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Abstract: In recent years, scholars of racial inequality have increasingly sought to move beyond
simply quantifying discrete racial disparities and instead measure social stratification as a function
of continuous racialized characteristics that vary both within and between racial groups. In this
article, we draw on a sample of genotyped respondents from the Add Health study and construct
genetic similarity proportions, individual-level measures that correlate with racialized physical
features that vary across the expansive family tree of humanity (skin tone, facial structure, hair
texture, etc.). We then investigate the relationship between these proportions and interviewer-rated
physical attractiveness among self-identified Black Americans (N=2,087). Our findings highlight
the existence of substantial attractiveness penalties related to having higher levels of Sub-Saharan
African (as opposed to European) genetic similarity.

Keywords: racial inequality; social stratification; physical attractiveness; biodemography; genetic
ancestry; human genomics

Reproducibility Package: All results needed to evaluate the conclusions in the article are present in
the article and/or the Supplementary Materials. All syntax files needed to replicate our main text
analyses are available at the following link: https://github.com/luyin-z/attractiveness_penalties. We
utilized the restricted Add Health survey and genotype data, which can be accessed by researchers
via application at https://data.cpc.unc.edu/projects/2/view.

LARGE body of empirical research documents average disparities between
White and Black Americans in a host of valued outcomes, ranging from child-

hood educational opportunity (Reardon, Kalogrides, and Shores 2019) to success
in the dating market (Bruch and Newman 2018) to life expectancy (Wrigley-Field
2020). In recent years, however, scholars of racial inequality have increasingly
sought to move beyond simply quantifying discrete disparities—for instance, the
average difference in a variable of interest between two racial groups (e.g., the
Black-White achievement gap)—to instead measure social stratification as a func-
tion of continuous racialized characteristics (Monk 2022; Sen and Wasow 2016),!
which vary both within and between racial groups (e.g., skin tone; Santana 2024).
An overemphasis on discrete racial categories can serve to obscure meaningful
within-race inequalities, whereas shifting the focus to various racialized charac-
teristics highlights that there exists variation in how individuals with the same
racial identity experience race and its consequences. Though this line of inquiry
offers much promise, studies of racialized characteristics have, thus far, faced two
key methodological challenges: (i) it is difficult to know a priori which specific
individual-level physical and social characteristics have become imbued with racial
meaning and stigma and (ii) a relatively limited number of racialized character-
istics (often measured with substantial error) are currently available in existing
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nationally representative data sources.? To address these challenges, and in light of
the increased availability of molecular genetic data, we propose a new tool for the
empirical exploration of racial stratification: genetic similarity proportions (GSPs).

GSPs (National Academies of Sciences, Engineering, and Medicine 2023), also
known as genetic ancestry proportions, have a wide range of applications in human
genomics, including in the study of gene—ancestry interaction effects (Patel et al.
2022; Wojcik et al. 2019) and in the analysis of historical human admixture events
(Haak et al. 2015). (Genetic admixture refers to genomic mixing of previously
isolated populations.) However, recent social scientific research has demonstrated
that GSPs may also be used to index variation in racialized physical features in
the United States today (Trejo and Thompson 2025; Zhang and Trejo 2025, 2026).
GSPs, which are readily constructed from genotype and/or sequence data, provide
estimates of the fraction of a person’s DNA that is categorized into various (often
geographically defined) genomic reference populations (Browning, Waples, and
Browning 2023; Tan and Atkinson 2023). Notably, GSPs vary continuously among
admixed populations (such as Black and Hispanic Americans), are fixed at birth, and
are estimated with little measurement error.> Moreover, the use of GSPs does not
require researchers to prespecify which specific racialized characteristics might be
relevant to a given social process; because racial ideologies are socially constructed
using physical features that vary across the expansive family tree of humanity
(Mathieson and Scally 2020; Trejo and Martschenko 2026), variation in GSPs will
tend to capture phenotypic variation in these characteristics.*

Note, although race and ancestry are often conflated, they are nonetheless con-
ceptually distinct. Race refers to a dynamic social process through which discrete
identity groups are constructed and enforced across time, often to maintain social hi-
erarchies. Ancestry, on the other hand, encompasses our genealogical and genomic
link to others—the single family tree shared by all of humanity. We view efforts
to leverage the empirical distribution of genetic variation to challenge or deny the
social construction of race as an intellectual dead end.® Instead, in this article, we
ask whether it is possible to leverage DNA to better measure and understand the
consequences of racial construction in contemporary America.

In particular, we use GSPs to explore social stratification in externally rated
physical attractiveness. Historically, sex-specific selection on attractiveness may
have played an important role in the evolution of humans (Perrett et al. 1998),
and, in the modern era, there are significant social advantages to being viewed as
physically attractive (Maestripieri, Henry, and Nickels 2017; Mulford et al. 1998).
Individuals perceived to be attractive tend to marry earlier (Jeeger 2011), earn
more (Abascal and Garcia 2022; Fletcher 2009; Hamermesh and Biddle 1994; Monk,
Esposito, and Lee 2021; Scholz and Sicinski 2015; Wong and Penner 2016), live
longer (Sheehan and Hamermesh 2024), and report higher subjective well-being
than their less attractive counterparts (Hamermesh and Abrevaya 2013). Notably,
exactly which physical features are viewed as attractive is subjective and culturally
dependent, with past work documenting the existence of variation in preferences
across the globe (Zhan et al. 2021). A recent analysis of dating app data found
that Black Americans were the only racial group where both men and women were
systematically viewed as less desirable than their White counterparts (Bruch and
Newman 2018).
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Past work on racialization and attractiveness has largely relied on interviewer-
reported measures of physical features. However, such measures are inherently
relational—reflecting one person’s perception at a single point in time—and are
therefore impacted by rater heterogeneity, contextual factors, and measurement
error (Garcia and Abascal 2016; Hannon and DeFina 2016). Thus, while interviewer-
reported measures may capture how respondents are seen by a specific interviewer
at the time of the interview, they do not necessarily reflect how respondents are typ-
ically perceived by the broader social world. In contrast, an individual’s genome—
and, so too, any prespecified transformation of the genome—is stable across the
life-course. In this way, GSPs provide a reference point which allows us to identify
individuals who share a racial/ethnic identity but nonetheless differ in ancestral
background (and, likely, physical appearance).

We draw on a sample of genotyped Americans from the National Longitudinal
Study of Adolescent to Adult Health (Add Health) and construct GSPs linked to
present-day populations from four global geographic regions (Auton et al. 2015;
Byrska-Bishop et al. 2022; Bergstrom et al. 2020): Sub-Saharan Africa (PAFR), Europe
(PEUR) East Asia (PEAS), and Indigenous America (P'AM) Then, we empirically test
whether—among members of a single self-identified racial group—individuals with
certain GSPs are systematically viewed as more attractive than others. While the
bulk of our analyses focus on within-race variation in GSPs among Black Americans,
the empirical results we present nonetheless inform understandings of average
between-race disparities.

Our analysis sits in close conversation with prior work on racialization and
perceived physical attractiveness. In particular, Monk, Esposito, and Lee (2021)
document positive returns to physical attractiveness on earnings, with the strongest
gradient observed among Black men and women. Our study builds on these results
by investigating the factors that structure variation in attractiveness ratings among
Black Americans—that is, why certain Black individuals are perceived as more
attractive than others. We place Monk, Esposito, and Lee’s (2021) observation that
attractiveness ratings vary by skin tone within racial groups at the center of our
analysis and explore the extent to which racialized physical features beyond skin
tone—captured by GSPs—also shape perceptions of attractiveness.

Building on this engagement with prior work, our study makes multiple im-
portant contributions. First, we provide robust empirical evidence of racialized
stratification in attractiveness among Black Americans, with individuals with higher
amounts of Sub-Saharan African (as opposed to European) genetic similarity re-
ceiving the lowest ratings; this result implies that racial attractiveness disparities
arise—not merely due to stigmatization of individuals based on their perceived
race—but also due to a broader societal stigmatization of the physical features
associated with Blackness. Second, our results point to methodological issues with
survey-based physical attractiveness ratings and suggest such measures likely sub-
stantially understate the true magnitude of Black—-White attractiveness disparities.
Third, we demonstrate that GSPs represent a new tool for social scientists inter-
ested in studying racial inequality. Finally, our results have important implications
for the interpretation of genome-wide association study results for complex traits,
particularly among admixed populations.
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Data and Methods

Add Health

The National Longitudinal Study of Adolescent to Adult Health (Add Health) is
a longitudinal survey of a nationally representative sample of 20,745 middle and
high school students in the United States (Harris et al. 2019). The initial wave was
fielded in the 1994-1995 school year (wave I), followed by four additional waves
of in-home interviews in 1996 (wave II), 2001-2002 (wave III), 2008 (wave IV), and
2016-2018 (wave V). At each wave, a rich set of sociodemographic, behavioral,
psychosocial, familial, and contextual information was collected. Interviewers each
surveyed an average of 25 respondents at each wave, and there was an average of
approximately 4 days between each interview (see Fig. S1 in the online supplement).
Approximately 80 percent of the respondents who participated in wave IV pro-
vided saliva samples and were genotyped using two Illumina platforms—Illumina
Human Omnil-Quad BeadChip and Illumina Human Omni-2.5 Quad BeadChip.
Rigorous quality control procedures were applied by the Add Health staff at both
the SNP-level and the individual-level; in particular, SNPs with call rates < 90
percent, minor allele frequency < 0.5 percent, and deviations from Hardy-Weinberg
equilibrium (p < 5 x 107°) were removed, and individuals with call rates < 90
percent and genetic sex discordance were removed. The final genotype data cover
609,130 SNPs for 9,974 individuals. Table S1 in the online supplement provides de-
tailed descriptive statistics for our Add Health analytic sample, and Table S2 in the
online supplement provides descriptive statistics of the Add Health interviewers.
The Add Health interviewers of Black respondents tend to be highly educated (36
percent some college; 52 percent B.A. or above), and the majority identify as either
White (56 percent) or Black (38 percent).

