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Abstract:  
Demographic research often seeks to assess changes to the characteristics of a population over 
time. However, many sociodemographic variables, like race/ethnicity, are self-reported measures 
that correspond to a subjective sense of identity; this makes it challenging to distinguish [i] 
changes to fixed characteristics of a population from [ii] changing social norms and patterns of 
self-identification. To address this issue, we utilize genetic similarity proportions (GSPs), which 
quantify the fraction of a person’s DNA linked to various present-day reference populations. We 
analyze the dynamic relationship between race/ethnicity and GSPs across three American birth 
cohorts: 1945, 1980, and 2015. Our results highlight the growing ancestral diversity of the U.S. 
over time, including both within-race/ethnicity shifts in average GSPs and changes to the 
association between GSPs and racial/ethnic identification. 
 
  



 

2 
 

Introduction 
 In the two decades since the completion of the Human Genome Project (1), our ability to 
measure and understand human genetic variation has progressed remarkably. These genomic 
advances have yielded a plethora of scientific discoveries, from mapping the genetic architecture 
of a wide range of complex traits and diseases (2, 3) to understanding humanity’s ancestral and 
evolutionary origins (4–6). However, while much attention has been paid to genomic discovery 
and historical human migration and admixture, relatively few studies leverage molecular genetic 
data to understand present-day demographic trends. 
 The racial/ethnic diversity of the United States has undoubtedly undergone substantial 
changes over the past century. In 1967, the year that the U.S. Supreme Court overturned state 
anti-miscegenation laws in Loving v. Virginia, interracial marriages comprised just 3% of all 
unions; today, they comprise approximately 17% of unions (and an even larger fraction of new 
births; (7)). Moreover, processes of fertility, mortality, and migration have produced changes in 
the population share of different racial/ethnic groups (8–10). However, racial/ethnic identity is a 
self-reported measure which corresponds to a subjective sense of group membership; that is, both 
race and ethnicity are social and political constructs (11, 12). Just as the underlying population of 
the U.S. has changed over time, so too have the social norms that govern racial/ethnic self-
identification; notably, these changes are often gradual and typically lack a clear reference point. 
As a result, it has been virtually impossible – until now – to use traditional census and/or survey 
data to distinguish changes to individual characteristics, like a person’s genealogical or genetic 
ancestry (13), from changing social norms and patterns of racial/ethnic self-identification.  

Drawing on genotyped respondents from two nationally representative surveys of 
Americans born roughly a generation apart (14, 15), we construct genetic similarity proportions 
(16) – DNA-based measures not unlike those provided by popular at-home genetic ancestry tests 
– linked to four present-day reference populations (17, 18): Sub-Saharan Africa (Yoruba in 
Nigeria; 𝑃!"#), Europe (Northern and Western Europeans in Utah; 𝑃$%#), East Asia (Han 
Chinese in Beijing; 𝑃$!&), and Indigenous America (Pima/Maya in Mexico 𝑃'!().1 Genetic 
similarity proportions (GSPs; (16)), which are sometimes also referred to as genetic ancestry 
proportions, have a wide range of applications in human genomics (20–23) and are beginning to 
be utilized in the social sciences (24–26). Unlike self-identified racial/ethnic identity, which may 
change across contexts and over time (27, 28), an individual’s genome – and, so too, any 
prespecified transformation of the genome – is stable across the life-course and directly 
transmitted from parents to their biological children. Thus, GSPs provide a reference point which 
allows us to compare individuals of similar ancestries (and, likely, physical appearance) who 
lived in different time periods and who were, therefore, subject to different social norms 
regarding racial/ethnic self-identification. Moreover, GSPs vary continuously, display ample 
variation even among members of the same self-identified racial/ethnic group, and have been 
shown to be associated with experiences of racialization by external observers (25, 26). 

Note, the estimation of GSPs requires various decisions for which there are no right 
answers, and therefore any given set of GSP estimates do not represent an ‘objective’ measure of 
a person’s ancestry – nonetheless, such measures, when constructed thoughtfully, represent a 
latent variable with useful properties for social and demographic inquiry. The specific GSPs 

 
1 In line with recent recommendations from the National Academies of Sciences, Engineering, and Medicine, we 
refer to the quantitative estimates of the genetic resemblance between individuals as genetic similarity (rather than 
genetic ancestry) (16). Some have argued that using the genetic ancestry to refer to supervised estimates from 
software like ADMIXTURE is a misnomer, as in most cases such estimates often actually describe a person’s 
genetic similarity to various present-day (rather than ancestral) populations (19). 
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utilized in this study represent the top four axes of genetic variation among representative 
samples of Americans (see Materials and Methods for more details). 

In this study, we empirically explore the dynamic relationship between racial/ethnic 
identity and GSPs over time. Our results reveal the complex and growing ancestral diversity of 
the United States. We observe within-race shifts in average GSPs which produce ancestral 
diffusion, as we term it, a process wherein the differences in GSPs between self-identified 
racial/ethnic groups slowly attenuate across successive generations. In addition, we observe 
temporal changes to the association between a person’s GSPs and their expected racial/ethnic 
identity, allowing us to observe the social process of racial construction across generations. 

Our study makes multiple notable contributions. First, we document previously hidden 
demographic changes to the U.S. population over time, which have important consequences for 
the accuracy of recent biomedical advances. Second, we highlight the limitations of efforts to 
measure intergenerational demographic change using only self-reported survey measures. Third, 
we highlight the complex and dynamic relationship between race/ethnicity and ancestry, which 
serves to undermine biological essentialism by illustrating how notions of race are constructed 
and reconstructed over time. Finally, our work contributes to a growing body of research that 
illustrates how GSPs can be used as a new methodological tool in the social and demographic 
sciences. 
 
Results 

We begin with a simple descriptive analysis examining changes over time to the 
distribution of GSPs among members of a given racial/ethnic group. In particular, we focus on 
the 1945 and 1980 U.S. birth cohorts; for the 1945 birth cohort (𝑁=9,636), we utilize a survey-
weighted subsample from the Health and Retirement Study (HRS; (14)). For the 1980 birth 
cohort (𝑁=7,689), we utilize survey-weighted data from the National Longitudinal Study of 
Adolescent to Adult Health (Add Health; (15)). In addition, we account for selection into 
genotyping using inverse probability weighting. We have aligned our HRS and Add Health 
analytic samples and defined variables of interest so as to maximize comparability across the two 
datasets – see Materials and Methods for more details. 

