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This dissertation investigates socioeconomic inequalities across racial groups in the

United States and asks several intertwined questions: Does the process of intergener-

ation mobility differ for Blacks and Whites? Does skin color affect the educational and

labor market outcomes of different racial groups? Is the increased educational resem-

blance of spouses related to the takeoff in income inequality among Black and White

households? Three separate articles, each using unique data and methods, provide new

approaches to these questions. The first article compares sibling correlations in income

-a measure of social immobility- across Black and White populations and explains the

higher mobility rates displayed by Blacks. Using Bayesian models for dispersion, I find

that Blacks display lower sibling correlation than Whites due the larger income hetero-

geneity among children of the same family. This pattern is partially explained by the

poorer socioeconomic standing of Blacks parents, but part of the Black-White remains

unexplained. The second article studies the effects of skin color on the educational at-

tainment and earnings of individuals of different racial groups. Using regression and

sibling fixed-effects models, I find that, after accounting for the higher socioeconomic

status of lighter skinned families, skin color has no effect on educational attainment, but

it has a positive effect on the income of Black men and women. Additionally, this study

finds that Blacks are the group that displays the largest variability in skin color while

Whites’ skin tone is almost invariant. Finally, the third article uses micro-simulations

to understand the impact of trends and patterns of educational assortative mating on the



increase of income inequality for Black and White families. The results provide an ex-

haustive confirmation of the minor or null effect of the educational assortative mating

on income inequality, ruling out some possible explanations for this finding. Results

suggest that such null effect is not due to offsetting trends for Blacks and Whites; to

countervailing effects of educational expansion and changing assortative behavior; to

insufficiently strong changes in assortative mating and selection into marriage; or to

the use of methods that are not able to detect complex patterns. Taken together, the

three articles address key discussions in the social stratification literature, informed by

principled and innovative empirical strategies.



BIOGRAPHICAL SKETCH

Mauricio Bucca was born in Santiago and grew up in San Vicente de Tagua Tagua,

in rural Chile. Mauricio holds a Bachelor of Arts and a Master of Arts in Sociology from

the Universidad Católica de Chile and a Master of Arts in Sociology from Cornell Uni-

versity. His research interests lie in the areas of intergenerational mobility, labor market

inequalities, assortative mating and beliefs about inequality. He studies these topics

using a combination of statistical modeling, empirical strategies for causal inferences

and computational methods. He will begin as a Max Weber Fellow at the European

University Institute (Florence, Italy) in September 2018.

iii



Para Rosario y Mateo

iv



ACKNOWLEDGEMENTS

I am grateful for the support I received during my doctoral training. My research

received institutional funding support from the Chilean National Commission for Sci-

entific and Technological Research (CONICYT) through the “Becas Chile” program,

the Fulbright Program, and the Center for the Study of Inequality at Cornell University.

At Cornell, I would like to thank the members of my dissertation committee: Kim

Weeden, Kendra Bischoff, Vida Maralani, and Martin Wells. Kim, my chair, was a

terrific mentor who provided ample intellectual guidance and support whenever I needed

it but also granted me the freedom to pursue my own interests. I cannot overstate how

much my scholarship has benefited from her sharp comments and advice over the years.

Kendra was always incredibly generous with her time and knowledge. Our lengthy chats

were crucial to my intellectual development, improved my skills as a researcher and

taught me how to become a professional sociologist. While Vida joined my dissertation

committee later, that time was enough for her to have a strong influence on my work.

This dissertation, in particular, has greatly benefited from her incisive observations on

the demography of social inequalities. Martin always had an open door and provided

invaluable help with the statistical aspects of my work.

Many valued friends and colleagues helped me during the past six years. I wish to

thank Adam Blaser, Alex Currit, Dan Della Posta, Fedor Dokshin, Alicia Eads, Dafna

Gelbgiser, Lauren Griffin, Yuanyuan Liu, Carl Lu and Emily Parker for making the

Sociology department at Cornell both intellectually vibrant and socially welcoming.

I also want to thank my friends Tom Davidson, Sang Kyung Lee and Jan Spieker

for countless hours of fun (probably too many) in our regular FIFA sesh. I am espe-

cially indebted to Lucas Drouhot, Mario Molina and Radu Pârvulescu for their sincere

friendship and good-heartedness. The rest is secondary (they happen to be some of the

most brilliant people I have known). During these years in Ithaca Francisco Arrillaga,

v



Francisco Delgado, Irene Del Real, Lorène Guerre, Carolina Marraccini, Silvia Moré,

Diego Muñoz and Alida Pérez were not only fantastic friends but truly a second family.