Genetic Similarity Proportions

We use supervised ADMIXTURE (Alexander and Lange 2011; Shringarpure et al.
2016) with K = 4 to estimate global GSPs for each genotyped Add Health respon-
dent. Our four reference panels are, in order: 634 individuals from 12 populations
in Sub-Saharan Africa (“AFR”), 680 individuals from 13 populations in Europe
(“EUR”), 729 individuals from 23 populations in East Asia (“EAS”), and 61 indi-
viduals from 5 populations indigenous to the Americas (“IAM”). These reference
panels consist of unrelated individuals retrieved from the 1000 Genomes Project
(Auton et al. 2015; Byrska-Bishop et al. 2022; Sub-Saharan Africa, Europe, and East
Asia) and the Human Genome Diversity Project (Bergstrom et al. 2020; Sub-Saharan
Africa, Europe, East Asia, and Indigenous America). The geographic location of
each reference panel is visually displayed in Figure S2 in the online supplement. We
restrict to autosomal SNPs that are present in both the Add Health genotype data
and our reference panels. After implementing linkage disequilibrium pruning (with
a window size of 200 kb, a step size of 25, and an R? of 0.4) in PLINK1.9 (Chang et
al. 2015), we retain 275,794 SNPs. Because the Add Health data contain siblings and
half-siblings, we remove a random respondent from each pair to create a subsample
of 9,166 unrelated respondents; all estimates were then projected for the remaining
808 genotyped respondents. Note that PAFR, PEUR PEAS and PIAM mechanically
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sum to one for each individual. Unsupervised ADMIXTURE analysis recovers
almost identical GSPs as our supervised ADMIXTURE estimates (see Fig. S3 from
Zhang and Trejo 2026). Moreover, results from local genetic similarity estimation
software, when summed across the genome, are highly comparable to those from
ADMIXTURE (see Fig. S10 from Zhang and Trejo 2026). Finally, past research using
highly similar methods has shown that, in U.S. samples, the resulting GSPs closely
correspond to the global information provided by popular genetic ancestry tests (see
Fig. S14 from Bryc et al. 2015 for a comparison with 23andMe). We focus our main
text and supplementary analyses on Black Americans and Hispanic Americans due
to the fact that these two racial groups—in contrast to White Americans—exhibit
substantial within-group variation in GSPs. In addition, our sample size of Asian
Americans is simply too small for rigorous subgroup analysis.

Survey Measures

Physical attractiveness: At wave I (age 12-21), wave II (age 13-22), wave III (age
18-26), and wave IV (age 24-32), Add Health interviewers were asked to rate the
physical attractiveness of each respondent using a Likert scale with five categories
(1 = “very unattractive,” 2 = “unattractive,” 3 = “about average,” 4 = “attractive,”
and 5 = “very attractive”). To aid in the interpretation of our attractiveness score
variable, we standardize it using the weighted mean and standard deviation (SD)
(u = 3.44, o = 0.82) of the full Add Health sample.

Racial identity: We construct a categorical variable of the single racial identity that
best describes a respondent’s racial background using information collected in
wave IIL (In the rare event that an individual’s wave III racial identity information
is missing, we supplement with racial identity information collected at waves I and
V.) The wave III Add Health self-reported race measure includes four categories:
White, Black, Native American, and Asian/Pacific Islander. We intersect categorical
responses from the racial identity question with binary responses to a Hispanicity
question to create the following five mutually exclusive racial categories: non-
Hispanic White (NHW), non-Hispanic Black (NHB), non-Hispanic Native American,
non-Hispanic Asian/Pacific Islander (AAPI), and Hispanic American. Thus, when
we refer to “Black Americans” and “White Americans,” we are describing the group
of individuals who self-identify as Black or White and who do not also self-identify
as Hispanic. Due to the group’s limited sample size (N = 68), we do not present
results regarding self-identified non-Hispanic Native Americans.

Physical features: We rely on interviewer-reported measures from wave III to create
categorical measures of physical features, including skin tone (black, dark brown,
medium brown, light brown, and white), hair color (no hair, black, brown, blond,
red, gray, and other), and eye color (black, brown, hazel, blue, green, and other).

Racial classification: Interviewer s racial classification of the respondent, coded based
on their observation alone, was collected in waves I, III, and IV and contains the
following five categories: White, Black, Native American, Asian/Pacific Islander,
and others.
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Socioeconomic variables: For our childhood socioeconomic status variable, we use the
first principal component of wave I parental education, parental occupation, house-
hold income, and household receipt of public assistance (constructed by Belsky et
al. 2018). For our neighborhood socioeconomic disadvantage variable, individuals
are matched to the American Community Survey data of the census tract of their
wave [ home address; deciles of five tract-level variables—proportions of female-
headed households, individuals living below the poverty threshold, individuals
receiving public assistance, adults with less than a high school education, and
adults who were unemployed—were totaled for each tract and then standardized
within-sample (see Belsky et al. 2019 for more details).

Regression Analysis

We use multivariate regression analysis to assess the relationship between an in-
dividual’s GSPs and their attractiveness rating. First, we treat attractiveness as a
continuous variable and fit the following linear regression model for individual
observed at age j by interviewer k:

4
attractivenessj, = 0j+yi + ) (anmce?jk)
n=1
4 3 4
n m n
+ Z:l 21 <,Bn,m7’ﬂC€i]'k X Pijk) + Z:l (mceijkxwiij) + &ijks
n=1m= n=

M

where attractiveness;j, represents the interviewer-rated attractiveness score of in-
dividual i at age j by interviewer k, é; denotes age fixed effects, 7 denotes inter-
viewer fixed effects, mcez.k represents a binary variable for whether individual i
self-identifies as race n, Pl?}-}( represents the mth GSP of individual i, and Wj is a

vector of covariates. PEVR is the omitted GSP. The f3,, ,, estimates are our coefficient

of interest and capture the relationship between a given GSP m and attractiveness
among individuals who self-identify as race 7.

We also fit analogous logistic regression models, except with the outcome vari-
able instead being very — attractive;;, a dichotomous variable for whether the
interviewer rated the respondent as the highest attractiveness category (“very
attractive”):

P (very — attractive;; = 1)

4
In 1 —P(very — attractive;; = 1) =0t met ng:l (anmcegk)
4 3
+Y ) (,Bn,mracegk X Pi’}}{)
n:l m=1
+ ng:l <mcel’.}k Xwijkq))' ()
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For logistic regression models, we report the average marginal effects (AMEs)
and estimate their standard errors using fractional weighted bootstrapping (imple-
mented via the inferences function in the marginaleffects R package).

Importantly, our linear and logistic regression specifications contain no con-
stant term, but we nonetheless utilize omitted categories in both vectors of fixed
effects; this allows for the inclusion of dummy variables for all four racial groups—
White, Black, Asian/Pacific Islander, and Hispanic—into the regression without
introducing multicollinearity. While each interviewer rated an average of 25 total
respondents, they interviewed an average of just 5 and 4 Black and Hispanic re-
spondents, respectively; for this reason, we pool fixed effect estimates across races,
thereby boosting statistical power and increasing precision. Interviewer identifiers
are constructed to be mechanically nested within waves, meaning there is no need
to explicitly control for wave fixed effects.

Finally, we decompose the B, ; estimates from Equations (1) and (2) by inter-
acting our coefficient of interest with a vector of S mutually exclusive subgroup
variables, which we call sub?jk:

4
attractivenessijk = 5]- + v+ Z (anrace?jk)
n=1
4 3 S
+ 21 21 Zi (ﬁn,m,omcegk X Plf sub?jk> +eik, (3)
n=1m=1o0=
P (very — attractive;; = 1) 4
1 . =6 (uc race’’ )
n 1—TP(very — attractive;;=1) et El L

4 3 s
+Y. Y ) (ﬁn,m,omce?jk x Pjji x subf’jk>.

n=1m=1o0=1
4)

The subgroup variables include interviewer race (White, Black, or others), inter-
viewer gender, interviewer age (under 55 vs. 55 and above), respondent gender,
respondent age (i.e., the average age at each Add Health wave, combining waves I
and II), and respondent census region (West, Midwest, South, or Northeast). We fo-
cus on decompositions of our unconditional models (i.e., models with no covariates)
to maximize statistical power. For each of our six dimensions, we utilize an omnibus
F-test to determine whether all of the subgroup-specific coefficients are statistically
identical. To address concerns regarding multiple hypothesis testing, we implement
a 5 percent Benjamini-Hochberg false discovery rate correction (Benjamini and
Hochberg 1995).

