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Abstract

Structural racism has often been invoked to explain observed disparities in social outcomes,
such as in educational attainment and income, among different American racial/ethnic groups.
Theorists of structural racism typically argue that racial categories are socially constructed
and do not correspond with genetic ancestry; additionally, they argue that social outcome
differences are a result of discriminatory social norms, policies, and laws that adversely affect
members of non-White race/ethnic groups. Since the examples of social norms and policies
commonly provided target individuals based on socially-defined race/ethnicity, and not on
genetic ancestry, a logical inference is that social disparities will be related to socially-defined
race/ethnicity independent of genetically-identified continental ancestry. In order to evaluate
this hypothesis, we employ admixture-regression analysis and examine the independent
influences of socially-identified race/ethnicity and genetically-defined ancestry on the
educational attainment and income of parents, using data from a large sample of US children.
Our study focuses on self-identified Whites, Blacks, Hispanics, and East Asians in the United
States. Analyses generally show that the association between socially-identified race/ethnicity
and outcomes is mediated by genetic ancestry and that non-White race/ethnicity is unrelated
to worse outcomes when controlling for genetic ancestry. For example, conditioned on
European genetic ancestry, Americans socially-identified as Black and as Hispanic exhibit
equivalent or better social outcomes in both education and income as compared to
non-Hispanic Whites. These results are seemingly incongruent with the notion that social
outcome differences are due to social policy, norms, and practices which adversely affect
individuals primarily based on socially-constructed group status.
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1. Introduction

In the United States (USA), there are well-documented socioeconomic status (SES)
differences between socially (self and other)-defined race/ethnic groups. These groups, as
defined by the USA Office of Management and Budget, include Hispanic/Latin American
ethnicity and White, Black, American Indian, Asian, and Pacific Islander race or origin.
Adults who self-identify as either Hispanic or as non-Hispanic Black, American Indian, and
Pacific Islander typically have lower educational attainment and income than those who
identify as non-Hispanic White. Conversely, those who identify as Asian have higher average
educational attainment and income than Whites.

Racial/ethnic SES inequalities are often attributed to structural racism. Jones (2002, p.
10) gives one frequently cited definition of structural racism: “structures, policies, practices,
and norms resulting in differential access to the goods, services, and opportunities of society
by ‘race’.” Braveman et al. (2022) note, additionally, that structural racism encompasses
laws, policies, institutional practices, and entrenched social norms, as distinct from individual
acts of discrimination. In line with Jones’ (2002) and Braveman et al.’s (2022) conception of
structural racism, it is argued by quite a few researchers, government officials, and scientific
organizations that most socioeconomic and health outcome differences are the result of past
and present social policies and practices directed against members of non-White race/ethnic
groups. Expressing this view, for example, the United States Counselor for Racial Equity,
Janis Bowdler, and Assistant Secretary for Economic Policy, Benjamin Harris (2022) state
that:

Racial inequality in the United States today is rooted in longstanding behaviors,
beliefs, and public and private policies that resulted in the appropriation of the
physical, financial, labor, and other resources of non-white people. … While the most
targeted racist laws and policies have been repealed or otherwise abandoned,
subsequent policies, uneven enforcement of equal protections, and a failure to invest
in individuals harmed by de jure and de facto discrimination has resulted in vastly
limited opportunities and stark inequities between white and non-white Americans
that have continued to this day. 

Of relevance to the current paper, proponents of the structural racism hypothesis
routinely specify that race is a social construct with a limited genetic basis. For example,
Jones (2002), cited above, states that:

“Race” is the social classification of people based on phenotype. That is, “race” is the
societal box into which others put you based on your physical features. As such, it is
distinct from genetic endowment or cultural heritage. … With regard to genes, the few
genes that determine skin color, hair texture, and facial features (the principle aspects
of phenotype used to classify people into “races” in the United States) are not
informative about other aspects of the genotype at the individual level.



