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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. Method: We searched four interdisciplinary
databases for US-based, peer-reviewed articles measuring area level racial prejudice by aggregating individ-
ual-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) mor-
tality, 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 out-
comes 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 interven-

tions to advance population health and reduce racial health inequities.
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Racism is a fundamental driver of health inequities (Feagin,
2013; Gee & Ford, 2011; Harrell, 2000; Jones, 2000; Phelan &
Link, 2015; Williams et al., 2019). 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 racial
groups); and personally-mediated (i.e., racial discrimination occur-
ring in a variety of settings); each of which independently and

interactively shape the distribution of societal risks, resources, and
opportunities by race (Jones, 2000; Williams et al., 2019).
Although the majority of research to-date has focused on self-
reported experiences of racial discrimination, there has been grow-
ing interest in “moving beyond the individual” to measure commu-
nity-level racial prejudice as a social determinant of health (Blair
& Brondolo, 2017). One increasingly popular method involves
measuring individual-level racial prejudice, aggregating to the
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area-level to capture the variation in racial prejudice across geog-
raphies, and examining associations with health outcomes and
inequities (Chae et al., 2015, 2018; Hehman et al., 2018; Huang et
al., 2020; Kennedy et al., 1997; Lee et al., 2015; Leitner et al.,
2016a, 2016b; McKetta et al., 2017; Morey et al., 2018; Nguyen et
al., 2018; Orchard & Price, 2017).

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 heteroge-
neous findings of associations with health outcomes (Allen et al.,
2019; Paradies, 2006); a growing recognition of the role of structural
and cultural racism in the production of health inequities (Bailey et
al., 2017; Gee & Ford, 2011; Geronimus et al., 2016; Williams et al.,
2019); interest in place-based determinants of racial differences in
health (Chetty & Hendren, 2018); and the rise of big data in social
science and health research (Mooney et al., 2015; Stephens-Davido-
witz & Pabon, 2017). 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 meth-
odological considerations, can help guide future research.

The purpose of this study was to systematically review all U.S.-
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
United States, and are associations differential by race/ethnicity?
Secondary research questions were: (a) what theories or concep-
tual models frame the research?; (b) what are the hypothesized and
empirically tested mediating and moderating pathways to health?;
and (c) what are the primary measurement and other methodologi-
cal challenges of this developing body of work?

Method

Data and Procedure

All study procedures follow Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guidelines (Moher
et al., 2009) and were preregistered: https://osf.io/vsze4/.

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 exper-
tise, and consultation with a public health research librarian.

Inclusion criteria were: (a) peer-reviewed journal article; (b) quanti-
tative 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 expo-
sure is assessed using data from (1) surveys, questionnaires, or assess-
ment tools, (2) social media, and/or (3) Google searches; and (g) study
outcome is a mental or physical health outcome or health behavior.
We used Covidence (Innovation, 2016) 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” (Jones, 2000, p. 1212). Although
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 affec-
tive aspects of racism whereas the latter describes its behavioral man-
ifestation (Jones, 2000). 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 United States (Gee et al., 2009; Novak et al., 2017).
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 peo-
ple sometimes conflate race/ethnicity with immigration status and
immigrants often experience racism (Viruell-Fuentes et al., 2012).
We performed our database search on April 5, 2020. After re-
moval 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.

Data Extraction

Using MAXQDA software (2019), we extracted data in accordance
with PRISMA guidelines (Moher et al., 2009). We also extracted data
for our specific research questions. First, we were interested in concep-
tualization 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 par-
ticularly 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 ques-
tions. 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 meth-
odology, including search strings and data extraction codebook, are
shown in the online supplemental materials Appendix A.