My family was endlessly supportive. I especially thank my mother, Gloria, and my

brother Bruno. Their love and pride in my modest accomplishments fuel me with energy

and motivation to keep moving forward. I also wish to thank other family members –

la abuelina, Dino, Ernesto, Manuel, Marcelo, Eduardo and Guillermo – who, in their

own ways, taught me to appreciate the intrinsic value of knowledge and beauty. I like to

think that my pursuit of a career in science is rooted in countless conversations during

the family aperitivos and long walks along Requegua.

Finally, I wish to acknowledge my beloved wife, Rosario, without whose support

our time in Ithaca would not have been the life-changing experience it was. Thanks to

her love, care and relentless commitment to our family we have a home wherever we go.

Rosario’s devotion to all sort of passions – trail running, fútbol, baking, crochet knitting

– is an example to me and a constant reminder that a life well lived is what truly matters.

I genuinely admire and thank her for that.

I’m also lucky that Rosario is a brilliant social scientist herself. Her thorough read-

ing of my work helps me question what I often take for granted. With incredible patience

and dedication, she detected mistake after mistake, just when I thought my latest draft

was good enough. She is a critical colleague but, above all, an encouraging and support-

ive partner. I cannot thank her enough for all her love.

My final acknowledgment is to our son Mateo, who brings meaning and joy to all of

this.

vi



TABLE OF CONTENTS

Biographical Sketch . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii
Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v
Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii
List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix
List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

1 Introduction 1

2 Black-White differences in intergenerational mobility in the US: evidence
from heterogeneity in sibling correlation 5
2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Sibling correlation and comparisons across subpopulations . . . . . . . 8
2.3 Heterogeneous Sibling Correlations . . . . . . . . . . . . . . . . . . . 12
2.4 Data and Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.5 Parameter estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.6 Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.6.1 Analyses by sub-sample . . . . . . . . . . . . . . . . . . . . . 20
2.6.2 Findings from the heterogeneous sibling correlations model . . 23
2.6.3 Decomposition of between-family variance . . . . . . . . . . . 26

2.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.8 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.8.1 Income measures . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.8.2 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . 34
2.8.3 Parameter estimation . . . . . . . . . . . . . . . . . . . . . . . 35
2.8.4 Additional findings . . . . . . . . . . . . . . . . . . . . . . . . 39

3 Does skin color affect educational and labor market outcomes in the United
States? 42
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.2.1 Skin color and life chances . . . . . . . . . . . . . . . . . . . . 45
3.2.2 Causal Mechanisms: differential treatment and the disparate im-

pact of racialized beauty . . . . . . . . . . . . . . . . . . . . . 48
3.2.3 Potential Confounders: Socioeconomic Background . . . . . . 50

3.3 Analytic strategy and methods . . . . . . . . . . . . . . . . . . . . . . 52
3.4 Data and Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.5 Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.5.1 Sources of variation in skin color . . . . . . . . . . . . . . . . 60
3.5.2 Skin tone & educational attainment . . . . . . . . . . . . . . . 62
3.5.3 Skin tone & personal earnings . . . . . . . . . . . . . . . . . . 70

3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
3.7 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

vii



4 Educational Assortative Marriage and Income Inequality among Black and
White families in the US, 1976-2017 81
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
4.2 Trends in educational assortative mating . . . . . . . . . . . . . . . . . 83
4.3 Differential retreat from marriage . . . . . . . . . . . . . . . . . . . . . 85
4.4 Trends and patterns in Educational assortative mating and the increase

of income inequality . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.5 The present study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
4.6 Analytic Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.6.1 Modeling selection into marriage . . . . . . . . . . . . . . . . 93
4.6.2 Modeling educational assortative mating . . . . . . . . . . . . 94
4.6.3 Simulations using counterfactuals . . . . . . . . . . . . . . . . 96

4.7 Data and Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
4.8 Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

4.8.1 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . 104
4.8.2 Trends and patterns of selection into marriage . . . . . . . . . . 107
4.8.3 Trends and patterns of educational assortative mating . . . . . . 110
4.8.4 The impact of educational assortative mating on income inequality117
4.8.5 The impact of selection into marriage on income inequality . . . 120

4.9 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
4.10 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