According to Jones (2002) “race” is only based on a few phenotypic-related genes,
not global genetic ancestry. Advocates of the structural racism hypothesis frequently
emphasize that race/ethnicity categorization “reflects neither biological nor cultural
differences” and that race is “often conflated erroneously with biology and ancestry”
(Adkins-Jackson et al., 2022, p. 540), that “race is a social construct and is distinct from
ethnicity, genetic ancestry or biology” (O’Reilly, 2022, p. 2), that “social races bear little
relationship to the reality of human biological diversity” (Smedly & Smedly, 2005, p. 22) and
that race “is a social construct with no biological basis and stems from White supremacy”
(Haeny et al., 2021, p. 889). While the phrase “race is a social construct” can have a range of
meanings, a popular one, given by the American Sociological Association (2003), is that race
is “a social invention that changes as political, economic, and historical contexts change”;
this social invention is said to be important because “social and economic life is organized, in
part, around race as a social construct.”

Part of the reason for the emphasis on the socially constructed aspects of race is
rhetorical, as it is believed that “a long history of work has attempted to link race to genetics
in order to justify racial discrimination and race-based social stratification” (Gou et al., 2014,
p. 2337). For example, Suyemoto et al. (2022, p .78) argue that the myth that race is “genetic
or biological” is “important to unravel because it’s the foundation of justifying racial
hierarchies and therefore racism.” Additionally, the assertion, “race is a social construct” is
used to argue, fallaciously, that differences between socially-defined races are necessarily
social or environmental in origin (e.g., Robbins, 2022).

Nonetheless, there are two substantive reasons for the adoption of social
constructivism in context to discussion of Office of Management and Budget-defined
race/ethnic groups and social inequalities. First, laws, policies, institutional practices, and
entrenched social norms must affect members of a group delineated in specific ways to affect
social outcome differences. In the USA, race/ethnic groups are delineated based on “social
and cultural characteristics” (Office of Management and Budget, 1997) in addition to, and not
strictly based on, genetic ancestry.

Related to this point, second, structural racism is typically conceptualized as including
many specific laws, policies, institutional practices, and social norms which did not
discriminate or affect individuals strictly based on ancestry. Examples frequently given
include: voter suppression of Blacks, political gerrymandering, predatory financial services,
mass incarceration, police violence, sending American Indian children to boarding schools
(Braveman et al., 2022), slavery, black code, Jim Crow laws, segregated housing, redlining
(Bailey et al., 2021; Erikson et al., 2022). These policies and practices targeted individuals
based on socially-defined race, not strictly based on genetic ancestry.

For example, Jim Crow impacted all individuals, in the Southern states, with a certain
degree of recognizable African American ancestry. The impact of this policy was not
apportioned according to genetic ancestry. Given that these policies and practices targeted
individuals based on socially-defined race/ethnicity, not strictly genetic ancestry, it makes
sense that proponents of the structural racism hypothesis emphasize the social construction of
race. Discussing this point, Gichoya et al. (2022, p. 8) observe, “in the context of racial
discrimination and bias, the vector of harm is not genetic ancestry but the social and cultural



construct that of racial identity… biased decisions are not informed by genetic ancestry
information, which is not directly available to medical decision makers in almost any
plausible scenario” (p. 8).

Strong social constructionist claims about self-identified racial categories, to the
effect that they do not reflect biological differences or that they provide information only
about genes related to conspicuous race-related phenotypes, are probably false. In the USA,
at least, there is a moderate to high concordance between self/parental-identified
race/ethnicity and continental-level lineage (Fang et al., 2019, Kirkegaard, 2021). Since
continental-level populations - such as Sub-Saharan African, West Eurasian, East Asian, and
Amerindian - are differentiated with respect to many morphological and physiological traits
(Brues, 1990), socially-identified race can also be predicted from, for example, medical
imaging data (Gichoya et al., 2021; Kirkegaard & Fuerst, 2023). Yet, nonetheless,
self-identified race, let alone ethnicity, in the USA, is also socio-politically constructed in that
classifications are based on complex political and cultural considerations independent of
continental-level genetic ancestry. For example: “Hispanic” is not defined by genetic or
biogeographic ancestry, but refers to a “person of Cuban, Mexican, Puerto Rican, South or
Central American, or other Spanish culture or origin, regardless of race” (Office of
Management and Budget, 1997); “Black,” while defined as “a person having origins in any of
the black racial groups of Africa,” includes individuals with a proportion of Black African
ancestry that can range from 2% to 100% (Bryc et al., 2015).