Results

Characteristics of Included Studies

Table 1 displays the characteristics of studies included in the review;
detailed results are presented in the online supplemental materials
Appendix B. Across studies, area-level racial prejudice was examined
using one of four data sources: the General Social Survey (GSS; n = 3;
Kennedy et al., 1997; Lee et al., 2015; Morey et al., 2018); Project
Implicit (n = 4; Hehman et al., 2018; Leitner et al., 2016a, 2016b;
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Orchard & Price, 2017); Google Trends (n = 3; Chae et al., 2015;
Chae et al., 2018; McKetta et al., 2017); or Twitter (n = 4; Hswen et
al., 2020; Huang et al., 2020; Nguyen et al., 2018, 2020). These data
sources are described in detail below. Studies examined a variety of
health outcomes, including birth outcomes (n = 4; Chae et al., 2018;
Nguyen et al., 2018, 2020; Orchard & Price, 2017), all-cause mortality
(n=4; Chae et al., 2015; Kennedy et al., 1997; Lee et al., 2015; Morey
et al., 2018), cause-specific mortality (n = 4; Chae et al., 2015; Heh-
man et al., 2018; Leitner et al., 2016a, 2016b), cardiovascular disease
(CVD) and related risk factors (n = 2; Huang et al., 2020; Leitner et
al., 2016a), mental health outcomes (n = 1; Hswen et al., 2020), and
self-rated health (n = 1; McKetta et al., 2017). Ten of the 14 studies
explored whether associations between area-level racial prejudice and
health were differential by racial/ethnic group, either by comparing
race/ethnicity-specific rates (Kennedy et al., 1997, Nguyen et al.,
2020; Nguyen et al., 2018) or by testing for statistical interaction
between area-level racial prejudice and race/ethnicity (Huang et al.,
2020; Lee et al., 2015; Leitner et al., 2016a, 2016b; McKetta et al.,
2017; Morey et al., 2018; Orchard & Price, 2017). The remaining four
studies were restricted to one racial/ethnic group (Chae et al., 2015;
Chae et al., 2018; Hehman et al., 2018; Hswen et al., 2020). Two stud-
ies explored mediators on the pathway to health (Lee et al., 2015; Leit-
ner et al., 2016a).

Overview of Data Sources Used to Measure Area-Level
Racial Prejudice

See online supplemental materials Appendix C for more details of
the data sources listed below.

General Social Survey

The General Social Survey (GSS) is a nationally representative survey
of social and political attitudes among noninstitutionalized English-speak-
ing adults living in the United States, conducted on a random sample of
the eligible population at each wave (Davis & Schwartzman, 1973; 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 hardworking or lazy?” (Lee et al., 2015). Anti-immi-
grant prejudice is assessed based on agreement with statements like
“America should take stronger measures to exclude illegal immigrants,”
and “Immigrants increase crime rates” (Morey et al., 2018). These ques-
tions are used to create composite measures of racial prejudice (Kennedy
et al,, 1997; Lee et al., 2015) or anti-immigrant prejudice (Morey et al.,
2018), 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 [Xu et al., 2014]).
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 words. Faster reaction time matching positive
words with White and negative words with Black faces indicates cogni-
tive dissonance between Black people and positive emotions, which is
interpreted as an anti-Black and/or pro-White implicit bias (Hehman et
al., 2018). 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 (Hehman
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Table 1
Characteristics of Included Studies (n = 14)
Study characteristic n (%) References
Follow-up®
Cross-sectional 10 (71.4%) Cross-sectional: Kennedy et al. (1997); Leitner et al. (2016a, 2016b);
Orchard and 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®
Ecologic 6 (42.9%) Chae et al. (2015); Hehman et al. (2018); Hswen et al. (2020); Kennedy et
al. (1997); Leitner et al. (2016a, 2016b)
Multilevel 7 (50%) Lee et al. (2015); Morey et al. (2018); McKetta et al. (2017); Orchard and
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, 2016b); Orchard and Price (2017)
State 5(35.7%) Kennedy et al. (1997); McKetta et al. (2017); Nguyen et al. (2018, 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, 2016b); Orchard and 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®
White racial prejudice 3(21.4%) Leitner et al. (2016a, 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 and
Price (2017)
Not discernable with the data source used 7 (50%) Chae et al. (2015, 2018); McKetta et al. (2017); Huang et al. (2020); Hswen
et al. (2020); Nguyen et al. (2018, 2020)
Outcome®
Birth outcomes 4 (28.6%) Orchard and Price (2017); Chae et al. (2018); Nguyen et al. (2018, 2020)
All-cause mortality 4 (28.6%) Kennedy et al. (1997); Lee et al. (2015); Morey et al. (2018); Chae et al.
(2015)
Cause-specific mortality 4 (28.6%) Leitner et al. (2016a, 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®
Birth records 4 (28.6%) Orchard and Price (2017); Chae et al. (2018); Nguyen et al. (2018, 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, 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®
Black and White 6 (42.9%) Kennedy et al. (1997); Lee et al. (2015); Leitner et al. (2016a, 2016b);
McKetta et al. (2017); Orchard and Price (2017)
Multiracial (>2) 4 (28.6%) Huang et al. (2020); Morey et al. (2018); Nguyen et al. (2018, 2020)
Black only 3(21.4%) Hehman et al. (2018); Chae et al. (2015, 2018)
Hispanic only 1 (7.1%) Hswen et al. (2020)
Sample size®
Min 875 Hehman et al. (2018)
Max 31,464,451 Orchard and Price (2017)
Median 3,245,8,787.5
M (SD) 5,967,3,432.9 (10,530,918.1)
NA, n (%) 2 (14.3%) Kennedy et al. (1997); Leitner et al. (2016b)
Mechanisms explored®
Mediation 2 (14.3%) Lee et al. (2015); Leitner et al. (2016a)
Effect measure modification/interaction® 10 (71.4%) Compared race-specific rates: Kennedy et al. (1997)