Figure 1 contains six panels, each of which displays a histogram of the 1945 distribution 
of a given GSP overlaid on a histogram of the 1980 distribution. Specifically, Panels A, B, and C 
display the distributions of Sub-Saharan African genetic similarity (𝑃)*+) among self-identified 
Black Americans, European genetic similarity (𝑃,-+) among self-identified White Americans, 
and Indigenous American genetic similarity (𝑃.)/) among self-identified Hispanic Americans; 
on the other hand, Panels D, E, and F display the same three distributions for non-Black, non-
White, and non-Hispanic Americans, respectively. In Figure 1, we display the particular GSP 
that tends to best distinguish a given racial/ethnic group from the other racial/ethnic groups.2 For 
instance, in the HRS, Black Americans have high average levels of Sub-Saharan African genetic 
similarity (𝑃#01)*+=0.80), whereas non-Black Americans tend to have very low levels (𝑃#01)*+=0.01). 
Similarly, Hispanic Americans have moderate levels of Indigenous American genetic similarity 
(𝑃#01.)/=0.41), while non-Hispanic Americans have values near zero (𝑃#01.)/=0.01). Finally, while 

 
2 Here, ‘racial/ethnic group’ describes the intersection of traditional racial categories (e.g., Black, White, Native 
American, Asian/Pacific Islander, etc.) and Hispanicity. Note, these racial/ethnic groups are constructed to be 
mutually exclusive (see Materials and Methods). For the remainder of the paper, 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. Finally, we use ‘racial identification’ and ‘racial self-
identification’ interchangeably.  
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White Americans have levels of European genetic similarity close to one (𝑃#01,-+=0.98), non-
White Americans tend to have far lower – although still meaningful – levels (𝑃#01,-+=0.29). Table 
S1 displays the average values of our four GSPs among each self-identified racial/ethnic group in 
both the HRS and Add Health. 

Figure 1, taken altogether, reveals a fascinating pattern. In Panels A, B, and C, the 1980 
Add Health distribution (displayed in blue) is shifted slightly to the left of the 1945 HRS 
distribution (displayed in red). That is, Black, White, and Hispanic Americans with 
comparatively lower levels of Sub-Saharan African, European, and Indigenous American genetic 
similarity, respectively, comprise an larger share of the 1980 birth cohort (compared to the 1945 
birth cohort). This leftward shift is most pronounced for Indigenous American genetic similarity 
among Hispanic Americans, which decreased from an average of 0.41 in 1945 to 0.29 in 1980 
(diff=0.128, 𝑝<0.001); notably, similar patterns are observed even among Hispanics who identify 
as Mexican-American, implying that these results are not simply driven by underlying 
demographic shifts in the ethno-national composition of the Hispanic population (see figures S2 
and S3). Turning to panels C, D, and F of Figure 1, we see a similar pattern in reverse; that is, the 
1980 Add Health distribution is shifted to the right of the 1945 HRS distribution. In particular, 
non-Black, non-White, and non-Hispanic Americans with comparatively higher levels of Sub-
Saharan African, European, and Indigenous American genetic similarity, respectively, comprise 
a larger share of the 1980 birth cohort; this rightward shift is most pronounced for European 
genetic similarity among non-White Americans, which increased from an average of 0.29 in 
1945 to 0.34 in 1980 (diff=0.053, 𝑝<0.001).  
 What factors could be driving the observed changes to the within-group distributions of 
GSPs over time? On one hand, such shifts may simply result from changes to the broader 
distribution of GSPs in the United States; for instance, as the number of generations from initial 
admixture events between European populations and both Sub-Saharan African and Indigenous 
populations grows, and as interracial marriage and reproduction becomes more and more 
common, it may simply be that there are a growing number of Americans born with GSP values 
that were uncommon in previous birth cohorts. At the same time, however, it is also possible that 
a portion of the observed within-group changes of GSPs over time are due to changing social 
patterns of racial/ethnic self-identification. To test this possibility, Figure 2 explores changes to 
the relationship between GSPs and racial/ethnic self-identification over time. 

Panels A and B of Figure 2 each display a binned scatter plot with a local polynomial fit 
line. In Panel A, average Sub-Saharan African genetic similarity is plotted against the fraction of 
respondents who identify as Black; similarly, in Panel B, average Indigenous American genetic 
similarity is plotted against the fraction of individuals who identify as Hispanic. Each panel of 
Figure 2 contain individuals from the 1945 birth cohort (displayed in red) and the 1980 birth 
cohort (displayed in blue). In both panels, we observe a strong monotonic relationship between 
the focal GSP and racial/ethnic identity in 1945 and 1980; that is, individuals with greater Sub-
Saharan African and Indigenous American genetic similarity are more likely to identify as Black 
and Hispanic, respectively – a reflection of the fact that a person’s GSPs are correlated with a 
range of social and physical characteristics relevant to racial/ethnic identity formation. 

Among Black Americans, the relationship between GSP and identification has remained 
stable across the two birth cohorts (and, indeed, the 95% confidence intervals in Panel A 
overlap). In 1945 and in 1980, a person with 𝑃)*+ ≈ 0.4 is predicted to be equally likely to 
identify as Black and as another race. However, among Hispanic Americans, the relationship has 
shifted to the left over time; HRS respondents with relatively low levels of Indigenous American 
genetic similarity (e.g., 0 < 𝑃.)/ < 0.3) are far more likely to identify as Hispanic in 1980 than 
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similar respondents in Add Health. A person with 𝑃.)/ ≈ 0.2 from the 1945 birth cohort is 
predicted to identify as Hispanic only about 60% of the time, whereas a person from the 1980 
birth cohort with the same 𝑃.)/ value is predicted to identify as Hispanic nearly 90% of the 
time. This result suggests a shifting social boundary regarding Hispanic identification.  

We also estimate changes to the average GSPs of the United States population overall, 
focusing on the 1945, 1980, and 2015 birth cohorts. As before, we use the HRS and Add Health, 
to represent the 1945 and 1980 birth cohorts, respectively. For the 2015 birth cohort, we leverage 
a demographic projection model that requires minimal assumptions and utilizes data from both 
Add Health and the American Community Survey (29); see Materials and Methods for more 
details. Table 1 (Columns 1-3) displays estimates of the population averages of our four GSPs, as 
well as estimates of the fraction of the population who identify as a given racial/ethnic group.3 

From 1945 to 2015, American birth cohorts have experienced meaningful demographic 
changes, both in terms of average GSPs and racial/ethnic composition. Overall, the U.S. has 
become increasingly genetically diverse over time, as European genetic similarity (𝑃,-+) has 
decreased and Sub-Saharan African (𝑃)*+), Indigenous American (𝑃.)/), and East Asian (𝑃,)2) 
genetic similarity have all increased. Similarly, the 1945 U.S. birth cohort is overwhelmingly 
White (83%) and has high levels of European genetic similarity (𝑃#01,-+=0.86); on the other hand, 
the 2015 birth cohort is just 53% White, with lower levels of European genetic similarity 
(𝑃#31,-+=0.72).4 Over the same period, the fraction of United States births that were Black, 
Hispanic, and Other Races grew substantially, from 11%, 5%, and 2% to 15%, 24%, and 8%, 
respectively. 