Given the focus on the socially-constructed aspects of race/ethnicity in relation to
specific laws, policies, and norms, one obvious scientific prediction is that socioeconomic
differences will relate to socially-constructed aspects of race/ethnicity substantially above and
beyond continental-genetic ancestry. This seems to be what, for example, Smedly and
Smedly (2005, p .22) predict when they state that “although the term race is not useful as a
biological construct… social race remains a significant predictor of which groups have
greater access to societal goods and resources and which groups face barriers - both
historically and in the contemporary context - to full inclusion.” Or, what Herd et al., (2021,
p. 420) mean when they argue that it would be illogical to focus on “racial group genetic
variation” and also argue that “[g]iven what is known about ancestry, it makes little sense to
examine racial group genetic variation, especially in the American context. People share a
social and political category, not a biological category…”.

One method of assessing whether the socially constructed aspects of race/ethnicity
have an ancestry-independent impact on outcomes is to use admixture-regression designs
(Connor & Fuerst, 2023; Fuerst, 2021; Kirkegaard, 2019; Lasker et al., 2019). In these
designs, recently-admixed populations are treated as natural experiments, and genetic
admixture is used to disentangle various cultural, environmental, and genetic factors
contributing to variation in a trait. Self-identified racial identity is treated as a “surrogate to
an array of social, cultural, behavioral, and environmental variables” (Fang et al., 2019, p.
764) and included in the regression models alongside genetic ancestry variables. These
designs can disentangle the effects of factors related to social racial/ethnic identity from the
effects of factors related to genetic ancestry. In this paper, we test the hypothesis that
self-identified race/ethnicity (this being an index of social race), is strongly related to two
measures of SES -- income and education -- independent of continental-level genetic



ancestry. We interpret the structural racism hypothesis, at least as commonly presented, as
predicting that it will be since this is what many proponents of this hypothesis explicitly state.

2. Method

2.1. Data and Sample

The Adolescent Brain Cognitive Development (ABCD) study is a joint long-term
initiative that includes 21 research sites throughout the US, focused on examining brain
development and child health to investigate the psychological and neurobiological
foundations of human growth. At baseline, around 11,000 children aged 9-10 years were
sampled, using a probability-based sampling approach aimed at establishing a comprehensive
and inclusive sample of US children within that age group. In this current investigation, we
utilized the ABCD 3.01 baseline data.

We used parents’ variables, with the exception of the child’s genetic ancestry. As we
only had access to the children’s genetic ancestry, we limited the sample to cases where both
parents were the biological parents of the child. In families with multiple children, we used
the genetic ancestry estimates of the first biological child. We then selected cases with no
missing data in our variables, which included income, educational attainment, parents’ age,
and the child’s genetic ancestry. Additionally, we excluded parents who identified as Pacific
Islander, South Asian, or Other Asian so as to focus on individuals primarily of European,
African, East Asian, and Amerindian ancestry. These restrictions resulted in a final sample of
5,073 parent dyads.

2.2. Variables

Several variables were computed for the purpose of the present study. The list of these
variables is provided below.