Results

We begin by examining racial disparities in interviewer-rated attractiveness using
the Add Health data. Figure 1 contains four bar charts, each of which displays the
average attractiveness ratings of four self-identified racial groups: White Americans,
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Figure 1: Racial disparities in interviewer-rated attractiveness. This figure displays bar graphs created using
data from waves I to IV on 9,902 genotyped respondents of the Add Health study with valid information on
racial identity and attractiveness. Self-identified race is collected at wave III, when the respondents were 18—
26 years old. The four mutually exclusive racial categories are: Non-Hispanic White (NHW), Non-Hispanic
Black (NHB), Non-Hispanic Asian/Pacific Islander (AAPI), and Hispanic. Panels (A) and (B) display the
average Likert attractiveness score (1-5), which is standardized using the weighted mean and standard
deviation of the full Add Health sample. Panels (C) and (D) display the fraction of respondents rated in
the very highest attractiveness category (“very attractive”). Panels (A) and (C) (“Unadjusted”) display
unadjusted values, whereas panels (B) and (D) (“Residualized”) display values that have been statistically
adjusted for interviewer fixed effects. Error bars display 95 percent confidence intervals. Asterisks indicate
statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001, NS = not significant. See Figure S3 in the online
supplement for histograms of the raw physical attractiveness ratings in waves I-IV and see Figure 54 in the
online supplement for an analogous bar chart broken out by respondent-interviewer racial concordance.
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Black Americans, Asian/Pacific Islander Americans, and Hispanic Americans.
Figure 1A and B displays each race’s average attractiveness score, whereas Figure
1C and D displays the fraction of respondents of a given race rated in the highest
attractiveness category (“very attractive”). Figure 1A and C displays unadjusted
values, whereas Figure 1B and D displays values that are residualized on interviewer
fixed effects. Although White Americans tend to have the highest attractiveness
ratings, we observe only small average differences across racial groups—in line
with previous work using interviewer-reported survey measures. For instance, the
unadjusted difference in the attractiveness score of White and Black Americans is
just 0.094 SD, which aligns closely with the 0.08 SD Black-White gap reported by
Monk, Esposito, and Lee (2021). These modest results stand in stark contrast to the
substantial attractiveness disparities observed in the large-scale revealed preference
analyses of dating app data (Bruch and Newman 2018)°; fortunately, the results
from our subsequent GSP analysis offer some insight into this apparent empirical
puzzle.

Next, we turn to our within-race analysis of Black Americans. Figure S5 in
the online supplement displays ternary plots of respondent GSPs by racial group;

consistent with prior work (Zhang and Trejo 2026), the genomes of most Black

Americans in our sample are a mix of Sub-Saharan African (PAFR = 0.81) and

European genetic similarity (ﬁEUR =0.18).” Table 1 presents results from linear and

logistic regressions of a respondent’s rated attractiveness on their GSPs. Among
Black Americans, a 10 percentage point (pp) increase in Sub-Saharan African genetic
similarity is associated with a 0.11 SD (p < 0.001) decrease in attractiveness score
and a 3.5 pp (25 percent; p < 0.001) decrease in the probability of being rated as
“very attractive.” The magnitude of these associations slightly attenuates after
controlling for various physical features (skin tone, hair color, and eye color), racial
classification, and family and neighborhood socioeconomic status but remains
highly statistically significant.® According to the estimates from model 1, the
difference in average attractiveness score between an individual at the 5th and 95th
percentiles, respectively, of the Black distribution of Sub-Saharan African genetic
similarity (PATR = 0.46; PAFR = 0.94) is equal to —0.52 SD; notably, this number
is over five times as large as the average Black-White attractiveness disparity
presented in Figure 1, and it is also roughly two and a half times as large as the
within-Black light-vs-dark skin tone disparity reported by Monk, Esposito, and Lee
(2021, Table A6).

Figure 2 presents a pair of binned scatterplots that graphically display the rela-
tionship between Sub-Saharan African genetic similarity and attractiveness among
Black Americans; the Y axis in Figure 2A displays attractiveness scores, whereas
the Y axis in Figure 2B displays the fraction of respondents who are rated as at
least a given attractiveness category (i.e., “about average,” “attractive,” and “very
attractive”). Note, these plots contain both the observed average attractiveness
ratings of White Americans (solid blue markers) and the predicted average attrac-
tiveness scores of White Americans (hollow blue markers); the predicted values
are useful for gaining a sense of how attractive we would expect White Americans
to be on average, given the positive relationship between European (rather than
African) genetic similarity observed among Black Americans. In Figure 2A, it can
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Figure 2: Black Americans with greater Sub-Saharan African genetic similarity are rated as less attractive. This
figure displays binned scatter plots and linear/exponential bivariate regression fit lines using data from
waves I to IV on 2,087 genotyped non-Hispanic Black respondents of the Add Health study; Sub-Saharan
African genetic similarity is plotted on the X axis (with a marginal rug-plot displaying the individual-level
distribution), and interviewer-rated attractiveness is plotted on the Y axis. In panel (A), the attractiveness
variable used is the average Likert score (1-5), which is standardized using the weighted mean and standard
deviation of the full Add Health sample. In panel (B), the attractiveness variable used is the fraction of
respondents rated in a given attractiveness category (or a higher category). Each bin contains approximately
100 respondent-wave observations. The large, solid blue markers display the average attractiveness and ge-
netic similarity of non-Hispanic White Americans, and the large, hollow blue markers display the predicted
attractiveness of non-Hispanic White Americans (using their average genetic similarity and extrapolation
from bivariate linear/exponential regression). The large, solid black markers display the average attractive-
ness and genetic similarity of non-Hispanic Black Americans. See Figure S8 in the online supplement for a
similar figure that plots mono-racial and multi-racial Black Americans separately.

be plainly seen that there exist large average differences between the observed
attractiveness scores of White Americans (solid blue marker) and the predicted
attractiveness scores of White Americans (hollow blue marker); thus, while the
observed Black-White disparity is only —0.094 SD, extrapolation of the relationship
between GSP and attractiveness among Black Americans yields a predicted Black-
White disparity that is far greater.’ This, as we discuss later, casts some doubt on
the extent to which interviewer-reported attractiveness ratings accurately measure
underlying perceptions of attractiveness. See Table S3 in the online supplement
and Figure S7 in the online supplement for an analogous set of results regarding
the relationship between respondent GSPs and attractiveness among Hispanic
Americans; in general, a far more limited set of associations exists in our Hispanic
sample, all of which fall to statistical insignificance after the inclusion of physical
and social covariates.

Importantly, there exists meaningful heterogeneity regarding exactly how in-
tensely different Black respondents are penalized. In Figure 3A, we decompose our
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Figure 3: Decomposition and prediction analyses. Panel (A) displays results from a decomposition analysis
on how the relationship between Sub-Saharan African genetic similarity (P“fR) and attractiveness ratings
among non-Hispanic Black respondents varies across six dimensions: interviewer race, gender, and age and
respondent gender, age, and census region. Sample sizes vary across dimensions due to data availability.
Beta coefficients for attractiveness score (left side) and average marginal effects for “very attractive” (AMEs;
right side) from linear and logistic regression models, respectively, are displayed; see Equations (3) and
(4). Statistical significance levels are denoted by asterisks (*p < 0.05, **p < 0.01, ***p < 0.001), with “NS”
indicating non-significant results. See Tables S5-510 in the online supplement for the full set of decomposition
results. Panel (B) presents average absolute SHAP values from two elastic net regularized regression models
with attractiveness score and “very attractive” as the target variables; SHAP values indicate the relative
importance of different characteristics in predicting attractiveness ratings.

results regarding the relationship between Sub-Saharan African genetic similarity
and attractiveness across six dimensions: interviewer race, gender, and age and re-
spondent gender, age, and census region. After implementing a 5 percent Benjamini—
Hochberg false discovery rate correction (Benjamini and Hochberg 1995), only two
of these dimensions—interviewer race and respondent census region—capture
statistically significant variation in the association between Sub-Saharan African
genetic similarity and attractiveness ratings. Black interviewers impose stronger
penalties on Black respondents than White interviewers do; while among Black
interviewers, a 10 pp increase in Sub-Saharan African genetic similarity is asso-
ciated with a 0.159 SD decrease in attractiveness score and a 5.3 pp decrease in
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the probability of being rated as “very attractive,” these relationships attenuate to
0.061 SD and 1.7 pp among White interviewers (but nonetheless remain statistically
significant). Similarly, the magnitude of Sub-Saharan African genetic similarity
attractiveness penalties is the largest in the South, smaller in the Northeast, and
smaller still in the Midwest; in the West, there exists no statistically detectable
attractiveness penalty.