4.10.1 Homogamy and crossing models . . . . . . . . . . . . . . . . . 126
4.10.2 Cross-validation and K-fold cross-validation . . . . . . . . . . 127
4.10.3 Trends and patterns of educational assortative mating according

to saturated model . . . . . . . . . . . . . . . . . . . . . . . . 129
4.10.4 Weights in counter-factual simulations . . . . . . . . . . . . . . 130

viii



LIST OF TABLES

2.1 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2 Sibling correlation in permanent log-income for men . . . . . . . . . . 20
2.3 Sibling correlation in permanent log-income for women . . . . . . . . 21
2.4 Bayesian Variance model for permanent log-income (Men) . . . . . . . 27
2.5 Bayesian Variance model for permanent log-income (Women) . . . . . 27
2.6 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.7 Sibling correlation in permanent log-income, HGLM estimates . . . . 39
2.8 Variance model for permanent log-income (Men) . . . . . . . . . . . . 39
2.9 Variance model for permanent log-income (Women) . . . . . . . . . . 39
2.10 Variance model for permanent log-income (Men) . . . . . . . . . . . . 39
2.11 Variance model for permanent log-income (Women) . . . . . . . . . . 40
2.12 Bayesian Variance model for permanent log-income (Men) . . . . . . . 40
2.13 HGLM Variance model for permanent log-income (Men) . . . . . . . . 40
2.14 Bayesian Variance model for permanent log-income (Women) . . . . . 40
2.15 HGLM Variance model for permanent log-income (Women) . . . . . . 41

3.1 Descriptive statistics by gender - full sample . . . . . . . . . . . . . . 59
3.2 Descriptive statistics by gender - full siblings sample . . . . . . . . . . 60
3.3 Components of variance in skin color, total and by race (full siblings

sample) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.4 Linear mixed model of years of schooling regressed on skin color . . . 64
3.5 Linear mixed model of years of schooling regressed on skin color by race 65
3.6 Sibling fixed-effect model of years of schooling on skin color . . . . . 67
3.7 Sibling fixed-effect model of years of schooling on skin color by race . 68
3.8 Linear mixed model of log-earnings on skin color . . . . . . . . . . . . 71
3.9 Linear mixed model of log-earnings on skin color by race . . . . . . . 72
3.10 Sibling fixed-effect model of log-earnings on skin color . . . . . . . . 74
3.11 Sibling fixed-effect model of log-earnings on skin color by race . . . . 75
3.12 Crosswalk from highest level of education achieved to years of schooling 80

4.1 Counter-factual scenarios . . . . . . . . . . . . . . . . . . . . . . . . 100
4.2 Log-Linear Models of the Association Between White Husbands and

Wives Educational Attainment: US, 1975-2015 . . . . . . . . . . . . . 112
4.3 Log-Linear Models of the Association Between Black Husbands and

Wives Educational Attainment: US, 1975-2015 . . . . . . . . . . . . . 113

ix



LIST OF FIGURES

2.1 Posterior distribution of sibling correlation in long-term income . . . . 22
2.2 Posterior distribution of predicted variances and sibling correlation in

long-term income for Men . . . . . . . . . . . . . . . . . . . . . . . . 23
2.3 Posterior distribution of predicted variances and sibling correlation in

long-term income for Women . . . . . . . . . . . . . . . . . . . . . . 24
2.4 Association between children and parents log-Income. A: Women, B:

Men. Straight line corresponds to the OLS regression line and dashed
line is a cubic spline. Areas in red and yellow indicate areas of the joint
distribution where most cases are concentrated. . . . . . . . . . . . . . 28

2.5 Variance in parents’ income as a function of race and parents’ income.
A: Women, B: Men. . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.6 Residual variance as a function of race and parents’ income. A:
Women, B: Men. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.1 Causal graph of the effect of racial phenotype on socioeconomic outcomes 52
3.2 Linear mixed model estimates of skin color effect on completed years

of schooling. Panel A displays results for women and panel B displays
results for men. Pooled effects come from models that do not interact
race and skin tone. Effects for specific racial groups come from mod-
els that allow for such interaction. The “Baseline” model incorporates
controls for age and race. The “Baseline + SB” adds socioeconomic
covariates. Bars represent 95% confidence interval. . . . . . . . . . . . 66

