel approach to coding the scale to capture chronicity more accurately. We then 
compared this coding approach to the two conventional coding approaches to 
examine potential differences in exposure classification and in associations with 
hypertension and depressive symptomatology among African American women in the 
Bay Area. We hypothesized that scale coding would influence exposure classification 
and associations with adverse health outcomes, and that the chronicity-based coding 
approach would yield the strongest associations due to more accurate assessment of 
chronicity, the etiologically relevant exposure. 
 
Moving from the interpersonal-level to the institutional-level, Chapter 2 leveraged 
administrative data to measure racial bias in home mortgage lending and examined 
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associations with breast cancer incidence rate ratios among non-Hispanic Black and 
White females in California. By explicitly focusing on the institutional practice of racial 
discrimination in home mortgage lending, Chapter 2 contends with ecosocial theory’s 
tenant of accountability and agency. Given increasing interest in understanding the 
structural drivers of triple-negative breast cancer92—a more aggressive and fatal 
subtype most prevalent among Black females40—we stratified analyses by subtype and 
race/ethnicity. We hypothesized that Black females living in communities with greater 
racial bias in home mortgage lending would be at increased risk of TNBC, whereas 
there would be no discernable effects among White females, based on differential 
exposure to social exclusion and associated psychosocial stress. 
 
Chapter 3 provides a critical systematic review of the emergent literature using big data 
to measure cultural racism, with particular focus on conceptualization, measurement 
considerations, pathways to health, and directions for future research. We conducted a 
systematic literature review to describe evidence of the relationship between area-level 
racial prejudice and health, whether results differed by race/ethnicity, and to 
characterize key conceptual and methodological considerations to guide future 
research. We hypothesized that area-level racial prejudice would be associated with 
adverse health outcomes among multiple racial and ethnic groups, with stronger 
associations among marginalized racial/ethnic groups compared to non-Hispanic 
White populations. After reviewing and synthesizing the literature, we suggest 
directions for future research to further develop the conceptual and methodological 
rigor of this work and inform evidence-based interventions to advance population 
health and reduce racial health inequities.
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CHAPTER 1: Coding the Everyday Discrimination Scale: Implications for Exposure 
Assessment and Associations with Hypertension and Depression Among a Cross-

Section of Midlife African American Women 
 
ABSTRACT 
 
BACKGROUND: Studies suggest that racial discrimination impacts health via biologic 
dysregulation due to continual adaptation to chronic psychosocial stress. Therefore, 
quantifying chronicity is critical for operationalizing the relevant etiologic exposure and 
hence maximizing internal validity. Using one of the most common racial discrimination 
scales in the epidemiologic literature, we develop a novel approach for more accurately 
assessing chronicity and compare it to conventional approaches to determine whether 
coding influences differential exposure classification and associations with 
hypertension and depressive symptomatology among African American women.  
 
METHODS: Data are from a socioeconomically diverse cross-section of 208 midlife 
African American women in Northern California (data collection: 2012-2013). Racial 
discrimination was assessed using the Everyday Discrimination Scale (Chronbach’s 
α=0.95), and was coded using two conventional approaches: (1) situation-based 
coding: number of different situations ever experienced; (2) frequency-based coding: 
sum of Likert scale responses ranging from “never” to almost “everyday”; and (3) a 
new chronicity-based coding approach: sum of responses, weighted to capture annual 
chronicity (e.g., “a few times a month”=3x12=36x/year). Outcomes are hypertension 
and depressive symptomatology (10-item Center for Epidemiologic Studies Depression 
Scale (CES-D)).  
 
FINDINGS: Exposure classification differed by scale coding approach, by up to 41%. 
There was a positive association between discrimination and hypertension prevalence 
for chronicity-coding only (Prevalence ratio=1.61, 95% Confidence interval=[1.03, 
2.49]). For depressive symptoms, a dose-response relationship of similar magnitude 
was observed for all three coding approaches.  
 
CONCLUSION: Scale coding is an important methodological consideration for valid 
exposure assessment in epidemiologic research. Coding can impact exposure 
classification and associations with important indicators of African American women’s 
mental and physical health. 
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INTRODUCTION 
 
African American women have higher rates of numerous adverse mental and physical 
health outcomes compared to other racial and gender groups37,50,93-95 and a growing 
body of evidence implicates racial discrimination as a driver of these inequities.6,7,37,79,96-
98  
 
Racial discrimination, commonly reported by African American women, is hypothesized 
to impact health through repeated biological adaptation to chronic psychosocial 
stress.7,19,59 Chronic, psychosocial stress can cause ongoing activation of the body’s 
stress response processes, resulting in the over-circulation of stress hormones, which 
over time can lead to multisystem dysregulation and increased risk of poor health.61 
Quantifying chronicity, therefore, is critical for operationalizing the etiologically relevant 
exposure and hence maximizing validity among studies examining racial discrimination 
as a predictor of health. 
 
The Everyday Discrimination Scale (EDS)—one of the most commonly used measures 
of discrimination in the epidemiologic literature79,96—is well-suited to measure 
chronicity. The EDS was developed as a measure to capture self-reported frequency of 
routine, relatively subtle discriminatory experiences in everyday social situations. First, 
respondents are asked: “In your day-to-day life, how often have any of the following 
things happened to you?” Examples include: “people treat you with less respect” and 
“people act as if they’re afraid of you.” Second, respondents identify the reason for the 
unfair treatment (e.g., gender, race, ethnicity).79 Responses are typically coded on a 6-
point Likert scale ranging from “never” to “almost everyday.”99-101  
 
While the EDS has been consistently and positively associated with adverse mental 
health outcomes among African Americans,79,99,102,103 findings for physical health 
outcomes are less consistent.96,97 For example, racial discrimination is often 
conceptualized as a risk factor for hypertension.59,104,105 However, studies examining the 
association between racial discrimination—including studies using the EDS—and 
blood pressure outcomes show mixed results.100,101,104-111  
 
One potential explanation for mixed findings across studies using the EDS is 
inconsistency in scale properties and the coding strategy used. These differences 
produce distinct measures of exposure, each with varying degrees of measurement 
bias, leading to differential associations with health. For example, the two most 
common approaches to coding the EDS—“situation-” and “frequency-based” 
coding62—differentially weight the survey response options, which may carry 
implications for assessing the chronicity of discrimination experiences. 
 
In situation-based coding, each survey item is dichotomized: “never”=0, and 
“ever”=1.62,102,106,109 As shown in Figure 1, situation-based coding collapses everyone 
who experienced any discrimination into one category (i.e., responses from “less than 
once a year” through “almost every day” are combined), obscuring the chronicity of 
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reports. Responses are summed across the items to generate a score ranging from 0-
10, capturing the number of different situations ever experienced. 
 

[FIGURE 1 HERE] 
 
In frequency-based coding,62,99-101,106-108 each response is given a value according to the 
Likert scale (never=1 to almost every day=6). Responses are summed across items to 
produce a score ranging from 10 to 60. Figure 2 illustrates that although frequency-
based coding preserves distinctions between doses of the exposure, it assumes a 
monotonic change between each response. In reality, each successive response 
represents increasingly chronic experiences, which the frequency-based coding 
approach fails to capture.  

 
[FIGURE 2 HERE] 

 
In summary, the two common approaches to coding the EDS may underestimate the 
chronicity of everyday racial discrimination experiences. Given that racial 
discrimination is hypothesized to harm health via repeated physiologic adaptation to 
chronic psychosocial stress, underestimating chronicity may lead to misclassification 
of the etiologically relevant exposure. Such exposure misclassification may threaten 
internal validity and stall progress toward understanding the potential impact of chronic 
racial discrimination on racial health inequities. 
 
Study aims 
 
We develop a novel approach to coding the EDS, which scales each response to more 
accurately reflect the chronicity of discrimination experiences (Figure 3). We then 
compare our new coding scheme to the conventional situation- and frequency-based 
approaches to determine whether coding: (a) produces differential exposure 
classification and (b) influences the association of EDS with hypertension and 
depressive symptomatology among African American women. 
 
Hypertension and depression are both stress-related conditions that disproportionately 
impact African American women, making them salient outcomes to examine in relation 
to racial discrimination within this population.50,93 Moreover, these are two of the most 
commonly studied outcomes in the discrimination and health literature, which will allow 
us to compare our findings to existing work. We hypothesize that the association 
between the EDS and each study outcome will be differential based on coding 
approach; and that findings will be most pronounced using chronicity-based coding 
due to more accurate exposure assessment.  

 
MATERIALS & METHODS 
 
Study & recruitment 
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Data are from the African American Women’s Heart Health Study, an exploratory, 
cross-sectional study examining associations between social and environmental 
stressors and mental and physical health among a community sample of 208 African 
American women in Northern California. We specifically recruited African American 
women to explore the unique health implications associated with navigating the 
intersection of multiple marginalized social identities (i.e., race and gender) in US 
society.19 
 
Recruitment and data collection took place from March 2012 to March 2013. Study 
procedures are described in detail elsewhere.112 Briefly, we utilized purposive sampling 
to maximize heterogeneity of sociodemographic factors and risk of experiencing racial 
discrimination. Participants were eligible if they self-identified as (1) African American, 
(2) female sex since birth, (3) aged 30-50, (4) US-born, (5) parent(s)/primary caregiver(s) 
are US-born African American, and (6) could read/write English. Exclusion criteria 
included: 91) pregnant or lactating, 92) self-reported a physician-diagnosed 
inflammatory or auto-immune disease. The study was approved by the Committee for 
the Protection of Human Subjects at the University of California, Berkeley. 
 
Missing data 
 
Systolic and diastolic blood pressure had the highest fraction of missing information 
(4.8%). We performed multiple imputation of missing values based on socioeconomic, 
psychosocial, and health status characteristics.113 We excluded one respondent prior 
to imputation because data were missing for the majority of predictors (n=207). 
Relative variance increase was <10% for all models and relative efficiency was high 
(>98%).114 
 
Study measures 
 
Data collection included a computer assisted self-survey, in-person interview, and 
physical examination. Resting diastolic and systolic blood pressure was calculated as 
the average of three consecutive readings using an automated oscillometric monitor.115 
Hypertension (HT) was defined as: (a) systolic blood pressure (SBP) ≥ 140 mm Hg 
and/or, (b) diastolic blood pressure (DBP) ≥ 90 mm Hg, and/or (c) self-reported current 
cardiovascular medication usage.116  
 
Depressive symptomatology was assessed using the 10-item Center for Epidemiologic 
Studies – Depression Scale (CES-D), which captures frequency of self-reported 
depressive symptoms in the past month (range: 0-30, α=0.83).117-119 
 
Racial discrimination was assessed using the 10-item Everyday Discrimination Scale 
(EDS).79 Because of the within-group design and focus on racially-based 
discrimination, we used a modified version of the EDS, which asks: “in your day-to-day 
life, how often have the following things happened to you because of your race, 
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ethnicity, or skin color?” Six response options range from “never” to “almost everyday” 
(Table S1). 
 
We utilized three coding approaches to examine the potential effect of coding on 
exposure classification and associations with health outcomes (Table 1): (1) situation-
based coding – we dichotomized each EDS item to “never”=0 and “ever” (collapsing 
those reporting “less than once a year” or greater into one category)=1. Items were 
summed (range: 0-10) to reflect the total number of situations “ever” experienced 
(α=0.89); (2) frequency-based coding – we scored responses according to the original 
Likert scale (range: “never” (1) to “almost everyday” (6)) and summed responses across 
items (range:10-60, α=0.95); (3) chronicity-based coding – we recoded each EDS 
response to reflect the total number of reported discrimination experiences, 
standardized upon the total number of days per year. “Never” was coded 0. “Less than 
once a year” was coded as the midpoint between 0 and 1 time per year=0.5x/year. “A 
few” is generally interpreted as 2-4, so we selected the midpoint=3. Therefore, we 
coded “a few times a year” as 3x/year and “a few times per month” as 3x12 
months=36x/year. We coded “at least once a week” as 2x52 weeks=104x/year and 
“almost everyday” as 5x52 weeks=260x/year (Figure 3). Recoded items were summed 
to represent the total number of EDS experiences annually (range: 0-2600, α=0.95). To 
facilitate comparisons between coding approaches, we collapsed the three EDS 
measures into tertiles reflecting low, moderate, and high exposure (Table 1).100 

 
[FIGURE 3 HERE] 

 
[TABLE 1 HERE] 

 
Covariate selection was outcome-specific and guided by directed acyclic graphs 
(Figure S1).77 Confounders included: age, body mass index (BMI), neuroticism,120,121 
education, marital/partnership, and employment status. BMI was calculated as 
weight(kg)/height (m)2. Age was confirmed via driver’s license/state ID. All other 
covariates were self-reported. To increase parsimony, we modeled age and 
neuroticism continuously and dichotomized all other covariates.  
 
Analysis   
 
We generated Chronbach’s alpha statistics and performed a polychoric principal 
components analysis (PCA) to evaluate internal consistency and scale dimensionality, 
respectively, under each EDS coding approach. All three coding iterations 
demonstrated a unidimensional data structure with high internal consistency, indicating 
recoding did not compromise the integrity of this previously validated scale. We used 
Goodman-Kruskal’s Gamma-122 and Cohen’s Kappa123 statistics to assess 
concordance/agreement in EDS exposure classification (low, moderate, high) between 
the three coding approaches, coded categorically. We also used Pearson’s correlation 
coefficients to describe the strength of association between the continuous scales.  
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We fit multivariable modified Poisson regression models with robust standard errors to 
estimate hypertension prevalence ratios and 95% confidence intervals as a function of 
each EDS measure.124 The prevalence ratio is a more appropriate measure of 
association than the odds ratio when the outcome is not rare (>10%), as was the case 
with hypertension in our sample.124 Logistic regression models yielded similar results, 
albeit with the odds ratios over-estimating the PRs because the outcome was common 
(results not shown). Next, we fit multivariable linear regression models to estimate the 
association between each EDS measure and CES-D. All models used low EDS (bottom 
tertile) as the reference category. We report models unadjusted and controlling for 
covariates specific to the exposure-outcome relationship. All analyses were performed 
using Stata IC v13.125 

 
RESULTS 
 
Sample 
 
Sample characteristics are displayed in Table 2. Systolic blood pressure was slightly 
elevated (mean=122, SD=20)), whereas diastolic blood pressure was in the normal 
range (mean=80, SD=12). Accordingly, 36% of the sample was hypertensive, less than 
the national prevalence of 46%.93 The mean CES-D score was approximately 12 
(SD=6), slightly above the recommended cut-off of 10 for depression.118 

 
[TABLE 2 HERE] 

 
EDS internal consistency and dimensionality by coding approach 
 
Internal consistency was high for all three coding approaches (α=0.89, 0.95, and 0.95 
for the situation-, frequency-, and chronicity-based coding approaches, respectively). 
Our PCA revealed a largely unidimensional data structure for all three approaches. For 
situation-based coding, the eigenvalue for the first component was 6.35 (63.5% of 
variance explained). The eigenvalue for the second component was 1.37. All other 
eigenvalues were <1. For both frequency- and chronicity-based coding, the eigenvalue 
for the first component was 7.57 (75.7% of variance explained). All other eigenvalues 
were <1. 
 
EDS exposure classification by coding approach 
 
Respondent distribution across low, moderate, and high EDS levels was differential by 
coding approach (Table S2). Table 3 summarizes the number (%) of respondents for 
whom exposure assessment was discordant (e.g., classified as low EDS using one 
coding approach and moderate or high using another), Pearson’s correlation 
coefficients, Kappa statistics,123 and Gamma statistics122 for exposure classification 
agreement. The frequency- and chronicity-based approaches yielded the most 
concordant exposure classification and highest correlation/agreement, whereas the 
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situation- and chronicity-based approaches were most discordant and showed the 
lowest correlation/agreement.  
 

[TABLE 3 HERE] 
 

Associations between EDS and study outcomes by coding approach 
 
Table 4 displays associations between each EDS measure and prevalence of 
hypertension. No association was observed using the situation-based coding 
approach. In contrast, we found an inverse U-shaped association using chronicity-
based coding: moderate (versus low) levels of EDS were associated with a 61% higher 
estimated prevalence of hypertension (95% CI=1.04, 2.49), whereas high levels of EDS 
were associated with only a 10% increase in hypertension prevalence, and the 95% CI 
contained the null. We found a similar, but attenuated, U-shaped association between 
EDS and hypertension using the frequency-based approach: moderate levels were 
associated with a 10% higher prevalence of hypertension (95% CI contained the null), 
and associations of high levels were null.  

 
[TABLE 4 HERE] 

 
Table 5 displays results for depressive symptomatology. We observed a consistent 
dose-response association between EDS and CES-D, irrespective of coding approach.  

 
[TABLE 5 HERE] 

 
DISCUSSION  
 
Accurate exposure assessment is fundamental to validity in epidemiologic research 
and measurement decisions should be based on the hypothesized biological 
mechanism linking the exposure and outcome.77 We developed a novel approach to 
coding the Everyday Discrimination Scale for more accurately assessing the chronicity 
of everyday racial discrimination, a psychosocial stressor that is hypothesized to 
impact health via repeated stress adaptation. We compared our coding approach to 
conventional strategies to determine whether risk profiles and associations with health 
outcomes varied by coding approach. As hypothesized, the three coding schemes 
produced differential exposure classifications and associations with study outcomes. 
However, EDS coding was more instrumental for associations with hypertension than 
with depressive symptomatology.  
 
Evidence of association between the EDS and hypertension is mixed;100,101,106-110,126 our 
findings suggest this may be partially attributed to differences in coding approach, and 
hence, chronicity assessment. One prior cross-sectional analysis showed inconsistent 
associations between EDS and hypertension among African Americans when 
comparing situation- versus frequency-based coding strategies.100 The present study 
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corroborates the finding of differential associations based on coding, and extends this 
work by developing and testing a novel chronicity-based coding approach.  
 
That an association between EDS and hypertension was observed only using 
chronicity-based coding could be due to more accurate exposure assessment in 
relation to the proposed biologic pathways to health. Specifically, chronicity may be 
under-estimated by the frequency-based approach and entirely ignored by the 
situation-based approach. In both cases, non-differential exposure misclassification 
may bias results toward the null,77 both here and in other studies seeking to measure 
chronic exposure to racial discrimination as a social determinant of health. The 
chronicity coding approach provides a more accurate exposure assessment, 
potentially reducing misclassification of chronic racial discrimination experiences. 
Findings may also help identify the mechanisms linking racial discrimination with 
cardiovascular functioning. Specifically, accurate chronicity measurement was crucial 
for modeling this association, which is consistent with stress theory and proposed 
biological pathway (i.e., repeated stress adaptation).7,59,61,79,97  
 
The finding of higher hypertension prevalence among those reporting moderate, but 
not high, EDS parallels other work showing an inverse U-shaped relationship between 
racial discrimination and health among African Americans.95,100,107,126 There are several 
plausible interpretations for this finding. First, appraisal and coping may differ by 
chronicity.60,95,127 Those reporting moderate levels of EDS may possess fewer and/or 
less adaptive racism-specific coping strategies compared to those reporting high 
levels. Consequently, each encounter may be appraised as more stressful, resulting in 
exaggerated blood pressure reactivity, which over time may increase hypertension 
risk.104 Second, acknowledging and reporting more chronic EDS may be indicative of a 
pro-black bias, greater race-centrality, and/or engagement in system- versus self-
blame, all of which have been shown to buffer the effects of discrimination on 
health.97,107,126,128 Finally, those reporting high EDS may have a blunted blood pressure 
response due to a lack of physiologic adaptation to chronic psychosocial stress.61 
Future research should explore these potential psychosocial and biologic mediators to 
further explicate the mechanisms through which EDS impacts health.  
 
Unlike with hypertension, the association between EDS and depressive 
symptomatology was robust to coding. After adjusting for potential confounders, we 
saw a dose-response relationship using all three approaches. Findings are consistent 
with an extensive literature demonstrating a positive association between the EDS and 
depression, regardless of coding strategy used across studies.99,102,103 Our study 
demonstrates that capturing chronicity is not critical for modeling the association 
between everyday racial discrimination and depression, suggesting there are other 
mechanisms at play that could be explored in future work.  
 
Finally, results provide preliminary evidence of the construct and criterion validity for 
our new EDS coding scheme. Because frequency-based coding captures EDS with 
more granularity than situation-based coding, we would expect the chronicity-based 
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coding (the most granular assessment) to be more similar to frequency- than to 
situation- based coding both in terms of exposure classification and associations with 
study outcomes. Indeed, we found the highest correlation/agreement between 
chronicity- and frequency-based approaches (convergent validity) and the lowest 
correlation/agreement between chronicity- and situation-based coding approaches 
(discriminant validity). Relatedly, scale internal consistency and unidimensionality were 
more robust for the frequency and chronicity coding approaches than for the situation-
based approach. This finding provides further evidence that the nature of the exposure 
may differ when items are dichotomized (situation-based approach) compared to when 
the gradient in experiences are retained (frequency- and chronicity-based approaches). 
The shape of association between EDS and hypertension was similar between the 
frequency- and chronicity-based coding approaches, while dissimilar from the 
situation-based approach (construct validity). While the frequency- and chronicity-
based coding approaches were highly correlated and showed similar patterns of 
results, findings of association with hypertension were most robust using the 
chronicity-based approach, suggestive of criterion validity based on the proposed 
pathway to health. Thus, although the frequency- and chronicity-coding approaches 
are highly correlated, the latter provides a more nuanced exposure assessment, which 
may explain the more robust findings under this approach.  
 
Next steps for future research include conducting a more formal exploratory and/or 
confirmatory factor analysis using these three coding approaches, testing these coding 
schemes on different health outcomes and more diverse study populations, and 
exploring whether sociodemographic (e.g., age, race, gender, socioeconomic status), 
coping (e.g., active vs. passive), or other psychosocial factors (e.g., social support) 
modify the scale validity, reliability, and health associations differentially by coding 
approach. Moreover, given previous evidence of differential validity and reliability of the 
EDS by race and by gender,129,130 future research may also consider comparing 
psychometric properties of the three coding approaches stratified by these factors, a 
sub-analysis that was not possible in this within-group study of African American 
women. 
 
This study had several limitations. Data are from a non-representative sample of 
African American women living in Northern California, and findings are not 
generalizable to the African American population as a whole. However, recruitment 
sought to maximize heterogeneity of exposure to discrimination and key covariates 
such as income and education, and characteristics of our sample are similar to the 
demographics of the source population, improving external validity.131 The 
sociodemographic composition of our sample shares similarities with other national 
datasets; however, there are also important differences (e.g., participants in the 
present study had similar levels of education but lower prevalence of poverty 
compared to national samples of African Americans).132-134 Previous work suggests that 
racial discrimination may manifest differently at various socioeconomic levels.3,103,112 
These findings should therefore be replicated in larger national samples to ensure 
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generalizability and interrogate whether the optimal coding approach differs based on 
the study sample’s socioeconomic makeup.  
 
While findings cannot be generalized to other gender or racial groups, the purpose of 
the study was to understand relationships between psychosocial stressors and 
mental/physical health among African American women, a particularly vulnerable group 
across numerous health indicators.37,50,93-95 Additionally, the within-group study design 
uniquely facilitates an assessment of racial discrimination—rather than race—as the 
exposure of interest, a critical step toward understanding the drivers of racial health 
inequity.135 Future research should explore these coding schemes in relation to health 
outcomes among African American men.  
 