The concurrent trends in GSPs and racial/ethnic identity raises a key question: are the 
observed changes in average GSPs explained by the U.S.’s changing racial/ethnic composition, 
or do GSPs reveal novel demographic shifts? Table 1 (Columns 4-9) also presents results from a 
Kitagawa decomposition (30), which separates changes to a given GSP over time into the sum of 
two distinct components: [i] the expected change to the GSP given shifts in racial/ethnic 
demographics (holding average between-group differences in the GSP fixed), and [ii] a residual 
term which corresponds to changes in the average GSP within racial/ethnic groups. Notably, 
while the changes to African and European genetic similarity are – by and large – what would 
have been expected given the observed racial/ethnic changes, changes to Indigenous American 
genetic similarity are far smaller than expected. The changing racial/ethnic composition of the 
U.S. between 1945 and 2015 – especially the large increase in the Hispanic population share – 
would have been expected to produce a 350% increase in Indigenous American genetic 
similarity from its 1945 average (𝑃#01.)/=0.25); however, substantial changes to the distributions 
of GSPs within racial/ethnic groups partially offset this expected growth (see, for instance, Panel 
C of Figure 1), and Indigenous American genetic similarity of the 2015 birth cohort (𝑃#31.)/=0.75) 
increased just 200% from its 1945 average (diff=0.05, 𝑝<0.001). Finally, to more explicitly 
quantify growing individual-level genetic diversity, we estimate average changes to a person’s 
single highest GSP (as opposed to their other three GSPs) – see Table S2. While in the 1945 
birth cohort, the average value of a person’s single highest GSP was 0.95, it had decreased to 
0.92 by the 1980 birth cohort (diff=0.029, 𝑝<0.001). 
 
Discussion 

 
3 In addition, Figure S1 uses GSP deciles to display distributional (rather than simply average) changes in GSPs 
from 1945 to 1980. 
4 Importantly, a birth cohort’s racial/ethnic demographics is defined retrospectively (once it members reach 
adulthood and have acquired and solidified racial/ethnic identities). 
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Our empirical results highlight the complex and dynamic relationship between ancestry 
and racial/ethnic identity over time. From 1945 to 1980 (and even to 2015), U.S. birth cohorts 
have become increasingly genomically diverse, as measured by GSPs – even within self-
identified racial/ethnic groups. While a portion of these changes over time are explained by shifts 
in the overall racial/ethnic composition of the population, within-group changes in average GSPs 
have also played an important role. In particular, we find evidence for ancestral diffusion: a 
process wherein the genomic differences between self-identified racial/ethnic groups slowly 
attenuate across successive generations. Over time, Black Americans and Hispanic Americans 
have grown to have lower levels of Sub-Saharan African and Indigenous American genetic 
similarity, respectively; at the same time, both groups have grown to have increased levels of 
European genetic similarity. There is also notable variation in how fast these changes are 
occurring for different racial/ethnic groups; Hispanic Americans, for instance, are experiencing 
the most rapid and substantial within-group GSP changes, driven (in part) by a changing 
relationship between Indigenous American genetic similarity and Hispanic self-identification. 
These diffusion processes will likely continue, though only time will tell precisely what the 
coming generations will bring. 

In addition, our results regarding the shifting relationship between race/ethnicity and 
ancestry inform an expansive literature on the social construction of race. Historically, 
conceptualizations of racial/ethnic categories were biological in nature. However, today such 
categories are widely understood to be socially constructed using a range of physical and social 
characteristics (28). Nonetheless, genetically essentialist views – the belief that DNA differences 
divide humans into discrete and biologically distinct racial groups – still pervade both the 
academy and broader society (31–34). At first blush, the sizable correlation that exists between a 
person’s racial/ethnic identity and their GSPs may seem like a challenge to the social 
constructivist understanding of race. However, processes of social (re)construction often involve 
humans layering meaning onto the physical, natural, and biological features of our world – for 
instance, dividing the surface of the Earth into distinct geopolitical entities (i.e., countries). In the 
case of racial/ethnic categories, it is the expansive family tree of humanity that has become 
imbued with social meaning and stigma (33, 34). Crucially, our results empirically highlight how 
the relationship between racial/ethnic identity and ancestry is inherently variable – as 
racial/ethnic schemas grow and evolve over time, the correspondence between race/ethnicity and 
ancestry also changes. Thus, our analysis helps to empirically and conceptually distinguish 
race/ethnicity, the social process of racial/ethnic categorization and identification, from ancestry, 
the pre-social family tree shared by all of humanity. Our results demonstrate that the racial/ethnic 
composition of future populations will not be driven solely by patterns of assortative mating and 
fertility that shape genealogical and genetic ancestral descent, but also by broader social changes 
regarding the rules and tendencies that govern self-identification. 

Moreover, our findings highlight how social institutions and norms (such as the 
legalization and normalization of interracial marriage) can leave an enduring imprint on the 
demographic characteristics of a population. This can be seen with, for example, changes in the 
distribution of Sub-Saharan African genetic similarity among self-identified Black Americans. In 
the 1945 birth cohort, there are very few Black Americans with 0.4 < 𝑃)*+ < 0.6; however, by 
the 1980 cohort, this population has grown substantially. It is beyond the scope of this study to 
definitively state how this change occurred, but a rise in childbirths from interracial marriages 
between Black and non-Black Americans following Loving v. Virginia may be an important part 
of the story.   
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Our results also have important implications for the biomedical sciences. The allele 
frequencies of genetic variants that impact various traits, like cystic fibrosis (35) and sickle cell 
disease (36), vary on average as a function of ancestry; thus, as the ancestral characteristics of 
the U.S. population change, so too may the prevalence and risk for certain diseases. In addition, 
the U.S.’s growing levels of Sub-Saharan African, Indigenous American, and East Asian genetic 
similarity have important implications for the accuracy of rapidly advancing genomic tools for 
complex traits, such as polygenic scores. The highly skewed ancestral composition of genome-
wide association studies (37) has created large gaps in the accuracy of genetic risk prediction 
between individuals of European ancestries and individuals of non-European ancestries (20, 38). 
Our results suggest that the average accuracy of current polygenic scores may decline over time, 
as the overall target population becomes less genetically similar to the discovery samples of 
existing genomic studies. Moreover, in order to effectively design studies to reduce this so-called 
portability problem, researchers must have a representative understanding of the genetic diversity 
of their population of interest – as well as how that genetic diversity is changing. Benchmarking 
these changes using conventional genomic data sources is challenging due to the fact that most 
large-scale biobanks lack a sampling frame and therefore likely suffer from selection and 
ascertainment biases (39, 40). 