3.3 Sibling fixed-effect model estimates of skin color effect on completed
years of schooling. Panel A displays results for women and panel B
displays results for men. Pooled effects come from models that do not
interact race and skin tone. Effects for specific racial groups come from
models that allow for such interaction.Bars represent 95% confidence
interval. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.4 Linear mixed model estimates of skin color effect on earnings. Panel
A displays results for women and panel B displays results for men.
Pooled effects come from models that do not interact race and skin
tone. Effects for specific racial groups come from models that allow
for such interaction. The “Baseline” model incorporates controls for
age and race. The “Baseline + SB” adds socioeconomic covariates.
Bars represent 95% confidence interval. . . . . . . . . . . . . . . . . . 73

3.5 Sibling fixed-effect model estimates of skin color effect on earnings.
Panel A displays results for women and panel B displays results for
men. Pooled effects come from models that do not interact race and
skin tone. Effects for specific racial groups come from models that
allow for such interaction. Bars represent 95% confidence interval. . . 76

4.1 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

x



4.2 Predicted probability of being married at age 42 (mean) by race, gender
and educational attainment . . . . . . . . . . . . . . . . . . . . . . . . 108

4.3 Patterns of educational assortative mating among White couples . . . . 116
4.4 Patterns of educational assortative mating among Black couples . . . . 116
4.5 Income inequality under counterfactual scenarios . . . . . . . . . . . . 119
4.6 Income inequality under counterfactual scenarios . . . . . . . . . . . . 122
4.7 Patterns of educational assortative mating among White couples . . . . 129
4.8 Patterns of educational assortative mating among Black couples . . . . 130

xi



CHAPTER 1

INTRODUCTION

Income inequality has dramatically increased in the United States during the last

four decades. Beside concerns regarding the unequal distribution of resources, scholars

and policymakers worry about the possible consequences for the distribution of oppor-

tunity and social mobility - two cherished values of American democracy. In a society

with little wealth redistribution, it is reasonable to expect that enlarged disparities of

resources will be passed on to future generations via unequal opportunity. As economic

inequality rose, however, the country underwent cultural and institutional changes aimed

to fight race-based inequalities, the other defining dimension of social stratification in

America. The expansion of legal equality, the abatement of discriminatory practices,

affirmative action policies and the delegitimation of overt racism are all expressions of

this commitment to racial equality.

Growing economic disparities and the decline of race-based inequality, however, are

not separate and parallel processes. New evidence suggests that the expected decline

in socioeconomic disparities across racial groups has been offset by new forms of eco-

nomic inequality that, although not based on raceper se, disproportionately affect racial

minorities more due to their poorer economic standing. For instance, the take-off in in-

come inequality negatively impacts the relative economic position of Blacks compared

to Whites; neighborhood and school segregation by income de facto leads to resegre-

gation along racial lines; and the comparatively poor economic standing of Black men

render them less attractive for marriage, thus contributing to the maintenance of a mar-

riage gap between Blacks and Whites. This dissertation investigates the consequences

of several forms of non-race based inequality for socioeconomic disparities across racial

groups in the United States.
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The first article revisits two longstanding empirical puzzles in the sociological liter-

ature on intergenerational mobility: first, whether Blacks experience a “perverse open-

ness” with respect to mobility and, second, whether such openness (or the absence

thereof) is rooted in the disparate socioeconomic standing of Blacks and Whites. I

develop an analytic framework – heterogeneous sibling correlations – that allows a di-

rect answer to these questions. I find that Blacks display lower sibling correlation – a

measure of social mobility – than Whites due to the larger income heterogeneity among

children of the same family, a pattern partially explained by the poorer socioeconomic

standing of Blacks parents. Part of such Black-White difference, however, remain unex-

plained by socioeconomic origins. To the contrary, I find that intergenerational income

elasticity – a different measure of social mobility – does not vary across Blacks and

Whites, regardless of gender. These findings reconcile seemingly contradictory results

from past work, identify the specific source of Black-White differences in sibling corre-

lations and suggest possible mechanisms driving them.

The second article revisits the sociological literature on colorism in the United States

by studying the effect of skin color on schooling and early life earnings. The article

examines whether the association between skin color and socioeconomic outcomes re-

flects skin color premium or inherited advantages/disadvantages due to higher levels of

racial stratification in previous generations. Using standard regression models and sib-

ling fixed-effects models, I find that skin color does not affect educational attainment

net of the higher socioeconomic status of lighter skinned families. By contrast, having

a lighter skin color has a positive effect on the income of Black men and women but

no clear effect for other racial groups. Additionally, this study finds that Blacks are the

group that displays the largest variability in skin color while Whites’ skin tone is almost

invariant. The article’s main contribution is to move beyond associational evidence of-

fered by previous studies to provide more plausibly causal estimates for the effect of

2



skin color on socioeconomic outcomes.