2.2.1 Genetic ancestry
Genetic ancestry of the biological children was computed using the National Institutes

of Health (NIH) estimates. The process of imputing and genotyping was carried out by the
ABCD Research Consortium. To determine genetic ancestry, the ABCD Research
Consortium utilized a k = 4 solution (European, African, Amerindian, and East Asian). The
researchers used the 1000 Genomes populations as reference samples and fastStructure as the
algorithm for this purpose (Hatton, 2018). We divided the ancestry estimates by the sum of
European, African, Amerindian, and East Asian ancestries so that the sum of the four
ancestries is equal to 1. For this reason, we have to drop one ancestry variable in the
regression equation for the estimation of the other variables. We selected European ancestry
as the reference category.

2.2.2 Educational attainment and income
Two outcome variables, parental education attainment and parental income, were

computed for analyses. The parental education variable was calculated as the average of both



parents’ education level, which originally had 22 categories. To create an interval variable,
we recoded the variable to have 11 categories, where 0 represented never attended school,
1-12 represented 1st-12th grade, 12 represented High school graduate, 14 represented Some
college or an Associate degree (Occupational or Academic Program), 16 represented
Bachelor’s degree, and 18 represented Professional School or Doctoral degree.

Parental income was an interval variable that reflected the total combined family
income of the parents in the past 12 months, which was originally coded as 1-10. The
categories were recoded as follows: 1 represented Less than $5,000, 2 represented $5,000
through $11,999, 3 represented $12,000 through $15,999, 4 represented $16,000 through
$24,999, 5 represented $25,000 through $34,999, 6 represented $35,000 through $49,999, 7
represented $50,000 through $74,999, 8 represented $75,000 through $99,999, 9 represented
$100,000 through $199,999, and 10 represented $200,000 or more.

Both the education attainment and income variables were centered around the mean
and standardized. However, some extreme values (i.e., lower than -3 standard deviations
(SDs) below the mean) were identified in both variables. To retain these cases while
minimizing the impact of outliers, we winsorized the data using a 3 standard deviation
threshold.

2.2.3 Age
Age represents the age of the responding parent. For the regression analyses, the age

variable was mean-centered and standardized.

2.2.4 Immigrant status and English
In the survey, parents were asked whether anyone in the child’s family, including

maternal or paternal grandparents, was born outside of the United States, and this variable
was assigned a value of "1" for "Yes" and "0" otherwise. Additionally, the parent who
provided the response was asked if their native language was English, and this variable was
also coded as "1" for "Yes" and "0" otherwise.

2.2.5 Self-identified race/ethnicity
The responding parent was asked 18 questions about his or her race/ethnicity. Based

on these responses, we created six dummy-coded variables: Hispanic ethnicity and White,
Black, East Asian, Native American, and Other race. The East Asian category included
individuals identifying as Chinese, Japanese, Korean, Filipino and Vietnamese, while the
Native American category included individuals identifying as American Indian and Alaska
Native. For a supplementary analysis, we also created parallel sets of race/ethnicity dummy
variables based on the biological child’s race/ethnicity, as indicated by the parents.

2.2.6 State racism and xenophobia
ABCD calculated state-level indicators of both racism and anti-immigrant bias

(xenophobia) for the 18 states in which the recruitment sites were located. These were based
on both implicit bias measures and state-level structural variables. The two indicators



correlated at r = .34 (p < 0.05, N = 5,073). Both variables were centered around the mean and
standardized. These variables were only used in supplementary analyses.

2.3. Description of Analyses

2.3.1 Main analyses
To examine the effect of race/ethnic identity on income and education we ran a series

of admixture regressions. We used a multilevel regression model, specifying research sites as
a random effect and the following fixed effects: dummy coded race/ethnicity (Black, Native
American, Hispanic, Other Race), native English fluency, genetic ancestry (African,
Amerindian and East Asian), and finally parent’s age. Both white racial identity and
European ancestry are used as benchmark variables and the associated variables are dropped
from the regression models. Because we are only interested in the fixed effects estimates, Full
Maximum Likelihood (FML), instead of Restricted Maximum Likelihood (REML), is used as
the estimation method. FML produces more accurate fixed effects whereas REML produces
more accurate random effects. Regression analyses are carried out using lme4 package for R
(Bates et al., 2009).