Cross-sectional data preclude causal inference; hypertension and depressive 
symptomatology could influence racial discrimination reporting. However, other studies 
have shown longitudinal associations between self-reported discrimination and 
incident hypertension101 and depressive symptomatology,102 indicating the potential 
directionality of these associations. Future research should apply these coding 
schemes to longitudinal data and test associations with disease progression. We also 
adjusted for neuroticism, a confounder of the association between discrimination and 
depression.97,121 Neuroticism confounded the association between moderate EDS and 
depressive symptomatology for situation- and frequency-, but not chronicity-based, 
coding approaches (results not shown). Future research should explore whether 
reporting bias manifests differently depending on scale coding.  
 
In developing the “chronicity” weighting structure, we made assumptions about the 
meaning each response (e.g., “a few” = 3). To assess potential measurement error, we 
conducted a sensitivity analysis under various assumptions (e.g., “a few” = 2 or 4). 
Results were largely unchanged, underscoring the robustness of this coding.  
 
Chronicity coding is novel and cannot be directly compared to other studies. However, 
all three EDS iterations in our sample demonstrated high internal consistency and a 
unidimensional data structure, similar to other studies using the scale.62,79,129,130 While 
distribution-based cutpoints are sample-specific, the tertile ranges shown in Table 1 
facilitates reproducibility. Finally, although logistical constraints limited the sample to 
n=208, all models were powered >0.80. 
 
CONCLUSIONS 
 
Different approaches to coding the EDS produce distinct exposures that vary in their 
associations with important indicators of African American women’s mental and 
physical health. Coding differences were more influential for associations with 
hypertension than with depressive symptomatology, which may help explain a puzzling 
pattern in the discrimination and health literature: consistent evidence for mental health 
outcomes, but inconsistent findings for physical, and particularly for cardiovascular, 
health outcomes.96 Future research using the EDS should explicate hypothesized 
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mechanisms and code the scale accordingly. If the proposed pathway is through the 
chronic accumulation of discrimination experiences, then the chronicity-based coding 
approach may be most appropriate. This may be particularly relevant for strengthening 
internal validity in studies examining the association between racial discrimination and 
blood pressure outcomes among African American women.  
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TABLES AND FIGURES 
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Table 1: Everyday Discrimination Scale survey response weighting structure, summary 
and tertile ranges, and description by coding approach, African American Women’s 
Heart & Health Study, Northern California, 2012-2013 (n=207) 

 Situation-Based 
Coding 

Frequency-Based 
Coding 

Chronicity-Based 
Coding 

EDS Response    
Never 0 1 0 
Less than once a year 

1 

2 0.5 
A few times a year 3 3 
A few times a month 4 36 
At least once a week 5 104 
Almost every day 6 260 
Summary score range 0-10 10-60 0-2600 
Lower tertile range 0-7 10-22 0-24 
Middle tertile range 8-9 23-35 24.5-448 
Upper tertile range 10 36-60 482-2600 

Description 
Number of 

situations “ever” 
experienced 

Likert scale 
summary score 

Total annual 
number of EDS 

experiences 
Owing to the granularity of the chronicity coding, not all possible values of annual EDS experiences are 
represented. 
EDS = Everyday Discrimination Scale. 
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Table 2: Sample characteristics, African American Women’s Heart & Health Study,  
Northern California, 2012-2013 (n=207) 
Variable n (%) or mean (SD) 
Poverty status, n (%)  
   > 100% Federal poverty level 168 (81) 
   ≤ 100% Federal poverty level 39 (19) 
Educational attainment, n (%) 

 

    > High school diploma 138 (67) 
    ≤ High school diploma 69 (33) 
Health insurance status, n (%) 

 

   Insured 152 (73) 
   Not insured 55 (27) 
Employment status, n (%) 

 

   Employed 114 (55) 
   Not employed 93 (45) 
Marital/partnership status, n (%) 

 

   Married/partnered  61 (30) 
   Not married/partnered 146 (71) 
Body mass index (BMI), n (%)a 

 

   BMI ≥ 18.5 and <25 28 (14) 
   BMI < 18.5 or ≥25 179 (87) 
Cardiovascular (CV) medication usage, n (%) 

 

   Not currently taking CV meds 164 (79) 
   Currently taking CV meds 43 (21) 
Age (years), mean (SD)  42 (5.9) 
Neuroticism, mean (SD)b 3 (0.8) 
Systolic blood pressure (SBP), mean (SD)c 122 (20) 
Diastolic blood pressure (DBP), mean (SD)c 80 (12) 
Clinically Diagnosable Hypertension, n (%)c 

 

   Low on SBP and DBP and not taking CV meds  132 (64) 
   High on SBP or DBP or taking CV meds 75 (36) 
CES-D Score, mean (SD) 12 (6.3) 

a 7 cases (3.38%) missing 
b 4 cases (1.93%) missing 
c 10 cases (4.83%) missing 
Due to rounding, some percentages do not sum to 100%. 
CES-D = Center for Epidemiologic Studies-Depression. 
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Table 3.  Discordance n (%), Pearson’s correlation coefficient (r), Goodman-Kruskal’s Gamma statistics (γ), and Cohen’s 
Kappa statistics (κ) comparing Everyday Discrimination Scale exposure classification (low, moderate, high) by coding 
approach, African American Women’s Heart & Health Study, Northern California, 2012-2013 (n=207) 

Coding Approaches Compared Discordance 
n (%) 

Pearson’s Correlation 
Coefficient (r) Cohen’s Kappa 

κa (P) 
Goodman-Kruskal’s Gamma 

γb (ASEc) 

Frequency vs. chronicity 34 (16) 0.90 0.75 (0.001) 0.97 (0.009) 
Situation vs. frequency 64 (31) 0.76 0.54 (0.001) 0.88 (0.031) 
Situation vs. chronicity 85 (41) 0.48 0.39 (0.001) 0.78 (0.044) 

a Cohen’s Kappa statistics test for agreement in exposure classification (low, mod, high) between EDS measures.123  
b Goodman-Kruskal’s Gamma statistics test for agreement in exposure classification (low, mod, high) between EDS measures, accounting for 
ordinal data structure with ties.122  
c ASE = asymptotic standard error. 
 
Table 4. Modified Poisson regression with robust error variances for association between racial discrimination and 
hypertension by Everyday Discrimination Scale coding approach, African American Women’s Heart & Health Study, 
Northern California, 2012-2013 (n=207) 
 Model 1: Number of EDS "Situations" 

Ever Experienced 
Model 2: "Frequency" of EDS 

Experiences (Likert Summary Score) 
Model 3: Annual "Chronicity" of EDS 

Experiences 

 Model 1a: 
Unadjusted 

Model 1b: 
Fully Adjusted 

Model 2a: 
Unadjusted 

Model 2b: 
Fully Adjusted 

Model 3a: 
Unadjusted 

Model 3b: 
Fully Adjusted 

EDSa PR (95% CI) PR (95% CI) PR (95% CI) PR (95% CI) PR (95% CI) PR (95% CI) 

Moderate 0.97 (0.61, 1.56) 1.00 (0.63, 1.60) 1.14 (0.74, 1.76) 1.23 (0.81, 1.88) 1.52 (0.96, 2.39) 1.61 (1.04, 2.49) 
High 1.12 (0.74, 1.70) 1.09 (0.72, 1.65) 1.01 (0.63, 1.61) 1.00 (0.63, 1.61) 1.14 (0.69, 1.90) 1.10 (0.66, 1.84) 
Constant 0.36 (0.27, 0.48) 0.37 (0.20, 0.68) 0.35 (0.26, 0.48) 0.34 (0.18, 0.64) 0.30 (0.21, 0.44) 0.31 (0.17, 0.57) 

Model a: Unadjusted. 
Model b: Adjusts for age, body mass index, education (≤ HS diploma), marital/partnership status, and employment status. 
a Referent group="low" EDS. 
EDS = Everyday Discrimination Scale; PR = prevalence ratio; 95% CI = 95% confidence interval. 
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Table 5. Linear regression for association between racial discrimination and depressive symptomatology (CES-D) by 
Everyday Discrimination Scale coding approach, African American Women’s Heart & Health Study, Northern California, 
2012-2013 (n=207) 

 Model 4: Number of EDS "Situations" 
Ever Experienced 

Model 5: "Frequency" of EDS 
Experiences (Likert Summary Score) 

Model 6: Annual "Chronicity" of EDS 
Experiences 

 Model 1a:  
Unadjusted 

Model 1b:  
Fully Adjusted 

Model 2a: 
Unadjusted 

Model 2b:  
Fully Adjusted 

Model 3a: 
Unadjusted 

Model 3b:  
Fully Adjusted 

EDSa β (95% CI) β (95% CI) β (95% CI) β (95% CI) β (95% CI) β (95% CI) 

Moderate 2.74 (0.65, 4.82) 1.16 (-0.69, 3.01) 3.15 (1.14, 5.17) 1.75 (-0.05, 3.54) 3.47 (1.45, 5.49) 2.01 (0.21, 3.81) 
High 3.89 (1.90, 5.88) 2.37 (0.63, 4.11) 4.75 (2.72, 6.79) 3.03 (1.23, 4.83) 4.96 (2.93, 6.98) 2.85 (1.10, 4.69) 
Constant 9.72 (8.40, 11.04) 8.75 (6.88, 10.61) 9.13 (7.72, 10.54) 8.39 (6.50, 10.28) 8.89 (7.45, 10.32) 8.34 (6.42, 10.25) 

P for trendb P=0.000 P=0.008 P=0.000 P=0.001 P=0.000 P=0.003 

Model a: Unadjusted. 
Model b: Adjusts for age, neuroticism, marital/partnership status, education (≤ HS diploma), and employment status). 
a
 Referent group="low" EDS  

b P-value (2-sided) associated with beta coefficient when EDS tertiles are modeled ordinally (versus categorically).   
EDS = Everyday Discrimination Scale; 95% CI = 95% confidence interval. 
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CHAPTER 2: Home mortgage discrimination and incidence of triple-negative and 
Luminal A breast cancer among non-Hispanic Black and non-Hispanic White females 

in California, 2006-2015 
 
ABSTRACT 
 
BACKGROUND: In the United States, Black females are burdened by more aggressive 
subtypes and increased mortality from breast cancer compared to non-Hispanic (NH) 
White females. Institutional racism may contribute to these inequities. We aimed to 
characterize the association between home mortgage discrimination, a novel measure 
of institutional racism, and incidence of Luminal A and triple-negative breast cancer 
(TNBC) subtypes among NH Black and NH White females in California metropolitan 
areas.  
 
METHODS: We merged data from the California Cancer Registry on females aged 20+ 
diagnosed with primary invasive breast cancer between 2006-2015 with a census 
tract-level index of home mortgage lending bias measuring the odds of mortgage loan 
denial for Black versus White applicants, generated from the 2007-2013 Home 
Mortgage Disclosure Act database. Poisson regression estimated cross-sectional 
associations of census tract-level racial bias in mortgage lending with race/ethnicity- 
and Luminal A and TNBC-specific incidence rate ratios, adjusting for neighborhood 
confounders.  
 
RESULTS: We identified n=102,853 cases of Luminal A and n=15,528 cases of TNBC 
over the study period. Compared to NH Whites, NH Black females had higher rates of 
TNBC, lower reates of Luminal A breast cancer, and lived in census tracts with less 
racial bias in home mortgage lending. There was no evidence of association between 
neighborhood racial bias in mortgage lending at the time of diagnosis and either 
subtype among either racial/ethnic group.  
 
CONCLUSION: Future research should incorporate residential history data with 
measures of institutional racism to improve estimation and inform policy interventions. 
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INTRODUCTION 
 
Breast cancer is the most commonly diagnosed cancer and the second-leading cause 
of death from cancer among females in the United States. Considerable inequities in 
breast cancer severity and mortality have been documented between Black and non-
Hispanic (NH) White females. Although Black females have historically shown lower 
incidence of breast cancer compared to their NH White counterparts, they are 
burdened by roughly 42% higher mortality from breast cancer once diagnosed.45,46 
Moreover, while incidence rates have declined among most racial/ethnic groups, they 
have steadily increased among Black females, to a national level that is now similar to 
that of NH White females.38,39 Black females are also twice as likely as NH White 
females to be diagnosed with triple-negative breast cancer (TNBC), 40-43 which is more 
aggressive and less responsive to current treatments than the hormone receptor-
positive (HR+) subtypes, such as Luminal A.40,41,44 NH White females, in contrast, have 
the highest incidence of Luminal A breast cancer, the most common subtype with the 
most favorable prognosis.40,41  
 
There is increasing recognition of the role of institutional racism, defined as “differential 
access to the goods, services, and opportunities of society by race”1 in the production 
of racial inequities along the breast cancer continuum.39,81,92,136,137 Housing 
discrimination is one primary form of institutional racism in the United States.20,138-140 
Although explicit discrimination has been illegal since the passage of the Fair Housing 
Act of 1968, covert forms of home mortgage discrimination against Black Americans 
persist, contributing to patterns of racial segregation that have persisted since the 
1860s.20,138-140 Emerging evidence documents associations between racial residential 
segregation and breast cancer incidence and mortality.136,141-143 Importantly, however, 
racial residential segregation is a proxy measure that captures the consequence of 
institutional racial discrimination, not the discrimination itself.144 In order to hold 
institutions and decision-makers accountable and inform policy change, there is a 
pressing need to rigorously interrogate the direct effects of discriminatory policies and 
practices, such as in home mortgage lending practices, on health.3 
 
Publicly available data from the Home Mortgage Disclosure Act (HMDA) provide an 
opportunity for researchers to document the current extent housing discrimination 
across communities and examine its associations with health inequities.53,81,144-146 The 
HMDA was enacted by congress in 1975 “to make lending practices transparent, 
ethical, responsive to community needs.”147 The Act requires lenders to report annual 
data on the location of housing loans and whether the loan was approved or denied, as 
well as demographic characteristics of the applicants.147 Using these data, researchers 
can quantify racial bias in home mortgage lending, or the degree to which Black 
applicants are disproportionately denied loans relative to White applicants, adjusting 
for income and other relevant characteristics. 53,81,144-146 
 
Previous research has documented associations between home mortgage 
discrimination and health outcomes,53,144,145 including breast cancer mortality.81,146 
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However, we are aware of no studies that have explored the relationship between 
housing discrimination and breast cancer incidence. This is an important topic because 
identifying risk factors for the development of cancer can inform primary prevention 
efforts. Neighborhoods where Black families face institutionalized discrimination and 
systemic exclusion could potentially represent toxic social environments which may be 
associated with greater breast cancer risk and the development of more aggressive 
subtypes.92,148,149 
 
Breast cancer is a heterogeneous disease and subtypes defined by hormone-
receptor (HR) biomarkers and human epidermal growth factor receptor (HER2Neu) 
status have distinct epidemiologic, etiologic, and prognostic profiles.44,150-156 Given this, 
there is growing recognition among researchers and practitioners that breast cancer 
subtypes should be considered separate diseases.150,152,155 Many commonly recognized 
behavioral and reproductive risk factors for breast cancer are associated with Luminal 
A and other HR+ subtypes, but not with the more deadly TNBC, which is more 
prevalent among Black females.44,92,150-156 Identifying and intervening on potential 
structural drivers of the TNBC subtype is an urgent priority for achieving health 
equity.92,151,154 
 
Therefore, we aimed to characterize the relationship between residence in 
neighborhoods with high home mortgage discrimination, a novel measure of 
institutional discrimination, and incidence of TNBC, and as a comparison, Luminal A 
breast cancer subtypes, among NH Black and NH White females in California. We 
estimated associations among NH Black and NH White females separately to examine 
how living in a community where there has been systematic exclusion of Black families 
from home ownership may differentially affect risk among these two racial/ethnic 
groups.  
 
MATERIALS & METHODS  
 
Data 
 
We merged 2006-2015 breast cancer case data from the California Cancer Registry 
with census tract level measures based on 2007-2013 data from the Home Mortgage 
Disclosure Act database, 2007-2011 American Community Survey five-year 
estimates,42 and population estimates based on the 2010 US Census.157  
 
Breast Cancer Cases  
 
Case data are from the California Cancer Registry (CCR, http://ccr.ca.gov/), a complete 
population-based repository containing detailed demographic, tumor, treatment, and 
survival information for all new cancer cases since 1988 (>3.5 million). The CCR 
comprises three of the National Cancer Institute’s Surveillance, Epidemiology, and End 
Results (SEER) program registries (seer.cancer.gov/about). CCR data, derived primarily 
from the patient’s medical record, included in this analysis were: age, race/ethnicity, 
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2010 census tract identifiers of residential address at diagnosis, and tumor 
HR (estrogen and progesterone receptor) and HER2Neu status, which were used to 
classify breast cancer subtype. Given the focus on understanding whether institutional 
racism is uniquely associated with triple negative breast cancer, the analysis was 
restricted to TNBC (HR-/HER2Neu-) and, as a negative control, Luminal A 
(HR+/HER2Neu-) subtypes. 
 
All NH Black and NH White female cases of primary breast cancer aged 20+ and 
diagnosed in California between January 2006 and December 2015 were eligible for 
inclusion. We excluded cases of in-situ breast cancer, any cases that were not 
diagnosed with TNBC or Luminal A subtypes (including those for whom tumor subtype 
was not known), cases with a residential address unknown or not able to be geocoded, 
and cases residing outside of California metropolitan statistical areas (MSAs), as the 
racial bias index could only be calculated in metropolitan areas. This research was 
covered under the Greater Bay Area Cancer Registry (GBACR) IRB protocol # 18-
24619 at the University of California, San Francisco. The GBACR IRB approval covers 
secondary analyses of de-identified cancer registry data without informed consent. 
 
California Metropolitan Census Tracts 
 
California census tracts with their centroid within a metropolitan statistical area were 
included in the analysis. Data at the census tract level included a racial bias index,81 
neighborhood stability, and neighborhood SES,158 detailed below. 
 
Racial Bias Index 
 
Racial (anti-Black) bias in mortgage lending was estimated using 2007-2013 data from 
the Home Mortgage Disclosure Act (HMDA) database. Data were accessed from the 
Federal Financial Institutions Examination Council (FFIEC) HMDA website 
(http://www.ffiec.gov/hmda/).  
 
We used a previously developed racial bias in mortgage lending index based on the 
HMDA data.81 The index is described in detail elsewhere 81. In brief, continuous surface 
maps were created for each MSA by interpolating the point estimates of the odds of 
home mortgage denial for a NH Black applicant as compared to a NH White applicant, 
adjusting for applicant sex and the income-to-loan ratio. These values were then 
averaged for each census tract to produce the “racial bias index,” which was collapsed 
into quintiles for the analysis. Values > 1.0 indicate greater odds of denial for NH Black 
versus NH White applicants for the given census tract. 
 
Covariates 
 
Associations between racial bias in home mortgage lending and breast cancer 
incidence could be confounded by the socioeconomic resources of a community. 
Therefore, we included the Yang Neighborhood SES Index,159 an adaptation of the Yost 
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Index for American Community Survey (ACS) data.158 This is a composite of seven 
neighborhood indicator variables derived from the 2007-2011 ACS: (1) education index 
(median school years, percentage of high school graduates); (2) proportion with a blue 
collar job; (3) proportion older than 16 in the workforce without a job; (4) median 
household income; (5) proportion below 200% of the poverty level; (6) median rent; (7) 
median house value.42,157,159 The neighborhood SES index was mean-standardized and 
included in models to adjust for confounding. As a measure of neighborhood stability, 
we adjusted for the percent of residents in a census tract who reported living in the 
same house one year ago on the 2007-2011 American Community Survey.42 Given 
these neighborhood factors could also mediate the association between institutional 
racism and breast cancer incidence, we present adjusted and unadjusted models. 
 
Statistical analysis 
 
We used Poisson regression with generalized estimating equations (GEE, to account 
for clustering) to estimate population average incidence rate ratios (IRRs) and 95% 
confidence intervals (95% CIs) for associations between racial bias in mortgage 
lending and census tract-, race/ethnicity-, and age group-specific case counts, with 
the 2010 population count (times ten) as the off-set term.157 We used an autoregressive 
(lag 1) [AR(1)] correlation structure to account for clustering by census tract. As a 
sensitivity check, we also ran Poisson models with exchangeable and independent 
correlation structures. Results were similar, so only the AR(1) results are reported. 
Model 1 adjusts for age (quadratic transformation of mid-point of each age group). 
Model 2 adjusted for hypothesized confounders (which could also be potential 
mediators), neighborhood SES (mean-standardized) and neighborhood stability 
(continuous). The estimation of the racial bias index was implemented in R and all other 
statistical analyses was performed using SAS v9.4. 
 
RESULTS 
 
Of the 8,057 census tracts in California, 7,836 with their centroid within an MSA were 
included in the analysis. Table 1 displays descriptive statistics for these census tracts. 
The racial bias index was skewed right and ranged from 0.3 to 86.2 with a median of 
2.2.  
 

[TABLE 1 HERE] 
 
All NH Black and NH White female cases of primary breast cancer aged 20+ and 
diagnosed in California between January 2006 and December 2015 were eligible for 
inclusion (NH Black n=19,563, NH White n=185,082). After exclusions, the final sample 
consisted of n=11,063 NH Black and n=107,318 NH White cases of breast cancer over 
the study period.  
 
Table 2 displays the characteristics of individuals included in the analysis, overall and 
disaggregated by race/ethnicity and subtype. Relative to NH Whites, NH Black females 
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with breast cancer had a higher proportion of TNBC (26.2% of NH Black vs 11.8% of 
NH White cases) and a lower proportion of Luminal A subtypes (73.8% of NH Black vs 
88.2% of NH White cases). Among both racial/ethnic groups, those with TNBC were 
on average younger than those with Luminal A subtypes. Relative to NH White females, 
NH Black females also resided in census tracts with lower socioeconomic status, less 
neighborhood stability, and less racial bias in home mortgage lending; however, within-
race/ethnicity differences in census tract characteristics between the two subtypes 
were minimal.  
 

[TABLE 2 HERE] 
 
Table 3 shows the results of the Poisson regression estimating the association 
between racial bias in mortgage lending and breast cancer incidence. Model 1 shows a 
modest and positive association between racial bias and rates of Luminal A breast 
cancer among NH White females (Q5 IRR=1.05, 95% CI=1.02, 1.07), which is 
attenuated by the inclusion of neighborhood confounders in Model 2 (Q5 IRRadj=1.02, 
95% CI=0.99, 1.04). No association was found between racial bias and incidence of 
Luminal A breast cancer among NH Black females (Q5 IRRadj=0.92, 95% CI=0.85, 
1.00), nor between racial bias and TNBC among either racial/ethnic group (NHB: Q5 
IRRadj=0.94, 95% CI=0.83, 1.07; NHW: Q5 IRRadj=1.01, 95% CI=0.95, 1.07). 

 
[TABLE 3 HERE] 

DISCUSSION 
 
This is the first study, to our knowledge, to explore whether racial discrimination in 
home mortgage lending—a novel measure of institutional racism—is associated with 
breast cancer incidence. We estimated incidence of TNBC and Luminal A separately, 
given these two subtypes are etiologically and epidemiologically distinct, and in 
response to calls to better understand the potential structural drivers of aggressive 
breast cancer subtypes (like TNBC) among Black females.92,154 Consistent with prior 
literature, we found the TNBC subtype to be more prevalent among NH Black females 
with breast cancer, relative to NH Whites; and for both racial/ethnic groups, those 
presenting with TNBC were younger than those presenting with Luminal A breast 
cancer.43 Our primary analysis revealed that census tract level racial bias in home 
mortgage lending, linked with breast cancer cases at the time of diagnosis, was not 
associated with incidence of Luminal A or TNBC subtypes among NH Black or NH 
White females in California. There are several explanations for the null associations we 
observed.  
 