Finally, by highlighting the limitations of self-reported racial/ethnic identity measures, 
our work contributes to a growing body of research that argues GSPs represent a useful 
methodological tool in the social sciences; importantly, GSPs represent a complement to, and not 
a replacement of, existing survey strategies for measuring racial-ethnic change. Understanding 
changing patterns of racial/ethnic identification – for instance, why certain Latin American 
populations are increasingly self-identifying as Indigenous (9) – is an interesting and important 
goal in and of itself. But our ability to make scientific progress in our understanding of 
racial/ethnic mobility and inequality is only as good as our capacity to accurately measure a 
population over time; however, a person’s racial/ethnic identity – unlike their GSPs – may vary 
over time and is imperfectly transmitted from parents to children. This makes it difficult (or even 
impossible) to accurately observe key demographic processes – like, for instance, the 
intergenerational economic and educational mobility of Hispanic immigrants in the U.S. (27) – 
by tracking racial/ethnic groups through repeated cross-sections of the population (such as the 
U.S. census). In contrast, GSPs, may serve as a fixed reference point from which to view social 
and demographic change. 
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Materials and Methods 
 
Datasets 

We utilize data from two nationally representative longitudinal studies: The Health and Retirement Study 
(HRS; 𝑁=10,819) and The National Longitudinal Study of Adolescent to Adult Health (Add Health; 𝑁=8,162). The 
HRS is a nationally representative survey of Americans above the age of 50, which began in 1992 and has been 
repeated biennially since. We draw upon respondents from the following four of the study’s cohorts: HRS (born 
1931-1941), War Babies (1942-1947), Early Baby Boomers (1948-1953), and Mid Baby Boomers (born 1954-
1959). These HRS cohorts are survey weighted to be representative of the U.S. population born 1931-1959, with 
1945.12 as the average birth year. Beginning in 2006, consenting HRS respondents provided saliva samples and 
were genotyped using the Illumina Human Omni-2.5 Quad BeadChip. To account for the HRS’s repeated 
longitudinal sampling design, we utilize person-level sampling weights from the wave that each HRS respondent 
was first empaneled. 

The National Longitudinal Study of Adolescent to Adult Health (Add Health) is a nationally representative 
survey of students who were in 7th through 12th grades during the 1994-1995 school year. The birth years of Add 
Health respondents range from 1974 to 1983, with 1979.17 as the survey weighted average birth year. In 2008 
(Wave IV), consenting Add Health respondents provided saliva samples and were genotyped using one of two 
Illumina platforms – the Illumina Human Omni1-Quad BeadChip and the Illumina Human Omni-2.5 Quad 
BeadChip. To account for Add Health’s complex survey design, we utilize the Wave IV grand sampling weights.  

While Add Health respondents were empaneled at an average age of about 16, HRS respondents were 
empaneled between the ages of 51 and 61. For this reason, in order to ensure comparability of the underlying 
populations sampled by the HRS and Add Health, we restrict our analytic samples to U.S.-born individuals. In both 
studies, over 80% of eligible respondents consented to genotyping and rigorous quality control procedures were 
applied to the genotype data. Table S3 provides detailed descriptive statistics for our combined analytic sample. 
 
Genetic Similarity Proportions 

We use supervised ADMIXTURE (41–43), a maximum likelihood estimation approach, to construct genetic 
similarity proportions (GSPs) for each genotyped HRS and Add Health respondent. We model four ancestral 
populations using reference panels comprised of the following unrelated individuals from HapMap 3 (17) and the 
Human Genome Diversity Project (18): 83 Yoruba (Nigeria; 𝑃!"#), 36 Northern/Western Europeans (Utah; 𝑃$%#), 
137 Han Chinese (Beijing; 𝑃$!&), and 34 Pima/Maya (Mexico; 𝑃'!(). We begin by combining the HRS and Add 
Health genotype data with our four reference panels. Next, we restrict to autosomal SNPs that are present in the HRS, 
Add Health, and the reference panels, leaving 412,491 overlapping SNPs. After implementing linkage disequilibrium 
pruning (with a window size of 200kb, a step size of 25, and an 𝑅)of 0.4) in PLINK1.9 (44), we retain 203,429 SNPs 
for use in GSP estimation. By construction, the four GSP estimates sum to one for each respondent. 
 

𝑃*!"# + 𝑃*$%# + 𝑃*$!& + 𝑃*'!( = 1 
Eq. 1 

 
Note, while the ADMIXTURE software is intended for use on samples of unrelated individuals, the Add Health data 
contains a relatively small number of sibling (and half-sibling) pairs. Thus, we remove a random sibling from each 
pair to create a subsample of unrelated respondents. We first fit supervised ADMIXTURE using only these 
unrelated respondents, and then project the model results to obtain GSPs for the omitted siblings. 

Supplemental unsupervised ADMIXTURE analysis (conducted separately on the HRS and Add Health 
samples) recovers nearly identical estimates to our supervised ADMIXTURE analysis, suggesting that our GSP 
results are not sensitive to the specific reference panels utilized; see Figures S4 and S5 for more details. In addition, 
results from local genetic similarity estimation software (45), when summed across the genome, are highly 
comparable to those from ADMIXTURE (see Figure S5 from Zhang and Trejo 2025 (25)). Notably, past research 
using supervised ADMIXTURE has demonstrated that, in U.S. samples, the resulting measures closely correspond 
to the global information provided by popular genetic ancestry tests (see Figure S14 from Bryc et al. 2015 for a 
comparison with 23andMe (46)). 

Importantly, the process of transforming high-dimensional individual genotype data to a low-dimensional 
set of individual GSPs is, in effect, an exercise in dimensionality reduction. Any given process for estimating GSPs 
requires a series of researcher decisions which do not have objectively correct answers, including specifying the 
number of populations to use, selecting the relevant reference panels, and choosing the algorithm used to cluster and 
categorize the genome (47). Just as there is no single ‘correct’ way to transform measures of income, education, 
occupation, and wealth into a ‘true’ measure of socioeconomic status, there is no single correct way to construct 
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GSPs that yields a ‘true’ measure of genetic ancestry. Nonetheless, we argue that the GSPs used in this study 
represent a particular manifestation of a set of latent variables which have useful properties for social scientific 
inquiry. 
 
Racial/Ethnic Identity 

Unfortunately, only a limited amount of self-reported racial/ethnic identity information is available in the 
HRS public survey data. (Note, in order to analyze the HRS and Add Health genotype data jointly on a single server, 
we were forced to use the publicly available – rather than restricted use – HRS survey data.) HRS respondents were 
typically asked to report their racial/ethnic identity only at their first interview; in particular, they were asked to 
select a single primary race from the following five options: ‘White/Caucasian’, ‘Black/African-American’, 
‘American Indian or Alaskan Native’, ‘Asian or Pacific Islander’, and ‘Other’.5 However, due to concerns regarding 
respondent identifiability, all racial categories other than White and Black are combined into an ‘Other Races’ 
category in the public-use survey data. We intersect categorical responses from the racial identity question with 
binary responses to a Hispanicity question to create the following four mutually exclusive racial categories: Non-
Hispanic White, Non-Hispanic Black, Non-Hispanic Other Races, and Hispanic. We leave analysis of the 
relationship between GSPs and multi-racial identification to future work. 