Finally, we conduct a simple machine learning analysis to compare the predictive
performance of Sub-Saharan African genetic similarity to a range of interviewer-
reported survey measures related to race and appearance. In particular, we train
prediction models using elastic net regularization, with attractiveness score and
“very attractive” as the target variables. Figure 3B displays Shapley additive ex-
planations (SHAP) values derived from these two penalized regression models
(Lundberg and Lee 2017); SHAP values decompose a model’s overall predictions
into feature-level contributions, with higher average values indicating the most
important features. Thus, this approach allows us to quantify the explanatory
power of Sub-Saharan African genetic similarity compared to the other variables in
our model (skin tone, racial classification, hair color, and eye color). For both the
attractiveness score and “very attractive” prediction models, Sub-Saharan African
genetic similarity yields the greatest SHAP values of all the features. These find-
ings suggest that, among Black Americans, genetic ancestry captures a broader
range of racialized features related to attractiveness evaluations than conventional
survey-based measures.

Discussion

It is challenging to distinguish between two competing explanations of White-Black
attractiveness disparities: do such gaps arise as a result of observers discretely classi-
fying subjects (and then penalizing those they deem to be Black), or do they instead
arise from a broader stigmatization of a constellation of physical features associated
with Blackness?!? Our empirical results provide robust evidence of the existence of
substantial attractiveness stratification among Black Americans. Notably, interview-
ers did not have any direct knowledge of a respondent’s GSPs—in fact, because the
attractiveness ratings were collected between 1996 and 2008, interviewers had likely
never even heard of a genetic ancestry test (Regalado 2018)—but they nonetheless
systematically penalized those with higher levels of Sub-Saharan African genetic
similarity. These results imply that, while discrete classification biases may well
exist, the collective stigmatization of physical features associated with Blackness is a
key part of the story. Importantly, our results do not imply that there is an objective
or universal notion of attractiveness, or that a person’s perceived attractiveness
is an inevitable result of their biology. Instead, consistent with past work (Monk,
Esposito, and Lee 2021), our findings indicate that contemporary American society
has socially constructed a Eurocentric conceptualization of beauty that devalues
physical features more common in individuals with higher amounts of Sub-Saharan
African (rather than European) genetic similarity. And, although so-called “lookism”
and colorism are closely related, our results show that inherited physical features
beyond skin tone, such as hair texture and facial structure, likely also matter.
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Why do we observe larger attractiveness penalties among Black interviewers
and for respondents living in certain geographic regions? One potential explanation
for these patterns is the varying degrees of social exposure to Black individuals.
Most Black Americans live in the South (56 percent), followed by the Northeast
(17 percent) and Midwest (17 percent), and finally the West (10 percent); notably,
the South also contains every majority-Black U.S. county (Martinez and Passel
2025; Schaeffer 2019). And, due to segregated schools, neighborhoods, and social
networks, Black Americans tend to—compared to individuals of other races—have
a greater number of social interactions and relationships with Black people (Massey
and Denton 1993). It may be that the racialized physical features correlated with
Sub-Saharan African genetic similarity are especially stigmatized, net of racial
classification, in social contexts with a sufficient number of Black individuals. Al-
ternatively, individuals who are exposed to many Black social peers may simply
become more accurate at either implicitly or explicitly distinguishing between Black
individuals with varying amounts of Sub-Saharan African genetic similarity. In
addition, it is worth noting that the more extreme slope estimates among Black
interviewers appear to result, at least in part, from the fact that they are more likely
than interviewers of other races to rate Black respondents with low Sub-Saharan
African genetic similarity as “attractive” or “very attractive” (see Fig. S9 in the
online supplement). Finally, the historical legacy of slavery in the South, as well as
elevated levels of contemporary racial animus (Stephens-Davidowitz 2014), could
also play an important role.

Our findings also help reconcile conflicting results regarding (small) Black-
White attractiveness disparities from studies using survey-based attractiveness
ratings, like those in Add Health, and the (large) disparities observed in studies
using real-world behavior on dating apps. In particular, our within-race analysis re-
vealed strong penalties of Sub-Saharan African genetic similarity, which, combined
with the very large difference in Sub-Saharan African genetic similarity between
Black and White Americans, would lead us to expect Black—-White attractiveness
disparities far larger in magnitude than we, in fact, observe. This suggests an
important limitation of survey-based attractiveness measures: they may suffer from
social desirability bias (Edwards 1958; Goffman 1959). That is, interviewers adjust
their responses, either consciously or subconsciously, so as not to produce large
average differences in attractiveness ratings across racial groups. Nonetheless, this
correction appears to be relatively coarse; while interviewers are able to almost
entirely eliminate unsavory average differences in attractiveness between racial
groups, their responses nonetheless still show them penalizing Black Americans
with high amounts of Sub-Saharan African genetic similarity. If survey-based mea-
sures suffer from this form of social desirability bias, then subsequent analyses
will substantially understate the true magnitude of Black-White attractiveness dis-
parities. In addition, these findings illustrate how discrete correction procedures
fail to successfully mitigate stratification based on a continuous set of underlying
dimensions.

Our results also have substantial methodological implications. The superior
predictive power of GSPs compared to other measures of physical features (e.g., skin
tone), as well as their desirable measurement properties, highlight their strength
as a new tool for social scientists interested in measuring and studying processes

sociological science | www.sociologicalscience.com 815 July 2026 | Volume 13



Taddess, Zhang, and Trejo

Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

of racialization. Notably, we argue GSPs represent a complement to—and not a
replacement of—existing survey strategies for quantifying the many continuous
dimensions of race. In addition, many studies that lack measures of racialized
physical features and racial classification (for instance, the Health and Retirement
Study; Sonnega et al. 2014) nonetheless have collected genetic data, meaning the
use of GSPs may aid the continuing expansion of scholarship on continuous (rather
than discrete) racial stratification.

Finally, our findings add important nuance to the interpretation of genome-
wide association study results for complex traits. Consider, for instance, that a
given genetic variant is found to have a statistically significant causal effect on a
psychiatric trait, like anxiety or depression (Tan et al. 2024); while this genetic effect
might operate strictly through biologically proximal processes within the body—for
example, the regulation of neurotransmitters in the brain—it may also operate
through biologically distal processes outside of the body: for instance, the social
stigmatization of certain individuals based on their genetically influenced physical
features (Trejo and Martschenko 2026). In a similar vein, our results highlight that
many popular genomic methods that utilize GSPs to identify gene—gene interaction
effects (Patel et al. 2022; Wojcik et al. 2019) may, in fact, simply be identifying
genetic heterogeneity related to social experiences of racialization.

Funding

This work has been supported by a grant from the Princeton Data Driven Social
Sciences Initiative.

Author Contributions

ST designed the research. BT, LZ, and ST analyzed the data. BT, LZ, and ST wrote
the article. BT and LZ contributed equally to the work.

Competing Interests

The authors declare that they have no competing interests.

Notes

1 We use the term racial group to describe the intersection of traditional racial categories
(e.g., Black, White, Native American, and Asian/Pacific Islander) and Hispanicity. Note,
these racial/ethnic groups—henceforth simply “racial groups”—are constructed to be
mutually exclusive (see Data and Methods). For the remainder of this article, when we
use the terms “Black Americans” and “White Americans,” we are describing the group
of individuals who self-identify as Black or White, respectively, and who do not also
self-identify as Hispanic.
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2 Despite their wide use in the study of colorism, existing measures of skin tone contain a
substantial amount of measurement error (Campbell et al. 2020; Hannon and DeFina
2020), which serves to attenuate estimates of within-race stratification towards zero.

3 In principal component analysis and related methods (including global GSP estimation),
measurement error arises when the estimated SNP-level weights for a given component
meaningfully vary across models fit on different finite samples of the same underlying
population. Past work has shown that the amount of measurement error in the four
genetic similarity proportions used in this study, which correspond to the first four axes
of genetic variation in the Add Health data, is relatively small (Zhang and Trejo 2026).
However, as the number of GSPs estimated (i.e., K) increases, so does the amount of
measurement error (Privé et al. 2020). So, while our approach allows us to accurately
distinguish between Sub-Saharan African and European genetic similarity, there is
no guarantee that the same methods and data could accurately distinguish between
Northern and Southern European genetic similarity (or even more granular ancestral
differences).

4 Social scientists use the term racial formation to describe the process through which
racial meanings extend to previously unclassified relationships, practices, or groups
(Omi and Winant 2014). Through racial formation, physical and social characteristics are
transformed into markers of racial group membership that influence social perceptions
and experiences.

5 For further sociological and demographic discussion of DNA and the social construction
of race, see Zhang and Trejo (2026)—forthcoming at Demography.

6 For instance, Monk, Esposito, and Lee (2021) use interviewer-rated attractiveness mea-
sures and find a Black-White disparity of just 0.08 SD. On the other hand, Bruch and
Newman (2018) apply a link analysis algorithm to dating app data and find White Amer-
icans are, on average, ranked at the 53rd percentile of the attractiveness distribution,
whereas Black Americans are ranked at the 40th percentile. While it is difficult to directly
compare standard deviation units to percentiles, a shift of 13 percentiles from the mean
of a standard normal distribution is equal to 0.33 SD. Results derived from dating app
behavior, however, likely partly reflect sorting on dimensions of desirability other than
physical attractiveness (like, for instance, educational attainment and socioeconomic
status) and may also suffer from bias from differential selection into app usage across
race.