2.3.2 Supplementary analyses
In order to supplement our main analyses and further explore the robustness of our

findings, we conducted several additional analyses. Firstly, as a robustness check, we reran
the analyses excluding all cases with values of education and income 3 standard deviations
(SDs) or more below the mean. This was done in order to ensure that our results were not
primarily driven by the extremely low values of education and income. Secondly, we used an
alternative approach to determine race/ethnicity. Specifically, we used the children’s
race/ethnicity as reported by the responding parent, instead of the responding parent’s
race/ethnicity. This approach was taken because the parent-reported race/ethnicity of the child
may provide a better representation of the average race/ethnicity identity of both biological
parents. In a third set of analyses, we restricted the sample to families with at least one
biological parent (as opposed to having strictly two biological parents), which yielded a larger
sample size due to the higher rate of single parenthood among Blacks and Hispanics
(N=7,652). In a fourth set of analyses, we added state-level indicators of racism and
anti-immigrant bias to the regression models to explore the potential impact of these variables
on our findings. A fifth set of analyses were conducted using weighted regressions with the
survey package (Lumley, 2020). This approach was used to take into account selection bias,
with weights based on the propensity-based weight of children provided by the ABCD. It is
important to note that we did not use these weight variables in our main analysis because we
primarily used parents’ variables. Finally, a sixth set of analyses was conducted within the
combined Hispanics, Black, and Native American subsamples. This approach was taken to
explore potential differences within disadvantaged non-White groups.

2.4. Data



The complete data set is available to qualified researchers at: https://nda.nih.gov/abcd

3. Result

3.1 Descriptive statistics

Table 1 presents the descriptive statistics for the variables used in our study. In this
table, age is presented in the unstandardized form for ease of interpretation. Black, Hispanic,
and Native American self-identified race/ethnicity are associated with lower levels of income
and educational attainment, while White and East Asian self-identified race/ethnicity are
associated with higher levels. It is noteworthy that the Hispanic and East Asian groups are
characterized by a higher percentage of immigrant families and also low rates of English
fluency. To note, the total case number in Table 1 (N = 5,162) is larger than the dyads (N =
5,073) because some non-Hispanic individuals self-identified as more than one race. This
overlap does not impact our regression analyses because in these analyses we control for race
dummy variables. The high level of European admixture among East Asian respondents
reflects the relatively large number of White-East Asian couples in this sample.

Table 1. Variable Means (and Standard deviations) by the Race/Ethnicity of The
Responding Parent.

non-Hispanic
White

non-Hispanic
Black

non-Hispanic
East Asian

non-Hispanic
Native American

Hispanic

Age 42.51 (5.41) 40.34 (6.49) 43.79 (5.10) 41.37 (6.64) 40.57 (6.14)

Education 0.20 (0.80) -0.53 (0.93) 0.38 (0.68) -0.35 (1.02) -0.82 (1.21)

Income 0.20 (0.75) -0.67 (1.22) 0.37 (0.71) -0.31 (1.11) -0.74 (1.20)

English % 0.97 (0.18) 0.93 (0.26) 0.48 (0.50) 0.99 (0.12) 0.28 (0.45)

Immigrant % 0.22 (0.41) 0.23 (0.42) 0.84 (0.37) 0.16 (0.37) 0.83 (0.38)

*European% 0.95 (0.11) 0.25 (0.17) 0.39 (0.27) 0.80 (0.25) 0.61 (0.21)

*African% 0.02 (0.07) 0.70 (0.18) 0.05 (0.10) 0.09 (0.20) 0.09 (0.11)

*Amerindian% 0.01 (0.04) 0.01 (0.03) 0.01 (0.04) 0.08 (0.14) 0.27 (0.20)

*East Asian% 0.02 (0.07) 0.03 (0.04) 0.55 (0.26) 0.03 (0.09) 0.03 (0.06)

N 3861 326 182 67 726

Note: Standard deviations are reported in parentheses; *Genetic ancestry is the average of both biological
parents.