We next sought to construct a self-reported racial/ethnic identity in Add Health that was identical to the 
HRS variable. Add Health respondents were asked to report their racial identity at Waves I, III, and V. However, 
only the Wave I survey question matched the survey question used in the HRS. (In particular, the Wave III racial 
identity question did not contain ‘Other’ as a possible response and, at Wave V, racial identity and Hispanicity were 
combined into a single question). At Wave I, Add Health respondents were asked to report which one category best 
describes their racial background from the following five options: ‘White’, ‘Black or African American’, ‘American 
Indian or Native American’, ‘Asian or Pacific Islander’, and ‘Other’. For analyses with the HRS data, we intersect 
Wave I racial identity and Hispanicity and then combine ‘American Indian or Native American’, ‘Asian or Pacific 
Islander’, and ‘Other’ into a single ‘Other Races’ category.6 This leaves us with four mutually exclusive 
racial/ethnic categories: Non-Hispanic White, Non-Hispanic Black, Non-Hispanic Other Races, and Hispanic. 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 identify as Hispanic. Table S4 cross-tabulates respondent 
racial/ethnic identity at Waves I and V; self-reports of race/ethnicity are highly concordant across the two waves, 
suggesting that our results are unlikely to be sensitive to the specific Add Health race/ethnicity variable used.  

Note that, although early versions of genetic ancestry tests became available to the public around 2008, the 
boom in popularity did not occur until almost a decade later (48); thus, both HRS and Add Health respondents were 
asked to report their racial identity prior to the widespread proliferation of genetic ancestry tests (and, therefore, 
such information is highly unlikely to have impacted their racial/ethnic identification).  
 
Inverse Probability Weighting 

While over 80% of eligible respondents in both survey samples consented to genotyping, non-random 
selection into genotyping could undermine our ability to construct analytic samples in HRS and Add Health that are 
nationally representative of the 1945 and 1980 birth cohorts, respectively.7 For this reason, we utilize inverse 
probability weighting to adjust the raw survey weights for observable differences between the overall HRS and Add 
Health samples and our analytic subsamples of genotyped respondents (50). Specifically, we fit the following 
weighted logistic regression model, separately in the HRS and in Add Health:  

 

ln )
P(𝑑𝑛𝑎* = 1)

1 − P(𝑑𝑛𝑎* = 1)1 = β+ + 𝐗𝐢𝚷 

Eq. 2 
 

5 Prior to 2006, HRS respondents were required to select a single race. Starting in 2006, the question format was 
changed to meet updated U.S. Office of Management and Budget guidelines. Specifically, respondents were now 
allowed to report multiple races; if a respondents reported more than one race, they were then asked which one they 
consider to be their primary race. We choose to utilize the primary race variable to maximize comparability of the 
HRS variable over time. 
6 Note, our demographic projection model utilizes data from Add Health (but not HRS). Therefore, for that analysis, 
we do not combine ‘American Indian or Native American’, ‘Asian or Pacific Islander’, and ‘Other’ into a single 
‘Other Races’ category. 
7 See Trejo and Kanopka 2024 (49) for derivations and further discussion of how selection into genotyping can 
introduce bias into genomic analyses. 
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where 𝑑𝑛𝑎* is a binary variable indicating whether individual 𝑖 is genotyped and 𝐗𝐢 is a vector of covariates including 
gender, birth year, racial/ethnic identity, educational attainment, and census region. We then multiply each individual 
𝑖’s original HRS/Add Health sampling weight by the inverse of their model-derived predicted probability of 
genotyping (i.e., -

./01!
) to produce the final adjusted survey weights used in our analysis. See Table S5 for the results 

from the logistic regression described in Eq. 2. In both data sets, Black Americans and those of Other Races were less 
likely to be genotyped than White Americans. In Add Health (but not the HRS), Hispanic Americans were less likely 
to be genotyped than White Americans. Finally, in both studies, a person’s educational attainment and their census 
region displayed statistically significant associations with their likelihood of being genotyped. 

In the Add Health data, ungenotyped respondents typically either attrited from the study before Wave IV or 
did not consent to genotyping. However, in the HRS, mortality selection may also have played a role. To limit the 
degree of mortality selection in the HRS, we do not utilize data from birth cohorts prior to 1931; specifically, we 
omit the Asset and Health Dynamics Among the Oldest Old (1890-1923) and Children of Depression (1924-1930) 
cohorts. However, mortality selection could still introduce bias into our results if – within self-identified 
racial/ethnic groups – individuals with certain GSPs were more likely to survive (and therefore remain in the study). 
To test this possibility, we explore whether our GSPs predict mortality among the genotyped sample. Reassuringly, 
weighted and unweighted regressions show no statistically significant relationship between any of the GSPs and 
mortality (net of the inverse probability weighting covariates); see table S6 for more details. 

 
Kitagawa Decomposition  

We leverage a Kitagawa decomposition (30) to separate observed average GSP changes across birth 
cohorts into the sum of two distinct components: [i] the expected change to a given GSP resulting from shifts in 
racial/ethnic demographics (holding average between-group difference in the GSPs fixed), and [ii] a residual term 
which corresponds to changes in the GSP within racial/ethnic groups. Specifically, our decomposition takes the 
following form:  

 

Δ234+𝑃7567 = +89𝑃723,9567 × Δ234+𝑟𝑎𝑐𝑒9>?@@@@@A@@@@@B
⬚

#0;*0</$>?/*;	A?0/BC

D

9E-

+89Δ234+𝑃79567 × 𝑟𝑎𝑐𝑒4+,9>?@@@@@@A@@@@@@B
⬚

F*>?*/-HIJKL	A?0/BC

D

9E-

 

 
where Δ234+𝑃7567 is the overall change in average Sub-Saharan African genetic similarity from the 1945 birth cohort 
to the 1980 birth cohort, 𝑃723,9567 is the average Sub-Saharan African genetic similarity of racial/ethnic group 𝑘 in 
1945, Δ234+𝑟𝑎𝑐𝑒9 is the change in the population share of racial/ethnic group 𝑘 the 1945 birth cohort to the 1980 birth 
cohort, Δ234+𝑃79567 is the change in average Sub-Saharan African genetic similarity of racial/ethnic group 𝑘 from the 
1945 birth cohort to the 1980 birth cohort, 𝑟𝑎𝑐𝑒4+,9 is the population share of racial/ethnic group 𝑘 the 1980 birth 
cohort, and 𝐾 is the number of racial/ethnic groups. See Section S1 of the SI for a complete derivation of our 
specific Kitagawa decomposition. 