7 The genomes of Hispanic Americans in our sample are, on the other hand, a combination
UR M _ 0.27), and Sub-Saharan
AFR

African genetic similarity (P = 0.11). See Figure S6 in the online supplement for his-
tograms of Sub-Saharan African, European, and Indigenous American genetic similarity
among Black and Hispanic Americans.

of European (P °" = 0.60), Indigenous American @™

8 Note, while the GSPs are correlated with skin tone, hair color, and eye color, we include
these three measures as covariates to test the extent to which the GSPs explain variation
in attractiveness net of currently available physical feature measures. Figure S10 in
the online supplement graphically illustrates the fact that PAFR explains variation in
attractiveness among Black Americans of the same interviewer-rated skin tone.

9 For instance, when using bivariate linear extrapolation, the predicted Black-White
disparity in attractiveness score is about eight times as large as the measured Black—
White disparity.

10 See Figure S11 in the online supplement for a directed acyclic graph depicting this theo-
retical process. A key challenge in answering this question is that the racial boundary that
separates individuals as either Black or another race is generally quite clear; thus, there
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is generally very little variation in the racial classification by others among self-identified
Black individuals. In Add Health, for instance, Add Health interviewers classified more
than 98 percent of self-identified Black respondents as Black. By exploring within-group
attractiveness variation among a population with little variation in racial classification,
our study highlights the existence of a direct relationship between genetically influenced
(racialized) physical features and perceived attractiveness.

References

Abascal, Maria and Denia Garcia. 2022. “Pathways to Skin Color Stratification: The Role of
Inherited (Dis)Advantage and Skin Color Discrimination in Labor Markets.” Sociological
Science 9:346-73. https://doi.org/10.15195/v9.al4

Alexander, David H. and Kenneth Lange. 2011. “Enhancements to the ADMIXTURE Al-
gorithm for Individual Ancestry Estimation.” BMC Bioinformatics 12(1):1-6. https:
//doi.org/10.1186/1471-2105-12-246

Auton, Adam, Gongalo R. Abecasis, David M. Altshuler, Richard M. Durbin, Gongalo R.
Abecasis, David R. Bentley, Aravinda Chakravarti, Andrew G. Clark, Peter Donnelly,
Evan E. Eichler, Paul Flicek, Stacey B. Gabriel, Richard A. Gibbs, Eric D. Green, Matthew
E. Hurles, Bartha M. Knoppers, Jan O. Korbel, Eric S. Lander, Charles Lee, Hans Lehrach,
Elaine R. Mardis, Gabor T. Marth, Gil A. McVean, Deborah A. Nickerson, Jeanette P.
Schmidt, Stephen T. Sherry, Jun Wang, Richard K. Wilson, Richard A. Gibbs, Eric Boer-
winkle, Harsha Doddapaneni, Yi Han, Viktoriya Korchina, Christie Kovar, Sandra Lee,
Donna Muzny, Jeffrey G. Reid, Yiming Zhu, Jun Wang, Yuqi Chang, Qiang Feng, Xi-
aodong Fang, Xiaosen Guo, Min Jian, Hui Jiang, Xin Jin, Tianming Lan, Guoqing Li,
Jingxiang Li, Yingrui Li, Shengmao Liu, Xiao Liu, Yao Lu, Xuedi Ma, Meifang Tang, Bo
Wang, Guangbiao Wang, Honglong Wu, Renhua Wu, Xun Xu, Ye Yin, Dandan Zhang,
Wenwei Zhang, Jiao Zhao, Meiru Zhao, Xiaole Zheng, Eric S. Lander, David M. Altshuler,
Stacey B. Gabriel, Namrata Gupta, Neda Gharani, Lorraine H. Toji, Norman P. Gerry,
Alissa M. Resch, Paul Flicek, Jonathan Barker, Laura Clarke, Laurent Gil, Sarah E. Hunt,
Gavin Kelman, Eugene Kulesha, Rasko Leinonen, William M. McLaren, Rajesh Radhakr-
ishnan, Asier Roa, Dmitriy Smirnov, Richard E. Smith, Ian Streeter, Anja Thormann, Iliana
Toneva, Brendan Vaughan, Xiangqun Zheng-Bradley, David R. Bentley, Russell Grocock,
Sean Humphray, Terena James, Zoya Kingsbury, Hans Lehrach, Ralf Sudbrak, Marcus W.
Albrecht, Vyacheslav S. Amstislavskiy, Tatiana A. Borodina, Matthias Lienhard, Florian
Mertes, Marc Sultan, Bernd Timmermann, Marie-Laure Yaspo, Elaine R. Mardis, Richard
K. Wilson, Lucinda Fulton, Robert Fulton, Stephen T. Sherry, Victor Ananiev, Zinaida
Belaia, Dimitriy Beloslyudtsev, Nathan Bouk, Chao Chen, Deanna Church, Robert Cohen,
Charles Cook, John Garner, Timothy Hefferon, Mikhail Kimelman, Chunlei Liu, John
Lopez, Peter Meric, Chris O’Sullivan, Yuri Ostapchuk, Lon Phan, Sergiy Ponomarov,
Valerie Schneider, Eugene Shekhtman, Karl Sirotkin, Douglas Slotta, Hua Zhang, Gil A.
McVean, Richard M. Durbin, Senduran Balasubramaniam, John Burton, Petr Danecek,
Thomas M. Keane, Anja Kolb-Kokocinski, Shane McCarthy, James Stalker, Michael Quail,
Jeanette P. Schmidt, Christopher ]. Davies, Jeremy Gollub, Teresa Webster, Brant Wong,
Yiping Zhan, Adam Auton, Christopher L. Campbell, Yu Kong, Anthony Marcketta,
Richard A. Gibbs, Fuli Yu, Lilian Antunes, Matthew Bainbridge, Donna Muzny, Aniko
Sabo, Zhuoyi Huang, Jun Wang, Lachlan J. M. Coin, Lin Fang, Xiaosen Guo, Xin Jin,
Guoqing Li, Qibin Li, Yingrui Li, Zhenyu Li, Haoxiang Lin, Binghang Liu, Ruibang Luo,
Haojing Shao, Yinlong Xie, Chen Ye, Chang Yu, Fan Zhang, Hancheng Zheng, Hong-
mei Zhu, Can Alkan, Elif Dal, Fatma Kahveci, Gabor T. Marth, Erik P. Garrison, Deniz

sociological science | www.sociologicalscience.com 818 July 2026 | Volume 13


https://doi.org/10.15195/v9.a14
https://doi.org/10.1186/1471-2105-12-246
https://doi.org/10.1186/1471-2105-12-246

Taddess, Zhang, and Trejo

Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Kural, Wan-Ping Lee, Wen Fung Leong, Michael Stromberg, Alistair N. Ward, Jiantao
Wu, Mengyao Zhang, Mark J. Daly, Mark A. DePristo, Robert E. Handsaker, David M.
Altshuler, Eric Banks, Gaurav Bhatia, Guillermo del Angel, Stacey B. Gabriel, Giulio
Genovese, Namrata Gupta, Heng Li, Seva Kashin, Eric S. Lander, Steven A. McCarroll,
James C. Nemesh, Ryan E. Poplin, Seungtai C. Yoon, Jayon Lihm, Vladimir Makarov,
Andrew G. Clark, Srikanth Gottipati, Alon Keinan, Juan L. Rodriguez-Flores, Jan O. Kor-
bel, Tobias Rausch, Markus H. Fritz, Adrian M. Stiitz, Paul Flicek, Kathryn Beal, Laura
Clarke, Avik Datta, Javier Herrero, William M. McLaren, Graham R. S. Ritchie, Richard
E. Smith, Daniel Zerbino, Xiangqun Zheng-Bradley, Pardis C. Sabeti, Ilya Shlyakhter,
Stephen F. Schaffner, Joseph Vitti, David N. Cooper, Edward V. Ball, Peter D. Stenson,
David R. Bentley, Bret Barnes, Markus Bauer, R. Keira Cheetham, Anthony Cox, Michael
Eberle, Sean Humphray, Scott Kahn, Lisa Murray, John Peden, Richard Shaw, Eimear
E. Kenny, Mark A. Batzer, Miriam K. Konkel, Jerilyn A. Walker, Daniel G. MacArthur,
Monkol Lek, Ralf Sudbrak, Vyacheslav S. Amstislavskiy, Ralf Herwig, Elaine R. Mardis,
Li Ding, Daniel C. Koboldt, David Larson, Kai Ye, Simon Gravel, The 1000 Genomes
Project Consortium. 2015. “A Global Reference for Human Genetic Variation.” Nature
526(7571):68-74. https://doi.org/10.1038/nature15393