First, the degree of protective versus harmful features of environments with higher 
racial bias in home mortgage lending may neutralize risk for breast cancer. On the one 
hand, communities with more housing discrimination, and the individuals who live in 
them, may possess more structural advantages and health-promoting resources. This 
interpretation is consistent with our data showing that census tracts with more racial 
bias in mortgage lending had higher socioeconomic status (median neighborhood SES 
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in racial bias Q1= -0.3; in Q5 = 0.2). Previous studies using HMDA data showed 
protective associations of housing discrimination with breast cancer mortality and 
other adverse health outcomes.53,145,146 For example, Collin et al. (2020) found that 
females with breast cancer who lived in Georgia census tracts with greater racial bias 
in home mortgage lending had improved breast cancer survival compared to those in 
lower bias tracts.146 This finding aligns with studies showing protective associations 
between racial bias in home mortgage lending with birth outcomes145 and general 
health status.53 Communities with greater levels of racial bias in home mortgage 
lending may have a greater concentration of socioeconomic and health-promoting 
resources and opportunities due to systematic investment.53,146 In addition, there may 
be a selection effect in which individuals who are able to live in these exclusionary 
communities may possess more socioeconomic resources and greater means to 
access improved health.53,145 
 
On the other hand, communities with more housing discrimination may be 
characterized by toxic levels of psychosocial stress, in addition to other exclusionary 
policies and practices which could harm the health of all community-members and 
Black residents in particular.81,137,144,146 This interpretation is consistent with several 
studies in the Milwaukee, Wisconsin area, which found that racial bias in home 
mortgage lending was associated with higher rates of all-cause mortality among Black 
individuals living with breast cancer81 and colorectal cancer.144 In short, communities 
with higher levels of racial bias in home mortgage lending may be characterized by 
both health-promoting resources, and health-damaging exposures; these conflicting 
forces may neutralize to produce the null associations we observed. 
 
Another plausible explanation for our findings is that racial bias in mortgage lending 
measured at the time of diagnosis is not etiologically relevant for the development of 
breast cancer. Each of the prior studies that observed harmful or protective effects of 
housing discrimination on health examined outcomes which may be more sensitive to 
current social and environmental context, including mortality among those living with 
cancer,81,144,146 birth outcomes,145 and general health status.53 Breast cancer has a long 
latency period with risk factors accumulating across the lifecourse and at key 
developmental stages.160-162 Hence, linking neighborhood factors to address at the time 
of diagnosis limited our ability to measure the neighborhood context during more 
salient etiologic windows for the development of breast cancer, such as 
puberty.160,161,163 While we adjusted for neighborhood residential stability in our models, 
the only data available was based on mobility from the past year, which does not 
account for all movement across the lives of individuals in our sample. Future 
longitudinal studies incorporating detailed residential history data with measures of 
racial bias and other forms of institutional racism could elucidate how structural 
conditions early in life are associated with breast cancer risk in adulthood, and inform 
targeted structural interventions during key etiologic windows.161  
This study had several strengths. First, by leveraging data from the HMDA, we were 
able to measure one type of institutional racism directly, rather than the more common 
approach of measuring racial residential segregation as a proxy for discriminatory 
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practices.144 The explicit examination of institutional racial discrimination, rather than its 
consequence, is important for illuminating injustice, increasing accountability, and 
informing policy interventions.81,144,146 Second, compared to cancer registries in other 
states, the CCR is distinguished by collecting HER2Neu information starting in the mid-
2000s, thus allowing for more granular subtype ascertainment over a longer period of 
time. Finally, our analytic design allowed us to estimate subtype-specific incidence of 
breast cancer. Several previous case-only studies demonstrated associations between 
racism-related exposures and odds of having a HR- versus HR+ subtype among 
females living with breast cancer.149,164,165 However, by restricting the analysis to those 
diagnosed with breast cancer, the case-only design cannot estimate incidence.166 In 
contrast, the use of a population denominator allowed us to directly estimate 
associations between census tract characteristics and incidence rate ratios for Luminal 
A versus TNBC subtypes, a novel contribution to the best of our knowledge. 
 
This study also had several limitations. The measurement of census tract 
characteristics at the time of breast cancer diagnosis, rather than earlier in the 
lifecourse, may have limited utility for identifying neighborhood determinants of breast 
cancer risk. The analysis was restricted to California metropolitan statistical areas and 
results are not intended to generalize to more rural parts of California, nor to other 
states. In addition, census tracts are an imperfect proxy for neighborhoods and 
previous work found associations between neighborhood factors and cancer incidence 
differed by geographic unit of analysis.142 The racial bias index does not capture 
discrimination against renters, potentially under-estimating the extent of institutional 
racism.144,146 Moreover, the racial bias index was averaged from 2007 to 2013, which 
may mask changing dynamics of segregation and gentrification over the study period, 
which included the Great Recession and a period of increased housing foreclosures, 
both in California and nationally. Finally, while we conceptualized neighborhood 
socioeconomic status and residential mobility as potential confounders of the 
association between racial bias and breast cancer risk, they could also be on the 
causal pathway. We are unable to formally evaluate mediation using cross-sectional 
data; however, the similar pattern of results from our adjusted and unadjusted models 
suggests that any confounding or mediation by these factors was minimal. Relatedly, 
the CCR data lack potentially important individual-level socioeconomic, behavioral, 
and psychosocial factors which may mediate or moderate associations between 
neighborhood context and breast cancer incidence; exploring these mechanisms is an 
important direction for future research.  
 
CONCLUSIONS 
 
The explicit measurement of home mortgage discrimination and other forms of 
institutional racism in cancer research is a critical step toward identifying structural 
determinants, holding individuals and institutions accountable, and informing policy 
change. We applied a novel measure of institutional racism derived from publicly 
available data, which had previously been associated with survival outcomes among 
those living with cancer, to subtype-specific breast cancer incidence. Our null findings 
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of association between racial bias in home mortgage lending and incidence of Luminal 
A or TNBC may be due to neutralizing harmful and health-promoting forces, or due to 
the limitations and timing of the data. We caution against an interpretation of these 
findings that home mortgage discrimination does not increase breast cancer risk, but 
rather call for more research linking these and other measures of institutional racism in 
early life with the progression of breast cancer risk across the lifecourse.  
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TABLES AND FIGURES 
 
Table 1. Characteristics of census tracts in California metropolitan statistical areas 
(n=7,836) 
 Census Tract Characteristics Range Mean (SD) Median (IQR) 
Racial bias index (n=7,836)a 0.3, 86.2 2.8 (2.6) 2.2 (1.5, 3.4) 
Q1 0.3, 1.3 1.0 (0.2) 1.0 (0.8, 1.2) 
Q2 1.3, 1.9 1.6 (0.2) 1.6 (1.5, 1.7) 
Q3 1.9, 2.5 2.2 (0.2) 2.2 (2.0, 2.3) 
Q4 2.5, 3.8 3.1 (0.4) 3.0 (2.7, 3.3) 
Q5 3.8, 86.2 6.2 (4.1) 5.1 (4.3, 6.6) 
SES index (n=7,775)c -6.2, 3.1 0.0 (1.0) 0.0 (-0.8, 0.8) 
Neighborhood stability (N=7,805)d 8.1, 100 84.2 (9.5) 85.9 (79.9, 90.6) 

a Racial Bias Index=census-tract average odds of a mortgage denial for a Black applicant as compared 
to a White applicant, adjusting for individual sex, and the ratio of the loan amount to the applicant's 
gross annual income (data from Home Mortgage Disclosure Act, 2007-2013 
(https://www.ffiec.gov/hmda/)).  
c Yang Neighborhood SES Index=validated, census-tract level composite of median school years, 
percentage of high school graduates, proportion with a blue collar job, proportion older than 16 in the 
workforce without a job, median household income, proportion below 200% of the poverty level, median 
rent, and median house value, derived from 2007-2011 American Community Survey.157,158 
d Neighborhood stability=census tract percent of residents who lived the same house one year ago on 
2007-2011 American Community Survey.157 
SES = socioeconomic status; SD = standard deviation; IQR = interquartile range.  
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Table 2. Age of primary breast cancer cases and characteristics of census tracts where they resided at time of diagnosis, 
by race/ethnicity and subtype, 2006-2015 (n=118,381) 

Data restricted to invasive cases for whom census tract and tumor subtype information were known (Luminal A or TNBC), and who resided in 
California metropolitan statistical areas at time of diagnosis (n=118,381).  
a Racial Bias Index=census-tract average odds of a mortgage denial for a Black applicant as compared to a White applicant, adjusting for 
individual sex, and the ratio of the loan amount to the applicant's gross annual income (data from Home Mortgage Disclosure Act, 2007-2013. 
(https://www.ffiec.gov/hmda/)); Q1: [0.3, 1.3), Q2: [1.3, 1.9), Q3: [1.9, 2.5), Q4: [2.5, 3.8), Q5: [3.8, 86.2]. 
b Yang Neighborhood SES Index=validated, census-tract level composite of median school years, percentage of high school graduates, 
proportion with a blue collar job, proportion older than 16 in the workforce without a job, median household income, proportion below 200% of 
the poverty level, median rent, and median house value, derived from 2007-2011 American Community Survey.42,157,158  
d Neighborhood stability=census tract percent of residents who lived the same house one year ago on 2007-2011 American Community 
Survey.42 
TNBC = triple negative breast cancer; SES = socioeconomic status; SD = standard deviation; IQR = interquartile range. 
 
 
 
 
 
 

 Overall NH Black NH White 

 Both 
subtypes 

(n=118,381) 

Luminal A 
(n=102,853 

(86.9%)) 

TNBC 
(n=15,528 
(13.1%)) 

Both 
subtypes 

(n=11,063) 

Luminal A 
(n=8,170 
(73.8%)) 

TNBC 
(n=2,893 
(26.2%)) 

Both 
subtypes 

(n=107,318) 

Luminal A 
(n=94,683 
(88.2%)) 

TNBC 
(n=12,635 
(11.8%)) 

Age (median (IQR)) 64 (54, 73) 64 (54, 74) 60 (51, 71) 60 (51, 70) 61 (52, 71) 58 (49, 67) 64 (54, 74) 65 (55, 74) 61 (51, 71) 
Racial bias index (median (IQR)) a 2.2 (1.5, 

3.4) 
2.2 (1.5, 3.5) 2.2 (1.5, 

3.4) 
2.0 (1.4, 

2.9) 
2.0 (1.4, 

2.9) 
2.0 (1.4, 

3.0) 
2.3 (1.5, 

3.5) 
2.3 (1.5, 

3.5) 
2.2 (1.5, 

3.5) 
Q1 (%) 17.7 17.7 18.2 22.0 22.1 21.7 17.3 17.3 17.3 
Q2 (%) 19.9 19.8 20.5 23.0 22.9 23.2 19.5 19.5 19.9 
Q3 (%) 20.2 20.1 20.8 21.5 21.4 21.6 20.0 20.0 20.6 
Q4 (%) 21.0 21.1 20.5 19.2 19.1 19.4 21.2 21.3 20.8 
Q5 (%) 21.2 21.4 20.0 14.3 14.4 14.1 21.9 22.0 21.4 
SES index  
(median (IQR)) b 

0.5 
(-0.2, 1.1) 

0.5 
(-0.2, 1.1) 

0.3 
(-0.4, 1.0) 

-0.4 
(-1.0, 0.3) 

-0.4 
(-1.0, 0.4) 

-0.4 
(-1.0, 0.3) 

0.6 
(-0.1, 1.2) 

0.6 
(-0.1, 1.2) 

0.5 
(-0.2, 1.1) 

Neighborhood stability (median (IQR)) c 86.4 
(81.0, 90.7) 

86.5 
(81.0, 90.8) 

86.1 
(80.5, 90.5) 

85.7 
(79.9, 90.3) 

85.8  
(80.0, 90.5) 

85.4 
(79.5, 90.1) 

86.5 
(81.1, 90.8) 

86.6 
(81.1, 90.8) 

86.3 
(80.8, 90.5) 
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Table 3. Incidence rate ratios (IRRs) and 95% confidence intervals describing association between racial bias in 
mortgage lending and incidence of breast cancer in California metropolitan areas from 2006-2015, by race/ethnicity and 
subtype (n=118,381) 

 Non-Hispanic Black Non-Hispanic White 
 Luminal A 

(n=8,170) 
TNBC 

(n=2,893) 
Luminal A 
(n=94,683) 

TNBC 
(n=12,635) 

 IRR (95% CI) IRR (95% CI) IRR (95% CI) IRR (95% CI) 
MODEL 1 a 

    

Racial bias index 
Q1 REF REF REF REF 
Q2 1.02 (0.94, 1.10) 1.03 (0.92, 1.15) 0.99 (0.96, 1.02) 1.01 (0.95, 1.07) 
Q3 1.03 (0.95, 1.11) 1.04 (0.93, 1.16) 1.01 (0.98, 1.04) 1.03 (0.97, 1.09) 
Q4 1.05 (0.97, 1.13) 1.08 (0.96, 1.21) 1.03 (1.00, 1.06) 1.00 (0.94, 1.06) 
Q5 0.95 (0.88, 1.03) 0.95 (0.84, 1.08) 1.05 (1.02, 1.07) 1.01 (0.96, 1.07) 
MODEL 2 b     
Racial bias index 
Q1 REF REF REF REF 
Q2 1.00 (0.93, 1.07) 1.02 (0.91, 1.15) 0.99 (0.96, 1.02) 1.01 (0.95, 1.07) 
Q3 1.00 (0.93, 1.08) 1.03 (0.92, 1.16) 1.00 (0.97, 1.02) 1.03 (0.97, 1.09) 
Q4 1.01 (0.93, 1.09) 1.07 (0.95, 1.20) 1.01 (0.98, 2.03) 0.99 (0.94, 1.05) 
Q5 0.92 (0.85, 1.00) 0.94 (0.83, 1.07) 1.02 (0.99, 1.04) 1.01 (0.95, 1.07) 

Data restricted to invasive cases for whom census tract and tumor subtype information were known (Luminal A or TNBC), and who resided in 
California metropolitan statistical areas at time of diagnosis (n=118,381).  
Racial Bias Index=census-tract average odds of a mortgage denial for a Black applicant as compared to a White applicant, adjusting for 
individual sex, and the ratio of the loan amount to the applicant's gross annual income (data from Home Mortgage Disclosure Act, 2007-2013 
(https://www.ffiec.gov/hmda/)); Q1: [0.3, 1.3), Q2: [1.3, 1.9), Q3: [1.9, 2.5), Q4: [2.5, 3.8), Q5: [3.8, 86.2]. 
a Model 1: Poisson regression model with census tract-, race/ethnicity-, and age group-specific case counts, with log of the population as the 
off-set term, and using generalized estimating equations with an AR(1) correlation structure with clustering by census tract, adjusted for age and 
age^2.  
b Model 2: Same as Model 1, but also adjusted for the following census tract-level variables modeled continuously: Yang Neighborhood SES 
Index (validated, census-tract level composite of median school years, percentage of high school graduates, proportion with a blue collar job, 
proportion older than 16 in the workforce without a job, median household income, proportion below 200% of the poverty level, median rent, and 
median house value)42,157,158 and neighborhood stability (census tract percent of residents who lived the same house one year ago on 2007-2011 
American Community Survey) 42. 
All census tract data are from the 2010 US Census,157 2007-2011 American Community Survey 42, and 2007-2013 Home Mortgage Disclosure 
Act (https://www.ffiec.gov/hmda/).  
IRR = incidence rate ratio; 95% CI = 95% confidence interval; TNBC = triple negative breast cancer.  
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CHAPTER 3: Area-Level Racial Prejudice and Health: A Systematic Review 
 

ABSTRACT 
 
BACKGROUND: In recent years, there has been growing interest in “moving beyond 
the individual” to measure area-level racism as a social determinant of health. Much of 
this work has aggregated racial prejudice data collected at the individual-level to the 
area-level. Objective: As this is a rapidly emerging area of research, we conducted a 
systematic literature review to describe evidence of the relationship between area-level 
racial prejudice and health, whether results differed by race/ethnicity, and to 
characterize key conceptual and methodological considerations to guide future 
research.  
 
METHODS: We searched four interdisciplinary databases for US-based, peer-reviewed 
articles measuring area level racial prejudice by aggregating individual-level indicators 
of racial prejudice and examining associations with mental or physical health 
outcome(s). Data extraction followed PRISMA guidelines and also included theory and 
conceptualization, pathways to health, and strengths and limitations.  
 
RESULTS: Fourteen of 14,632 identified articles met inclusion criteria and were 
included in the review. Health outcomes spanned all-cause (n = 4) and cause-specific 
(n = 4) mortality, birth outcomes (n = 4), cardiovascular outcomes (n = 2), mental health 
(n = 1), and self-rated health (n = 1). All studies found a positive association between 
area-level racial prejudice and adverse health outcomes among racial/ethnic 
minoritized groups, with four studies also showing a similar association among Whites. 
Engagement with formal theory was limited and exposure conceptualization was 
mixed. Methodological considerations included unmeasured confounding and trade-
offs between generalizability, self-censorship, and specificity of measurement.  
 
CONCLUSIONS: Future research should continue to develop the conceptual and 
methodological rigor of this work and test hypotheses to inform evidence-based 
interventions to advance population health and reduce racial health inequities. 
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INTRODUCTION  
 
Racism is a fundamental driver of health inequities.1,2,5,9,56,167 Racism manifests in 
various forms, including, but not limited to, structural (i.e., institutional laws, policies, 
and practices), cultural (i.e., dominant ideological attitudes and beliefs about the 
relative value of different social groups) and personally-mediated (i.e., racial 
discrimination occurring in a variety of settings); each of which independently and 
interactively shape the distribution of societal risks, resources, and opportunities by 
race.1,56  
 
While the majority of research to-date has focused on self-reported experiences of 
racial discrimination, there has been growing interest in “moving beyond the individual” 
to measure community-level racial prejudice as a social determinant of health.75 One 
increasingly popular method involves measuring individual-level racial prejudice, 
aggregating to the area-level to capture the variation in racial prejudice across 
geographies, and examining associations with health outcomes and inequities.71-73,82-90 
 
The rising popularity of this approach may be attributed to several factors, including: 
limitations of self-report for measuring exposure to racial discrimination, which can 
result in nonlinear and heterogeneous findings of associations with health 
outcomes;96,112 a growing recognition of the role of structural and cultural racism in the 
production of health inequities;9,15,56,70 interest in place-based determinants of racial 
differences in health;168 and the rise of big data in social science and health research. 
169,170 As this rapidly emerging area of research develops, a systematic and critical 
review of the evidence-to-date, including an examination of the conceptual foundations 
and methodological considerations, can help guide future research.  
 
The purpose of this study was to systematically review all United States (US)-based, 
empirical, peer-reviewed studies examining the association between aggregated 
measures of area-level racial prejudice and health. Our primary research question was: 
what is the association between area-level racial prejudice and health outcomes in the 
US, and are associations differential by race/ethnicity? Secondary research questions 
were: (1) what theories or conceptual models frame the research?; (2) what are the 
hypothesized and empirically tested mediating and moderating pathways to health?; 
and (3) what are the primary measurement and other methodological challenges of this 
developing body of work?  
 
DATA AND METHODS 
 
All study procedures follow Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines 171 and were preregistered: https://osf.io/vsze4/. 
Detailed methodology information, including search strings and data extraction 
codebook, can be found in Supplement 1. 
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Search strategy 
 
We conducted an interdisciplinary search across the following electronic databases: (a) 
PubMed; (b) SCOPUS; (c) PsycInfo; and (d) Sociological Abstracts. Search terms were 
developed iteratively based on a preliminary review of the literature, research team 
expertise, and consultation with a public health research librarian.  
 
Inclusion criteria were: (a) peer-reviewed journal article; (b) quantitative empirical study; 
(c) study conducted in the United States; (d) published in the English language; (e) 
study exposure is an indicator of bias, prejudice, animus, attitudes, sentiment, or 
beliefs toward or about a particular racial, ethnic, or immigrant group(s) that is 
measured at the individual-level and aggregated to the area-level; (f) study exposure is 
assessed using data from (1) surveys, questionnaires, or assessment tools, (2) social 
media, and/or (3) Google searches; and (g) study outcome is a mental or physical 
health outcome or health behavior. We utilized Covidence172 for managing references. 
 
For the purpose of this review, racial prejudice was defined as “differential 
assumptions about the abilities, motives, and intentions of others according to their 
race.”1 While the terminology used differs across the literature, we considered any 
measure of sentiment, attitude, belief, animus, prejudice, or cognitive (but not 
behavioral) bias toward or about specific racial, ethnic, and immigrant group(s) under 
the construct of “racial prejudice” when measured at the individual-level, and “area-
level racial prejudice” when aggregated to the area-level. Note that prejudice is distinct 
from discrimination in that the former pertains to cognitive and affective aspects of 
racism whereas the latter describes its behavioral manifestation.1 We excluded studies 
aggregating instances of interpersonal or institutional discrimination (e.g., hate crimes, 
housing or workplace discrimination) to keep the scope of the review narrowly focused 
on the cognitive and affective (i.e., prejudice) rather than the behavioral (i.e., 
discrimination) dimensions of racism. While much of the research in this area has 
focused on anti-Black racism, there is evidence documenting the unique 
manifestations, and harmful effects of, prejudice against various other racial and ethnic 
groups in the US.173,174 Therefore, we included studies of aggregated prejudice against, 
and potential health consequences among, multiple racial/ethnic groups. We also 
included measures of anti-immigrant prejudice because people often conflate 
race/ethnicity with immigration status and immigrants often experience racism.175  
 
We performed our database search on April 5, 2020. After removal of duplicates, 
14,632 records proceeded to title and abstract screening, of which 32 advanced to full-
text review, and 14 met inclusion criteria. Figure 1 shows the results of these 
exclusions.  
 

[FIGURE 1 HERE] 
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Data extraction 
 
Using MaxQDA,176 we extracted data in accordance with PRISMA guidelines.171 We 
also extracted data for our specific research questions. First, we were interested in 
conceptualization and framing: how were investigators thinking about area-level racial 
prejudice in relation to existing conceptual models for racism and health? Second, we 
extracted data on hypothesized and empirically tested mediation and moderation of 
the association between area-level racial prejudice and health outcomes. We were 
particularly interested in whether any association between area-level racial prejudice 
and health differed by race/ethnicity. Finally, we extracted data on key measurement 
and other methodological considerations. 
 
All data extraction variables and the data extraction codebook were determined a-
priori based on PRISMA guidelines and research questions. Two independent 
reviewers performed all screening and data-extraction, meeting regularly to build 
consensus. Any disagreements were resolved via consult with a third investigator. Our 
detailed methodology, including search strings and data extraction codebook, are 
shown in Supplement A. 