Notably, while the Kitagawa decomposition is intimately related to the Oaxaca-Blinder decomposition (51, 
52), there are important distinctions; indeed, our analysis may be one of the rare cases where the Kitagawa 
decomposition and Oaxaca-Blinder decompositions meaningfully diverge (53). The Kitagawa decomposition is 
originally tailored for the decomposition of proportions (e.g., subgroup-specific death rates), whereas the Oaxaca-
Blinder decomposition can be applied to a wider range of outcome variables; moreover, while the Oaxaca-Blinder 
decomposition is regression-based (and therefore requires the use of underlying micro data), the Kitagawa 
decomposition has more flexible data requirements and instead requires only a relevant set of sample moments. 
Thus, while we are able to utilize a Kitagawa decomposition on the results of the demographic projection for the 
2015 birth cohort (described in the following subsection), it would be impossible to apply a Oaxaca-Blinder 
decomposition (as we lack any genotyped individual-level data of this birth cohort). 
   
Demographic Projection 

We utilize a unique demographic projection technique to estimate the average GSPs of the 2015 U.S. birth 
cohort. In short, we leverage the fact that parents transmit – in expectation – a random 50% of their DNA (and so 
too, their GSPs) to each of their children. Thus, the expected GSPs of a given birth cohort are simply equal to the 
average GSPs of the parents of all the members of that birth cohort. In Add Health, respondents were asked to report 
their number of biological children at Wave V (when they were, on average, about 38 years old). Specifically, 
women were asked the number of times they have become pregnant, and how many live births resulted from those 
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pregnancies; men, on the other hand, were asked the number of times a partner has become pregnant, and how many 
live births resulted from those pregnancies. Respondents were instructed to only include pregnancies in which they 
were a biological parent. We use this information to calculate the fertility-weighted average value of the GSPs for 
each sex-racial/ethnic group combination, as follows: 
 

PEM,9567 =
∑ 9𝑃*567 × 𝐷*NCOEM × 𝐷*I0;CE9 × 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛*>	P
*E-

∑ (𝐷*NCOEM × 𝐷*I0;CE9 × 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛*)	P
*E-

	 

 

PEQ,9567 =
∑ 9𝑃*567 × 𝐷*

NCOEQ × 𝐷*I0;CE9 × 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛*>	P
*E-

∑ 9𝐷*
NCOEQ × 𝐷*I0;CE9 × 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛*>	P

*E-
	 

 
Eq. 3 

 
where 𝑃*567 is the Sub-Saharan African genetic similarity of individual 𝑖, 𝐷*NCOEM is a binary variable indicating that 
individual 𝑖 is male, 𝐷*

NCOEQ is a binary variable indicating that individual 𝑖 is female, 𝐷*I0;CE9 is a binary variable 
indicating that individual 𝑖 self-identifies as race/ethnicity 𝑘, 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛* is individual 𝑖’s number of biological 
children, and 𝑁 is the number of genotyped Add Health respondents. Note, while Eq. 1 uses Sub-Saharan African 
genetic similarity (𝑃567) as an example, the same logic applies to the other three GSPs.  

Next, we use nationally representative data from the 2013-2017 American Community Survey (ACS) to 
calculate the racial/ethnic identity population shares of Americans who had a child born in the past year, as follows: 
 

𝑟𝑎𝑐𝑒M,9 =
∑ 9𝐷*I0;CE9 × 𝐷*NCOEM ×𝑤𝑒𝑖𝑔ℎ𝑡*>	(
*E-

∑ (𝐷*NCOEM ×𝑤𝑒𝑖𝑔ℎ𝑡*)	P
*E-

 

 
 

𝑟𝑎𝑐𝑒Q,9 =
∑ 9𝐷*I0;CE9 × 𝐷*

NCOEQ ×𝑤𝑒𝑖𝑔ℎ𝑡*>	(
*E-

∑ 9𝐷*
NCOEQ ×𝑤𝑒𝑖𝑔ℎ𝑡*>	P

*E-
 

Eq. 4 
where 𝑤𝑒𝑖𝑔ℎ𝑡 is the ACS’s individual-level sampling weight and 𝑀	is the number of recent births in the ACS data. 

Finally, we link the fertility-weighted racial/ethnic group GSP averages (calculated in Eq. 3 using Add 
Health) to the racial/ethnic shares of mothers and fathers Americans who had a child born in the past year 
(calculated in Eq. 4 using the ACS) to estimate the average GSPs of the 2015 U.S. birth cohort: 
 

𝑃O-3567 =
1
2 ×89𝑟𝑎𝑐𝑒Q,9 × 𝑃QQ,9567 + 𝑟𝑎𝑐𝑒M,9 × 𝑃QM,9567>

D

9E-

 

Eq. 5 
 

where 𝑃O-3567 is the estimated average Sub-Saharan African genetic similarity of the 2015 birth cohort, 𝑟𝑎𝑐𝑒M,9 is the 
fraction of babies born to fathers who self-identify as racial/ethnic category 𝑘, 𝑟𝑎𝑐𝑒Q,9 is the fraction of babies born 
to mothers who self-identify as racial/ethnic category 𝑘, and PEM,9567 and PEQ,9567are the fertility-weighted average Sub-
Saharan African genetic similarity for men and women, respectively, of race/ethnicity 𝑘. Standard errors, displayed 
in Table S7, are estimated via the bootstrap through simultaneously resampling observations in both Add Health and 
the ACS.  

The key assumption of our demographic projection model is that fertility-weighted racial/ethnic group GSP 
averages in Add Health recover the true (unobserved) average GSP value of the parents in the ACS data. One 
concern is that Add Health respondents were born slightly earlier than the parents of the U.S. 2015 birth cohort. 
Whereas Add Health respondents have an average birth year of approximately 1980; fathers and mothers in the ACS 
data have an average birth year of approximately 1982 and 1985, respectively. However, because U.S. birth cohorts 
are growing more diverse over time, this gap entails that our demographic projection model may slightly 
underestimate the expected change in GSPs from 1980 to 2015. Another concern is that the Add Health fertility data 
was collected when respondents were around 37 years old, meaning it does not contain children born to parents at 
older ages; however, in the ACS data, fathers and mothers above the age of 37 accounted for only 19% and 8% of 
births, respectively – suggesting the resulting biases are likely relatively small. Notably, our projection method does 
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not assume that the average GSPs of racial/ethnic group remains constant over time; instead, our strategy accounts 
for within-group changes in average GSPs by leveraging the within-racial/ethnic group variation in fertility that is 
associated with one’s GSPs.  