3.2 Main regression results

https://nda.nih.gov/abcd


Table 2 displays the results for the analysis involving education. In the first model,
excluding ancestry variables, the unstandardized coefficients of Black, Asian, Native
American, Hispanic, and Other race/ethnicity are b = -0.55, 0.22, -0.14, -0.64, and -0.42,
respectively. However, in the second model which includes ancestry variables, the
unstandardized race/ethnicity coefficients are b = 0.24, -0.01, -0.04, 0.01, and -0.17,
respectively. This finding indicates that ancestry strongly mediates the effect of
socially-defined race/ethnicity and, more importantly, that minority race/ethnic categories,
apart from Other race, are not associated with lower educational attainment levels as
compared to White identity once genetic ancestry is controlled for. In fact, Black is associated
with higher educational attainment than White race/ethnicity. When examining the
coefficients of the genetic ancestry variables, the African and Amerindian ancestry variables
are negatively related to education (b = -1.25 and b = -3.27, respectively), while East Asian
ancestry shows a weak non-statistically significant positive association with education as
compared to European ancestry (b = 0.13, p = .363).

Table 2. Admixture Regression Results for Educational Attainment.

Model 1 Model 2

Predictors b P b p

(Intercept) -0.06 (0.06) 0.355 0.20 (0.06) 0.001

Black -0.55 (0.05) <0.001 0.24 (0.10) 0.012

East Asian 0.22 (0.07) 0.001 -0.01 (0.09) 0.957

Native American -0.14 (0.09) 0.145 -0.04 (0.09) 0.656

Hispanic -0.64 (0.05) <0.001 0.01 (0.06) 0.864

Other Race -0.42 (0.06) <0.001 -0.17 (0.06) 0.003

English Fluency 0.21 (0.05) <0.001 0.00 (0.05) 0.993

Age 0.22 (0.01) <0.001 0.18 (0.01) <0.001

Immigrant Family 0.10 (0.03) 0.002 0.15 (0.03) <0.001

African ancestry -1.25 (0.13) <0.001

Amerindian ancestry -3.27 (0.14) <0.001

East Asian ancestry 0.13 (0.14) 0.363

Random Effects



σ2 0.69 0.61

τ00 0.03 site_id_l 0.02 site_id_l

ICC 0.04 0.03

N 22 site_id_l 22 site_id_l

Observations 5073 5073

Marginal R2 /
Conditional R2

0.207 / 0.239 0.297 / 0.319

Note: standard errors are reported in parentheses

Table 3 displays the result for the analysis involving income. In the first model, excluding
ancestry variables, the unstandardized coefficients of Black, Asian, Native American,
Hispanic, and Other race/ethnicity are b = -0.70, 0.20, -0.21, -0.53, and -0.32, respectively.
However in the second model including ancestry variables, the unstandardized race/ethnicity
coefficients are b = 0.25, 0.18, -0.16, -0.04, and -0.11, respectively. Once more, these findings
indicate that ancestry strongly mediates the effect of race/ethnicity categories, except in the
case of Asian and Native American race/ethnicity. When examining the coefficients of the
genetic ancestry variables, African and Amerindian ancestry variables are negatively related
to income (b = -1.48 and b = -2.51 respectively). East Asian ancestry is also non-statistically
significantly negatively associated with income as compared to European ancestry (b = -0.23,
p = .102).

Table 3. Admixture Regression Results for Parental Income.