The third article re-assesses a puzzling finding in the social stratification literature:

the null effect of increasing education assortative mating on the takeoff in income in-

equality. The article uses more sophisticated methods than past work to unravel poten-

tially offsetting forces driving the null-effect of assortative mating. In particular, the

article allows for separate analyses for White and Black populations, recognizing that

different trends and patterns of assortative mating may have different consequences for

income inequality. In addition, it decomposes the overall impact of assortative mating

into two components: one due to changes in the marginal distribution of education; an-

other one due to changes in pure assortative behavior, both of which might have evolved

differently over time, and by race. Finally, it examines the impact of differential selec-

tion into marriage – the married population being increasingly whiter and more educated

– on the relationship between assortative mating and inequality. The results provide an

exhaustive confirmation of the minor or null effect of the educational assortative mating

on income inequality, ruling out some possible explanations for this finding. Results

suggest that such null effect is not due to offsetting trends for Blacks and Whites; to

countervailing effects of educational expansion and changing assortative behavior; to

insufficiently strong changes in assortative mating and selection into marriage; or to the

use of methods that are not able to detect complex patterns.

The dissertation makes several methodological contributions. The first article in-

troduces a novel analytic framework to the study of sibling correlations, which I term

heterogeneous sibling correlations. I use Bayesian methods to model sibling correlations

as a function of covariates and embed the intergenerational elasticity within this general

framework. The second article innovates by applying standard fixed-effect models to

the study of colorism. By exploiting random within-family variation in skin tone, these

3



models are able to provide causal evidence to a research area dominated by associa-

tional evidence. The third article combines micro-simulations with traditional log-linear

models used in sociology to overcome the problem of oversimplification implicit in de-

composition methods, the standard approach to the study of the effect of educational

assortative mating on income inequality.
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CHAPTER 2

BLACK-WHITE DIFFERENCES IN INTERGENERATIONAL MOBILITY IN

THE US: EVIDENCE FROM HETEROGENEITY IN SIBLING

CORRELATION

2.1 Background

Early sociological research on social mobility documented a “perverse openness”

among the African American population: a weak association between social origin and

social destination that, coupled with the poor socioeconomic standings of Blacks, con-

demned subsequent generations of African Americans to a rapid regression towards a

very low mean (Blau and Duncan, 1967a). In other words, Black parents who had man-

aged to attain a relatively advantageous social position could not effectively pass on

those advantages to their offspring, while Black children born to very disadvantaged

families were likely to move upward, albeit towards a still-precarious material condi-

tion. This finding was then interpreted as demonstrating the pervasive effect of race and

racial discrimination on achievement, capable of nullifying the stratifying power of so-

cial background evident in the White population (Blau and Duncan, 1967a, p.208-209).

Just a decade later, on the heels of Civil Rights reforms, Wilson (1978) predicted

that the socioeconomic advancement of African Americans would lead to convergence

in the rates of intergenerational mobility of Blacks and Whites. In other words, as exclu-

sionary practices abated, and more Blacks reached levels of material well-being similar

to Whites, social origins would determine the economic opportunities of Blacks with

the same strength that they did for Whites (Wilson, 1978). By the mid-1970s influen-

tial sociological work had reported consistent evidence in favor of Wilson’s hypothesis.

Using linear regression models, Featherman and Hauser (1976) found an increase in
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the effect of family background on the occupational achievement of Blacks between

1962 and 1973. Similarly, results from log-linear models showed a decline in intergen-

erational mobility among Black men (Hout, 1984), a transformation mostly driven by

Black men from advantaged socioeconomic backgrounds benefiting from new opportu-

nities unlocked by social reforms.

Whether or not convergence in the rates of intergenerational mobility has occurred,

and which mechanisms might drive Black-White differences in mobility (or the lack

thereof), remains poorly understood. Theoretical expectations are complicated by the

simultaneous action of both equalizing and unequalizing forces for social mobility

(Bloome and Western, 2011). On the one hand, cultural and institutional transforma-

tions aimed to fight race-based inequalities (e.g., expansion of legal equality, affirmative

action policies, delegitimation of overt racism) might have ameliorated the “perverse”

aspects of social openness among Blacks. On the other, the advancement of new forms

of inequality that, although not based on race per se, disproportionately affect racial mi-

norities might have offset these equalizing effects (e.g., the take-off on income inequal-

ity, school and neighborhood “re-segregation”, mass incarceration)(Manduca, 2018).