Belsky, Daniel W., Avshalom Caspi, Louise Arseneault, David L. Corcoran, Benjamin W.
Domingue, Kathleen Mullan Harris, Renate M. Houts, Jonathan S. Mill, Terrie E. Moffitt,
Joseph Prinz, Karen Sugden, Jasmin Wertz, Benjamin Williams, and Candice L. Odgers.
2019. “Genetics and the Geography of Health, Behaviour and Attainment.” Nature Human
Behaviour 3(6):576-86. https://doi.org/10.1038/s41562-019-0562-1

Belsky, Daniel W., Benjamin W. Domingue, Robbee Wedow, Louise Arseneault, Jason D.
Boardman, Avshalom Caspi, Dalton Conley, Jason M. Fletcher, Jeremy Freese, Pamela
Herd, Terrie E. Moffitt, Richie Poulton, Kamil Sicinski, Jasmin Wertz, and Kathleen
Mullan Harris. 2018. “Genetic Analysis of Social-Class Mobility in Five Longitudinal
Studies.” Proceedings of the National Academy of Sciences 115(31):E7275-84. https://doi.
org/10.1073/pnas. 1801238115

Benjamini, Yoav, and Yosef Hochberg. 1995. “Controlling the False Discovery Rate: A
Practical and Powerful Approach to Multiple Testing.” Journal of the Royal Statistical
Society: Series B (Methodological) 57(1):289-300. https://doi.org/10.1111/3j.2517-6161.
1995.tb02031.x

Bergstrom, Anders, Shane A. McCarthy, Ruoyun Hui, Mohamed A. Almarri, Qasim Ayub,
Petr Danecek, Yuan Chen, Sabine Felkel, Pille Hallast, Jack Kamm, Hélene Blanché, Jean-
Frangois Deleuze, Howard Cann, Swapan Mallick, David Reich, Manjinder S. Sandhu,
Pontus Skoglund, Aylwyn Scally, Yali Xue, Richard Durbin, and Chris Tyler-Smith.
2020. “Insights into Human Genetic Variation and Population History from 929 Diverse
Genomes.” Science 367(6484):eaay5012. https://doi.org/10.1126/science.aay5012

Browning, Sharon R., Ryan K. Waples, and Brian L. Browning. 2023. “Fast, Accurate Local
Ancestry Inference with FLARE.” The American Journal of Human Genetics 110(2):326-35.
https://doi.org/10.1016/j.ajhg.2022.12.010

Bruch, Elizabeth E. and M. E. ]. Newman. 2018. “Aspirational Pursuit of Mates in Online
Dating Markets.” Science Advances 4(8):eaap9815. https://doi.org/10.1126/sciadv.
aap9815

Bryc, Katarzyna, Eric Y. Durand, J. Michael Macpherson, David Reich, and Joanna L. Moun-
tain. 2015. “The Genetic Ancestry of African Americans, Latinos, and European Amer-
icans across the United States.” The American Journal of Human Genetics 96(1):37-53.
https://doi.org/10.1016/j.ajhg.2014.11.010

sociological science | www.sociologicalscience.com 819 July 2026 | Volume 13


https://doi.org/10.1038/nature15393
https://doi.org/10.1038/s41562-019-0562-1
https://doi.org/10.1073/pnas.1801238115
https://doi.org/10.1073/pnas.1801238115
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1126/science.aay5012
https://doi.org/10.1016/j.ajhg.2022.12.010
https://doi.org/10.1126/sciadv.aap9815
https://doi.org/10.1126/sciadv.aap9815
https://doi.org/10.1016/j.ajhg.2014.11.010

Taddess, Zhang, and Trejo

Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Byrska-Bishop, Marta, Uday S. Evani, Xuefang Zhao, Anna O. Basile, Haley ]. Abel, Allison
A. Regier, André Corvelo, Wayne E. Clarke, Rajeeva Musunuri, Kshithija Nagulapalli,
Susan Fairley, Alexi Runnels, Lara Winterkorn, Ernesto Lowy, Paul Flicek, Soren Germer,
Harrison Brand, Ira M. Hall, Michael E. Talkowski, Giuseppe Narzisi, and Michael C.
Zody. 2022. “High-Coverage Whole-Genome Sequencing of the Expanded 1000 Genomes
Project Cohort Including 602 Trios.” Cell 185(18):3426—40. https://doi.org/10.1016/j.
cell.2022.08.004

Campbell, Mary E., Verna M. Keith, Vanessa Gonlin, and Adrienne R. Carter-Sowell. 2020.
“Is a Picture Worth A Thousand Words? An Experiment Comparing Observer-Based
Skin Tone Measures.” Race and Social Problems 12(3):266-78. https://doi.org/10.1007/
s12552-020-09294-0

Chang, Christopher C., Carson C. Chow, Laurent CAM Tellier, Shashaank Vattikuti, Shaun M.
Purcell, and James J. Lee. 2015. “Second-Generation PLINK: Rising to the Challenge of
Larger and Richer Datasets.” GigaScience 4(1):s13742-015-0047-0048. https://doi.org/
10.1186/s13742-015-0047-8

Edwards, Allen L. 1958. “The Social Desirability Variable in Personality Assessment and
Research.” Academic Medicine 33(8):610-11.

Fletcher, Jason M. 2009. “Beauty vs. Brains: Early Labor Market Outcomes of High School
Graduates.” Economics Letters 105(3):321-25. https://doi.org/10.1016/j.econlet.
2009.09.006

Garcia, Denia and Maria Abascal. 2016. “Colored Perceptions: Racially Distinctive Names
and Assessments of Skin Color.” American Behavioral Scientist 60(4):420-41. https:
//doi.org/10.1177/0002764215613395

Goffman, Erving. 1959. The Presentation of Self in Everyday Life. Garden City, NY: Doubleday.

Haak, Wolfgang, Iosif Lazaridis, Nick Patterson, Nadin Rohland, Swapan Mallick, Bastien Lla-
mas, Guido Brandt, Susanne Nordenfelt, Eadaoin Harney, Kristin Stewardson, Qiaomei
Fu, Alissa Mittnik, Eszter Banffy, Christos Economou, Michael Francken, Susanne
Friederich, Rafael Garrido Pena, Fredrik Hallgren, Valery Khartanovich, Aleksandr
Khokhlov, Michael Kunst, Pavel Kuznetsov, Harald Meller, Oleg Mochalov, Vayacheslav
Moiseyev, Nicole Nicklisch, Sandra L. Pichler, Roberto Risch, Manuel A. Rojo Guerra,
Christina Roth, Anna Szécsényi-Nagy, Joachim Wahl, Matthias Meyer, Johannes Krause,
Dorcas Brown, David Anthony, Alan Cooper, Kurt Werner Alt, and David Reich. 2015.
“Massive Migration from the Steppe Was a Source for Indo-European Languages in
Europe.” Nature 522(7555):207-11. https://doi.org/10.1038/nature14317

Hamermesh, Daniel S. and Jason Abrevaya. 2013. “Beauty Is the Promise of Happiness?”
European Economic Review 64:351-68. https://doi.org/10.1016/j.euroecorev.2013.
09.005

Hamermesh, Daniel S. and Jeff E. Biddle. 1994. “Beauty and the Labor Market” American
Economic Review 84(5):1174-94.

Hannon, Lance and Robert DeFina. 2016. “Reliability Concerns in Measuring Respondent
Skin Tone by Interviewer Observation.” Public Opinion Quarterly 80(2):534—41. https:
//doi.org/10.1093/poq/nfw015

Hannon, Lance and Robert DeFina. 2020. “The Reliability of Same-Race and Cross-Race
Skin Tone Judgments.” Race and Social Problems 12:186-94. https://doi.org/10.1007/
s12552-020-09282-4

Harris, Kathleen Mullan, Carolyn Tucker Halpern, Eric A. Whitsel, Jon M. Hussey, Ley A.
Killeya-Jones, Joyce Tabor, and Sarah C. Dean. 2019. “Cohort Profile: The National

sociological science | www.sociologicalscience.com 820 July 2026 | Volume 13


https://doi.org/10.1016/j.cell.2022.08.004
https://doi.org/10.1016/j.cell.2022.08.004
https://doi.org/10.1007/s12552-020-09294-0
https://doi.org/10.1007/s12552-020-09294-0
https://doi.org/10.1186/s13742-015-0047-8
https://doi.org/10.1186/s13742-015-0047-8
https://doi.org/10.1016/j.econlet.2009.09.006
https://doi.org/10.1016/j.econlet.2009.09.006
https://doi.org/10.1177/0002764215613395
https://doi.org/10.1177/0002764215613395
https://doi.org/10.1038/nature14317
https://doi.org/10.1016/j.euroecorev.2013.09.005
https://doi.org/10.1016/j.euroecorev.2013.09.005
https://doi.org/10.1093/poq/nfw015
https://doi.org/10.1093/poq/nfw015
https://doi.org/10.1007/s12552-020-09282-4
https://doi.org/10.1007/s12552-020-09282-4

Taddess, Zhang, and Trejo Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Longitudinal Study of Adolescent to Adult Health (Add Health).” International Journal of
Epidemiology 48(5):1415-5k. https://doi.org/10.1093/ije/dyz115

Jeeger, Mads Meier. 2011. “’A Thing of Beauty Is a Joy Forever’?: Returns to Physical
Attractiveness over the Life Course.” Social Forces 89(3):983-1003. https://doi.org/10.
1353/s0f.2011.0016

Lundberg, Scott M. and Su-In Lee. 2017. “A Unified Approach to Interpreting Model
Predictions.” Advances in Neural Information Processing Systems 30:4765-74.