(table continues)
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Table 1 (continued)

Study characteristic n (%) References
Stratified subgroups (no test for interaction): Nguyen et al. (2018, 2020)
Multiplicative interaction: Lee et al. (2015); Morey et al. (2018); Leitner et
al. (2016a, 2016b); Orchard and Price (2017); McKetta et al. (2017);
Huang et al. (2020)
NA (within-group study) 4 (28.6%) Hehman (2018); Chae et al. (2015, 2018); Hswen et al. (2020)

Note. DMA = designated market area (geographic area receiving similar media and news); CBSA = core-based statistical area (similar to metropolitan
statistical area); GSS = General Social Survey; CVD = cardiovascular disease; NA = not applicable; PSU = primary sampling unit (comprised of metropol-
itan statistical areas and non-metropolitan counties; Morey et al., 2018).

#Cross-sectional: exposure and outcome examined at one time-point only, even if the exposure preceded the outcome; Prospective: exposure precedes out-
come 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. °Multilevel: area-level exposure and individual-level outcome, 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). ©Sum is >100% because categories are
not mutually exclusive. “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 in online supplemental mate-
rials Appendix B. ¢ Includes any study that examined whether the association between area-level racial prejudice and health was differential or nondifferential
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.

et al., 2018). Studies using Project Implicit data aggregate implicit and
explicit biases separately to the area level, either for all respondents (Or-
chard & Price, 2017) or for subgroups of respondents (e.g., Whites’
racial bias; Hehman et al., 2018; Leitner et al., 2016a, 2016b).

Google Trends

Google search data come from Google Trends (Google, 2020),
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 geo-
graphic areas receiving similar media from TV, radio, newspapers,
and Internet sources.

Twitter

Twitter data can be collected prospectively (Huang et al., 2020;
Nguyen et al., 2018, 2020) or retrospectively (Hswen et al., 2020;
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 (Hswen et al., 2020;
Huang et al., 2020; Nguyen et al., 2018, 2020). 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 (Huang et al., 2020; Leitner et al., 2016a),
adverse birth outcomes (Chae et al., 2018; Nguyen et al., 2018,
2020; Orchard & Price, 2017), increased mortality (Chae et al.,
2015; Hehman et al., 2018; Kennedy et al., 1997; Lee et al., 2015;

Leitner et al., 2016a, 2016b; Morey et al., 2018), and poor self-
reported mental (Hswen et al., 2020) and physical health (McKetta
et al., 2017). 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 online supplemental materials Appendix B3). 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 minori-
tized groups compared with Whites. In this review, we define the
effects of area-level racial prejudice on health to be differential by
race/ethnicity if the p-value on the test for multiplicative interac-
tion (i.e., race*area-level racial prejudice) was <.05, following the
threshold used in the reviewed studies and authors’ interpretations
of their results. If no test for interaction was performed, we consid-
ered the effects to be differential if the race/ethnicity-specific mea-
sure of association differed by >10%, a rule-of-thumb for a
meaningful difference in epidemiologic quantities (Jewell, 2003).

Evidence of Differential Effects by Race/Ethnicity

Among the ten studies that explored whether effects were differ-
ential by race/ethnicity, six found evidence of effect modification.

Of these, two showed harmful but less pronounced effects among
Whites compared with racial/ethnic minoritized groups (Kennedy et
al., 1997; Leitner et al., 2016a). 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 with White
rates. 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 resi-
dents, with stronger associations for Black rates.
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One study showed that area-level racial prejudice may be pro-
tective for Whites. Using Project Implicit data, Orchard and Price
(2017) found that the Black—White gap in preterm birth and low
birth weight was positively associated with county-level racial
prejudice. Most of the racial difference in this association was
driven by poorer outcomes among Black birthing persons; how-
ever, 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 nonmetropolitan counties (Morey
et al., 2018). 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 U.S.- or foreign-born. However, U.S.-born “other race”
respondents (mostly Hispanic- and Asian-Americans) living in
communities with higher levels of anti-immigrant prejudice had
increased mortality rates compared with foreign-born respondents
of those ethnicities.