 
RESULTS 
 
Characteristics of included studies 
 
Table 1 displays the characteristics of studies included in the systematic review. Ten 
studies were cross-sectional (i.e., exposure and outcome examined at one time-point 
only, even if the exposure preceded the outcome),72-74,82-84,86,87,89,90 three studies 
examined outcomes prospectively using survival methods (i.e., exposure precedes 
outcome and there are multiple outcome assessments on each study participant),71,85,88 
and one employed a time-series analysis (i.e., changes in group-level rates over 
time).177 All studies measured the exposure at the area-level, but the geographic scale 
ranged from the county (n=3)86,87,90 to the national level (n=1),177 with the largest number 
of studies (n=5) examining racial prejudice at the state-level.71,73,74,84,89 Seven studies 
were multilevel, examining health outcomes at the individual-level using analytic 
methods that account for clustered data,71,74,83,85,88-90 whereas one study did not 
account for clustering (i.e., individual-level study).73 The remaining six studies were 
ecologic with the geographic area as the unit of analysis (e.g., rates as study 
outcome).72,82,84,86,87,177 
 
Area-level racial prejudice was examined using one of four data sources: the GSS 
(n=3),84,85,88 Project Implicit (n=4),72,86,87,90 Google Trends (n=3),71,82,83 or Twitter 
(n=4).73,74,89,177 These data sources are described in detail below. Several studies 
specifically examined the racial bias of White (n=3)72,86,87 and/or Black (n=2)72,87 
respondents. Four studies did not disaggregate the exposure by respondent 



 

          

      

33 

race,84,85,88,90 and the remaining seven were unable to discern this information given the 
data available (i.e., Google or Twitter).73,74,82,83,89,177 
 
Studies explored a variety of health outcomes, including birth outcomes (n=4),74,83,89,90 
all-cause mortality (n=4),82,84,85,88 cause-specific mortality (n=4),72,82,86,87 cardiovascular 
disease (CVD) and related risk factors (n=2),73,86 mental health outcomes (n=1),177 and 
self-rated health (n=1).71 Six studies examined health outcomes of Black and White 
persons,71,84-87,90 while four studies examined health outcomes of multiple (>2) 
racial/ethnic groups.73,74,88,89 Three studies examined the health outcomes of Black 
persons only,72,82,83 and one of Hispanics only.177  
 
Ten of the fourteen studies explored whether associations between area-level racial 
prejudice and health was differential by racial/ethnic group, either by comparing 
race/ethnicity-specific rates74,84,89 or by formally testing for multiplicative statistical 
interaction between area-level racial prejudice and race/ethnicity.71,73,85-88,90 The 
remaining four studies were restricted to one racial/ethnic group.72,82,83,177 Two studies 
explored mediators on the pathway from area-level racial prejudice to health 
outcomes.85,86 

 
[TABLE 1 HERE] 

 
Overview of data sources used to measure area-level racial prejudice 
 
See Table S2 for more details of these data sources: 
 
General Social Survey 
 
The General Social Survey (GSS) is a nationally representative survey of social and 
political attitudes among non-institutionalized English-speaking adults living in the US, 
conducted on a random sample of the eligible population at each wave178 (years 
available: 1972-2018). Examples of racial prejudice questions include: “Do Blacks tend 
to be unintelligent or tend to be intelligent?”, and “Do Blacks tend to be hard working 
or lazy?”.85 Anti-immigrant prejudice is assessed based on agreement with statements 
like “America should take stronger measures to exclude illegal immigrants,” and 
“Immigrants increase crime rates.”88 These questions are used to create composite 
measures of racial prejudice84,85 or anti-immigrant prejudice,88 which are then 
aggregated to the area-level. 
 
Project Implicit 
 
Project Implicit provides a free, online tool for assessing implicit and explicit biases 
toward various social groups (e.g., Black vs. White or gay vs. straight people) (years 
available: 2002-present).179 Implicit racial bias is assessed via the “Implicit Association 
Test” (IAT), a timed dual-categorization task which measures the speed of keyboard 
associations between images of Black versus White faces and positive versus negative 
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words. Faster reaction time matching positive words with White and negative words 
with Black faces indicates cognitive dissonance between Black people and positive 
emotions, which is interpreted as an anti-Black and/or pro-White implicit bias.72 Explicit 
bias is assessed via self-reported feelings of warmth or coldness toward Black/African 
American versus White/European American persons, and relative preference for the 
two groups.72 Studies using Project Implicit data aggregate implicit and explicit biases 
separately to the area level, either for all respondents90 or for subgroups of 
respondents (e.g., Whites’ racial bias).72,86,87 
 
Google Trends 
 
Google search data come from Google Trends,180 a publicly available dashboard where 
users can query the relative popularity of various search terms in specific geographic 
areas and time periods (years available: 2004-present). The data used in the included 
studies describe the popularity of Google searches for the “n-word” (ending in “-er(s)” 
but not “-a(s)”) across 196 designated market areas (DMAs) from 2004-2007 (pooled). 
DMAs are geographic areas receiving similar media from television, radio, newspapers, 
and Internet sources.  
 
Twitter 
 
Twitter data can be collected prospectively73,74,89 or retrospectively177 (years available: 
2006-present). Investigators can filter results to include tweets that reference particular 
racial/ethnic groups and use a combination of hand-coding, natural language 
processing, and machine learning to characterize the sentiment (positive, negative, 
neutral) of tweets referencing each group.73,74,89,177 Using the latitude and longitude 
coordinates or other “place” information (e.g., city and state), investigators can 
geocode tweets to the area where they originated. 
 
Summary of study findings  
 
Measures of area level racism across multiple data sources were associated with a 
range of health outcomes, including CVD and related risk factors,73,86 adverse birth 
outcomes,74,83,89,90 increased mortality,72,82,84-88 and poor self-reported mental177 and 
physical health.71 Although the overall pattern of results consistently showed a positive 
relationship between area-level racial prejudice and adverse health, the magnitude of 
association varied across studies (see Supplemental Table 1C). A direct comparison of 
effect sizes across studies is hindered by different exposure specifications (e.g., 
continuous vs categorical), measures of association estimated (e.g., beta coefficients 
vs odds ratios vs prevalence ratios, etc.), and other design features.  
 
Evidence of differential health effects of racial prejudice by race/ethnicity was mixed: 
some studies found effects that were unique to, or more pronounced among, 
racial/ethnic minoritized groups; others showed no distinctions among racial/ethnic 
minoritized groups compared to Whites. In this review, we define the effects of area-
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level racial prejudice on health to be differential by race/ethnicity if the p-value on the 
test for multiplicative interaction (i.e., race*area-level racial prejudice) was <0.05, 
following the threshold used in the reviewed studies and authors’ interpretations of 
their results. If no test for interaction was performed, we considered the effects to be 
differential if the race/ethnicity-specific measure of association differed by >10%, a 
rule-of-thumb for a meaningful difference in epidemiologic quantities.181 
 
Findings of Differential Effects by Race/Ethnicity 
 
Among the ten studies that explored whether effects were differential by race/ethnicity, 
six found evidence of effect modification.  
 
Of these, two showed harmful but less pronounced effects among Whites compared to 
racial/ethnic minoritized groups.84,86 First, Kennedy et al. (1997) found that states with 
higher versus lower “collective disrespect” (based on GSS data) had higher Black and 
White mortality rates; however, these relationships were stronger for Black compared 
to White rates.84 Second, using data from White Project Implicit respondents 
aggregated to the county-level, Leitner and colleagues (2016a) found a positive 
association between Whites’ explicit pro-White/anti-Black bias and circulatory disease 
death rates among Black and White residents, with stronger associations for Black 
rates.86 
 
One study showed that area-level racial prejudice may be protective for Whites. Using 
Project Implicit data, Orchard & Price (2017) found that the Black-White gap in preterm 
birth and low birthweight was positively associated with county-level racial prejudice.90 
Most of the racial difference in this association was driven by poorer outcomes among 
Black birthing persons; however, White birthing persons showed slightly better 
outcomes in counties with higher levels of explicit anti-Black/pro-White racial 
prejudice.  
 
Using data from the GSS, Morey et al. (2018) constructed a measure of anti-immigrant 
“community-level prejudice” within metropolitan statistical areas and non-metropolitan 
counties.88 Authors found that community-level anti-immigrant prejudice was not 
associated with mortality for study respondents overall, nor for White or Black 
respondents, regardless of whether they were US- or foreign-born. However, US-born 
“other race” respondents (mostly Hispanics and Asians) living in communities with 
higher levels of anti-immigrant prejudice had increased mortality rates compared to 
foreign-born respondents of those ethnicities. 
 
Leitner et al. (2016b) found evidence of race differences that depended on the 
specification of the study exposure.87 Authors examined county-level “ingroup” racial 
bias (i.e., preference for one’s own racial group over the other group based on data 
from Project Implicit) in relation to circulatory disease mortality among Black and White 
persons. In counties where Black respondents from Project Implicit harbored more 
implicit ingroup bias (i.e., pro-Black/anti-White), Black residents died from circulatory 
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disease at a higher rate; whereas in counties where White respondents harbored more 
explicit ingroup bias (i.e., pro-White/anti-Black), White residents died from circulatory 
disease at a higher rate. 
 
Using Twitter-characterized measures of racial sentiment, Huang et al. (2020) found 
race-differential associations that depended on the cardiovascular outcome under 
consideration.73 Among non-Hispanic White and Black respondents, Twitter-
characterized negative sentiment toward racial/ethnic minoritized groups was most 
strongly associated with hypertension, myocardial infarction, and CVD. In contrast, 
among Hispanic respondents, Twitter-characterized negative sentiment toward 
racial/ethnic minoritized groups was most strongly associated with diabetes, obesity, 
and stroke. 
 
Findings of Non-Differential Effects by Race/Ethnicity 
 
The remaining four studies that explored effect modification by race/ethnicity showed 
associations between area-level prejudice and health outcomes that were similar in 
direction and magnitude (i.e., non-differential) for White as compared with racial/ethnic 
minoritized groups.71,74,85,89 Lee et al. (2015) found that area-level prejudice, assessed 
as a composite measure from the GSS racial attitudes questions, was associated with 
increased mortality risk among both Black and White GSS respondents.85 McKetta et 
al. (2017) found that the state-level popularity of Google searches containing the “n-
word” was associated with poor self-rated health among both White and Black Panel 
Study of Income Dynamics respondents, and no statistically significant interaction with 
race was observed.71 Using Twitter data, Nguyen and colleagues found that birthing 
persons living in states with higher levels of negative,74 or lower levels of positive,74,89 
racial sentiment had more adverse birth outcomes, with similarly harmful effects 
observed among racially minoritized and White persons.  
 
Within-group studies 
 
The remaining studies examined outcomes among one racial/ethnic group only, 
precluding an examination of differential effects.72,82,83,177 Chae and colleagues found 
that in DMAs with a greater popularity of Google searches for “n-word,” Black 
residents experienced higher rates of all-cause and cause specific mortality82 and 
adverse birth outcomes.83 Hehman et al. (2018) found that Black residents were killed 
by police at disproportionate rates relative to their population shares in metropolitan 
areas where White Project Implicit respondents demonstrated greater implicit and 
explicit pro-White/anti-Black racial bias.72 Finally, using Twitter data at the national 
level, Hswen et al. (2020) found that the percent of negative sentiment tweets 
mentioning Mexicans and Hispanics was associated with increased daily worry among 
those identifying as Hispanic during the 20-week period surrounding the 2016 US 
presidential election.177  
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Theory, conceptualization, and proposed pathways to health  
 
Several studies referenced theories in their introduction or discussion sections, 
including “structural stigma”88 and “fundamental causes;”73 however, there was 
minimal incorporation of the theories and their constructs in the interpretation of the 
study findings. Few studies formally defined area-level racial prejudice or how it was 
understood in relation to existing models of racism.71,73,88 However, the general framing 
and stated motivation for the studies provided insight into authors’ conceptualization of 
the exposure.  
 
The conceptualization of area-level racial prejudice fell into two categories: (1) area-
level racial prejudice as a proxy for the attitudes and actions of prejudiced individuals, 
with pathways to health occurring via personally-mediated racial discrimination and its 
consequences or (2) area-level racial prejudice as a broader measure of prejudiced 
social contexts, with pathways to health occurring at multiple social-ecologic levels. 
These two conceptualizations were not mutually-exclusive (i.e., some studies 
described both) and were not specific to the data source or indicator used (i.e., 
identical measures of area-level racial prejudice were described as measures of 
prejudiced individuals or prejudiced contexts depending on the study). Pathways were 
generally explicated in hypothetical terms either in the introduction to provide social 
and/or biological plausibility for justifying the research question, or in the discussion to 
explain findings and make recommendations for future work. These pathways are 
illustrated in Figure 2. 
 

[FIGURE 2 HERE] 
 
Measuring Prejudiced Individuals 
 
Many authors described racial discrimination as a key determinant of health but noted 
limitations of traditional survey instruments which ask individuals to recall past 
experiences of racially motivated discrimination in various settings. These experiences 
may be underreported on surveys due to the subtlety of contemporary racism, 
attributional ambiguity, internalized racism, and the influence of coping style on 
reporting,74,82,83,86,88,177 which may result in inconsistent or under-estimated effects of 
racial discrimination on health.73,74,82,83,89,177 
 
The use of data from the GSS, Project Implicit, Google Trends, and Twitter was 
described as a strategy to directly assess the racial prejudice of individuals in a defined 
geographic area, which may serve as a proxy for exposure to racial discrimination, 
without relying on study respondents to self-report those experiences.82,83,86,87 An 
added benefit of the IAT, Google Trends, and Twitter (as opposed to the explicit 
measures of racial prejudice from the GSS and Project Implicit) is they do not require 
prejudiced individuals to openly disclose prejudiced attitudes, which may also be 
underreported due to self-censorship and social desirability bias.71,73,74,83,177 
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The stated or unstated assumption of these studies was that racial/ethnic minoritized 
groups living in areas where more individuals harbored racial prejudice would be at 
increased risk of experiencing racial discrimination. For example, Chae and colleagues 
(2015, p. 3) noted: "an Internet search-based measure of area racism may serve as a 
more direct indicator of racial attitudes and the extent of discrimination and prejudice 
towards Blacks in a geographic area, including those experiences of racially motivated 
bias that are subtle or not observable, and which are not necessarily reported in survey 
instruments.” 
 
Racial discrimination, in turn, was posited to harm health via biopsychosocial, 
behavioral, and material mechanisms, as shown in Figure 2. Authors described racial 
discrimination and intergroup tension as psychosocial stressors that cause increased 
anger, anxiety, and chronic physiological stress adaption, all of which disrupt key 
regulatory systems and undermine health.71,73,74,82,83,85-87,89,90 They also described how 
this stress can lead to maladaptive coping behaviors, such as poor diet and 
exercise.73,74,82,83,85,86,90 Lastly, authors described how racial discrimination in institutional 
settings (e.g., employment and housing) limits economic opportunities and material 
resources needed to achieve optimal health,71,74,82,83,86,89 or harms health directly in the 
case of healthcare discrimination.74,83,86,90  
 
Pathways were described in hypothetical terms but remained largely unexamined, with 
a few exceptions.86,90 Orchard & Price (2017) found that birth outcomes were more 
strongly associated with the racial prejudice in the county of birth compared to the 
county of residence, hypothesizing that racial bias in county of birth may proxy 
healthcare discrimination. Leitner et al. (2016a) found that the association between 
Whites’ racial prejudice and circulatory disease inequities was not mediated by Black-
White differences in smoking, drinking, and exercise,86  suggesting non-behavioral 
factors must be considered. 
 
Measuring Prejudiced Social Contexts 
 
Others argued that the self-reported measures of racial discrimination commonly used 
in the literature may fail to account for macro-level manifestations of racism,71-74,84,85,88 
and therefore may under-estimate the total effects of racism on health.73,74,88 In these 
studies, measuring area-level racial prejudice was motivated by a desire to rise above 
the level of the individual 75 and capture the broader social context71-74,84,85,88,89,177 in 
which prejudiced attitudes and discriminatory behaviors occur.72,73,89 Authors described 
area-level racial prejudice as capturing “ambient social attitudes,”71 
“macropsychological characteristics of residents,”72 or a “temperature of the social 
environment.”89 Some conceptualized area-level racial prejudice as a direct 
manifestation of structural71,88 or cultural73 racism or stigma, the measurement of which 
could be used to inform structural interventions. 
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Authors described multiple pathways through which prejudiced social contexts could 
undermine health. At the community-level, it was hypothesized that area-level racial 
prejudice would erode community social capital,74,84-86,88-90 defined as "the norms of 
reciprocity, trust and social obligation that are essential for minimizing the risks of poor 
physical, psychological, or social health.”84 An erosion of community social capital may 
undermine health through (a) reduced trust, bonding, and norms of mutual 
reciprocity,84-86,90 (b) less social and emotional support to buffer stressful life events,89 
and (c) less egalitarian political support and commitment to shared resources, resulting 
in a lack of investment in policies and programs that could enhance the welfare of 
community members.74,84,86 Indeed, Lee et al. (2015) found that community social 
capital mediated the association between community-level racial prejudice and 
mortality.85  
 
Prejudiced social contexts were also hypothesized to maintain social norms that are 
permissive of racial discrimination, which harms health by increasing stress and 
material deprivation.73,74,86,88 However, authors also described direct effects on health, 
independent of personally-mediated discrimination. As Nguyen et al. (2020) explained: 
“the social climate of a place represents a complimentary aspect of racial bias and 
discrimination that may have its own influence on health, independent of individual-
level experiences."74 Similarly, Morey et al. (2018) described the harms of living in 
prejudiced communities based not only on cumulative exposure to, but also increased 
awareness of, racialized attitudes;88 and Leitner et al. (2016a) emphasized how “hostile 
community environments” could directly evoke stress and harm health.86   
 
Measurement and other methodological considerations  
 
Stated limitations noted across multiple studies, regardless of data source, included: 
unmeasured confounding;71,82,83,85,86,90 self-selection into more or less prejudiced 
environments based on underlying health status;71,82,83,86-88 the inability to establish 
temporality;72,82-85,87,89,90 and unknown mechanisms linking area-level racial prejudice 
with health outcomes.71-73,83,84,86-89 In addition, the GSS, Project Implicit, Google Trends, 
and Twitter each presented a unique set of strengths and limitations, which are 
summarized below and described in more detail in Supplemental Table 3.   
 
General Social Survey 
 
Primary advantages of the GSS include national representativeness,85,88 specificity of 
racial/anti-immigrant prejudice measures, and detailed information on respondent 
characteristics which could be used for weighting or assessing the prejudices of 
specific respondents (although none of the reviewed studies did this). Primary 
disadvantages of the GSS include self-censorship of socially undesirable attitudes,85 
subnational non-representativeness,84 and relatively less temporal and geographic 
coverage compared to the other data sources due to not all questions being asked on 
all survey years.85 
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Project Implicit 
 
Strengths of Project Implicit include the large amount of data and the ability to 
measure implicit bias without relying on self-report.86,90 Additional advantages include 
the option to explore or adjust for multiple social biases (weapons stereotype, age, 
race, or gender bias, etc.),72,86,90 examine characteristics of the test-taker for 
descriptive, weighting, or stratification purposes,72,86,87,90 and compare implicit versus 
explicit biases.72,86,87,90 A major limitation of Project Implicit data is that study 
respondents are self-selected and may not represent the racial bias in their geographic 
area of residence.72,86,87,90 Several studies used post-stratification weights to increase 
representativeness with respect age and/or sex, reporting similar results with weighted 
and unweighted data.86,87,90 Finally, using the conventional method of scoring the 
Project Implicit tests, it is not possible to discern whether a higher implicit bias score is 
driven by greater pro-White or higher anti-Black bias.87 
 
Google Trends 
 
A major strength of Google Trends is that search data do not rely on self-report and 
therefore may capture private curiosities and socially undesirable attitudes with more 
authenticity compared to traditional survey instruments.71,82,83 Studies using Google 
data described prior validation work, linking area-level rates of searches for the “n-
word” with conceptually related constructs, such as voting71 and other area-based 
measures of racial bias.82 Authors also cited work linking other search queries to real-
world outcomes, such as infectious diseases, religiosity, and gun ownership.71,83 The 
primary limitation of Google Trends is a low degree of measurement specificity. The 
demographic makeup of users and context of the search is unknown; searches for the 
“n-word” may not be motivated by racism.71,82,83 Despite this potential for measurement 
error, Google Trends provides a high “signal-to-noise ratio” based on the sheer volume 
of data available.82,83  
 
Twitter 
 
The reach of Twitter was described as a major strength: millions of tweets are sent 
daily, and a large proportion of users make their profiles public.73,74,89 Authors also 
noted that the impersonal nature of Twitter may embolden users to speak more freely 
about racist attitudes than they may otherwise express during in-person interactions or 
on a survey.73,74,89,177 Other benefits of the platform include the range of individuals, 
groups, and businesses represented,89 predictive validity across a number of health 
topics and outcomes,73,74,89,177 and the ability to capture racial sentiment in real-time.177 
Finally, sentiment analysis allows investigators to determine the overall tone of the 
Tweets referencing racial groups,73,74,89,177 offering a major strength over Google Trends 
data where the context or motivation of the search is entirely unknown.71,82,83 However, 
misclassification may occur because sentiment analysis cannot capture sarcasm or 
humor.73,74,89 Despite the anonymity of Twitter, self-censorship may still influence what 
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users are willing to post.74,89 Finally, demographic characteristics of Twitter users are 
not reliably discernable.73 
 
DISCUSSION 
 
To our knowledge, this is the first systematic literature review of studies measuring 
area-level racial prejudice and examining associations with health outcomes in the 
United States. Collectively, the fourteen studies reviewed contribute to our growing 
understanding of racism as a multilevel determinant of health, while also illuminating 
the need for conceptual development and continued methodological rigor.   
 
Is area-level racial prejudice harmful to health, and for whom? 
 
This systematic review revealed that area-level racial prejudice, measured using 
several data sources, was associated with adverse health outcomes—ranging from 
preterm birth to premature mortality. The magnitude of these associations ranged from 
subtle to more pronounced; differences in effect sizes could be due to exposure and 
outcome measurement and specification, estimation procedures, or other study 
distinctions. More work using standardized measures will be necessary to directly 
compare findings across studies. It is also important to note that even small effects, 
when measured at the structural level, can be societally quite meaningful because they 
are scaled over large populations. 
 
Evidence of differential associations by race/ethnicity was mixed. Some studies found 
the health harms of area-level racial prejudice to be unique to, or more pronounced 
among, minoritized racial/ethnic groups compared to Whites,84,86,88,90 whereas others 
found associations of similar magnitude among racial/ethnic minoritized groups and 
Whites.71,74,85,89 Among studies that explored race/ethnic-specific effects, evidence of 
racial/ethnic differences did not depend on study outcome or mode of assessment, 
sample, geographic scale, or other design features. The extent to which these findings 
are driven by exposure data source is not clear. For example, the three studies that 
used Project Implicit data and examined differential effects by race found that White 
people’s pro-White/anti-Black racial bias was disproportionately associated with 
adverse health among Black as compared to White residents.86,87,90 In contrast, studies 
using GSS data showed both differential84,88 and non-differential85 effects by 
race/ethnicity. Further research is needed to illuminate the conditions underlying 
whether and to what extent associations between area-level racial prejudice and health 
differ between racial/ethnic groups.  
 
Findings of differential effects by race/ethnicity are consistent with an understanding of 
racism as a system of power and oppression that maintains white supremacy and 
advances the economic, social, and physical wellbeing of Whites through the 
subordination of racial/ethnic minoritized groups.2,5,167 Findings of non-differential 
effects by race/ethnicity, in contrast, align with an understanding of inequality and 
white supremacy as harmful to the health of everyone in society.182,183 Another plausible 
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explanation for the lack of race-specificity could be unmeasured confounding driving 
spurious associations of similar magnitude between area-level racial prejudice and 
health among all racial and ethnic groups. Resolving this mixed evidence is an 
important avenue for future research and can inform the development of interventions 
to improve population health and reduce health inequities. 
 