Model 1 Model 2

Predictors b P b p

(Intercept) -0.17 (0.07) 0.013 0.06 (0.07) 0.421

Black -0.70 (0.05) <0.001 0.25 (0.09) 0.010

East Asian 0.20 (0.07) 0.003 0.18 (0.09) 0.051

Native American -0.21 (0.09) 0.019 -0.16 (0.09) 0.076

Hispanic -0.53 (0.05) <0.001 -0.04 (0.06) 0.519

Other Race -0.32 (0.06) <0.001 -0.11 (0.06) 0.067

English Fluency 0.35 (0.05) <0.001 0.17 (0.05) <0.001

Age 0.18 (0.01) <0.001 0.15 (0.01) <0.001



Immigrant Family 0.08 (0.03) 0.005 0.14 (0.03) <0.001

African ancestry -1.48 (0.13) <0.001

Amerindian ancestry -2.51 (0.14) <0.001

East Asian ancestry -0.23 (0.14) 0.102

Random Effects

σ2 0.66 0.61

τ00 0.05 site_id_l 0.05 site_id_l

ICC 0.08 0.08

N 22 site_id_l 22 site_id_l

Observations 5073 5073

Marginal R2 /
Conditional R2

0.196 / 0.256 0.259 / 0.319

Note: standard errors are reported in parentheses

3.3 Results from the Robustness analyses

We ran a series of robustness tests using variations of the main models, displayed in
Tables 2 and 3. Detailed results from these additional analyses are provided in the
supplementary file. First, we exclude all cases with values of education and income 3 (or
more) SD below the mean so as to ensure that our results are not driven mainly by extreme
values. The results from these analyses are very similar to those from the main analyses
except that, in the models without ancestry, Hispanic and Black identity is associated with
slightly less worse socioeconomic outcomes and in the models with genetic ancestry both
African and Amerindian ancestries are somewhat less negatively associated with outcomes.

A second set of analyses repeats the main regression models using child’s
race/ethnicity (as reported by the parents) instead of the responding parent’s race/ethnicity.
The results of these analyses are also very similar to the main results except that Black
identity shows a slightly lower positive coefficient in the regression analysis for educational
attainment. A third set of analyses restricts the sample to families with at least one (as
opposed to two) biological parent. Doing so yields a much larger sample (N = 7,652) due to
the high rate of single-parenthood among Black and Hispanic identifying individuals. The
results are similar to those from the main analyses except that Black identity is less positively
associated with outcomes and that Native American identity is more negatively associated
with outcomes.

A fourth set of analyses adds state-level racism and anti-immigrant bias. Both racism
and anti-immigrant bias are weak predictors of outcomes and so had little effect on the



results. The results for the second through fourth analyses are summarized in Table 4,
alongside those from Tables 2 and 3.

Finally, we replicate the full model of our main analyses within the combined
Hispanic, Black, and Native American sample. In the educational attainment model, the
coefficients for Black, Asian, Native American, and Hispanic identity are, respectively, b =
0.56 (p = .034), 0.24 (p = .592), and 0.35 (p = .134), whereas the coefficients for African,
Amerindian, and East Asian ancestry are, respectively, b = -1.55 (p < .001), -3.21 (p < .001),
and -1.01 (p = .104). In the income model, the coefficients for Black, Asian, Native
American, and Hispanic identity are, respectively, b = 0.05 (p = .872), 0.10 (p = .836), and
-0.20 (p = .440), whereas the coefficients for African, Amerindian, and East Asian ancestry
are b = -1.59 (p <.001), -2.54 (p <.001), and -0.23 (p = .733), respectively. As seen, the effect
of race/ethnicity is similar to that in the main sample. Additionally, Black identity is not
negatively associated with socioeconomic outcomes after controlling for genetic ancestry.

Table 4. Summary of Admixture Regression Results for Parental Education and
Income.