Nevertheless, in recent years only a handful of studies have examined differences

in the rates of intergenerational mobility among Blacks and Whites in the US (Bhat-

tacharya and Mazumder, 2011). There are, however, some exceptions. In a series of

studies, Conley and coauthors analyze sibling correlations in multiple socioeconomic

outcomes for both racial groups (Conley and Glauber, 2005, 2008). Consistent with

accounts of a “perverse openness”, the general finding of these studies is that the re-

semblance in adult socioeconomic outcomes among Black siblings is much weaker than

among Whites (Conley and Glauber, 2005), a result that also holds for siblings reared

in disadvantaged family structures (Conley and Glauber, 2008). In contrast, Conley
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et al. (2007) found mixed results regarding Black-White differences in early childhood

behavioral and cognitive outcomes.

More recently, Bloome and Western (2011) investigate whether the rise in income

inequality in the last three decades has been accompanied by a decline in social mobility

for Black and White men. By comparing intergenerational elasticities (IGE hereafter)

between the cohort of men born in the late 1940s and the cohort born in the early 1960s,

the authors show that educational mobility increased for Black men over this period, but

income mobility declined for both racial groups. Moreover, income mobility declined

faster among Blacks, reaching similar levels of intergenerational association. Unlike

Conley and colleagues’ results, these findings are consistent with the hypotheses of

Black-White similarity in mobility rates.

Although these studies report results that, at first blush, are contradictory, it is pos-

sible that their measurement strategy capture different facets of the mobility process.

While IGEs by definition analyze between-family variation (in fact, most IGE studies

analyze parent-children dyads), the sibling correlation takes into account both between

and within family heterogeneity. In fact, Conley and colleagues speculate that the ob-

served Black-White difference in sibling correlation reflects differential heterogeneity

within the family. Their motivating hypothesis is that socioeconomically disadvantaged

families (of which Black families are used a proxy) produce greater disparities between

siblings because, under resource constraints, parents might invest in children who are

more likely to benefit from extra resources (i.e., the most endowed), at the expense

of their siblings (Behrman et al., 1982; Conley and Glauber, 2005). By comparison,

Bloome and Western (2011) examine factors that operate beyond the family to under-

stand Black-White differences in mobility, particularly changes in the transmissibility

of education and income, as well as changes in the returns to education across time and
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racial groups.

The debate between accounts of a “perverse openness” and hypothesis of Black-

White similarity in mobility rates represents an unresolved puzzle in the stratification

literature. The same is the case for the long-standing tension between a racial or so-

cioeconomic explanation of Black-White mobility differences. In this paper, I develop a

comprehensive analytic framework that permits not only to compare sibling correlations

across Black and White populations, but also to investigate the factors that drive poten-

tial differences in mobility across these groups. In addition, this framework situates the

IGE within the more general structure of the sibling correlation, thus aiming to reconcile

previous results reported using these two distinct approaches. In particular, the article

asks three intertwined questions:

1. Does intergenerational transmission of income differ for Blacks and Whites?

2. If so, is it because the effect of family background on children’s socioeconomic

outcomes is different for the two subpopulations? (a between-family explanation)

Alternatively, is it because Black and White families produce different degrees of

heterogeneity in income among siblings? (a within-family explanation).

3. Can Black-White differences in sibling correlation be explained by the underlying

socioeconomic characteristics of these two subpopulations?