Note, our Kitagawa decomposition requires racial/ethnic identity shares for the 2015 birth cohort; however, 
we do not observe child racial/ethnic identity in the ACS (and, indeed, this cohort of children is still relatively young 
and therefore may not have formed a clear racial/ethnic identity). To address this challenge, we utilized the fact that 
Add Health has information on both child and parental racial/ethnic identity. Thus, we simply use Add Health to 
create a copula that contains a child’s probability of identifying as a member of each racial/ethnic category given the 
racial/ethnic identity of their mother and racial/ethnic identity of their father. We then apply this copula to the 
parental racial/ethnic variables in the ACS data, giving us our final 2015 child racial/ethnic shares. 
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  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 Cohort Averages Kitagawa Decomposition 

Self-Reported Race/Ethnicity 1945 1980 2015 1945 to 1980 1945 to 2015 

 
   Percent 

Change 
  Percent 

Change 
  

Non-Hispanic White 0.833 0.714 0.526 -14.2%   -36.8%   

Non-Hispanic Black 0.109 0.153 0.152 40.3%   39.8%   

Hispanic 0.039 0.099 0.242 158.1%   528.7%   

Non-Hispanic Other 0.02 0.033 0.079 69.3%     302.9%     

 
          

Genetic Similarity Proportions 1945 1980 2015 1945 to 1980 1945 to 2015 

 
   Percent 

Change Demographic Within-Group Percent 
Change Demographic Within-Group 

𝑃!"# 0.101 0.138 0.146 36.4% 40.3% -3.9% 44.4% 52.0% -7.6% 

𝑃$%# 0.864 0.796 0.717 -7.8% -8.0% 0.2% -17.0% -17.6% 0.6% 

𝑃&'( 0.011 0.029 0.062 167.9% 23.7% 144.2% 480.3% 97.8% 382.5% 

𝑃)'* 0.025 0.038 0.075 52.0% 106.4% -54.4% 203.4% 360.2% -156.7% 

 
Tab. 1. Demographic Projection and Kitagawa Decomposition. 

 
This table displays average genetic similarity proportions in three different American birth cohorts: 1945, 1980, and 2015. Column 1 and Column 2 display 
(weighted) average racial/ethnic shares and genetic similarity proportions of U.S.-born respondents from the Health and Retirement Study and the Add Health Study, 
respectively. Column 3 displays estimated racial/ethnic shares and genetic similarity proportions obtained via our demographic projection model. Columns 4 through 
9 present results from a Kitagawa decomposition, which separates changes to a given genetic similarity proportion over time into the expected change given shifts in 
racial/ethnic demographics and a residual term corresponding to changes in the average genetic similarity proportions within racial/ethnic groups. Survey weights in 
both analytic samples are adjusted for selection into genotyping using inverse probability weighting. Genetic similarity proportions are estimated via supervised 
ADMIXTURE and correspond to Sub-Saharan African (𝑃567), European (𝑃RS7), East Asian (𝑃R5T), and Indigenous American (𝑃U5V) genetic similarity. See Table 
S7 for an alternative version of this table that includes standard errors, which are generally quite small. 
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Fig. 1. Within-race/ethnicity changes in genetic similarity proportions from 1945 to 1980. 
 
This figure contains histograms of the distribution of the Sub-Saharan African (𝑃567; Panels A and D), European (𝑃RS7; Panels B and E), and Indigenous American 
(𝑃U5V; Panels C and F) genetic similarity proportions for various racial/ethnic groups. Genetic similarity proportions are estimated via supervised ADMIXTURE. 
Racial/ethnic categories (Non-Hispanic Black, Non-Hispanic White, and Hispanic) are mutually exclusive. The red bars display data from the Health and Retirement 
Study, which has an average birth year of approximately 1945; the blue bars display data from the Add Health Study, which has an average birth year of roughly 
1980. Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for selection into genotyping using inverse probability 
weighting. Bars that would extend beyond the Y-axis values of each histogram are censored, with the true height listed in the corresponding color above the bar. 
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Fig. 2. The association between genetic similarity proportions and racial/ethnic identification in 1945 and 1980. 
 
This figure contains binned scatter plots and local polynomial fit lines (including 95% confidence intervals), with genetic similarity proportions on the X-axis and 
racial/ethnic identification on the Y-axis. Panel A displays the association between Sub-Saharan African genetic similarity (𝑃567) and Non-Hispanic Black 
identification, whereas the right panel displays the association between Indigenous American genetic similarity (𝑃U5V) and Hispanic identification. Genetic 
similarity proportions are estimated via supervised ADMIXTURE. In both panels, the red markers and lines display data from the Health and Retirement Study 
(which has an average birth year of approximately 1945), whereas the blue markers and lines display data from the Add Health Study (which has an average birth 
year of roughly 1980). Only U.S. born individuals whose value for both the European genetic similarity proportion (𝑃RS7) and the genetic similarity proportion 
displayed on the X-axis are both greater than 0.01 are included. In addition, individuals whose other two genetic similarity proportions total to greater than 0.5 are 
excluded. Bins in the left panel contain approximately 65 respondents, and bins in the right panel contain approximately 35 respondents. 
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S1. Kitagawa Decomposition Derivation 
 
We begin our derivation with the following tautology: 
 

Δ!"#$𝑃#%&' = 𝑃##$	%&' − 𝑃#!"%&' 
 
Next, we replace the overall population GSP average for the 1980 and 1945 births cohorts as the weighted-average 
of the racial/ethnic group-specific GSP averages, leaving us with: 
 

Δ!"#$𝑃#%&' =&'𝑃##$,*%&' × 𝑟𝑎𝑐𝑒#$,*-
+

*,-

−&'𝑃#!",*%&' × 𝑟𝑎𝑐𝑒!",*-
+

*,-

 

 
Now, noticing that 𝑟𝑎𝑐𝑒!",* = 𝑟𝑎𝑐𝑒#$,* − Δ!"#$𝑟𝑎𝑐𝑒*, we swap in as follows: 
 

Δ!"#$𝑃#%&' =&'𝑃##$,*%&' × 𝑟𝑎𝑐𝑒#$,*-
+

*,-

−&'𝑃#!",*%&' × [𝑟𝑎𝑐𝑒#$,* − Δ!"#$𝑟𝑎𝑐𝑒*]-
+

*,-

 

 
Distributing the 𝑃#!",*%&' term in the right-hand summation operator, we have: 
 

Δ!"#$𝑃#%&' =&'𝑃##$,*%&' × 𝑟𝑎𝑐𝑒#$,*-
+

*,-

−&0'𝑃#!",*%&' × 𝑟𝑎𝑐𝑒#$,*- − '𝑃#!",*%&' × Δ!"#$𝑟𝑎𝑐𝑒*-1
+

*,-

 

 
Next, we combine everything into a single summation operator and are left with: 
 

Δ!"#$𝑃#%&' =&0'𝑃##$,*%&' × 𝑟𝑎𝑐𝑒#$,*- − '𝑃#!",*%&' × 𝑟𝑎𝑐𝑒#$,*- + '𝑃#!",*%&' × Δ!"#$𝑟𝑎𝑐𝑒*-1
+

*,-

 

 
We then rearrange and separate into two summation operators: 
 
 