Leitner et al. (2016b) found evidence of race differences that
depended on the specification of the study exposure. 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 dis-
ease 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.
Among non-Hispanic White and Black respondents, Twitter-char-
acterized negative sentiment toward racial/ethnic minoritized
groups was most strongly associated with hypertension, myocar-
dial infarction, and CVD. In contrast, among Hispanic respond-
ents, Twitter-characterized negative sentiment toward racial/ethnic
minoritized groups was most strongly associated with diabetes,
obesity, and stroke.

Findings of Nondifferential 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., nondifferential) for White as compared with racial/ethnic
minoritized groups (Lee et al., 2015; McKetta et al., 2017; Nguyen
et al., 2018, 2020). Lee et al. (2015) found that area-level preju-
dice, assessed as a composite measure from the GSS racial atti-
tudes questions, was similarly associated with increased mortality
risk among both Black and White GSS respondents. 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
(2013) respondents, and no statistically significant interaction with
race was observed. Using Twitter data, Nguyen and colleagues
found that birthing persons living in states with higher levels of

negative (Nguyen et al., 2020), or lower levels of positive (Nguyen
et al., 2018, 2020), racial sentiment had more adverse birth out-
comes, 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 (Chae et al., 2015, 2018; Hehman et al., 2018; Hswen et
al., 2020). Chae and colleagues found that in DMAs with a greater
popularity of Google searches for “n-word,” Black residents expe-
rienced higher rates of all-cause and cause specific mortality
(Chae et al., 2015) and adverse birth outcomes (Chae et al., 2018).
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. 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 U.S. presidential election.

Theory, Conceptualization, and Proposed Pathways to
Health

Several studies referenced theories in their introduction or dis-
cussion sections, including “structural stigma” (Morey et al., 2018,
p- 56) and “fundamental causes” (Huang et al., 2020, p. 888); 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 exist-
ing models of racism (Huang et al., 2020; McKetta et al., 2017; Morey
et al., 2018). 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: (a) area-level racial prejudice as a proxy for the atti-
tudes and actions of prejudiced individuals, with pathways to
health occurring via personally-mediated racial discrimination and
its consequences or (b) area-level racial prejudice as a broader
measure of prejudiced social contexts, with pathways to health
occurring at multiple social-ecologic levels. These two conceptual-
izations 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.

Measuring Prejudiced Individuals

Many authors described racial discrimination as a key determi-
nant of health but noted limitations of traditional survey instru-
ments which ask individuals to recall past experiences of racially
motivated discrimination in various settings. These experiences
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Figure 2
Proposed Pathways Linking Area-Level Racial Prejudice with Health
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may be underreported on surveys owing to the subtlety of contem-
porary racism, attributional ambiguity, internalized racism, and the
influence of coping style on reporting (Chae et al., 2015, 2018;
Hswen et al., 2020; Leitner et al., 2016a; Morey et al., 2018;
Nguyen et al., 2020), which may result in inconsistent or underes-
timated effects of racial discrimination on health (Chae et al.,
2015, 2018; Hswen et al., 2020; Huang et al., 2020; Nguyen et al.,
2018, 2020).

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
(Chae et al., 2015, 2018; Leitner et al., 2016a, 2016b). 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 (Chae et al.,
2018; Hswen et al., 2020; Huang et al., 2020; McKetta et al.,
2017; Nguyen et al., 2020).

The stated or unstated assumption of these studies was that
racial/ethnic minoritized groups living in areas where more indi-
viduals harbored racial prejudice would be at increased risk of
experiencing racial discrimination. For example, Chae and col-
leagues (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 toward Blacks in a
geographic area, including those experiences of racially motivated
bias that are subtle or not observable, and which are not necessar-
ily 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, anxi-
ety, and chronic physiological stress adaption, all of which disrupt
key regulatory systems and undermine health (Chae et al., 2015,
2018; Huang et al., 2020; Lee et al., 2015; Leitner et al., 2016a,
2016b; McKetta et al., 2017; Nguyen et al., 2018, 2020; Orchard
& Price, 2017). They also described how this stress can lead to

maladaptive coping behaviors, such as poor diet and exercise
(Chae et al., 2015, 2018; Huang et al., 2020; Lee et al., 2015; Leit-
ner et al., 2016a; Nguyen et al., 2020; Orchard & Price, 2017).
Last, authors described how racial discrimination in institutional
settings (e.g., employment and housing) limits economic opportu-
nities and material resources needed to achieve optimal health
(Chae et al., 2015, 2018; Leitner et al., 2016a; McKetta et al.,
2017; Nguyen et al., 2018, 2020), or harms health directly in the
case of health care discrimination (Chae et al., 2018; Leitner et al.,
2016a; Nguyen et al., 2020; Orchard & Price, 2017).