2.2 Sibling correlation and comparisons across subpopulations

The primary goal of mobility research is to elucidate the extent to which social origins

condition the life chances of individuals. In this spirit, a long tradition in social sci-

ence research uses the sibling correlation as an overall measure of the role of family
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and community background on children achievement (Solon et al., 2000; Warren et al.,

2002). The intuition behind this approach is that siblings, insofar they share genes and

environment (e.g., family, school, neighborhood), would exhibit similar socioeconomic

outcomes if genetic and environmental factors were consequential for the obtention of

these outcomes. Hence, the more siblings resemble one another, the higher the influ-

ence attributable to family and community background. More specifically, as described

in equation 2.2, the sibling correlation measures the proportion of variation in an ob-

servable trait that is attributable to the combined influence of these shared factors, in-

dependently of idiosyncratic characteristics of the individuals. Formally, let yi jt be a

socioeconomic outcome (e.g. income) for the ith sibling in family j, observed at year

t. Assume that such outcome can be described as a linear additive function of three

independent components:

yi jt = a j +µi j +νi jt (2.1)

Here a is a family component of individual income, which captures the combined

effect of family and community background and is common to all children of the same

family. µ and ν , on the other hand, are idiosyncratic individual components. µ is an

individual-specific permanent component that captures the long-term effects of individ-

ual characteristics on income. ν correspond to transitory deviations from individual

permanent income, which reflects noise due to both temporary shocks and measurement

error (Mazumder, 2011). Thus, it follows from this formulation that the correlation in

permanent income for a randomly chosen pair of siblings can be expressed as:

ρ =
σ2

a
σ2

a +σ2
µ

(2.2)
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Although not properly a measure of social mobility, the sibling correlation is infor-

mative of how much of an individual’s achievement is unrelated to her social origins.

In this line, some authors claim that the sibling correlation provides an upper bound for

the combined intergenerational influence of genetic and environmental factors, gener-

ally yielding better predictive power than IGEs (Solon et al., 2000). Against this strict

interpretation, a well-acknowledged limitation of the sibling correlation is that it only

captures the effect of factors that are shared within the family. However, siblings do not

experience the exact same family and community nor do they share all genetic treats.

Furthermore, a family might not exert the same influence on all children and siblings

might actively try to differentiate from – or resemble – one another. For these rea-

sons, a more conservative interpretation of the sibling correlation is that it measures the

combined effects of shared environmental and genetic factors plus inter-sibling effects

(Conley and Glauber, 2005).

Using sibling correlations to compare social mobility across subpopulations1 entails

additional challenges. Particularly relevant are the sources of variation that constitute

the correlation, namely, between-family and within-family variance. Ceteris paribus, a

higher between-family variance for one group will result in a larger correlation among

siblings, while a higher within-family variance will have the opposite effect. Since

these two variance components stem from distinct social processes, subpopulation com-

parisons should identify the sources of such discrepancy (or the lack thereof), and the

mechanisms that might drive heterogeneity in these sources of variation. In other words,

a thorough analysis of sibling correlations across groups should specify whether differ-

ences in sibling correlation arise from within and/or between family processes, and what

factors might explain these differences and the absence of them -possibly due to coun-

tervailing effects.

1Throughout the article I will use the terms “subpopulations” and “groups” interchangeably.
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For example, if a subpopulation exhibits comparatively higher within-family disper-

sion in a socioeconomic outcome, that might indicate that families in that subpopulation

are less effective at securing a certain level of achievement for all their members. The-

ories on parental strategies for investment in children’s human capital provide the main

basis to understand how parents allocate resources within the family, the mechanisms

that drive these strategies and the role they play at boosting or lessening heterogene-

ity in siblings’ achievement. Indeed, previous studies that find differences in sibling

correlation across subpopulations attribute such results to differences in within-family

variation and speculate about the role of resource allocation at producing such hetero-

geneity (Conley and Glauber, 2005; Conley et al., 2007). Although this is a plausible

explanation, it is not the only possible explanation.

Alternatively, differences in the sibling correlation across groups can arise from het-

erogeneity in between-family dispersion, pointing to different mechanisms of intergen-

erational transmission. Importantly, differences in between-family variance across sub-

populations might indicate that there is a differential effect of families on children’s

outcomes (e.g. differential IGE) or that the distribution of relevant parental resources

differs across subpopulations (see equation 2.4 in Section 2.3 for more details on this

point).

An additional challenge when comparing sibling correlations has to do with the in-

terpretation of differences across groups. Different levels of resemblance among siblings

can arise from unobserved heterogeneity. That is, it is possible that the subpopulations

differ in some unobserved dimension(s) that is correlated with the variance components

incorporated in the sibling correlation, thus inducing differences across groups. In such

cases, the meaning of the sibling correlation depends on the factor with which the vari-

ance components are correlated. For example, if a lower sibling correlation for one
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subpopulation is due to higher idiosyncratic individual heterogeneity – i.e., the crit-

ical assumption that makes the sibling correlation a social (im)mobility measure– it

may indicate a less deterministic relationship between family background and children

achievement. However, if larger within-family dispersion is due to correlation with an

unobserved factor such as parental income, it would not indicate higher mobility but

only another pathway through which social background affects social destination. To

interpret the results of the sibling correlation as an indicator of social mobility it is,

therefore, crucial to examine the drivers of heterogeneity both between and within fam-

ilies. Despite its relevance, these nuances tend to be overlooked in studies that compare

sibling correlations across groups, place or time.