Conceptualization and pathways to health 
 
Our primary conceptual question was: “what are area-level measures of racial 
prejudice capturing in relation to existing understandings of racism, and what are the 
pathways to health?” The reviewed studies framed the exposure as either a proxy for 
the prevalence of prejudiced individuals in a geographic area, or as a macro-level 
construct, capturing the broader social context over and above the prejudice of 
individual actors. This latter conceptualization is consistent with Payne et al.’s (2017) 
“Bias of Crowds” model, which posits that “implicit bias is best understood as a social 
phenomenon that passes through the minds of individuals, but exists with greater 
stability in the situations they inhabit.”184 Building consensus around the 
conceptualization of this exposure is of top priority for grounding future work in this 
area.  
 
Theories of cultural racism56,68,76 may advance our understanding of area-level racial 
prejudice and how it undermines health. Defined as “the instillation of the ideology of 
inferiority in the values, language, imagery, symbols, and unstated assumptions of the 
larger society,”56 cultural racism provides a shared framework through which members 
of society value different racial/ethnic groups. Cultural racism reflects and reinforces 
structural racism, including institutional practices and policy regimes, which together 
shape the distribution of resources by race/ethnicity. At the same time, cultural racism 
creates the prejudice and stereotypes that undergird racial discrimination, a primary 
source of psychosocial stress and related health outcomes.56 Cultural racism may also 
directly impact health through other forms of racism-related stress, such as vicarious 
racism (e.g., witnessing or hearing about discrimination against family or friends), 
vigilance (e.g., bracing oneself in anticipation of experiencing discrimination) and 
collective experiences (e.g., awareness of discrimination against one’s racial/ethnic 
group, exposure to harmful media representations).2,76  
 
Previous research provides insights into the social antecedents and consequences of 
area-level racial prejudice. For example, evidence suggests that racial prejudice has 
historical roots in slavery and subsequent structural inequities (e.g., racial residential 
segregation and Black-White gaps in poverty and social mobility),185 as well as acute 
racialized social shocks, such as media coverage of the Black Lives Matter 
movement186 and the COVID-19 pandemic.187 Documented social consequences of 
area-level racial prejudice include racial inequities in access to healthcare,86 self-
employment,188 and income.189 Together, this evidence can be used to inform testable 
mechanistic hypotheses and deepen the conceptual rigor of future work. 
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Measurement and other methodological considerations 
 
There were several important limitations that prevent drawing causal conclusions from 
the evidence reviewed. The majority of studies were cross-sectional, examining 
exposures and outcomes each at one time point only.72-74,82-84,86,87,89,90 Given existing 
theory and evidence to suggest that higher rates of disease can drive up collective 
biases,190 reverse-causation may pose a threat to validity.72 Of note, the few studies 
that measured health outcomes prospectively provided evidence to support the 
hypothesis that living in an area with high levels of racial prejudice may be associated 
with incident morbidity and premature mortality.71,85,88 
 
A related concern is residual confounding, or a “mixing of effects”191 of area-level racial 
prejudice with unmeasured macro-level factors that may also influence health.192 While 
studies controlled for a variety of population-level sociodemographic variables, it is not 
possible to measure all of the complex structural and historical processes that likely 
shape collective prejudice, and drive health outcomes. Last, how do we define “area-
level” (neighborhood, school district, city, county, MSA, state), and might higher levels 
of aggregation beyond neighborhoods obscure heterogeneity in prejudice across 
places? Future work could compare effects of prejudice at different geographic scales 
or examine cross-level interactions (e.g., county*state) to inform mechanistic 
hypotheses and multi-level policy interventions.  
 
Across the four data sources used to measure area-level racial prejudice, there were 
important trade-offs between (1) representativeness, (2) self-censorship, and (3) 
specificity of measurement (Figure 3). First, the value of aggregating data from multiple 
individuals to characterize the racial prejudice in a defined geographic area relies on 
the assumption that those individuals are representative of the populations in the areas 
where they reside. The Google and Twitter measures have been described as highly 
representative, given the broad accessibility of internet access today.74,193 However, 
according to the Pew Research Center, only about 22% of adults use Twitter,194 and 
users tend to be younger, more educated, and more progressive than the general 
population.195 In addition, Twitter data are restricted to the 83% of users who make 
their profiles public.73,74,196 It is possible that public users and the content of their tweets 
differ systematically from other users, which poses a threat to validity. Moreover, while 
almost all (99%) of public tweets can be geotagged at the state-level, only about 3-4% 
provide latitude and longitude information needed to examine sentiment at smaller 
geographic scales. The GSS is a nationally-representative survey, but may not be 
completely representative at smaller geographic scales.84 
 

[FIGURE 3 HERE] 
 
Project Implicit data are the least representative because respondents are self-
selected, with reasons for participation ranging from class assignments and racial bias 
trainings or pure curiosity.197 On average, Project Implicit respondents tend to be 
younger and comprised of more women than the general population.198 To mitigate this 
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concern, some studies implemented post-stratification weights to make county 
averages more representative based on age and/or sex;86,87,90 however, this strategy 
does not address self-selection based on unmeasured factors, including amount of 
racial bias.75,86,199 Somewhat reassuringly, validation work by Hehman et al. (2019) 
demonstrated a high degree of convergent validity of unweighted area-level implicit 
and explicit racial bias data from Project Implicit with racially charged Google searches 
and nationally representative racial attitude data from the Pew Research Center.200  
 
A second consideration is self-censorship of racial prejudice due to social desirability 
bias, or individuals’ reluctance to report social attitudes they perceive to be 
unacceptable.201 The survey-based measures of explicit racial attitudes from Project 
Implicit and the GSS are highly subject to self-censorship because they are self-
reported. A benefit of the implicit association test (IAT) from Project Implicit is that it 
assesses racial prejudice based on implicit/unconscious cognitive associations rather 
than self-report, thereby mitigating this concern. A major draw of Google and Twitter is 
that these measures do not rely on self-reported racist attitudes; they discern this 
information based on the content of people’s search queries and tweets.  
 
Third, specificity of measurement refers to whether the instrument is actually 
measuring racial prejudice. The IAT from Project Implicit is highly specific: it is a 
validated measure of racial prejudice and is shown to reliably predict discriminatory 
behavior across a number of settings;179,202,203 although there is some measurement 
ambiguity between pro-White and anti-Black bias.87 The explicit measure of racial bias 
from Project Implicit and GSS also offer high specificity because they directly ask 
respondents’ attitudes about race-related topics, but as discussed, are threatened by 
self-censorship.  
 
While Google and Twitter have high generalizability and low self-censorship compared 
to the survey-based measures, their validity relies on the assumption that searches and 
tweets actually reflect racial prejudice. The sentiment analysis used to classify Twitter 
data may help to evaluate this assumption by enabling the researcher to discern the 
tone (e.g., positive, negative, or neutral) of the tweets, with the caveat that these 
algorithms are unable to detect humor, sarcasm, or colloquialisms, potentially resulting 
in residual misclassification.73,89 With Google, the content and context of the search 
query is entirely unknown, and it is plausible that the “n-word” is searched for reasons 
unrelated to racism. A final threat to measurement specificity, shared by Google and 
Twitter, is the inability to ascertain the racial identity of the user. Whereas Project 
Implicit and GSS data allow the researcher to perform stratified aggregation capturing 
area-level prejudice specifically among Whites (i.e., the racial/ethnic group with the 
most wealth and decision-making power), Google and Twitter data combine the 
internet activity of all users. To the extent that racially-charged searching and tweeting 
means something qualitatively different when performed by a White versus racially 
minoritized individual, the validity of the exposure will be compromised.  
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No single data source offered superior representativeness, specificity of measurement, 
and self-censorship. For example, Project Implicit data are the least representative but 
the most specific. Google and Twitter minimize self-censorship but in doing so, 
compromise specificity of measurement. These and other trade-offs are illustrated in 
Figure 3. An outstanding question is whether aggregated data from various sources 
measure the same or different exposures. Factor analysis would be one way to 
evaluate this question, and if an underlying factor is found, a composite score 
combining data from multiple sources may be useful for more holistically capturing 
area-level racial prejudice.   
 
Recommendations for future research 
 
This critical review contributes to the growing understanding of racism as a social 
determinant of health and highlights important directions for future research.  
 
First, there is a pressing need to deepen the conceptual and theoretical rigor of this 
work. What are these aggregated measures of racial prejudice capturing in relation to 
the field’s current understanding of racism? Might they be conceptualized as a 
component or bi-product of cultural racism?56,68,76 Evaluating associations between 
area-level racial prejudice and other manifestations of cultural racism (e.g., media 
representations, language and symbols, social norms) would provide useful insight. At 
the same time, researchers may examine how area-level racial prejudice relates to 
various dimensions of structural racism (e.g., institutional policies and practices, racial 
residential segregation), and whether these cultural and structural forces interact to 
shape social and health inequities.  
 
Second, rooted in theory, future research could incorporate additional data to explore 
mediation and moderation by community-level demographic, economic, 
environmental, institutional, and political forces, as well as by individual-level identities, 
socioeconomic characteristics, and psychosocial, behavioral, and biologic processes. 
For example, testing whether individuals living in areas with higher levels of racial 
prejudice report more experiences of racial discrimination and whether such 
discrimination mediates and/or moderates the effects on health could help to inform 
hypotheses and targeted interventions.74,75 
 
Third, many of the threats to causal inference identified in this review (e.g., unmeasured 
confounding, temporality issues) could be mitigated by the use of natural experiments 
and econometric methods. These approaches leverage the timing and/or location of 
“social shocks” to understand how exogenous changes in the social environment 
cause changes in health outcomes.192 For example, research examining the 
relationship between acute or ongoing racially salient events, changes in area-level 
racial prejudice, and changes in health outcomes among different racial/ethnic groups 
can advance our understanding of the causal mechanisms at play, while strengthening 
the conceptualization of the exposure by identifying its antecedents. In tandem, 
research linking area-level racial prejudice measures with data from longitudinal cohort 
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studies with multiple prospective outcome assessments across the lifecourse could 
identify developmental windows of vulnerability and inform targeted interventions. 
 
Lastly, increased use of big data in public health and social science research will likely 
lead to innovations in the data sources used to measure area-level racial prejudice 
(e.g., prejudice expressed on Facebook, Instagram, Craigslist). When evaluating the 
utility of various data sources, researchers can seek to maximize representativeness 
and specificity of measurement while minimizing self-censorship. Researchers may 
also consider validation and factor analysis to strengthen measurement. We caution, 
however, that rigor and innovation in measurement must be accompanied by equally 
rigorous theoretical work, as specified in the first recommendation for future research. 
Additional sources of data will not overcome the need for a clearly defined exposure 
with solid theoretical grounding.  
 
Strengths and limitations of the systematic review 
 
This preregistered systematic literature review had several notable strengths. 
Developing comprehensive search strings with consultation from a research librarian 
and searching across four multidisciplinary databases increased the breadth and depth 
of our search and the likelihood of identifying eligible articles from across academic 
disciplines. Two independent investigators performed all screening and data 
extraction, and met regularly to build consensus, strengthening the quality of our data.  
 
There were also important limitations. Despite a comprehensive search strategy which 
yielded over 14,000 unique articles, it is possible we did not identify all eligible studies. 
In addition, publication and reporting bias pose a threat to validity in systematic 
literature reviews; null or counterintuitive findings may be omitted or unpublished, 
which would over-estimate the effects of area-level racial prejudice on health.204 Our 
working definition of area-level racial prejudice focused on aggregated indicators of 
cognitive but not behavioral manifestations of racism. This choice was made 
strategically to manage the conceptual specificity and scope of the study. A future 
systematic review examining health consequences of aggregated measures of racial 
discrimination (e.g., home mortgage discrimination,81 racist policing,205 or hate 
crimes)206 could complement this study.  
 
CONCLUSIONS 
 
The measurement of area-level racial prejudice based on aggregated individual-level 
data, and estimation of associations with key health outcomes, is a promising area of 
inquiry. We conducted the first, to our knowledge, systematic review of this growing 
literature. Evidence to-date suggests that area-level racial prejudice is harmful to the 
health of racial/ethnic minoritized groups, with some studies also showing harmful 
effects among Whites. Future studies can deepen the theoretical rigor of this work 
while advancing innovations in measurement, strengthening causal inference, and 
exploring social and biologic mechanisms. Findings from this emerging body of 
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literature can be used to inform public health policymakers and practitioners in 
developing evidence-based interventions to reduce the harm caused by ambient racial 
prejudice in society.
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TABLES AND FIGURES 
 
Figure 1. Prisma flow diagram 
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Table 1. Characteristics of included studies (N=14)  
Study characteristic n (%) References 
Follow-up a   
Cross-sectional 10 (71.4%) Cross-sectional: Kennedy et al. (1997), Leitner et al. 

(2016a), Leitner et al. (2016b), Orchard & Price (2017), 
Hehman (2018), Chae et al. (2015), Chae et al. (2018), 
Nguyen et al. (2018), Huang et al. (2020) 
Serial cross-sectional: Nguyen et al. (2020) 

Prospective 3 (21.4%) Lee et al. (2015), Morey et al. (2018), McKetta et al. 
(2017),  

Time series 1 (7.1%) Hswen et al. (2020) 
Level of analysis b   
Ecologic 6 (42.9%) Chae et al. (2015), Kennedy et al. (1997), Leitner et al. 

(2016a), Leitner et al. (2016b), Hehman et al. (2018), 
Hswen et al. (2020) 

Multilevel 7 (50%) Lee et al. (2015), Morey et al. (2018), McKetta et al. 
(2017), Orchard & Price (2017), Chae et al. (2018), 
Nguyen et al. (2018), Nguyen et al. (2020)  

Individual 1 (7.1%) Huang et al. (2020) 
Exposure scale   
County 3 (21.4%) Leitner et al. (2016a), Leitner et al. (2016b), Orchard & 

Price (2017)  
State 5 (35.7%) Kennedy et al. (1997) McKetta et al. (2017), Nguyen et 

al. (2018), Nguyen et al. (2020), Huang et al. (2020) 
DMA 2 (14.3%) Chae et al. (2015), Chae et al. (2018) 
PSU 2 (14.3%) Lee et al. (2015), Morey et al. (2018) 
CBSA 1 (7.1%) Hehman et al. (2018) 
National 1 (7.1%) Hswen et al. (2020) 
Exposure data source   
GSS 3 (21.4%) Kennedy et al. (1997), Lee et al. (2015), Morey et al. 

(2018) 
Project Implicit  4 (28.6%) Leitner et al. (2016a), Leitner et al. (2016b), Orchard & 

Price (2017), Hehman (2018) 
Google Trends 3 (21.4%) Chae et al. (2015), Chae et al. (2018), McKetta et al. 

(2017) 
Twitter 4 (28.6%) Nguyen et al. (2018), Nguyen et al. (2020), Huang et al. 

(2020), Hswen et al. (2020) 
Race/ethnicity of exposure 
population c 

  

White racial prejudice 3 (21.4%) Leitner et al. (2016a), Leitner et al. (2016b), Hehman et 
al. (2018) 

Black racial prejudice 2 (14.3%) Leitner et al. (2016b), Hehman et al. (2018) 
Not race-specific 4 (28.6%) Kennedy et al. (1997), Lee et al. (2015), Morey et al. 

(2018), Orchard & Price (2017) 
Not discernable with the 
data source used 

7 (50%) Chae et al. (2015), Chae et al. (2018), McKetta et al. 
(2017), Huang et al. (2020), Hswen et al. (2020), 
Nguyen et al. (2018), Nguyen et al. (2020) 

Outcome c   
Birth outcomes 4 (28.6%) Orchard & Price (2017), Chae et al. (2018), Nguyen et 

al. (2018), Nguyen et al. (2020) 
All-cause mortality 4 (28.6%) Kennedy et al. (1997), Lee et al. (2015), Morey et al. 

(2018), Chae et al. (2015) 
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a Cross-sectional: exposure and outcome examined at one time-point only, even if the exposure 
preceded the outcome; Prospective: exposure precedes outcome and there are multiple outcome 
assessments on each study participant; Time-series analysis: changes in group-level rates (not 
necessarily the same study participants) over time. 
b Multilevel: area-level exposure and individual-level outcomes, analyzed using analytic methods that 
account for clustered data; Individual: exposure and outcome analyzed at individual-level and methods 
do not account for clustering (i.e., exposure is measured at the area-level but the unit of analysis is the 
individual); Ecologic: exposure and outcome analyzed at area-level. Individual-level variables may be 
used in creation of area-level outcome (e.g., age-standardized death rates), but the unit of analysis is the 
area (e.g., state, county). 
c Sum is >100% because categories are not mutually exclusive. 

Cause-specific mortality 4 (28.6%) Leitner et al. (2016a), Leitner et al. (2016b), Hehman 
(2018), Chae et al. (2015) 

CVD and related risk factors 2 (14.3%) Leitner et al. (2016a), Huang et al. (2020) 
Mental health 1 (7.1%) Hswen et al. (2020) 
Self-reported health 1 (7.1%) McKetta et al. (2017)  
Outcome assessment c   
Birth records 4 (28.6%) Orchard & Price (2017), Chae et al. (2018), Nguyen et 

al. (2018), Nguyen et al. (2020) 
Death records 6 (42.9%) Kennedy et al. (1997), Lee et al. (2015), Morey et al. 

(2018), Chae et al. (2018), Leitner et al. (2016a), Leitner 
et al. (2016b) 

Self-report 4 (28.6%) Leitner et al. (2016a), McKetta et al. (2017), Huang et 
al. (2020), Hswen et al. (2020) 

Other 1 (7.1%) Hehman et al. (2018) (Guardian database) 
Race/ethnicity of outcome 
population c 

  

Black and White 6 (42.9%) Kennedy et al. (1997), Lee et al. (2015), Leitner et al. 
(2016a), Leitner et al. (2016b), McKetta et al. (2017), 
Orchard & Price (2017)  

Multi-racial (>2) 4 (28.6%) Huang et al. (2020), Morey et al. (2018), Nguyen et al. 
(2018), Nguyen et al. (2020) 

Black only 3 (21.4%) Hehman et al. (2018), Chae et al. (2015), Chae et al. 
(2018) 

Hispanic only 1 (7.1%) Hswen et al. (2020) 
Sample size d   
Min  875 Hehman et al. (2018) 
Max 31,464,451 Orchard & Price (2017) 
Median 3,245,8787.5  
Mean (SD) 5,967,3432.9 

(10,530,918.1) 
 

NA (n (%))  2 (14.3%) Kennedy et al. (1997), Leitner et al. (2016b) 
Mechanisms explored  c   
Mediation 2 (14.3%) Lee et al. (2015), Leitner et al. (2016a)  
Effect measure 
modification/interaction e 

10 (71.4%) Compared race-specific rates: Kennedy et al. (1997) 
Stratified subgroups (no test for interaction): Nguyen 
et al. (2018), Nguyen et al. (2020) 
Multiplicative interaction: Lee et al. (2015), Morey et al. 
(2018), Leitner et al. (2016a), Leitner et al. (2016b), 
Orchard & Price (2017), McKetta et al. (2017), Huang 
et al. (2020) 

NA (within-group study) 4 (28.6%) Hehman (2018), Chae et al. (2018), Chae et al. (2015), 
Hswen et al. (2020) 
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d Reflects number of individuals included in outcome assessment. NAs are for studies where outcome 
was expressed as area-level rates and no individual-level sample sizes were provided. Sample sizes and 
number aggregated in exposure assessments are shown Supplemental Table 1. 
e Includes any study that examined whether the association between area-level racial prejudice was 
differential or non-differential by racial/ethnic/immigrant group. This included formal tests of interaction 
with or without simple slopes or stratified subgroup analysis, stratified subgroup analyses without a 
formal test of interaction, or examining race-specific rates at the area-level. 
DMA = designated market area (geographic area receiving similar media and news); CBSA = core-based 
statistical area (similar to metropolitan statistical area); PSU = primary sampling unit (comprised of 
metropolitan statistical areas and non-metropolitan counties).88 
 
Figure 2. Proposed pathways linking area-level racial prejudice with health 

 
 
 
Figure 3. Measurement trade-offs between area-level racial prejudice data sources 
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CONCLUSION 
 
This dissertation aimed to advance the measurement of racism as a multilevel 
construct and fundamental cause of health inequities. Drawing on conventional and 
novel measurement approaches, I examined the health consequences of interpersonal, 
institutional, and cultural racism. A primary focus of this work was how measurement 
and methodological decisions can be guided by the conceptualization of the exposure 
and hypothesized pathways to embodiment. As Cross (2019) poignantly states: “to 
document racism or study its effects, one must first measure it.”78 This was the charge 
of my dissertation. 
 
In Chapter 1, we developed a novel approach to coding the Everyday Discrimination 
Scale with the goal of more accurately capturing the chronicity of racial discrimination 
experiences, based on the biological pathway to health: chronic psychosocial stress 
adaptation. Using data from the African American Women’s Heart and Health Study, 
we compared exposure classification and health associations between what we call 
“chronicity coding” and the two standard coding approaches commonly used in the 
literature. Consistent with our hypothesis, the chronicity-based coding approach 
showed the strongest associations with hypertension, which I posited may be due to 
more accurate exposure assessment. These findings suggest that racial discrimination 
scale coding decisions can have profound impacts on the classification of risk and 
documentation of health effects. Mixed evidence of associations between racial 
discrimination and health outcomes (particularly blood pressure outcomes) across the 
literature may be, in part, due to differences in scale coding across studies. Future 
research in this area should choose coding approaches based on the proposed 
pathway to health and consider adopting a chronicity-based coding approach when 
the biological mechanism involves chronic stress adaptation.   
 
In Chapter 2, we leveraged data from the Home Mortgage Disclosure Act to measure 
one pernicious form of institutional racism: racial bias in home mortgage lending. We 
examined associations with race- and subtype-specific breast cancer incidence among 
non-Hispanic Black and non-Hispanic White females in California, hypothesizing there 
would be a positive association with triple-negative breast cancer among Black 
females. Contrary to our hypothesis, no meaningful association between racial bias in 
home mortgage lending and breast cancer incidence was observed for either subtype 
among either racial group (i.e., incidence rate ratios were close to 1). Null findings may 
have been driven by counteracting harmful and salutary forces in neighborhoods with 
high rates of racial bias in home mortgage lending, and/or the timing of our exposure 
assessment in relation to our outcome (i.e., concurrent assessment does not account 
for latency period). Incorporating residential history data to classify exposure to 
institutional racism and toxic neighborhood environments during salient etiologic 
windows across the lifecourse could advance this line of research. 
 
In Chapter 3, we conducted a systematic literature review of all studies examining the 
health consequences of area-level racial prejudice, which I conceptualize as a measure 
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of cultural racism. All 14 studies included in the review found a positive association 
between area-level racial prejudice and adverse health outcomes among racial/ethnic 
minoritized groups, with four studies also showing a similar association among Whites. 
In response to the inconsistent conceptualizations of the exposure and hypothesized 
pathways to health across the studies reviewed, I proposed cultural racism as a 
unifying construct which may impact health via several distinct mechanisms, offering 
concrete directions for future research in this area, such as developing and validating a 
cultural racism index, examining interactions with institutional and structural racism, 
and empirically testing pathways to health across the lifecourse.  
 