Pathways were described in hypothetical terms but remained
largely unexamined, with a few exceptions (Leitner et al., 2016a;
Orchard & Price, 2017). Orchard and Price (2017) found that birth
outcomes were more strongly associated with the racial prejudice
in the county of birth compared with the county of residence,
hypothesizing that racial bias in county of birth may proxy health
care discrimination. Leitner et al. (2016a) found that the associa-
tion between Whites” racial prejudice and circulatory disease
inequities was not mediated by Black-White differences in smok-
ing, drinking, and exercise, suggesting nonbehavioral factors must
be considered.

Measuring Prejudiced Social Contexts

Others argued that the self-reported measures of racial discrimi-
nation commonly used in the literature may fail to account for
macrolevel manifestations of racism (Hehman et al., 2018; Huang
et al., 2020; Kennedy et al., 1997; Lee et al., 2015; McKetta et al.,
2017; Morey et al., 2018; Nguyen et al., 2020), and therefore may
underestimate the total effects of racism on health (Huang et al.,
2020; Morey et al., 2018; Nguyen et al., 2020). In these studies,
measuring area-level racial prejudice was motivated by a desire to
rise above the level of the individual (Blair & Brondolo, 2017)
and capture the broader social context (Hehman et al., 2018;
Hswen et al., 2020; Huang et al., 2020; Kennedy et al., 1997; Lee
et al., 2015; McKetta et al., 2017; Morey et al., 2018; Nguyen et
al., 2018, 2020) in which prejudiced attitudes and discriminatory
behaviors occur (Hehman et al., 2018; Huang et al., 2020; Nguyen
et al., 2018). Authors described area-level racial prejudice as cap-
turing “ambient social attitudes” (McKetta et al., 2017; p. 9),
“macropsychological characteristics of residents” (Hehman et al.,
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2018; p. 5), or a “temperature of the social environment” (Nguyen
et al., 2018; p. 309). Some conceptualized area-level racial preju-
dice as a direct manifestation of structural (McKetta et al., 2017,
Morey et al., 2018) or cultural (Huang et al., 2020) racism or
stigma, the measurement of which could be used to inform struc-
tural interventions.

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 (Kennedy et al., 1997; Lee et al., 2015;
Leitner et al., 2016a; Morey et al., 2018; Nguyen et al., 2018,
2020; Orchard & Price, 2017), defined as “the norms of reciproc-
ity, trust and social obligation that are essential for minimizing the
risks of poor physical, psychological, or social health” (Kennedy
et al., 1997, p. 466). An erosion of community social capital may
undermine health through; (a) reduced trust, bonding, and norms
of mutual reciprocity (Kennedy et al., 1997; Lee et al., 2015; Leit-
ner et al., 2016a; Orchard & Price, 2017); (b) less social and emo-
tional support to buffer stressful life events (Nguyen et al., 2018);
and (c) less egalitarian political support and commitment to shared
resources, resulting in a lack of investment in policies and pro-
grams that could enhance the welfare of community members
(Kennedy et al., 1997; Leitner et al., 2016a; Nguyen et al., 2020).
Indeed, Lee et al. (2015) found that community social capital
mediated the association between community-level racial preju-
dice and mortality.

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 (Huang
et al., 2020; Leitner et al., 2016a; Morey et al., 2018; Nguyen et
al., 2020). However, authors also described direct effects on
health, independent of personally-mediated discrimination. As
Nguyen et al. (2020, p. 2) explained: “the social climate of a place
represents a complimentary aspect of racial bias and discrimina-
tion that may have its own influence on health, independent of
individual-level experiences.” 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. Leitner et al. (2016a, p. 2) emphasized how
“hostile community environments” could directly evoke stress and
harm health.