________________________________________________________________________

Main models
Models with
child race

Models with => 1
biological parent

Models with
state-level racism
variables

Educ. Income Educ. Income Educ. Income Educ. Income

Black dummy 0.24 0.25 0.11 0.25 0.11 0.08 0.24 0.24

Asian dummy -0.01 0.18 0.00 0.19 0.11 0.15 0.00 0.18

Native American
dummy -0.04 -0.16 -0.07 -0.17 -0.13 -0.17 -0.04 -0.15

Hispanic dummy 0.01 -0.04 -0.04 0.00 0.01 -0.05 0.01 -0.04

Other Race dummy -0.17 -0.11 -0.09 -0.05 -0.15 -0.17 -0.17 -0.11

African ancestry -1.25 -1.48 -1.13 -1.55 -1.06 -1.59 -1.24 -1.48

Amerindian ancestry -3.27 -2.51 -3.23 -2.57 -2.84 -1.92 -3.28 -2.52

East Asian ancestry 0.13 -0.23 0.13 -0.22 0.02 -0.26 0.13 -0.24

N 5073 5073 5073 5073 7652 7652 5073 5073

________________________________________________________________________

4. Discussion

The research examined whether racial differences in educational attainment and
income are associated with socially-identified race/ethnicity independent of genetic ancestry.
We found that, after controlling for genetic ancestry, Hispanic and Native American



identities, as compared to White identity, are not associated with lower educational
attainment and, also, that Native American identity is associated with only slightly lower
income levels. Additionally, when genetic ancestry is held constant, Black identity is
associated with higher education and income than White identity. The results hold when the
children’s race/ethnicity are used instead of those of the responding parents. Furthermore, the
results hold when subsetting to only Hispanic, Black, and Native American individuals, a
finding which is consistent with the findings of a meta-analysis of American studies
(Kirkegaard et al., 2016).

The structural racism hypothesis, as commonly formulated, clearly predicts that
socially-defined race/ethnicity will have an effect on educational attainment and income
independent of genetic ancestry. This is because most of the specific laws, policies,
institutional practices, and entrenched social norms in the USA, which could have adversely
affected non-White groups, did not target individuals based on genetic ancestry, but rather did
so based on socially defined race/ethnicity (Gichoya et al., 2022; Smedly & Smedly, 2005).
An alternative is the cognitive meritocracy hypothesis. According to this, educational and
income differences are mostly due to general cognitive ability and other human capital
differences. Since a number of studies have shown that general cognitive ability tracks
genetic ancestry better than socially-defined race and also genetically predicted color (e.g..,
Kirkegaard et al., 2019), this model would predict that social outcome differences, being
antecedent to cognitive ability ones, also follows genetic ancestry.

Fuerst, Wang, & Kirkegaard (2017) conducted a large meta-analysis of genetic
epidemiological studies on the relation between European, African, and Amerindian ancestry
and indices of SES. The authors found that, with a high degree of consistency, European
ancestry was positively associated with better outcomes and that African and Amerindian
ancestry was negatively associated with better outcomes. However, for the most part, these
studies did not examine the independent effect of socially-defined race on outcomes. Though,
the authors report results from one study from Brazil which examines the effects of both
interviewer and participant-reported color/race (“cor”) on household assets, schooling, and
income. Independent of European ancestry, racial/color identification was not statistically
significantly associated with outcomes, while European ancestry was strongly associated with
better SES outcomes. These results from Brazil, then, are consistent with the ones reported in
this paper.

One major limitation of this study is that, as we only had admixture estimates for
children, we limited the sample to dyads who were biological parents. As a result the
non-White sample sizes were modest. Moreover, since dual parenthood is positively related
to socioeconomic status, the samples used are not representative of American populations.
This should, therefore, be seen as an exploratory study. There are large datasets containing
genetic data and adult educational attainment and income on which admixture regression
analyses could be run in the future to determine if socially-defined race/ethnicity has
predictive validity independent of genetic ancestry. Since many researchers very clearly argue
that the constructive aspects of race/ethnicity are strongly related to socioeconomic outcomes,
this research is worth pursuing to better understand the nature of race/ethnic related
socioeconomic disparities in the USA.
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