Maestripieri, Dario, Andrea Henry, and Nora Nickels. 2017. “Explaining Financial and Proso-
cial Biases in Favor of Attractive People: Interdisciplinary Perspectives from Economics,
Social Psychology, and Evolutionary Psychology.” Behavioral and Brain Sciences 40:e19.
https://doi.org/10.1017/501405256X16000340

Martinez, Gracie and Jeffrey S. Passel. 2025. “Facts About the U.S. Black Popula-
tion.” Pew Research Center. Accessed May 29, 2026 (https://www.pewresearch.org/
race-and-ethnicity/fact-sheet/facts-about-the-us-black-population/).

Massey, Douglas S. and Nancy A. Denton. 1993. American Apartheid. Cambridge, MA:
Harvard University Press.

Mathieson, Iain and Aylwyn Scally. 2020. “What Is Ancestry?” PLOS Genetics 16(3):e1008624.
https://doi.org/10.1371/journal.pgen.1008624

Monk, Ellis P. 2022. “Inequality without Groups: Contemporary Theories of Categories,
Intersectional Typicality, and the Disaggregation of Difference.” Sociological Theory 40(1):3—
27. https://doi.org/10.1177/07352751221076863

Monk, Ellis P., Michael Esposito, and Hedwig Lee. 2021. “Beholding Inequality: Race,
Gender, and Returns to Physical Attractiveness in the United States.” American Journal of
Sociology 127(1):194-241. https://doi.org/10.1086/715141

Mulford, Matthew, John Orbell, Catherine Shatto, and Jean Stockard. 1998. “Physical
Attractiveness, Opportunity, and Success in Everyday Exchange.” American Journal of
Sociology 103(6):1565-92. https://doi.org/10.1086/231401

National Academies of Sciences, Engineering, and Medicine. 2023. Using Population Descrip-
tors in Genetics and Genomics Research: A New Framework for an Evolving Field. Washington,
DC: The National Academies Press.

Omi, Michael and Howard Winant. 2014. Racial Formation in the United States. 3rd ed. New
York: Routledge. https://doi.org/10.4324/9780203076804

Patel, Roshni A., Shaila A. Musharoff, Jeffrey P. Spence, Harold Pimentel, Catherine Tche-
andjieu, Hakhamanesh Mostafavi, Nasa Sinnott-Armstrong, Shoa L. Clarke, Courtney
J. Smith, Peter P. Durda, Kent D. Taylor, Russell Tracy, Yongmei Liu, W. Craig Johnson,
Francois Aguet, Kristin G. Ardlie, Stacey Gabriel, Josh Smith, Deborah A. Nickerson,
Stephen S. Rich, Jerome I. Rotter, Philip S. Tsao, Themistocles L. Assimes, and Jonathan
K. Pritchard. 2022. “Genetic Interactions Drive Heterogeneity in Causal Variant Effect
Sizes for Gene Expression and Complex Traits.” The American Journal of Human Genetics
109(7):1286-97. https://doi.org/10.1016/j.ajhg.2022.05.014.

Perrett, D. 1, K. ]. Lee, I. Penton-Voak, D. Rowland, S. Yoshikawa, D. M. Burt, S. P. Henzi, D. L.

Castles, and S. Akamatsu. 1998. “Effects of Sexual Dimorphism on Facial Attractiveness.”
Nature 394(6696):884-87. https://doi .org/10.1038/29772

Privé, Florian, Keurcien Luu, Michael G. B. Blum, John J. McGrath, and Bjarni ]. Vilhjalmsson.
2020. “Efficient Toolkit Implementing Best Practices for Principal Component Analysis
of Population Genetic Data.” Bioinformatics 36(16):4449-57. https://doi.org/10.1093/
bioinformatics/btaab520

sociological science | www.sociologicalscience.com 821 July 2026 | Volume 13


https://doi.org/10.1093/ije/dyz115
https://doi.org/10.1353/sof.2011.0016
https://doi.org/10.1353/sof.2011.0016
https://doi.org/10.1017/S0140525X16000340
https://www.pewresearch.org/race-and-ethnicity/fact-sheet/facts-about-the-us-black-population/
https://www.pewresearch.org/race-and-ethnicity/fact-sheet/facts-about-the-us-black-population/
https://doi.org/10.1371/journal.pgen.1008624
https://doi.org/10.1177/07352751221076863
https://doi.org/10.1086/715141
https://doi.org/10.1086/231401
https://doi.org/10.4324/9780203076804
https://doi.org/10.1016/j.ajhg.2022.05.014.
https://doi.org/10.1038/29772
https://doi.org/10.1093/bioinformatics/btaa520
https://doi.org/10.1093/bioinformatics/btaa520

Taddess, Zhang, and Trejo

Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Reardon, Sean F, Demetra Kalogrides, and Kenneth Shores. 2019. “The Geography of
Racial/Ethnic Test Score Gaps.” American Journal of Sociology 124(4):1164-1221. https:
//doi.org/10.1086/700678

Regalado, Antonio. 2018. “2017 Was the Year Consumer DNA Testing Blew Up.” MIT
Technology Review. Accessed May 29, 2026 (https://www.technologyreview.com/2018/
02/12/145676/2017-was-the-year-consumer-dna-testing-blew-up/).

Santana, Emilce. 2024. “The Causal Effect of Skin Color Bias in Online Dating.” Social Science
Research 124:103076. https://doi.org/10.1016/j.ssresearch.2024.103076

Schaeffer, Katherine. 2019. “In a Rising Number of U.S. Counties, Hispanic and Black Ameri-
cans Are the Majority.” Accessed May 29, 2026 (https:/ /www.pewresearch.org/short-
reads/2019/11/20/in-a-rising- number-of-u-s-counties-hispanic-and-black-americans-
are-the-majority/).

Scholz, John Karl and Kamil Sicinski. 2015. “Facial Attractiveness and Lifetime Earnings:
Evidence from a Cohort Study.” The Review of Economics and Statistics 97(1):14-28. https:
//doi.org/10.1162/REST_a_00435

Sen, Maya and Omar Wasow. 2016. “Race as a Bundle of Sticks: Designs That Estimate Effects
of Seemingly Immutable Characteristics.” Annual Review of Political Science 19:499-522.
https://doi.org/10.1146/annurev-polisci-032015-010015

Sheehan, Connor M. and Daniel S. Hamermesh. 2024. “Looks and Longevity: Do Prettier
People Live Longer?” Social Science & Medicine 354:117076. https://doi.org/10.1016/
j.socscimed.2024.117076

Shringarpure, Suyash S., Carlos D. Bustamante, Kenneth Lange, and David H. Alexander.
2016. “Efficient Analysis of Large Datasets and Sex Bias with ADMIXTURE.” BMC
Bioinformatics 17(1):218. https://doi.org/10.1186/s12859-016-1082-x

Sonnega, Amanda, Jessica D. Faul, Mary Beth Ofstedal, Kenneth M. Langa, John WR Phillips,
and David R. Weir. 2014. “Cohort Profile: The Health and Retirement Study (HRS).” In-
ternational Journal of Epidemiology 43(2):576-85. https://doi.org/10.1093/ije/dyu067.

Stephens-Davidowitz, Seth. 2014. “The Cost of Racial Animus on a Black Candidate:
Evidence Using Google Search Data.” Journal of Public Economics 118:26—40. https:
//doi.org/10.1016/j.jpubeco.2014.04.010

Tan, Tammy, Hariharan Jayashankar, Junming Guan, Seyed Moeen Nehzati, Mahdi Mir,
Michael Bennett, Esben Agerbo, Rafael Ahlskog, Ville Pinto de Andrade Anapaz, Bjern
Olav Asvold, Stefania Benonisdottir, Lars Bhatta, Dorret I. Boomsma, Ben Brumpton,
Archie Campbell, Christopher F. Chabris, Rosa Cheesman, Zhengming Chen, China
Kadoorie Biobank Collaborative Group, Eco de Geus, Erik A. Ehli, Abdelrahman G. Elna-
has, Estonian Biobank Research Team, FinnGen, Andrea Ganna, Alexandros Giannelis,
Liisa Hakaste, Ailin F. Hansen, Alexandra Havdahl, Caroline Hayward, Jouke-Jan Hot-
tenga, Mikkel Aagaard Houmark, Kristian Hveem, Jaakko Kaprio, Arnulf Langhammer,
Antti Latvala, James ]. Lee, Mikko Lehtovirta, Liming Li, LifeLines Cohort Study, Kuang
Lin, Richard Karlsson Linnér, Stefano Lombardi, Nicholas G. Martin, Matt McGue, Sarah
E. Medland, Andres Metspalu, Brittany L. Mitchell, Guiyan Ni, Ilja M. Nolte, Matthew
T. Oetjens, Sven Oskarsson, Teemu Palviainen, Rashmi B. Prasad, Anu Reigo, Kadri
Reis, Julia Sidorenko, Karri Silventoinen, Harold Snieder, Tiinamaija Tuomi, Bjarni J.
Vilhjalmsson, Robin G. Walters, Emily A. Willoughby, Jonathan Flint, Loic Yengo, Peter
M. Visscher, Augustine Kong, Elliot M. Tucker-Drob, Richard Border, David Cesarini,
Patrick Turley, Aysu Okbay, Daniel J. Benjamin, and Alexander Strudwick Young. 2024.
“Family-GWAS Reveals Effects of Environment and Mating on Genetic Associations.”
medRxiv. https://doi. org/10.1101/2024.10.01.24314703