Measurement and Other Methodological Considerations

Stated limitations noted across multiple studies, regardless of
data source, included: unmeasured confounding (Chae et al., 2015,
2018; Lee et al., 2015; Leitner et al., 2016a; McKetta et al., 2017;
Orchard & Price, 2017); self-selection into more or less prejudiced
environments based on underlying health status (Chae et al., 2015,
2018; Leitner et al., 2016a, 2016b; McKetta et al., 2017; Morey et
al., 2018); the inability to establish temporality (Chae et al., 2015,
2018; Hehman et al., 2018; Kennedy et al., 1997; Lee et al., 2015;
Leitner et al., 2016b; Nguyen et al., 2018; Orchard & Price, 2017);
and unknown mechanisms linking area-level racial prejudice with
health outcomes (Chae et al., 2018; Hehman et al., 2018; Huang et
al., 2020; Kennedy et al., 1997; Leitner et al., 2016a, 2016b;
McKetta et al., 2017; Morey et al., 2018; Nguyen et al., 2018). 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 the online sup-
plemental materials Appendix D.

General Social Survey

Primary advantages of the GSS include national representative-
ness (Lee et al., 2015; Morey et al., 2018), 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 (Lee et al.,
2015), subnational nonrepresentativeness (Kennedy et al., 1997),
and relatively less temporal and geographic coverage compared
with the other data sources owing to not all questions being asked
on all survey years (Lee et al., 2015).

Project Implicit

Strengths of Project Implicit include the large amount of data
and the ability to measure implicit bias without relying on self-
report (Leitner et al., 2016a; Orchard & Price, 2017). Additional
advantages include the option to explore or adjust for multiple
social biases (weapons stereotype, age, race, or gender bias, etc.;
Hehman et al.,, 2018; Leitner et al., 2016a; Orchard & Price,
2017), examine characteristics of the test-taker for descriptive,
weighting, or stratification purposes (Hehman et al., 2018; Leitner
et al, 2016a, 2016b; Orchard & Price, 2017), and compare
implicit versus explicit biases (Hehman et al., 2018; Leitner et al.,
2016a, 2016b; Orchard & Price, 2017). A major limitation of Pro-
ject Implicit data is that study respondents are self-selected and
may not represent the racial bias in their geographic area of resi-
dence (Hehman et al., 2018; Leitner et al., 2016a, 2016b; Orchard
& Price, 2017). Several studies used poststratification weights to
increase representativeness with respect age and/or sex, reporting
similar results with weighted and unweighted data (Leitner et al.,
20164, 2016b; Orchard & Price, 2017). Finally, using the conven-
tional 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 by higher anti-Black bias (Leitner et al., 2016b).

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
with traditional survey instruments (Chae et al., 2015, 2018;
McKetta et al., 2017). Studies using Google data described prior
validation work, linking area-level rates of searches for the “n-
word” with conceptually related constructs, such as voting
(McKetta et al., 2017) and other area-based measures of racial
bias (Chae et al., 2015). Authors also cited work linking other
search queries to real-world outcomes, such as infectious diseases,
religiosity, and gun ownership (Chae et al., 2018; McKetta et al.,
2017). 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 (Chae et al., 2015, 2018; McKetta et
al., 2017). Despite this potential for measurement error, Google
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Trends may provide a high “signal-to-noise ratio” based on the
sheer volume of data available (Chae et al., 2015, 2018).

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 (Huang et al., 2020; Nguyen et al., 2018, 2020).
Authors also noted that the impersonal nature of Twitter may em-
bolden users to speak more freely about racist attitudes than they
may otherwise express during in-person interactions or on a survey
(Hswen et al., 2020; Huang et al., 2020; Nguyen et al., 2018, 2020).
Other benefits of the platform include the range of individuals,
groups, and businesses represented (Nguyen et al., 2018), predictive
validity across a number of health topics and outcomes (Hswen et al.,
2020; Huang et al., 2020; Nguyen et al., 2018, 2020), and the ability
to capture racial sentiment in real-time (Hswen et al., 2020). Finally,
sentiment analysis allows investigators to determine the overall tone
of the Tweets referencing racial groups (Hswen et al., 2020; Huang
et al., 2020; Nguyen et al., 2018, 2020), offering a major strength
over Google Trends data where the context or motivation of the
search is entirely unknown (Chae et al., 2015, 2018; McKetta et al.,
2017). However, misclassification may occur because sentiment
analysis cannot capture sarcasm or humor (Huang et al., 2020;
Nguyen et al., 2018, 2020). Despite the anonymity of Twitter, self-
censorship may still influence what users are willing to post (Nguyen
et al., 2018, 2020). Finally, demographic graphic characteristics of
individual Twitter users are not reliably discernable (Huang et al.,
2020).