Taken together, these three studies contribute to the growing literature on racism as a 
fundamental cause of health inequities. A primary theme of my dissertation was to join 
in the ongoing conversation of how we can best measure racism to understand its 
effects on health. At its core, my dissertation concludes that measurement decisions 
should be guided by the conceptual definition and dimension of racism, as well as the 
hypothesized social or biologic pathway to embodiment.3 I hope this body of work will 
encourage the critical reflection and theory-driven measurement required to rigorously 
document and ultimately eliminate racism’s harmful effects on the health of racially 
minoritized individuals, families, and communities. 
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SUPPLEMENTAL MATERIAL 
 

CHAPTER 1 SUPPELEMENTAL MATERIAL 
 
Table S1. Everyday Discrimination Scale item response distribution (n(%)), African 
American Women’s Heart & Health Study, Northern California, 2012-2013 (n=207) 

 Never 
Less 
than 

once a 
year 

A few 
times a 

year 

A few 
times a 
month 

At least 
once a 
week 

Almost 
everyday 

You are treated with less 
courtesy than other people 24 (12) 25 (12) 65 (31) 40 (19) 27 (13) 26 (13) 

You are treated with less respect 
than other people 33 (16) 30 (15) 58 (28) 32 (16) 25 (12) 29 (14) 

You receive poorer service than 
other people at restaurants and 
stores 

26 (13) 44 (21) 58 (28) 37 (18) 19 (9) 23 (11) 

People act as if they think you are 
not smart 50 (24) 34 (16) 48 (23) 22 (11) 27 (13) 26 (13) 

People act as if they are afraid of 
you 68 (33) 34 (16) 32 (16) 26 (13) 22 (11) 25 (12) 

People act as if you are dishonest 65 (31) 41 (20) 37 (18) 20 (10) 15 (7) 29 (14) 

People act as if they’re better 
than you are 26 (13) 25 (12) 45 (22) 42 (20) 22 (11) 47 (23) 

You are called names or insulted 96 (46) 41 (20) 33 (16) 12 (6) 12 (6) 47 (23) 

You are threatened or harassed 118 (57) 32 (16) 24 (12) 10 (5) 9 (4) 14 (7) 

You are followed around in stores 44 (21) 41 (20) 61 (30) 18 (9) 17 (8) 26 (13) 

Question asks: “In your day-to-day life, how often. Have any of the following things 
happened to you because of your race, ethnicity, or skin color?” 
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Figure S1. Directed acyclic graph 

 
 
Tables S2. Concordance and discordance in Everyday discrimination scale exposure 
classification by coding approach African American Women’s Heart & Health Study, 
Northern California, 2012-2013 (n=207) 

 

SUPPLEMENTAL MATERIAL: IMPLICATIONS OF SCALE CODING FOR VALIDITY IN 
EPIDEMIOLOGY 
	

1	

Table S2. Concordance and Discordance in EDS Exposure Classification Between Frequency- 
and Chronicity-Based Coding (n(%)) (n=207) 
 Frequency-based coding  
Chronicity-based coding Low EDS Mod EDS High EDS 
Low EDS 59 (29) 10 (4.8) 0 (0.0) 
Mod EDS 13 (6.2) 52 (25) 4 (1.9) 
High EDS 0 (0) 7 (3.4) 62 (30) 
n (%) discordant 34 (16) 

 
Table S3. Concordance and Discordance in EDS Exposure Classification Between Situation- and 
Frequency-Based Coding (n(%)) (n=207) 
 Frequency-based coding  
Situation-based coding Low EDS Mod EDS High EDS 
Low EDS 65 (31) 17 (8.2) 3 (1.5) 
Mod EDS 6 (2.9) 32 (16) 17 (8.2) 
High EDS 1 (0.5) 20 (10) 46 (22) 
n (%) discordant 64 (31) 

 
Table S4. Concordance and Discordance in EDS Exposure Classification Between Situation- and 
Chronicity-Based Coding (n(%)) (n=207) 
 Chronicity-based coding 
Situation-based coding Low EDS Mod EDS High EDS 
Low EDS 55 (27) 25 (12) 5 (2.4) 
Mod EDS 11 (5.3) 24 (12) 20 (10) 
High EDS 3 (1.5) 20 (10) 44 (21) 
n (%) discordant 80 (41) 
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CHAPTER 3 SUPPLEMENTAL MATERIAL 
 
Supplement A: Detailed Methodology 
 
Search Strategy 
 
We searched the following electronic databases with the goal of gathering studies from 
across academic disciplines: (1) PubMed, (2) SCOPUS, (3) PsycInfo, and (4) 
Sociological Abstracts.  
 
Search terms were developed iteratively based on a preliminary review of the 
literature, research team expertise, content knowledge, and consultation with a public 
health research librarian. First, we developed preliminary search terms based on the 
titles and abstracts of known twelve papers examining the association between area-
level racial prejudice and health outcomes 71-73,82-90. Next, we added search terms 
identified by the research team and those recommended by the research librarian. We 
then tested preliminary search strings in multiple databases to gauge the breadth and 
depth of results returned. We iteratively modified search terms, string combinations, 
and databases to ensure all twelve known papers were identified. Once our search 
strategy identified all twelve known papers, we performed the formal search with no 
further modifications. The final set of strings were: 
 
STRING 1: “racism” OR “stigma” OR “racial prejudice” OR “racial bias” OR “racial 
biases” OR “implicit racial bias” OR “explicit racial bias” OR “racial attitudes” OR 
“racist attitudes” OR “racial beliefs” OR “racist beliefs” OR “racial sentiment” OR 
“racist sentiment” OR “N-Word” OR “racial animus” 
 
STRING 2: "project implicit" OR "general social survey" OR “Twitter” OR “Google” 
 
STRING 3: “community-level” OR “communities” OR “county-level” OR “state-level” 
OR "area-level" OR “neighborhood-level” OR “regional” OR “collective” 
 
STRING 4: “area-racism” OR “collective disrespect” OR “bias of crowds” 
QUERY 1: string 1 AND string 2  
QUERY 2: string 1 AND string 3  
QUERY 3: string 2 AND string 3 
QUERY 4: string 4  
 
We performed our database search on April 5, 2020. One investigator entered search 
strings into databases 1 and 2, and another investigator entered search strings into 
databases 3 and 4. Our search yielded a total of 20,616 records, which were uploaded 
to Covidence systematic review software,172 Two articles, published in July and 
September of 2020, were identified after the formal literature pull but before data 
extraction was complete.74,177 We included these papers for consideration in the review 
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to maximize the amount of information gained from this emerging area of research. 
After removal of duplicates, 14,632 records proceeded to title and abstract screening.  
Two reviewers independently performed all screening based on inclusion and exclusion 
criteria. Results of the screening were compared, and disagreements were resolved via 
consult from a third investigator. Inclusion criteria included: (a) peer-reviewed journal 
article; (b) quantitative empirical study; (c) study conducted in the United States; (d) 
published in the English language; (e) study exposure is an indicator of bias, prejudice, 
animus, attitudes, sentiment, or beliefs toward or about a particular racial, ethnic, or 
immigrant group(s) that is measured at the individual-level and aggregated to the area-
level; (f) study exposure is assessed using data from (1) surveys, questionnaires, or 
assessment tools, (2) social media, or (3) Google searches; and (g) study outcome is a 
mental or physical health outcome or health behavior.  
 
Our title and abstract screening excluded 14,600 records, leaving 32 articles for full-
text review, of which 14 met inclusion criteria. Figure 1 shows the results of these 
exclusions. 
 
Data Extraction 
 
Once the final set of included papers was identified, full-text PDFs were uploaded into 
MaxQDA176 for data extraction.  
 
We extracted standard data in accordance with PRISMA guidelines.171 We also 
extracted data for our specific research questions. First, we were interested in 
conceptualization and framing—how were researchers thinking about area-level racial 
prejudice in relation to existing conceptual models for racism and health? We 
documented the terminology and theory used to describe the exposure, presence and 
content of any conceptual models, and proposed pathways to health. Second, we 
extracted data on empirically tested mediation and moderation of the association 
between area-level racial prejudice and health outcomes. In particular, we were 
interested in whether any association between area-level racial prejudice and health 
outcomes was differential by racial identity. Finally, we extracted data on key 
measurement and other methodological considerations. 
 
Data Extraction Codebook 
 
1 Background/Framing 
 
1.1 Motivation 
How are the authors motivating their approach to aggregating racial bias (e.g., to 
measure structural/cultural racism, to avoid self-report, some other reason, no 
rationale provided?) 

 
1.2 Terminology 
Terminology used to describe the exposure 
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1.3 Theory 
Theory used? If so, which theory or theories? 

 
1.4 Conceptual model 
 
1.5 Pathway to health 
Proposed pathway to health? 

 
2 Study population 
 
2.1 Exposure geography 
Number of geographic units in exposure population (e.g., 208 DMAs) 

 
2.2 Outcome pop 
Number and demographic breakdown (e.g., age, sex, other) of participants in 
outcome assessment (e.g., outcomes on 40,000 NHW and NHB BRFSS respondents) 

 
3 Study design 
 
3.1 Follow-up 
One time-point (cross-sectional) 
Multiple time points (longitudinal 
Time-to-event (survival) 

 
3.2 Level of analysis 
Ecologic - exposure and outcome measured at area-level 
Multilevel - exposure at area-level (accounts for clustering), outcome at individual-
level  
Individual - exposure and outcome at individual-level (does not account for clustering) 

 
3.3 Study period 
Time period of data (exposure, outcome, and covariates) 
 

4 Study setting 
 
4.1 Study area 
E.g., California, US, global 

 
4.2 Exposure scale 
At what geographic scale was the exposure measured? 

 
4.3 Outcome scale 
At what geographic scale was the outcome measured? 
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4.4 Covariate scale 
At what geographic scale were covariates measured 

 
5 Exposure 
 
5.1 Exposure(s) 
 
5.2 Data source 
Project Implicit 
Google  
General Social Survey 
Twitter 
Other 

 
5.3 Number aggregated 
Number of individual observations aggregated (e.g., n=1 million IAT responses were 
aggregated to the county-level) (if reported) 

 
5.4 Specification 
Implicit or explicit racial bias data 
Restrictions 
Weighting 
Google search terms queried 
Continuous or binary 
Coding, cutpoints, etc. 
Any information on validity (either based on prior literature, or tested in the study) 

 
6 Outcomes 
 
6.1 Outcome(s) 
What was the primary study outcome? 

 
6.2 Data source 
What was the data source for the study outcome? 

 
6.3 Assessment 
E.g., self-report, biomarker, administrative records 

 
6.4 Specification 
  E.g., Continuous, binary coding/cutpoints used; other details  
 
7 Confounder adjustment 
 
7.1 How identified? 
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How were confounders identified (e.g., literature review, DAG, data-driven 
approaches)? 

 
7.2 Area-level 
What area-level confounders were identified and how were they measured? 

 
7.3 Individual-level 
What individual-level confounders were identified and how were they measured? 

 
7.4 How addressed? 
How was confounding addressed (e.g., multivariable regression, propensity score 
matching, econometric models?)? 

 
8 Findings 
 
8.1 Statistical model 
Statistical model used and any modeling notes (e.g., robust SEs, sensitivity analyses 
performed, etc) 

 
8.2 MOA 
Measure of association and 95% confidence interval for main results, subgroup 
effects, and any sensitivity analyses 

 
8.3 Findings 
Tag to highlight summary of findings 

 
9 Mechanisms 
 
9.1 Area-level 
Area-level mediation or effect measure modification (formal interaction or stratified 
results) 

 
9.2 Individual-level 
Individual-level mediation or effect measure modification (formal interaction or 
stratified results) 

 
9.3 Differential? 
Association differential or non-differential by racial identity (assessed via formal 
interaction or race-stratified results)? 

 
10 Limitations 
 
10.1 Investigator 
Limitations identified by the investigator 
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10.2 Research team 
Limitations identified by the research team 

 
11 Notes 
 
11.1 Implications 
Implications for future research 

 
11.2 Other refs 
Any other references to include in the review that we missed in our literature pull 

 
11.3 Notable 
Anything else you find notable or want to come back to; memorable quotes 
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Table S1A. Overview of studies 
Source Study design Study sample Study setting 

First 
author, 
year 

Level of 
analysis Follow-up Study sample 

(descriptives if provided) Study area 

Years of 
data for 
Exposure, 
Outcome, 
Covariates 

Exposure 
scale 

Outcome 
scale Covariate scale 

Kennedy 
et al., 
1995 

Ecologic Cross-
sectional N/A (rates) 

39 US 
states (not 
specified 
which 
states) 

E: 1986-
1990 
O: 1990 
C: 1990 

Individual, 
aggregated to 
state 

State State 

Lee et 
al., 2015 Multilevel 

Prospective 
(discrete-
time event 
history) 

n=10,950 Black and 
white GSS respondents 
across 100 PSUs; 
Mage=45 years 55% 
female, 85.7% white, 
14.3% = Black 

US  E: 1993-
2002 
O: 1993-
2008 
C: 1990-
2002  

Individual, 
aggregated to 
PSU 

Individual Individual and 
PSU 

Morey et 
al., 2018 Multilevel Prospective 

(survival) 

n=13,242 immigrant GSS 
respondents across 123 
PSUs (Mage=43.5, 53% 
female, 79% white, 14% 
Black, 8% Other Race) 

US  E: 1993-
2010 
O: 1993-
2014 
C: 1993-
2014 

Individual, 
aggregated to 
PSU 

Individual Individual and 
PSU 

Leitner 
et al., 
2016a 

Ecologic  Cross-
sectional 

Study 1: n=199,159 
Black and white BRFSS 
respondents (11.8% 
Black, 88.9% white) but 
outcomes were modeled 
as rates 
Study 2: NA (rates) 

US  E: 2003-
2013 
O1: 2012 
O2: 2003-
2013 
C: 2000, 
2005-2013  

Test, 
aggregated to 
county  

Study 1: 
County 
Study 2: 
County 

Study 1: County 
Study 2: County 

Leitner 
et al., 
2016b 

Ecologic  Cross-
sectional 

N/A (rates) 
Black  death rate per 
100,000: M = 352.595, 
SD = 84.806; White death 
rate per 100,000:  
M = 270.477, SD = 54.2  

US  E: 2003-
2013 
O: 2003-
2013 
C: 2005-
2013 

Test, 
aggregated to 
county 

County County 
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Orchard 
& Price, 
2017 

Multilevel Cross-
sectional 

n=31.5 million births 
(white Mage = 27.78, SD 
= 6.04, 15% finished 
college; Black Mage = 
25.84, SD = 6.22, 8% 
finished college) 

US  E: 2002-
2012 
O: 2002-
2012  
C: 2002-
2013  

Test, 
aggregated to 
county 

Individual Individual and 
county  

Hehman 
et al., 
2017 

Ecologic Cross-
sectional 

n=875 individuals 
confirmed as killed by 
police officers in the 
United States (Mage = 
37.3 years, SD = 13.3; 
4% female) 

US  

E: 2003- 
2013 
O: 1/1/15-
9/30/15 
C: 2010-
2013 

Test, 
aggregated to 
CBSA 

CBSA CBSA 

Chae et 
al., 2015 Ecologic Cross-

sectional 

23.1 million person-years 
across 196 DMAs (49.3% 
aged 45+; 52.81% 
female) but outcomes 
were modeled as rates 

US (except 
AK)  

E: 2004–
2007 
O: 2004–
2009 
C: 2000, 
2004-2009 

Search, 
aggregated to 
DMA 

DMA DMA 

Chae et 
al., 2018 Multilevel Cross-

sectional 

n=2,332,216 births to 
Black women across 196 
DMAs (maternal age: 
6.3% <18, 83.6% 18-34, 
10.1% 35+) 

US (except 
AK) 

E: 2004-
2007 
O: 2005-
2008 
C: 2005-
2010 

Search, 
aggregated 
DMA 

Individual Individual and 
DMA 

McKetta 
et al., 
2018 

Multilevel Prospective 
(survival) 

N=16,580 Black and 
white PSID respondents 
(66.1% white, 33.9% 
Black) 

US (except 
AK)   

E: 2004-
2007 
O: 1990-
2009   
C: 1990  

DMA, 
aggregated to 
state 

Individual Individual and 
state 

Nguyen 
et al., 
2018 

Multilevel Cross-
sectional 

n=3,988,733 births 
(birthing persons – 53% 
were white, non-
Hispanic, and 77% were 
U.S. born)  

Contiguous 
US + DC 

E: March 
2015–April 
2016 
O: 2015 
C: 2015  

Tweet, 
aggregated to 
state 

Individual Individual and 
state 

Huang 
et al., 
2020 

Individual Cross-
sectional 

n=450,016 participants 
(range: n=433,434 to 
n=433,680 across 
outcomes) 

Contiguous 
US + DC 

E: 2015-
2018 
O: 2017 
C: 2017 

Tweet, 
aggregated to 
state 

Individual Individual 
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Nguyen 
et al., 
2020 

Multilevel 
Serial 
cross-
sectional 

N=9,988,030 for 
gestational age, 
n=9,985,402 for birth 
weight (birthing persons – 
Mage= 29 years, 59.74% 
married, 85.99% 
completed at least high 
school) 

Contiguous 
US + DC 

E: June 
2015-
December 
2017 
O: 2015-
2017 
C: 2013-
2017 

Tweet, 
aggregated to 
state 

Individual Individual and 
state 

Hswen 
et al., 
2020 

Ecologic  Time-series 
n=8,314 Hispanic Gallup 
respondents (no 
descriptives provided) 

US 

E: 
8/29/2016-
1/16/2017  
O: 
8/29/2016-
1/16/2017 

Tweet, 
aggregated to 
US 

Individual, 
aggregated 
to US 

NA 
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Table S1B. Study measures  
Source Exposure Outcome 
First 
author, 
year 

Exposure Data 
source 

# 
aggregated 

Operationalization/specificat
ion Outcome Data 

source Assessment Operationalization/specificat
ion 

Kenned
y et al., 
1995 

Collective 
disrespect GSS n=7,679  

Individual-level questions: 
“On average, blacks have 
worse jobs, income, and 
housing. Do you think the 
differences are due to (a) 
discrimination, (b) less in-
born ability to learn, (c) lack 
of chance for education that 
it takes to rise out of 
poverty, (d) less motivation 
or willpower to pull 
themselves out of poverty?* 
* Each item was 
dichotomized separately 
Aggregate measure: state-
level % of respondents who 
answered in the affirmative 
to each item 
Weighting: Post-
stratification weights based 
on age, race, educational 
attainment 
Specification: continuous 

Age-adjusted 
all-cause 
Black and 
white mortality 
rates  

NCHS 
death 
records 

Administrati
ve (death) 
records 

Measure: Directly age-
standardized to the US 
population of Blacks and 
whites, and expressed as 
the number of deaths per 
100,000 persons. 
Specification: rate per 
100,000  

Lee et 
al., 
2015 

Community
-level racial 
prejudice 

GSS-NDI 

n=13,355  
 
(14,513 
GSS 
respondent
s-1,158 with 
missing 
racial 
prejudice 
data) 
 

Individual-level questions: 
1. “On the average, 
negroes/blacks/African-
Americans have worse jobs, 
income, and  housing than 
white people. Do you think 
 these differences are 
caused by the fact that 
most 
negroes/blacks/African-
Americans have less in-born 
ability to learn?”   
2. “Do you think these 
differences are because 
most 

All-cause 
mortality 
(survival) 

GSS-
NDI  

Administrati
ve (death) 
records 

Measure: 
0=alive in 2008, 
1=died by 2008 
Specification: binary 
(survival) 

79
 



 

80 
 

negroes/blacks/African-
Americans just don’t have 
the motivation or willpower 
to pull themselves up out of 
 poverty?”   
3. “Do blacks tend to be 
unintelligent or  tend to be 
intelligent?” (and “Do whites 
tend to be unintelligent or 
tend to be intelligent?”)   
4. “Do blacks tend to be 
hard working or lazy?” (and 
“Do whites tend to be hard 
working or lazy?”)   
5. “Do you think there 
should be laws against 
marriages between 
Negroes/Blacks/African-
Americans and whites?”* 
* Each item was 
dichotomized, then 
averaged across items 
Aggregate measure: PSU-
level average scores  
Specification: Standardized 
& centered (continuous) 

Morey 
et al., 
2018 

Community
-level anti-
immigrant 
prejudice  

GSS-NDI n=2,427  

Individual-level questions: 
1. “Do you think the number 
of immigrants to America 
nowadays should be 
increased a lot, increased a 
little, remain the same as it 
is, reduced a little, or 
reduced a lot?” 
2. Respondents were asked 
how much they agreed or 
disagreed with the following 
four statements: (1) 
“America should take 
stronger  measures to 
exclude illegal immigrants,” 
(2) “Immigrants take jobs 
away from people who were 

All-cause 
mortality 
(survival) 

GSS-
NDI  

Administrati
ve (death) 
records 

Measure: 
0=alive in 2014 
1=died by 2014 
+ censored amount of time 
at risk over the study period 
Specification: binary 
(survival) and continuous 
(time-to-event) 
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born in America,” (3) 
“Immigrants increase crime 
rates,” and (4) “Immigrants 
are generally good for 
America’s economy.” 
Responses were coded on 
a five-point Likert scale 
ranging from “agree 
strongly” to “disagree 
strongly.”*  
* Each item was 
dichotomized, then summed 
across items 
Aggregate measure: PSU-
level average scores  
Specification: Continuous 
and dichotomous (+/- 1SD 
from the mean) 

Leitner 
et al., 
2016a 

white 
county-level 
racial bias  

Project 
Implicit 
Race IAT 

n=1,391,63
2 white IAT 
responses 

Individual implicit measure: 
keyboard association test 
with D-score  
Individual explicit measure: 
temperature difference  
Aggregate measure: county-
level average implicit and 
explicit scores of white IAT 
respondents 
Weighting: Post- 
stratification weights based 
on age  
Specification: Continuous 
and dichotomous (+/- 1SD 
from the mean) 

Study 1: Black 
and white 
circulatory-
disease risk 
(% without 
access to 
health care*, 
% with 
circulatory 
disease)  
Study 2: Black 
and white age-
adjusted 
circulatory 
disease 
mortality rates 
* % without 
access to 
health care 
does not meet 
inclusion 
criteria for the 
review. 