Δ!"#$𝑃#%&' =&0'𝑃##$,*%&' × 𝑟𝑎𝑐𝑒#$,*- − '𝑃#!",*%&' × 𝑟𝑎𝑐𝑒#$,*-1
+

*,-

+&'𝑃#!",*%&' × Δ!"#$𝑟𝑎𝑐𝑒*-
+

*,-

 

 
Noticing that Δ!"#$𝑃#%&' = 𝑃##$,*%&' − 𝑃#!",*%&', we swap in as follows: 
 

Δ!"#$𝑃#%&' =&'Δ!"#$𝑃#%&' × 𝑟𝑎𝑐𝑒#$,*-
+

*,-

+&'𝑃#!",*%&' × Δ!"#$𝑟𝑎𝑐𝑒*-
+

*,-

 

 
Rearranging, we are left with our final decomposition formulation: 
 

Δ!"#$𝑃#%&' = +&'𝑃#!",*%&' × Δ!"#$𝑟𝑎𝑐𝑒*-3444445444446
⬚

/01203/567821	9708:;

+

*,-

+&'Δ!"#$𝑃#*%&' × 𝑟𝑎𝑐𝑒#$,*-344444454444446
⬚

<26728->?@AB	9708:;

+

*,-

 

 
 



 

 
 
Fig. S1. Proportional change in genetic similarity proportion deciles from 1945 to 1980.  
 
This figure displays the proportional change of 𝑃%&', 𝑃CD', 𝑃C%E,  and 𝑃F%G deciles from the Health and Retirement Study (which has an average birth year of 
approximately 1945) to the Add Health Study (which has an average birth year of roughly 1980). Dark-colored bars indicate a statistically significant change in a 
given genetic similarity proportion between cohorts, whereas light-colored bars indicate a change that is not statistically significant (𝑝>0.05). Genetic similarity 
proportions are estimated via supervised ADMIXTURE. Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for 
selection into genotyping using inverse probability weighting. Bars that would extend beyond the Y-axis values of each histogram are censored, with the true height 
listed above the bar. 
  



 
 

Fig. S2. Changes in Indigenous American genetic similarity from 1945 to 1980 among Hispanic Americans.  
 
This figure contains histograms of the distribution of the Indigenous American genetic similarity proportion (𝑃F%G) separately for Mexican Americans and for Other 
Hispanic Americans. Genetic similarity proportions are estimated via supervised ADMIXTURE. The red bars display data from the Health and Retirement Study, 
which has an average birth year of approximately 1945; the blue bars display data from the Add Health Study, which has an average birth year of roughly 1980. 
Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for selection into genotyping using inverse probability weighting.  
  



 
 

Fig. S3. Changes in Sub-Saharan African genetic similarity from 1945 to 1980 among Hispanic Americans.  
 
This figure contains histograms of the distribution of the Sub-Saharan African genetic similarity proportion (𝑃%&') separately for Mexican Americans and for Other 
Hispanic Americans. Genetic similarity proportions are estimated via supervised ADMIXTURE. The red bars display data from the Health and Retirement Study, 
which has an average birth year of approximately 1945; the blue bars display data from the Add Health Study, which has an average birth year of roughly 1980. 
Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for selection into genotyping using inverse probability weighting.  



 

 
Fig. S4. Correspondence between supervised and unsupervised ADMIXTURE estimates in the Health and Retirement Study.  
 
This figure uses scatter plots to compare the genetic similarity proportions of HRS respondents from supervised and unsupervised ADMIXTURE estimation (𝐾 =
4). Unsupervised ADMIXTURE estimates are derived using only the HRS sample. Markers are color-coded by respondent racial/ethnic identity.  



 
 
Fig. S5. Correspondence between supervised and unsupervised ADMIXTURE estimates in the Add Health study.  
 
This figure uses scatter plots to compare the genetic similarity proportions of Add Health respondents from supervised and unsupervised ADMIXTURE estimation 
(𝐾 = 4). Unsupervised ADMIXTURE estimates are derived using only the Add Health sample. Markers are color-coded by respondent racial/ethnic identity. 
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Fig. S1. Proportional change in genetic similarity proportion deciles from 1945 to 1980.  
 
This figure displays the proportional change of 𝑃%&', 𝑃CD', 𝑃C%E,  and 𝑃F%G deciles from the Health and Retirement Study (which has an average birth year of 
approximately 1945) to the Add Health Study (which has an average birth year of roughly 1980). Dark-colored bars indicate a statistically significant change in a 
given genetic similarity proportion between cohorts, whereas light-colored bars indicate a change that is not statistically significant (𝑝>0.05). Genetic similarity 
proportions are estimated via supervised ADMIXTURE. Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for 
selection into genotyping using inverse probability weighting. Bars that would extend beyond the Y-axis values of each histogram are censored, with the true height 
listed above the bar. 
  



 
 

Fig. S2. Changes in Indigenous American genetic similarity from 1945 to 1980 among Hispanic Americans.  
 
This figure contains histograms of the distribution of the Indigenous American genetic similarity proportion (𝑃F%G) separately for Mexican Americans and for Other 
Hispanic Americans. Genetic similarity proportions are estimated via supervised ADMIXTURE. The red bars display data from the Health and Retirement Study, 
which has an average birth year of approximately 1945; the blue bars display data from the Add Health Study, which has an average birth year of roughly 1980. 
Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for selection into genotyping using inverse probability weighting.  
  



 
 

Fig. S3. Changes in Sub-Saharan African genetic similarity from 1945 to 1980 among Hispanic Americans.  
 
This figure contains histograms of the distribution of the Sub-Saharan African genetic similarity proportion (𝑃%&') separately for Mexican Americans and for Other 
Hispanic Americans. Genetic similarity proportions are estimated via supervised ADMIXTURE. The red bars display data from the Health and Retirement Study, 
which has an average birth year of approximately 1945; the blue bars display data from the Add Health Study, which has an average birth year of roughly 1980. 
Only U.S.-born individuals are displayed. Survey weights in both analytic samples are adjusted for selection into genotyping using inverse probability weighting.  



 

 
Fig. S4. Correspondence between supervised and unsupervised ADMIXTURE estimates in the Health and Retirement Study.  
 
This figure uses scatter plots to compare the genetic similarity proportions of HRS respondents from supervised and unsupervised ADMIXTURE estimation (𝐾 =
4). Unsupervised ADMIXTURE estimates are derived using only the HRS sample. Markers are color-coded by respondent racial/ethnic identity.  



 
 
Fig. S5. Correspondence between supervised and unsupervised ADMIXTURE estimates in the Add Health study.  
 
This figure uses scatter plots to compare the genetic similarity proportions of Add Health respondents from supervised and unsupervised ADMIXTURE estimation 
(𝐾 = 4). Unsupervised ADMIXTURE estimates are derived using only the Add Health sample. Markers are color-coded by respondent racial/ethnic identity. 
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