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. Collec-
tively, 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 mortal-
ity. The magnitude of these associations ranged from subtle to
more pronounced; differences in effect sizes could be due to expo-
sure and outcome measurement and specification, estimation pro-
cedures, 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 with Whites (Kennedy et al., 1997,
Leitner et al., 2016a; Morey et al., 2018; Orchard & Price, 2017),
whereas others found associations of similar magnitude among

minoritized racial/ethnic groups and Whites (Lee et al., 2015;
McKetta et al., 2017; Nguyen et al., 2018, 2020). Among studies
that explored race/ethnic-specific effects, evidence of racial/ethnic
differences did not depend on study outcome or mode of assess-
ment, 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 dispropor-
tionately associated with adverse health among Black as compared
with White residents (Leitner et al., 2016a, 2016b; Orchard &
Price, 2017). In contrast, studies using GSS data showed both dif-
ferential (Kennedy et al., 1997; Morey et al., 2018) and nondiffer-
ential (Lee et al., 2015) 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 oppres-
sion that maintains white supremacy and advances the economic,
social, and physical wellbeing of Whites through the subordination
of racial/ethnic minoritized groups (Feagin, 2013; Harrell, 2000;
Phelan & Link, 2015). Findings of nondifferential effects by race/
ethnicity, in contrast, align with an understanding of inequality
and white supremacy as harmful to the health of everyone in soci-
ety (Malat et al., 2018; Wilkinson, 2001). Another plausible expla-
nation 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 ave-
nue for future research and can inform the development of inter-
ventions 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
macrolevel construct, capturing the broader social context over
and above the prejudice of individual actors. This latter conceptu-
alization 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” (p.
236). Building consensus around the conceptualization of this ex-
posure is of top priority for grounding future work in this area.

Theories of cultural racism (Cogburn, 2019; Hicken, 2019; Wil-
liams et al., 2019) 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”
(Williams et al., 2019, p. 110), cultural racism provides a shared
framework through which members of society value different
racial/ethnic groups. Cultural racism reflects and reinforces struc-
tural racism, including institutional practices and policy regimes,
which together shape the distribution of resources by race/
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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 (Wil-
liams et al., 2019). Cultural racism may also directly impact health
through other forms of racism-related stress, such as vicarious rac-
ism (e.g., witnessing or hearing about discrimination against fam-
ily 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, ex-
posure to harmful media representations [Harrell, 2000; Hicken,
2019]).

Previous research provides insights into the social antecedents
and consequences of area-level racial prejudice. For example, evi-
dence suggests that racial prejudice has historical roots in slavery
and subsequent structural inequities (e.g., racial residential segre-
gation and Black—White gaps in poverty and social mobility
[Payne et al., 2019]), as well as acute racialized social shocks,
such as media coverage of the Black Lives Matter movement
(Sawyer & Gampa, 2018) and the racist rhetoric surrounding the
COVID-19 pandemic (Darling-Hammond et al., 2020). Docu-
mented social consequences of area-level racial prejudice include
racial inequities in access to health care (Leitner et al., 2016a),
self-employment (Kopkin, 2017), and income (Connor et al.,
2019). Together, this evidence can be used to inform testable
mechanistic hypotheses and deepen the conceptual rigor of future
work.

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 (Chae et al., 2015, 2018; Hehman et
al., 2018; Huang et al., 2020; Kennedy et al., 1997; Leitner et al.,
2016a, 2016b; Nguyen et al., 2018, 2020; Orchard & Price, 2017).
Given existing theory and evidence to suggest that higher rates of
disease can drive up collective biases (O’Shea et al., 2020),
reverse-causation may pose a threat to validity (Hehman et al.,
2018). Of note, the few studies that measured health outcomes
prospectively provided evidence to support the hypothesis that liv-
ing in an area with high levels of racial prejudice may be associ-
ated with incident morbidity and premature mortality (Lee et al.,
2015; McKetta et al., 2017; Morey et al., 2018).

A related concern is residual confounding, or a “mixing of
effects” (Rothman et al., 2008) of area-level racial prejudice with
unmeasured macrolevel factors that may also influence health
(Glymour, 2006). Although studies controlled for a variety of pop-
ulation-level sociodemographic variables, it is not possible to mea-
sure 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 differ-
ent geographic scales or examine cross-level interactions (e.g.,
county*state) to inform multilevel policy interventions.

Across the four data sources used to measure area-level racial
prejudice, there were important trade-offs between (a) representa-
tiveness, (b) self-censorship, and (c) specificity of measurement.