sociological science | www.sociologicalscience.com 822 July 2026 | Volume 13


https://doi.org/10.1086/700678
https://doi.org/10.1086/700678
https://www.technologyreview.com/2018/02/12/145676/2017-was-the-year-consumer-dna-testing-blew-up/
https://www.technologyreview.com/2018/02/12/145676/2017-was-the-year-consumer-dna-testing-blew-up/
https://doi.org/10.1016/j.ssresearch.2024.103076
https://www.pewresearch.org/short-reads/2019/11/20/in-a-rising-number-of-u-s-counties-hispanic-and-black-americans-are-the-majority/
https://www.pewresearch.org/short-reads/2019/11/20/in-a-rising-number-of-u-s-counties-hispanic-and-black-americans-are-the-majority/
https://www.pewresearch.org/short-reads/2019/11/20/in-a-rising-number-of-u-s-counties-hispanic-and-black-americans-are-the-majority/
https://doi.org/10.1162/REST_a_00435
https://doi.org/10.1162/REST_a_00435
https://doi.org/10.1146/annurev-polisci-032015-010015
https://doi.org/10.1016/j.socscimed.2024.117076
https://doi.org/10.1016/j.socscimed.2024.117076
https://doi.org/10.1186/s12859-016-1082-x
https://doi.org/10.1093/ije/dyu067.
https://doi.org/10.1016/j.jpubeco.2014.04.010
https://doi.org/10.1016/j.jpubeco.2014.04.010
https://doi.org/10.1101/2024.10.01.24314703

Taddess, Zhang, and Trejo

Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Tan, Taotao and Elizabeth G. Atkinson. 2023. “Strategies for the Genomic Analysis of
Admixed Populations.” Annual Review of Biomedical Data Science 6:105-27. https://doi.
org/10.1146/annurev-biodatasci-020722-014310

Trejo, Sam and Daphne O. Martschenko. 2026. What We Inherit: How New Technologies and
Old Myths Are Shaping Our Genomic Future. Princeton, NJ: Princeton University Press.
https://doi.org/10.1515/9780691237749

Trejo, Sam and Marissa Thompson. 2025. “DNA Reveals the Growing Ancestral Diversity of
the United States.” SocArXiv. https://doi.org/10.31235/0sf.io/ncakt_v1

Wojcik, Genevieve L., Mariaelisa Graff, Katherine K. Nishimura, Ran Tao, Jeffrey Haessler,
Christopher R. Gignoux, Heather M. Highland, Yesha M. Patel, Elena P. Sorokin, Christy
L. Avery, Gillian M. Belbin, Stephanie A. Bien, Iona Cheng, Sinead Cullina, Chani J.
Hodonsky, Yao Hu, Laura M. Huckins, Janina Jeff, Anne E. Justice, Jonathan M. Kocarnik,
Unhee Lim, Bridget M. Lin, Yingchang Lu, Sarah C. Nelson, Sung-Shim L. Park, Han-
nah Poisner, Michael H. Preuss, Melissa A. Richard, Claudia Schurmann, Veronica W.
Setiawan, Alexandra Sockell, Karan Vahi, Marie Verbanck, Abhishek Vishnu, Ryan W.
Walker, Kristin L. Young, Niha Zubair, Victor Acufia-Alonso, Jose Luis Ambite, Kathleen
C. Barnes, Eric Boerwinkle, Erwin P. Bottinger, Carlos D. Bustamante, Christian Caberto,
Samuel Canizales-Quinteros, Matthew P. Conomos, Ewa Deelman, Ron Do, Kimberly
Doheny, Lindsay Fernandez-Rhodes, Myriam Fornage, Benyam Hailu, Gerardo Heiss,
Brenna M. Henn, Lucia A. Hindorff, Rebecca D. Jackson, Cecelia A. Laurie, Cathy C.
Laurie, Yuqing Li, Dan-Yu Lin, Andres Moreno-Estrada, Girish Nadkarni, Paul J. Norman,
Loreall C. Pooler, Alexander P. Reiner, Jane Romm, Chiara Sabatti, Karla Sandoval, Xin
Sheng, Eli A. Stahl, Daniel O. Stram, Timothy A. Thornton, Christina L. Wassel, Lynne R.
Wilkens, Cheryl A. Winkler, Sachi Yoneyama, Steven Buyske, Christopher A. Haiman,
Charles Kooperberg, Loic Le Marchand, Ruth J. F. Loos, Tara C. Matise, Kari E. North,
Ulrike Peters, Eimear E. Kenny, and Christopher S. Carlson. 2019. “Genetic Analyses of
Diverse Populations Improves Discovery for Complex Traits.” Nature 570(7762):514-18.
https://doi.org/10.1038/s41586-019-1310-4

’

Wong, Jaclyn S. and Andrew M. Penner. 2016. “Gender and the Returns to Attractiveness.”
Research in Social Stratification and Mobility 44:113-23. https://doi.org/10.1016/j.rssm.
2016.04.002

Wrigley-Field, Elizabeth. 2020. “US Racial Inequality May Be as Deadly as COVID-19.”
Proceedings of the National Academy of Sciences 117(36):21854-56. https://doi.org/10.
1073/pnas.2014750117

Zhan, Jiayu, Meng Liu, Oliver G. B. Garrod, Christoph Daube, Robin A. A. Ince, Rachael E.
Jack, and Philippe G. Schyns. 2021. “Modeling Individual Preferences Reveals That Face
Beauty Is Not Universally Perceived across Cultures.” Current Biology 31(10):2243-2252.e6.
https://doi.org/10.1016/j.cub.2021.03.013

Zhang, Luyin and Sam Trejo. 2025. “DNA, Self-Reported Ancestry, and Social Scientific
Inquiry.” SocArXiv. https://doi.org/10.31235/0sf.io/mdybz_v1

Zhang, Luyin and Sam Trejo. 2026. “DNA, Self-Reported Ancestry, and Social Scientific
Inquiry.” Demography. Forthcoming.

sociological science | www.sociologicalscience.com 823 July 2026 | Volume 13


https://doi.org/10.1146/annurev-biodatasci-020722-014310
https://doi.org/10.1146/annurev-biodatasci-020722-014310
https://doi.org/10.1515/9780691237749
https://doi.org/10.31235/osf.io/ncakt_v1
https://doi.org/10.1038/s41586-019-1310-4
https://doi.org/10.1016/j.rssm.2016.04.002
https://doi.org/10.1016/j.rssm.2016.04.002
https://doi.org/10.1073/pnas.2014750117
https://doi.org/10.1073/pnas.2014750117
https://doi.org/10.1016/j.cub.2021.03.013
https://doi.org/10.31235/osf.io/mdybz_v1

Taddess, Zhang, and Trejo Leveraging Genomic Data to Document Within-Race Attractiveness Penalties

Acknowledgments: We are grateful to Dalton Conley, Filiz Garip, Iain Mathieson, Ellis
Monk, and Marissa Thompson for helpful comments. This research uses data from
Add Health, funded by grant P01 HD31921 (Harris) from the Eunice Kennedy Shriver
National Institute of Child Health and Human Development (NICHD), with coopera-
tive funding from 23 other federal agencies and foundations. Add Health is currently
directed by Robert A. Hummer and funded by the National Institute on Aging cooper-
ative agreements U01 AG071448 (Hummer) and U01AG071450 (Hummer and Aiello)
at the University of North Carolina at Chapel Hill. Add Health was designed by J.
Richard Udry, Peter S. Bearman, and Kathleen Mullan Harris at the University of North
Carolina at Chapel Hill. No direct support was received from grant P01 HD31921 for
this analysis. Information on obtaining Add Health data is available on the project
website. Send correspondence to Sam Trejo, samtrejo@princeton.edu.

Significance Statement: This study provides new evidence on how racialized physical
features shape social experiences within a single self-identified racial group. By using
genetic similarity proportions—genetic ancestry measures that correlate with physical
traits such as skin tone and facial structure—the authors show that Black Americans
with higher levels of Sub-Saharan African genetic similarity are systematically rated as
less physically attractive. These results reveal a form of racialized disadvantage that
operates within racial categories and is not captured by typical survey measures and
help explain why traditional surveys report relatively small Black-White attractiveness
gaps (whereas real-world behavior shows much larger differences). More broadly, the
study offers genetic similarity proportions as a new tool for exploring processes of
racialization in contemporary society.
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