Study 1: 
BRFSS  
Study 2: 
NCHS 
death 
records 
 

Study 1: 
self-report 
(telephone 
interview) 
Study 2: 
administrativ
e (death) 
records 

Study 1: circulatory disease 
risk 
Circulatory disease 
diagnosis question “Has a 
doctor, nurse, or other 
health professional ever told 
you that you had a heart 
attack, also called a 
myocardial infarction?” or 
“…angina or coronary heart 
disease?” 
Coding: 0=”no,” 1=”yes” 
Aggregation: averaged at 
the county level to calculate 
county % without 
healthcare access and % 
with either diagnosis. 
Specification: prevalence 
(continuous), examined 
separately and as a B-W 
difference  
 
Study 2: circulatory disease 
mortality 
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Measure: Black and white 
deaths from circulatory 
diseases (e.g., heart 
disease; Internal Statistical 
Classification of Diseases 
and Related Health 
Problems codes I00–I99). 
Age adjusted based on 
2000 standard population 
(for each racial group) 
Specification: rates per 
100,000, examined 
separately and as B-W 
difference  

Leitner 
et al., 
2016b 

Black and 
white 
county-level 
ingroup 
bias 

Project 
Implicit 
Race IAT 

n=250,665 
Black IAT 
responses, 
n=1,391,63
2 white IAT 
responses 

Ingroup bias: white 
respondents’ pro-
white/anti-Black bias and 
Black respondents’ pro-
Black/anti-white bias (i.e., 
ingroup favoritism) 
Individual implicit measure: 
keyboard association test 
with D-score, scaled for 
ingroup 
Individual explicit measure: 
temperature difference, 
scaled for ingroup 
Aggregate measure: county-
level average implicit and 
explicit scores 
Weighting: Post- 
stratification weights based 
on age  
Specification: Continuous 
and dichotomous (+/- 1SD 
from the mean) 

Age-adjusted 
Black and 
white 
circulatory 
disease 
mortality rates 

NCHS 
death 
records 

Administrati
ve (death) 
records 

Measure: Black and white 
deaths from circulatory 
diseases (e.g., heart 
disease; Internal Statistical 
Classification of Diseases 
and Related Health 
Problems codes I00–I99). 
Age adjusted based on 
2000 standard population 
(for each racial group) 
Specification: rate per 
100,000 

Orchar
d & 
Price, 
2017 

Community
-level racial 
prejudice 

Project 
Implicit 
Race IAT 

n=1.8 
million IAT 
responses 
aged 18+ 
(mean 
age=28, 

Individual implicit measure: 
keyboard association test 
with D-score 
Individual explicit measure: 
preference measure  

Black and 
white rates of 
adverse birth 
outcomes  

NCHS 
birth 
records 

Administrati
ve (birth) 
records 

Measure: 
Binary PTB: gestational age 
< 37 weeks 
Binary LBW: < 2500 g  
Specification: Black and 
white rates per 1,000 births 
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and 59% 
women) 

Aggregate measure: county-
level average implicit and 
explicit scores 
Weighting: Post-
stratification weights based 
on age + gender* 
Specification: Standardized 
(continuous) and 
dichotomous (+/- 1SD from 
the mean) 

(B-W difference assessed 
with interaction term) 

Hehma
n et al., 
2017 

Regional 
racial 
biases of 
residents 
(Black-
white bias 
and 
weapons 
stereotype) 

Project 
Implicit 
Race IAT 
and 
Weapons 
IAT 

n=1,860,81
8 Black and 
white Race 
IAT 
responses,  
n=295,235 
Black and 
white 
Weapons 
IAT 
responses 

Individual implicit measure: 
keyboard association test 
with D-score (race IAT and 
weapons IAT) 
Individual explicit measure: 
temperature difference (race 
IAT) 
Aggregate measure: CBSA-
level average implicit and 
explicit scores, separately 
for Black and white 
respondents 
Weighting: No 
Specification: 
Untransformed (continuous) 

Disproportiona
te lethal force 
against Black 
and white 
people relative 
to their 
population 
shares 

The 
Guardian 
police 
killing 
databas
e 

Traditional 
 reporting 
with police 
reports 
Fact-
checked 
witness 
statements;  
monitoring 
of regional 
news; other 
open-
sourced 
police 
fatality 
databases  
 

Measure: % of Black people 
living in each CBSA was 
subtracted from the % of 
Black people killed in each 
CBSA relative to the total 
amount of individuals killed 
by police officers. Higher 
score on this variable 
reflected greater usage of 
lethal force with Black 
people than would be 
expected based on the 
CBSA population (i.e., 
disproportionate lethal 
force). An identical score 
was calculated for NH white 
people 
Specification: continuous  

Chae et 
al., 
2015 

Area racism 

Google 
Trends 
data 
compiled 
by SSD 
(2014) 

NA 

Aggregate measure: DMA-
level proportion of total 
Google searches containing 
the “n-word.” (singular or 
plural, ending in “-er(s)” but 
not “-a(s)”) 
Specification: Standardized 
(continuous) 

Age-adjusted 
Black all-
cause and 
cause-specific 
(heart disease, 
cancer, stroke, 
and diabetes) 
mortality rates 

NCHS 
death 
records 

Administrati
ve (death) 
records 

Measure: Black mortality 
rates weighted using the US 
2000 standard population 
were calculated for all-
cause mortality and the four 
leading specific causes of 
death among Black people 
identified using International 
Classification of Disease, 
Version 10 codes: heart 
disease (I00-I09, I11, I13, 
I20-I51); cancer (C00-C97); 
stroke (I60-I69); and 
diabetes (E11-E14) 
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Specification: rate per 
100,000 person-years 

Chae et 
al., 
2018 

Area racism 

Google 
Trends 
data 
compiled 
by SSD 
(2014) 

NA 

Aggregate measure: DMA-
level proportion of total 
Google searches containing 
the “n-word.” (singular or 
plural, ending in “-er(s)” but 
not “-a(s)”) 
Specification: Standardized 
(continuous) 

PTB and LBW 
among NH 
Black women 

NCHS 
birth 
records 

Administrati
ve (birth) 
records 

Measure:  
PTB: gestational age < 37 
weeks  
LBW: < 2500 g 
Specification: Binary  

McKett
a et al., 
2018 

State-level 
racial 
animus 

Google 
Trends 
data 
compiled 
by SSD 
(2014) 

NA 

Aggregate measure: State-
level proportion of total 
Google searches containing 
the “n-word.” (singular or 
plural, ending in “-er(s)” but 
not “-a(s)”) (DMAs 
aggregated to state-level) 
Specification: Quartiles 

Black and 
white SRH and 
Black-white 
differences in 
SRH (also 
movement 
across states) 

PSID 
Self-report 
(telephone 
interview) 

Measure: At each interview 
wave, respondents were 
asked to report whether 
their health was “excellent, 
very good, good, fair, or 
poor.” Poor SRH if 
respondent self-rated poor 
or fair health (vs excellent or 
very good) in at least two 
consecutive interviews 
Specification: Binary 
(survival) 

Nguyen 
et al., 
2018 

Twitter-
derived 
sentiment 
toward 
racial and 
ethnic 
minorities 

Twitter 
API 

n=1,249,65
3 tweets 
containing 
at least one 
race-related 
term 

Sample: random 1% of 
geotagged Tweets from 
Twitter’s API (March 2015–
April 2016), subset Tweets 
referencing racial or ethnic 
groups/slurs using one or 
more of 398 race-related 
keywords 
Sentiment analysis: 
identified Tweets 
referencing black, Hispanic, 
Asian, white, and Middle 
Eastern groups and used 
machine learning algorithm 
with hand-coded training 
data to classify sentiment of 
Tweets: 1=positive, 
0=negative/neutral 
Aggregate measure: state-
level % of Tweets that was 
positive (racial minorities 

LBW, VLBW, 
and PTB 
among birthing 
persons of 
various 
racial/ethnic 
groups 

NCHS 
birth 
records 

Administrati
ve (birth) 
records 

Measure:  
LBW: ≤ 2499g 
VLBW: ≤ 1499g  
PTB: gestational age < 37 
weeks based on the 
obstetric estimate of 
gestation at delivery (OE). 
Specification: Binary for 
each outcome 
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overall, and broken out by 
racial group) 
Specification: tertiles 
(ref=T3) 

Huang 
et al., 
2020 

Twitter-
characterize
d sentiment 
toward 
racial and 
ethnic 
minorities 

Twitter 
API 

n=30,977,7
47 
tweets 
containing 
at least one 
race-related 
term 

Sample: random 1% of 
geotagged/place-labeled 
Tweets from Twitter’s API 
(2015-2018), subset Tweets 
referencing racial or ethnic 
groups/slurs using one or 
more of 518 race-related 
terms 
Sentiment analysis: used 
machine learning algorithm 
with hand-coded training 
data to classify sentiment of 
Tweets: negative 
(1=negative, 
0=positive/neutral) and 
positive (1=positive, 
0=negative/neutral) 
Aggregate measure: state-
level % of Tweets that was 
negative and % that was 
positive 
Specification: Tertiles 
(ref=T1 for both)  

CVD outcomes 
(e.g., 
hypertension, 
stroke) among 
various 
racial/ethnic 
groups  

BRFSS 
Self-report 
(telephone 
interview) 

Question: Has a doctor, 
nurse or other health 
professional ever told you 
that you had … 
…hypertension, diabetes, 
obesity, stroke, myocardial 
infarction (MI), coronary 
heart disease (CHD)?  
Measure: Each outcome 
coded as binary (0=no, 
1=yes). Any CVD if they 
answered “yes” to one or 
more. BMI: ≥30 kg/m2 was 
defined as obesity. 
Specification: Binary for 
each outcome 

Nguyen 
et al., 
2020 

State-Level 
Racial 
Attitudes 
Assessed  
From 
Twitter Data 

Twitter 
API 

n=26,027,7
40 tweets 
from 
2,498,717 
Twitter 
users 
containing 
at least one 
race-related 
term 

Sample: random 1% of 
geotagged/place-labeled 
Tweets from Twitter’s API 
(June 2015-Dec 2017), 
subset Tweets referencing 
racial or ethnic groups/slurs 
using one or more of 518 
race-related terms  
Sentiment analysis: 
identified Tweets 
referencing black, Hispanic, 
Asian, white, and Middle 
Eastern groups and used 
machine learning algorithm 
with hand-coded training 
data to classify sentiment of 

LBW and PTB 
among birthing 
persons of 
various 
racial/ethnic 
groups 

NCHS 
birth 
records 

Administrati
ve data 

Measure:  
LBW: ≤ 2499 g.  
PTB: gestational age < 37 
weeks based on the 
obstetric estimate of 
gestation at delivery (OE) 
Specification: Binary  
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Tweets: negative 
(1=negative, 
0=positive/neutral) and 
positive (1=positive, 
0=negative/neutral) 
Aggregate measure: state-
level % of Tweets that was 
negative and % that was 
positive 
Specification: Tertiles 
(ref=T1 for both) 

Hswen 
et al., 
2020 

Negative 
sentiment 
towards 
Mexicans 
and 
Hispanics 
during the 
2016 
presidential 
election 

Twitter 
licensing 
agreeme
nt 

n=2,809,64
1 tweets 
from 
943,766 
users 
containing 
terms 
Mexican(s) 
and/or 
Hispanic(s) 
(1,594,845 
retweets) 

Sample: full stream of 
tweets from Twitter over a 
20-week period: 10 weeks 
before and 10 weeks after 
the 2016 United States 
presidential election 
Sentiment analysis: 
identified Tweets 
referencing Mexican(s) or 
Hispanic(s) (with and 
without #) and used VADER 
method to assign Tweets a 
continuous sentiment score 
ranging from -1 (most 
negative) to 1 (most 
positive), also collapsed into 
negative (< -0.5), positive (> 
+0.5), or neutral (-0.5 to 
+0.5). 
Aggregate measure: 
population-level weekly 
averages (whole US) 
Specification: weekly mean 
score and % negative, 
positive, and neutral 

Daily negative 
mental 
wellbeing 
(worry) 

Gallup-
Sharecar
e Well-
Being 
Index 

Self-report 
(telephone 
interview) 

Measure: Emotional well-
being index measures 
Americans’ daily 
experiences, and 
respondents categorize 
their responses as thriving, 
struggling, or suffering in 
the areas that measure 
wellbeing 
Specification: population-
level weekly average % 
worry 
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Table S1C. Estimation and results 
Sourc
e Confounders Estimation Mediators/moderators evaluated 

First 
author, 
year 

How 
identified Area-level Individual-

level 
How 
controll
ed 

Statistical 
model 

Adjusted 
MOA (95% 
CI or SE) 

Mediators/moder
ators How assessed Mediation/modera

tion findings 

Kenne
dy et 
al., 
1995 

Cited 
literature & 
defined as 
potential 
confounders
: “some 
evidence 
suggests 
that low 
income and 
poverty are 
linked to 
depletion in 
social 
capital. 
Since 
income 
levels and 
poverty are 
also 
potential 
predictors of 
mortality, we 
evaluated 
these 
variables as 
potential 
confounders 
in the 
relationship 
between 
collective 
disrespect 
and 
mortality.” 

Median 
income, % 
in poverty 

Accounted 
for age in 
the creation 
of rates 

MV 
regressi
on 

OLS 
regression 

Black 
mortality: 
No ability: 
Beta=336.5
, SE=93.4, 
p=0.0009 
No 
willpower: 
Beta=256.1
, SE=83.6, 
p=0.004 
Discriminati
on: Beta=-
290.1, 
SE=99.0, 
p=0.006 
Lack of 
educational 
opportunity
: Beta=-
246.9, 
SE=83.9, 
p=0.006 
White 
mortality: 
No ability: 
Beta=182.4
, SE=71.9, 
p=0.01 
No 
willpower: 
Beta=148.5
, SE=62.5, 
p=0.02 
Discriminati
on: Beta=-
147.1, 

Race (Black or 
white) 

Examined race-
specific mortality 
rates 

Collective 
disrespect was 
associated with 
Black and white 
mortality rates but 
results were 
stronger for Black 
mortality (>10% 
difference) 
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SE=75.0, 
p=0.06 
Lack of 
educational 
opportunity
: Beta=-
173.8, 
SE=60.3, 
p=0.007 
Betas for 
one-unit 
change in 
collective 
disrespect 

Lee et 
al., 
2015 

Data-driven: 
All PSU-level 
covariates 
were chosen 
because 
they were 
significantly 
correlated 
with  racial 
prejudice in 
bivariate 
models and 
there-  fore 
could be 
potential 
confounders 
of the 
 relationship 
between 
racial 
prejudice 
and 
 mortality 
Formation of 
candidate 
confounder 
list not 
specified 

average 
number of 
people 
living below 
the federal 
poverty line 
(adjusted 
for family 
size and 
survey 
year), 
median 
income, 
average 
years of 
educational 
attainment, 
% Black, 
located in 
the South, 
dissimilarity 
index, 
political 
affiliation 
index 

 
Race (white, 
Black), 
gender+, 
age at the 
time of the 
 interview, 
marital 
status, 
household 
income, 
educational 
attainment  

MV 
regressi
on 

3-level HLM 
survival 
model 

Community
-level racial 
prejudice, 
adjusting 
for 
individual-
level 
prejudice 
and 
confounder
s:  
OR=1.24; 
95% 
CI=1.04, 
1.49 
OR for 1SD 
change in 
community-
level racial 
prejudice 
 

Moderators:  
Individual race 
(Black or white), 
Individual-level 
prejudice 
 
Mediator: 
community-level 
social capital 
 
 

Multiplicative 
interaction terms in 
regression model:  
1. race*individual-
level prejudice; 
race*community-
level prejudice 
2. individual-level 
prejudice 
*community-level 
prejudice 
 
Mediation: change-
in-estimate 
approach 
 
 

Race did not 
moderate the 
association 
between 
community-level 
prejudice on 
mortality 
(race*prejudice 
interactions ns) or 
mediation through 
community-level 
social capital 
(described below) 
There was a 
significant 
interaction 
between 
Individual*commu
nity-level 
prejudice: OR = 
0.74; 95% CI = 
0.58, 0.95, 
indicating that 
individuals low in 
racial prejudice 
but living in 
higher-prejudice 
communities had 
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the highest level 
of mortality risk.  
Mediation: Social 
capital was 
inversely related 
to community-
level prejudice (r 
=–0.41; P <.01), 
indicating that 
communities with 
higher levels of 
prejudice had 
lower levels of 
social capital. 
When social 
capital was 
controlled in the 
fully adjusted 
model, PSU-level 
racial prejudice 
was no longer 
significantly 
associated with 
mortality. 

Morey 
et al., 
2018 

Prior 
research: 
We included 
variables 
that prior 
research 
suggested 
may be 
potential 
confounders 
of the 
association 
between 
anti-
immigrant 
 prejudice 
and 
mortality.  

% foreign- 
born, mean 
years of 
education, 
mean family 
income, % 
who identify 
as politically 
conservativ
e, survey 
year for 
anti-
immigrant 
score 

Gender,+ 
age, marital 
status , 
years of 
education, 
unemploym
ent, family 
income, 
self-rated 
health at 
baseline 

MV 
regressi
on 

Cox 
proportional 
hazards 
models with 
clustered 
SEs 

Community
-level anti-
immigrant 
prejudice 
and 
mortality 
main 
effects ns: 
HR=1.05 
95% 
CI=0.93, 
1.19 
HR for 1-
unit change 
in anti-
immigrant 
prejudice 
score 

Nativity status,  
Race (Black, 
white, Other – 
sensitivity 
analysis restricted 
“other race” to 
Asian and 
Hispanic) 

Multiplicative 
interaction terms in 
regression model:  
race*community-
prejudice; 
 
nativity*community-
prejudice; 
race*nativity*comm
unity-prejudice; 
Also stratified 
results by race 
(Table 3) 
 

Race*nativity 
moderated 
nativity*prejudice: 
ns  
race*prejudice: ns  
race*nativity*preju
dice: sig (F-
test=4.04, 
p=0.018) – 
interpretation: the 
association 
between anti-
immigrant 
prejudice and 
mortality for US-
born respondents 
was significantly 
different 
compared to 
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foreign-born 
respondents 
Stratified findings 
by race and 
nativity: 
US-born “other 
race”: 
The mortality 
hazard ratio for 
US-born 
respondents living 
in high-prejudice 
communities 
(HR=2.63 [95% 
CI: 0.53, 13.12]) 
was 171% higher 
than US-born 
respondents living 
in low-prejudice 
communities 
(HR=1.54 [95% 
CI: 0.75, 3.18]). 
  
Foreign-born 
“other race”: 
The mortality 
hazard ratio for 
foreign-born 
respondents living 
in the high-
prejudice 
communities 
(HR=0.15 [95% 
CI: 0.02, 1.20]) 
was 287% lower 
than foreign-born 
respondents living 
in low-prejudice 
communities 
(HR=0.43 [95% 
CI: 0.17, 1.09]). 
HR comparing 
mortality in high 
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(1SD above the 
mean) vs low 
(1SD below the 
mean) prejudice 
communities  
Results restricted 
to Asian and 
Hispanic “other 
race” 
respondents 
showed similar 
patterns but were 
less precise due 
to small number 
of respondents. 

Leitner 
et al., 
2016a 

Not stated 
with two 
exceptions:  
(1) 
Geomobility: 
“Importantly, 
a 
relationship 
between 
Blacks’ 
racial bias 
and  ingroup 
health could 
be driven by 
social 
selection 
forces.” (2) 
Age bias: 
“To examine 
whether any 
effects were 
specific to 
racial bias, 
or 
generalized 
to bias on 
nonracial 
dimensions” 

Study 1: 
total 
population, 
Black-to-
white ratio, 
dissimilarity 
index of 
segregation, 
Black 
geographic 
mobility, 
housing 
density, 
urbanicity 
(number of 
housing 
units per 
square 
mile), 
implicit and 
explicit age 
bias, and 
average of 
Black and 
white: high 
school 
graduation 
rates, MHI 

Study 1: 
accounted 
for sex, age, 
and race in 
creation of 
rates 
Study 2: 
accounted 
for age and 
race in 
creation of 
rates 

MV 
regressi
on 

GEE with 
robust 
standard 
errors and 
simple 
slopes 

White 
explicit bias 
and 
circulatory 
disease 
death rates: 
Black death 
rates 
(positive, 
stronger): 
b=43.20, 
SE=12.10, 
p=0.0004,  
White death 
rates 
(positive, 
weaker):  
b=13.90, 
SE=4.97, 
p=0.005 
Implicit bias 
ns (simple 
slopes 
estimates 
not shown) 
 
b for 1-
point 

Effect 
modification: 
Race (Black or 
white) 
 
Mediation: Black-
white disparities 
in health 
behaviors 
(smoking, 
drinking, and 
exercise)  

Multiplicative 
interaction term in 
regression model:  
Race*white implicit 
bias 
Race*white explicit 
bias 
(also 3-way 
interaction with 
race*sex, but 
results were ns)  
 
Sig interaction 
effects explored via 
simple slopes 
analysis 
 
Mediation:  
Change-in-
estimates approach 
 

 
Study 1 – NA (no 
main effects on 
circulatory 
disease 
diagnosis) 
Study 2 – Race 
moderated 
association 
between explicit 
racial bias and 
healthcare access 
(sig race*implicit 
bias interaction). 
Simple slopes: 
whites’ explicit 
racial bias was 
associated with 
white and Black 
circulatory 
disease death 
rates, but 
stronger 
association with 
Black rate 
(race*implicit ns) 
Mediation: Black-
white disparities 
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past 12 
months, 
unemploym
ent, % in 
poverty  
*each 
covariate 
interacted 
with 
individual 
race 
Study 2: 
same as 
study 1 + 
neoplasm 
(cancer) 
death rate 

increase in 
racial bias 
of white 
people 

in health 
behaviors did not 
mediate the 
relationship 
between 
explicit/implicit 
bias and death 
rate disparity. 

Leitner 
et al., 
2016b 

“We 
adopted an 
analytic 
approach 
that could 
test 
whether 
Blacks’ bias 
remained a 
predictor of 
Blacks’ 
death rate 
when we 
controlled 
for a large 
set of socio-
demographi
c 
characteristi
cs and 
whites’ 
biases in the 
same 
county.” 
Further 
explicated 

Total 
population, 
Black 
population, 
Black/white  
MHI, 
Black/white 
high school 
graduation 
rate, 
Black/white 
poverty 
rate, 
Black/white 
unemploym
ent rate, 
dissimilarity 
index of 
segregation, 
housing 
density, 
Black 
geographic 
mobility, 
income 
inequality, 

NA 
MV 
regressi
on 

Analysis 1: 
GEE with 
robust SEs 
and simple 
slopes  

Black 
ingroup 
bias and 
Black death 
rate: 
Explicit: 
b=0.005, 
SE=6.20, 
Beta 
<0.001, 
p=0.99 
Implicit: 
b=157.24, 
SE=34.04, 
Beta =0.49, 
p<0.0001 
White 
ingroup 
bias and 
white death 
rate: 
Explicit: 
b=19.04, 
SE=4.98, 
p=0.0001 

Race (Black or 
white) 
 

Multiplicative 
interaction term in 
regression model:  
Race*ingroup 
implicit bias 
Race*ingroup 
explicit bias 
(also looked at 
higher order 
interactions with 
ingroup 
implicit*explicit*rac
e, but results were 
ns) 
Sig interaction 
effects explored via 
simple slopes 
analysis 
 

Race moderated 
the association 
between implicit 
and explicit racial 
bias and ingroup 
death rates: 
Implicit ingroup 
bias was 
associated with 
Black but not 
white death rates 
Explicit ingroup 
bias was 
associated with 
white but not 
Black death rates  
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rationale for 
sex ratio 
(previous 
research), 
income 
inequality 
(previous 
research), 
and 
geomobility 
(conjecture, 
content 
knowledge)  

Black/white 
male-to-
female ratio, 
ingroup 
racial bias 
of other 
group (e.g., 
models for 
Black bias 
and health 
controlled 
for whites’ 
implicit and 
explicit 
ingroup 
bias) 

Implicit: 
b=23.81, 
SE=28.10, 
p=0.40  
b for 1-
point 
increase in 
ingroup 
bias  
Estimates 
derived 
from simple 
slope 
analysis 
with 
race*ingrou
p bias 
interactions 

Orchar
d & 
Price, 
2017 

“We include 
additional 
covariates to 
reduce the 
possibility of 
county-level 
prejudice 
being 
correlated 
with other 
individual 
and county 
characteristi
cs.”   

Total 
population, 
unemploym
ent rate, % 
college 
graduates, 
% Black*, 
Black 
poverty 
rate*, sexual 
orientation 
IAT, gender-
career IAT  
* interacted 
with birthing 
person’s 
race 

Maternal 
age, marital 
status, 
education, 
and 17 
different 
pregnancy 
risk factors 
(e.g., high 
blood 
pressure, 
previous  
preterm 
birth, etc.); 
child 
gender+ and 
birth order 
of the child. 