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 Twit-
ter measures have been described as highly representative, given
the broad accessibility of Internet access today (Nguyen et al.,
2020; Stephens-Davidowitz, 2014). However, according to the
Pew Research Center, only about 22% of adults use Twitter (Per-
rin & Anderson, 2019), and users tend to be younger, more edu-
cated, and more progressive than the general population (Wojcik
& Hughes, 2019). In addition, Twitter data are restricted to the
83% of users who make their profiles public (Huang et al., 2020;
Nguyen et al., 2020; Remy, 2019). It is possible that public users
and the content of their tweets differ systematically from other
users, which poses a threat to validity. Moreover, although almost
all (99%) of public tweets can be geotagged at the state-level, only
about 3% to 4% provide latitude and longitude information needed
to examine sentiment at smaller geographic scales, such as coun-
ties. The GSS is a nationally-representative survey, but may not be
completely representative at smaller geographic scales (Kennedy
etal., 1997).

Project Implicit data are the least representative because
respondents are self-selected, with reasons for participation rang-
ing from class assignments and racial bias trainings to pure curios-
ity (Sakong, 2021). On average, Project Implicit respondents tend
to be younger and comprised of more women than the general
population (Xu, 2014). To mitigate this concern, some studies
implemented poststratification weights to make county averages
more representative based on age and/or sex (Leitner et al., 2016a,
2016b; Orchard & Price, 2017); however, this strategy does not
address self-selection based on unmeasured factors, including
amount of racial bias (Blair & Brondolo, 2017; Hoover & Deh-
ghani, 2020; Leitner et al., 2016a). Somewhat reassuringly, valida-
tion 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.

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 (Krumpal, 2013).
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 instru-
ment is actually measuring racial prejudice. The IAT from Project
Implicit is highly specific: it is a validated measure of implicit
racial prejudice and is shown to reliably predict discriminatory
behavior across a number of settings (Greenwald et al., 2009; Jost
et al., 2009; Xu et al., 2014); although there is some measurement
ambiguity between pro-White and anti-Black bias (Leitner et al.,
2016b). The explicit measure of racial bias from Project Implicit
and GSS also offer high specificity because they directly ask
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respondents’ attitudes about race-related topics, but as discussed,
are threatened by self-censorship.

Although Google and Twitter have high generalizability and
low self-censorship compared with 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 ena-
bling 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 (Huang et al., 2020; Nguyen
et al., 2018). 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 measure-
ment 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 aggrega-
tion 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 tweet-
ing means something qualitatively different when performed by a
White versus racially minoritized individual, the validity of the ex-
posure will be compromised.

No single data source offered superior representativeness, speci-
ficity 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 summarized in the online supplemental materials Appendix D.
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 theo-
retical rigor of this work. What are these aggregated measures of
racial prejudice capturing in relation to the field’s current under-
standing of racism? Might they be conceptualized as a component
or biproduct of cultural racism (Cogburn, 2019; Hicken, 2019;
Williams et al., 2019)? 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 commu-
nity-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 experi-
ences of racial discrimination and whether such discrimination
mediates and/or moderates the effects on health could help to
inform hypotheses and develop targeted interventions (Blair &
Brondolo, 2017; Nguyen et al., 2020).

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 econo-
metric 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 out-
comes (Glymour, 2006). For example, research examining the
relationship between acute or ongoing racially salient events,
changes in area-level racial prejudice, and changes in health out-
comes among different racial/ethnic groups can advance our
understanding of the causal mechanisms at play, while strength-
ening the conceptualization of the exposure by identifying its
antecedents. In tandem, research linking area-level racial preju-
dice measures with data from longitudinal cohort studies with
multiple prospective outcome assessments across the life course
could identify developmental windows of vulnerability and
inform targeted interventions.

Last, increased use of big data in public health and social sci-
ence 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 maxi-
mize representativeness and specificity of measurement while
minimizing self-censorship. Researchers may also consider valida-
tion 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 interdisciplinary databases increased the breadth
and depth of our search and the likelihood of identifying eligi-
ble 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 comprehen-
sive search strategy which yielded more than 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 overestimate the
effects of area-level racial prejudice on health (Dwan et al.,
2008). 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
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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 mort-
gage discrimination [Beyer et al., 2016], racist policing [Sewell
& Jefferson, 2016], or hate crimes [Duncan & Hatzenbuehler,
2014]) could complement this study.

Conclusions

The measurement of area-level racial prejudice based on aggre-
gated 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 liter-
ature. 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 advanc-
ing innovations in measurement, strengthening causal inference,
and exploring social and biologic mechanisms. Findings from this
emerging body of literature can be used to inform public health
policymakers and practitioners in developing evidence-based
interventions to reduce the harm caused by ambient racial preju-
dice in society.
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