MV 
regressi
on 

Weighted 
least 
squares 
regression 
with 
clustered 
SEs and 
state- and 
year- fixed 
effects 

Implicit 
LBW: The 
black-white 
gap in low 
birth weight 
is 14% 
larger in 
counties 
with high vs 
low implicit 
racial 
prejudice. 
PTB: The 
black-white 
gap in low 
birth weight 
is 29% 
larger in 
counties 
with high vs 
low implicit 
racial 
prejudice. 
Explicit: 

Birthing person’s 
race (Black or 
white); 
County of 
residence vs. 
county of birth 

Multiplicative 
interaction term in 
regression model: 
county 
prejudice*birthing 
person’s race. 
Used models to 
estimate race-
specific effects, 
and plotted 
stratified results. 
Also stratified 
results on bias in 
county of residence 
vs. birth county 
 

Race moderated 
the association 
between 
community-level 
prejudice and 
birth outcomes 
(sig interaction). 
Findings showed 
stronger 
associations 
among Black 
birthing persons 
and no (or even 
protective) 
associations 
among white 
birthing persons. 
Prejudice in 
community of 
birth was more 
strongly 
associated with 
birth outcomes 
than prejudice in 
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LBW: The 
black-white 
gap in low 
birth weight 
is 22% 
larger in 
counties 
with high vs 
low explicit 
racial 
prejudice. 
PTB: The 
black-white 
gap in low 
birth weight 
is 36% 
larger in 
counties 
with high vs 
low explicit 
racial 
prejudice. 
Other:  
(1) When 
implicit and 
explicit bias 
were 
modeled 
together, 
only explicit 
remained 
significant 
predictor of 
B-W birth 
outcome 
gaps. 
(2) Explicit 
prejudice in 
county of 
birth more 
strongly 
associated 
with B-W 

community of 
residence. 
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birth 
outcome 
gaps than 
county of 
residence 
(results 
similar for 
implicit). 
(3) Results 
unique to 
racial bias 
(no findings 
for gender-
career or 
sexual 
orientation 
bias)  

Hehm
an et 
al., 
2017 

Inflated 
model used 
to “develop 
initial 
predictive 
models of 
lethal force” 
(supplement
al material 
include more 
parsimoniou
s models 
determined 
using data-
driven 
approach: 
forward and 
backward 
stepwise 
regression) 

Black/white 
MHI, 
Black/white 
% with HS 
or 
equivalent 
degree, 
isolation 
index of 
segregation, 
violent 
crime, 
unemploym
ent, 
population 
density, and 
total (race 
disaggregat
ed) lethal 
force  

NA 
MV 
regressi
on 

Linear 
regression 

Model with 
race-IAT 
White 
implicit: 
b=4.13, 
SE=1.90, 
p=0.031 
White 
explicit: b=-
0.52, 
SE=0.29, 
p=0.079 
Black 
implicit: b=-
1.13, 
SE=0.84, 
p=0.182 
Black 
explicit: 
b=0.12, 
SE=0.14, 
p=0.40 
Model with 
race-IAT 
and 

NA NA 

NA, but note they 
did calculate a 
disproportionate 
lethal force 
measure for white 
people and found 
they were not 
being killed 
disproportionately
. Therefore, 
estimation was 
just for the 
association 
between regional 
racial bias and 
disproportionate 
killing of Black 
people.  

95
 



 

96 
 

weapons-
IAT 
Implicit/exp
licit racial 
bias of 
whites and 
Blacks – 
not 
significant 
White 
implicit 
threat 
stereotypes
:  
b=5.50, 
SE=1.63, 
p=0.001 
b for 1-
point 
increase in 
race- and 
weapons-
IAT of white 
people  

Chae 
et al., 
2015 

Adjusted for 
“relevant 
area-level 
covariates” 

% in 
urbanized 
area 
(>50,000 
population), 
% Black, % 
Blacks with 
up to a high 
school 
education, 
% Black 
households 
in poverty, 
white 
mortality 
rate 

Accounted 
for age 
group, sex, 
year of 
death, 
census 
region in 
creation of 
rates  

MV 
regressi
on 

Negative 
binomial 
regression 
model with 
Huber-
white 
clustered 
SEs  

All cause: 
MRR=1.04, 
95% CI = 
1.02, 1.06 
Heart 
disease: 
MRR=1.04, 
95% 
CI=1.02, 
1.07 
Cancer: 
MRR=1.03, 
95% 
CI=1.00, 
1.05 
Stroke: 
MRR=1.03, 
95% 
CI=1.00, 

NA NA NA 
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1.07 
Diabetes: 
MRR=0.95, 
95% 
CI=0.88, 
1.019 
MRR for 
1SD 
increase 
Google 
searches 
for N-word 

Chae 
et al., 
2018 

“conceptual 
relevance” + 
data-driven 
(changes-in-
estimates) 
discussed 

Census 
region, % 
Black, % in 
urbanized 
area 
(>50,000 
population), 
% Black w/ 
<HS degree 
or 
equivalent, 
% Black in 
poverty 

Maternal 
age  

MV 
regressi
on 

Log-
binomial 
regression 
model fit 
with GEE  

PTB: 
PR=1.05, 
95% 
CI=1.02, 
1.09,  
LBW: 
PR=1.05, 
95% 
CI=1.02, 
1.07  
PR for 1SD 
increase in 
Google 
searches 
for N-word 

NA NA 

 
 
 
 
 
 

NA 

McKet
ta et 
al., 
2018 

Adjusted for 
“relevant 
confounders
” 

Median 
income, % 
Black 
population 
(sensitivity), 
Google 
searches for 
N-word in 
SRH-
>movement 
model 
 
 

At baseline: 
SRH, age, 
education 
level  

MV 
regressi
on 

Incident 
SRH: Cox 
PH  
Movement: 
Logistic 
regression  

Incident 
SRH 
among 
White 
respondent
s:  
Q2: 
HR=1.19, 
95% 
CI=1.07, 
1.32 
Q3: 
HR=1.13, 
95% 
CI=1.04, 
1.22 

Race (Black or 
white) 

Multiplicative 
interaction term in 
regression model:  
race*state-level 
racial animus 

Race did not 
moderate the 
association 
between state-
level racial animus 
and poor SRH 
(interaction term 
ns) 
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Q4: 
HR=1.33, 
95% 
CI=1.20, 
1.47 
Incident 
SRH 
among 
Black 
respondent
s:  
Q2: 
HR=1.43, 
95% 
CI=1.12, 
1.82 
Q3: 
HR=1.31, 
95% 
CI=1.05, 
1.63 
Q4: 
HR=1.20, 
95% 
CI=0.95, 
1.50 
Ref = Q1 
racial 
animus 
(Google 
searches 
for N-word) 

Nguye
n et 
al., 
2018 

Individual: 
“to adjust for 
potential 
confounding 
of the 
relationship 
between 
neighborhoo
d 
environment
s and birth 

MHI, % NH 
white 
 

Maternal 
age, marital 
status, race, 
Hispanic 
ethnicity, 
education, 
BMI, 
smoking 
status 
during 
pregnancy, 

MV 
regressi
on 

Log 
Poisson 
regression 
models with 
robust SEs 

T1 vs T3 
positive 
sentiment 
toward 
racial/ethni
c minorities  
LBW: 
PR=1.06, 
95% 
CI=1.04, 
1.07  

Birthing person’s 
race/ethnicity 
(white vs 
Hispanic or 
nonwhite or 
foreign-born) 

Stratified subgroup 
analyses (did not 
test for statistical 
interaction) 

Race/ethnicity did 
not moderate 
association 
between Twitter 
sentiment and 
birth outcomes: 
Results from 
subgroup 
analyses 
restricted to 
racial/ethnic 
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outcomes.” 
State: “to 
account for 
between-
state 
differences 
in 
composition
al 
characteristi
cs.” 

first birth 
indicator, 
prenatal 
care in the 
1st trimester 
indicator 

 
VLBW: 
PR=1.09, 
95% 
CI=1.06, 
1.12 
PTB: 
PR=1.10, 
95% 
CI=1.10, 
1.11 
 
Note: 
sentiment 
towards 
specific 
racial/ethni
c groups 
showed a 
similar 
pattern of 
results 

minorized birthing 
persons did not 
differ substantially 
from those seen 
for the full 
population of 
birthing persons 
(differences in 
PRs <10%). 

Huang 
et al., 
2020 

Not stated 

% NH 
white, % 
NH Black, 
% Hispanic, 
MHI  

Age, sex, 
education, 
race/ethnicit
y, and 
marital 
status 

MV 
regressi
on 

Poisson 
regression 

T3 vs T1 
negative 
sentiment 
toward 
racial/ethni
c minorities  
Hypertensio
n: PR=1.11, 
95% 
CI=1.08, 
1.14 
Diabetes: 
PR=1.15, 
95% 
CI=1.08, 
1.22 
Obesity: 
PR=1.14, 
95% 
CI=1.10, 
1.18 

gender+ and 
race/ethnicity 

Assessed statistical 
interactions: 
Sentiment*sex 
Sentiment*race/eth
nicity 

Race and sex did 
moderate, but 
findings 
depended on the 
outcome: 
+ In general, 
effects were 
stronger for 
women (except 
on diabetes and 
obesity) 
+ Negative 
sentiment and 
hypertension, MI, 
and any CVD = 
stronger for non-
Hispanic whites 
and non-Hispanic 
blacks than other 
race/ethnicity 
groups 
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Stroke: 
PR=1.30, 
95% 
CI=1.16, 
1.46 
MI: 
PR=1.14, 
95% 
CI=1.03, 
1.25 
CHD: 
PR=1.09, 
95% 
CI=1.00, 
1.19 
Any CVD: 
PR=1.16, 
95% 
C=1.09, 
1.24 
T3 vs T1 
positive 
sentiment 
toward 
racial/ethni
c minorities 
Hypertensio
n: PR=0.97, 
95% CI 
0.94, 1.00 
Diabetes: 
PR=0.94, 
95% CI 
0.90, 0.99 
Obesity: 
PR=0.97, 
95% CI 
0.94, 1.00 
Stroke: 
PR=0.89, 
95% CI 
0.80, 0.98 

+ Negative 
sentiment and 
diabetes, obesity, 
and stroke = 
stronger in 
Hispanics than 
any other 
racial/ethnic 
groups 
+ Positive 
sentiment and 
hypertension, 
diabetes, and 
obesity = effects 
more protective in 
non-Hispanic 
blacks than non-
Hispanic whites 
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MI: 
PR=0.91, 
95% CI 
0.83, 0.98 
CHD: 
PR=0.94, 
95% CI 
0.86, 1.02 
Any CVD: 
PR=0.90, 
95% CI 
 0.86, 0.95 

Nguye
n et 
al., 
2020 

Individual: 
"We 
adjusted for 
potential 
confounders 
of the 
association 
 between 
racial 
sentiment 
and birth 
outcomes." 
State: "to 
account for 
state-level 
 composition
al 
differences 
in 
demographi
c and 
economic 
 characteristi
cs." 

% NH 
Black, % 
Hispanic, 
population 
density, 
Southern 
state 
indicator, 
economic 
disadvantag
e 
composite. 
(% 
unemployed
; % some 
college 
education, 
% high 
school 
diploma, % 
children in 
poverty, % 
single 
parent 
household, 
MHI)  

Maternal 
age, marital 
status, race, 
Hispanic 
ethnicity, 
education, 
BMI, 
smoking 
status 
during 
pregnancy, 
first birth 
indicator, 
prenatal 
care in the 
1st 
trimester 
indicator, 
birth year 

MV 
regressi
on 

log binomial 
regression 
models with 
clustered 
SEs 

 
LBW:  
T2: 
IR=1.08, 
95% 
CI=1.03-
1.13 
T3: 
IR=1.08, 
95% 
CI=1.04-
1.13 
PTB:  
T2: 
IR=1.09, 
95% 
CI=1.04-
1.13 
T3: 
IR=1.08, 
95% 
CI=1.00-
1.14  
Ref=T1 
negative 
sentiment 
toward 
racial/ethni
c 
minoritized 
persons 

Birthing person’s 
race (Black NH, 
white NH, Asian 
NH, Hispanic, 
and all 
minoritized 
persons) 

Stratified subgroup 
analyses (did not 
test for statistical 
interaction) 

Race did not 
moderate: State-
level sentiment 
toward all 
minoritized 
people was 
associated with 
adverse birth 
outcomes among 
all birthing 
persons 
(differences in IRs 
<10%). 
 
Negative 
sentiment toward 
racial/ethnic 
minoritized 
persons (T3 vs T1 
(ref)):  
Among all 
racial/ethnic 
minoritized 
birthing persons: 
LBW: IR=1.13 
(1.06-1.21)  
PTB: IR=1.10 
(1.05-1.16)  
Among White 
birthing persons: 
LBW: IR=1.08 
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(1.03-1.14)  
PTB: IR=1.08 
(1.00-1.17) 
 
Also examined 
race-concordant 
associations (e.g., 
sentiment toward 
Hispanics and 
outcomes among 
Hispanic birthing 
persons, so not 
effect 
modification per-
se, but results 
showed subgroup 
effects for Black 
and Middle 
Eastern birthing 
persons) 
 
Also, for Black 
birthing persons 
(vs full sample) 
the associations 
between negative 
Twitter sentiment 
toward Black 
people and birth 
outcomes 
became stronger 
over time 
(2015<2016<2017
) 

Hswen 
et al., 
2020 

NA NA NA NA 

Time series 
lag 
(autoregres
sive 
distributed) 
regression 
model   

LR lag = 
0.31; p = 
0.022 
Interpretati
on: 
Negative 
tweets 
mentioning 
Mexicans 

NA NA NA 
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and 
Hispanics 
predicted 
daily worry 
with 
significant 
lag time of 
one week. 

Abbreviations: 
Data sources: 
GSS: General Social Survey 
NDI: National Death Index 
IAT: Implicit Association Test 
API: Application Program Interface 
BRFSS: Behavioral Risk Factor 
Surveillance Survey 
PSID: Panel Study of Income Dynamics 
NCHS: National Center for Health 
Statistics 
Geographic scales: 
DMA: designated market area (media 
markets receiving similar media and news 
programming) 
CBSA: Core-based statistical area (similar 
to metropolitan areas) 
PSU: Primary sampling units (metropolitan 
statistical areas and nonmetropolitan 
counties) 
Estimation: 
MV: multivariable  
GEE: generalized estimating equation 
OLS: ordinary least squares 
HLM: Hierarchical linear model 
PH: proportional hazard 
OR: odds ratio 
PR: prevalence ratio 
IR: incidence ratio 
MRR: mortality rate ratio 

ns: not statistically significant (p ≥0.05) 
Study measures: 
MHI: median household income 
HS: high school 
NH: non-Hispanic 
BMI: body mass index 
PTB: preterm birth 
LBW: low birthweight 
VLBW: very low birthweight 
CVD: cardiovascular disease 
CHD: coronary heart disease 
MI: myocardial infarction 
Other: 
E: exposure 
O: outcome 
C: covariates 
 
Data source information: 
GSS: The General Social Survey (GSS) is a 
nationally-representative sample of non-
institutionalized English-speaking adults 
aged 18+ living in the United States 
conducted on a new population sample at 
each wave.84,85,88,178 
BRFSS: The Behavioral Risk Factor 
Surveillance System (BRFSS) is a 
telephone-based survey (random-digit 
dialing of landlines and cellphones) is a 
telephone-based survey that focuses on 
chronic health conditions and health 

behaviors of adults across 50 states of 
USA and District of Columbia.73,207  
PSID: The Panel Study on Income 
Dynamics (PSID) is a nationally 
representative, longitudinal study of 
households in the U.S. with interviews 
collected biannually by phone.71,208 
Project Implicit: Project Implicit (PI) is a 
Harvard-based nonprofit research project 
which provides a free, online tool for 
assessing implicit and explicit biases 
toward various social groups (e.g., Blacks 
vs. whites, gay vs. straight people).179 PI 
measures explicit biases via self-report 
and implicit biases via the “Implicit 
Association Test” (IAT). 
Implicit Association Test with D-scoring 
algorithm: The “Implicit Association Test” 
(IAT) is a speeded dual-categorization task 
which measures the speed of keyboard 
associations between images of Black vs. 
white faces and positive (e.g., wonderful) 
vs. negative (e.g., disgusting) words. 
Faster reaction time matching positive 
words with white and negative words with 
Black faces indicates cognitive dissonance 
between Black people and positive 
emotions, which is interpreted as a pro-
white implicit bias and/or anti-black 
Bias.72,86,87 The IAT is scored using the D-
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score measure, which ranges from -2 to 
+2.209 
Explicit temperature explicit measure: Two 
feeling thermometer items separately ask 
how warm or cold participants feel toward 
both African Americans and European 
Americans (0 = very cold, 10 = very warm). 
Responses to the Black feeling 
thermometer are subtracted from 
responses to the white feeling 
thermometer, creating a score that ranges 
from -10 to +10 with higher values 
representing warmer feelings toward white 
people compared to Black people, 
interpreted as a pro-white/anti-Black 
explicit bias.72,86,87 
Explicit preference measure: respondents 
describe how they feel toward European 
and African Americans using a scale that 
ranges from “I strongly prefer African 
Americans to European Americans”, to “I 
strongly prefer European Americans to 
African Americans.” Responses are on a 
5-point Likert scale until 2006 and a 7-
point Likert scale after 2006.90 
Notes: 
Data on Google Searches for the N-word 
from 2004-2007 were extracted by Seth 
Stephens-Davidowitz193 using an older 
version of the Google Trends platform (the 
algorithm has since changed).  
Twitter data were all geolocated with 
either geotag (latitude and longitude) only89 
or geotag and user-provided “place” 
information.73,74 
+ conflated sex and gender (i.e., stated 
they measured gender but variables were 
male/female (i.e., biologic sex)) 
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Table S2. Overview of data sources used to measure area-level racial prejudice 
Data source Used in studies Years available Geographies 

available Data access Number 
aggregated Indicator of racial prejudice 

General Social 
Survey 
 
 

Kennedy et al., 
1997; Lee et 
al., 2015; 
Morey et al., 
2018 

1972-2018, 
collected every 
3 years (racial 
attitudes 
questions 
asked 
beginning in 
1993) 

State, PSU, 
county, 
census tract 

Restricted – 
must apply for 
data 

Ranges 
from about 
2,500 to 
13,355 
across 
studies 

Anti-Black racial prejudice:  
Composite score based on questions: 
"On average, blacks have worse jobs, 
income, and housing. Do you think the 
differences are due to (a) discrimination, 
(b) less in-born ability to learn, (c) lack of 
chance for education that it takes to rise 
out of poverty, (d) less motivation or 
willpower to pull themselves out of 
poverty?”,84 “Do blacks tend to be 
unintelligent or tend to be intelligent?”, 
and “Do blacks tend to be hard working 
or lazy?”85 
Anti-immigrant prejudice: 
Composite score based on questions: 
“Do you think the number of immigrants 
to America nowadays should be 
increased a lot, increased a little, remain 
the same as it is, reduced a little, or 
reduced a lot?” and agree or disagree 
with the following statements: (1) 
“America should take stronger measures 
to exclude illegal immigrants,” (2) 
“Immigrants take jobs away from people 
who were born in America,” (3) 
“Immigrants increase crime rates,” and 
(4) “Immigrants are generally good for 
America's economy”.88 

 

Project Implicit 
 
 

Leitner et al., 
2016a; Leitner 
et al., 2016a; 
Orchard & 
Price, 2017; 

2002 - present, 
collected 
continuously 

State, CBSA, 
county 

Publicly 
available 

Ranges 
from about 
250,000 to 
1.8 million 
across 
studies 

Pro-White/anti-Black racial prejudice: 
Implicit – assessed using the Implicit 
Association Test 
Explicit – assessed via self-report 
(temperature measure or preference 
measure) 
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Hehman et al., 
2018 

All measures scored so negative values 
imply pro-Black/anti-White bias, positive 
imply pro-White/anti-Black bias, and 0 
implies a neutral score. 

       

Twitter 
 
 

Nguyen et al., 
2018; Huang et 
al., 2020; 
Nguyen et al., 
2020; Hswen et 
al., 2020 

2006 – present, 
with option for 
retrospective 
or prospective 
collection 

Latitude + 
longitude 
available for 
3-4% of 
public 
tweets, state 
information 
discernable 
for ~ 99% of 
tweets 

Publicly 
available 

1 million – 
30 million 

Proportion of public Tweets with latitude 
and longitude or other “place” 
information (e.g., city, state) referencing 
a particular racial/ethnic group that are 
positive, negative, or neutral. Sentiment 
is determined based on a combination 
of hand-coding, natural language 
processing, and machine learning. 

Geographic scales: 
DMA: Designated Market Area (media markets receiving similar media and news programming) 
CBSA: Core-based statistical area (similar to metropolitan areas) 
PSU: Primary sampling units (metropolitan statistical areas and nonmetropolitan counties) 
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Table S3. Strengths and limitations of data sources used to measure area-level racial prejudice 
Data source Primary strengths Primary limitations 

General Social 
Survey 
 
 

• Nationally representative 
• Racial bias questions have been asked since 1993, 

offering greater historical context compared to the other 
measures* 

• Specificity in measurement: questions ask directly about 
racial attitudes* 

• Information on demographics of respondents (e.g., race, 
age, political identification, etc) is available* 

• Not all questions are asked to all participants or on all 
survey years  

• Social desirability – because racial attitudes are self-
reported, the GSS is subject to self-censorship or 
social desirability bias  

• Must apply for data*  

Project 
Implicit 
 
 

• Over 3-million tests have been taken since 2002 
• Publicly available and free 
• Multiple validated tests available (e.g., racial bias, age 

bias, gender bias, etc.) 
• Can disentangle implicit vs explicit bias 
• Circumvent social desirability/self-censorship: IAT 

measures implicit bias through keyboard association test 
which does not rely on self-report 

• Information on demographics of test-takers (e.g., race, 
age, political identification, etc.) is available 

• Has shown high convergent validity with other measures 
of area-level bias* 

 
• Project Implicit respondents are self-selected and 

therefore racial bias cannot be generalized to any 
broader population (note: some studies apply post-
stratification weights on age/sex but non-
representativeness on other dimensions may persist) 

• Repeat test-takers may regress toward the mean*  

Google 
Trends 
 
 

• Widely and regularly used by many people around the 
world 

• Circumvent social desirability/self-censorship: does not 
rely on self-report and search data captures private 
curiosities  

• Allows for real-time analysis of social attitudes* 
• Has been used for disease surveillance and prediction  
• Has shown high convergent validity with other measures 

of area-level bias  

• Context of the search is unknown 
• Internet queries for the “N-Word” may not be motivated 

by racism 
• Demographics of person conducting the search are 

unknown* 
• Not possible to discern multiple searches from the 

same user* 

Twitter 
 
 

• Widely and regularly used by many people around the 
world 

• Millions of tweets are sent daily and over 90% of Twitter 
users make their profile and communication public 

• Circumvent some social desirability/self-censorship: does 
not rely on self-report and sense of anonymity may 

• Geolocation data only available for small proportion of 
tweets where user either a) enables latitude + longitude 
or b) shares location of Tweets – may lead to 
systematic bias  

• Potential for residual self-censorship: Twitter only 
reflects what people were willing to express publicly 
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embolden users to express views they would not display 
during in-person interactions  

• Allows for real-time analysis of social attitudes 
• Sentiment analysis allows researcher to characterize 

Tweets as positive, negative, or neutral 
• Has been used to characterize sentiment around a number 

of health topics and health outcomes  

• Sentiment analysis unable to identify and process 
sarcasm or humor in a tweet 

• Demographics of person writing the Tweets are 
unknown  

Information in this table is extracted from the 14 papers included in the systematic review. Any information that comes from content 
area knowledge or outside literature is indicated with an * 
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