In relation to the study of Black-White differences in sibling correlation, the caveats

issued above imply that such differences can emerge from both within-family and

between-family variance, each pointing to the action of different mechanisms. More-

over, Black-White differences may be due to race per se or to factors correlated with

race, importantly the socioeconomic standing of families.

2.3 Heterogeneous Sibling Correlations

I develop an analytic framework that generalizes the sibling correlation in income to

explicitly incorporate potential sources driving Black-White differences in intergenera-

tional mobility. This approach has three main features: 1) it models Black-White dif-

ferences in each of the variance components underlying the sibling correlation, 2) it

decomposes Black-White differences into the fraction that is due to the effect of corre-

lated observable factors (e.g. parental income) and Black-White gaps that remain after

controlling for these factors, and 3) it embeds the intergenerational income elasticity as
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one of the potential drivers of Black-White differences in sibling correlation. It does

so by treating each variance component as a stochastic function of race (r) and parental

log-income (yp), turning the sibling correlation into a function of two variance functions.

Formally:

ρi j =
σa

2
j(r j,y

p
j )

σa
2
j(r j,y

p
j )+σµ

2
j(r j,y

p
j )

(2.3)

Furthermore, the relationship between the sibling correlation and the intergenera-

tional elasticity becomes clear if, following Solon et al. (2000), the family component

of individual income (i.e., the average income of all children that belong to the same

family) is expressed as the dependent variable in a standard intergenerational income

mobility model. In this model income in the children’s generations is described as a

function of parental income plus an unexplained component that is orthogonal to the

income of parents. Thus, as described in equation 2.5, by taking variances in both sides

of equation 2.4, between-family variance becomes a function of three distinct factors:

the intergenerational elasticity (squared), variance in parental log-income and variance

in the residual error of this model. That is, ceteris paribus, Black-White differences in

between-family variance can be due to (a) differences in the strength of association be-

tween children and parents’ income, (b) differences in the extent of inequality in parental

income and (c) differences in the extent to which factors uncorrelated with parental in-

come affect a person’s income. Moreover, because in my framework between-family

variance is a function of race and parental income, it follows from equation 2.3 that

each of the terms in the right-hand side of equation 2.5 is potentially a function of race

and parental income.

a j = α +β jy
p
j + ε j (2.4)
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σ
2
a j = β

2
j ×σ

2
yp j +σ

2
ε j (2.5)

As such, this approach is well suited to answer the questions posited in this study.

First, I can assess whether Black-White differences in social mobility reflect processes

that take place within the family or between families by treating each variance com-

ponent as a separate function of race. Second, by modeling the partial contribution of

both race and parental income to each variance component I determine whether Black-

White differences in social mobility reflect the socioeconomic characteristics of the two

subpopulations or are, instead, due to other race-related factors. Finally, to resolve the

conflicting diagnostic of a “perverse openness” among Black Americans and equality

in the rates of social mobility of Whites and Blacks – as indicated by studies using the

sibling correlation and the IGE, respectively – this framework integrates the IGE within

the more general framework provided by heterogeneous sibling correlation by treating it

as one component of the between-family variance function. Section 2.5 provides details

on the procedure for parameter estimation.

2.4 Data and Measures

Data from the Panel Study of Income Dynamics (hereafter PSID) is used in this arti-

cle. The PSID started in 1968 with a nationally representative sample of over 18,000

individuals living in 5,000 families in the United States. These individuals and their

descendants were surveyed on a yearly basis until 1997 and biyearly since then. The

PSID combines detailed information on kin relationships, rich sociodemographic data

on both parents and children, and longitudinal records on income.

My original sample consists of 12,492 sons and daughters from families that were
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members of the original 1968 sample families (i.e., families in the Survey of Economic

Opportunity or Survey Research Center samples) or moved into the sample. I restrict

this sample to children of household heads who, as adults, became household heads

or the legal spouse of a household head. I also restrict the sample to individuals born

between 1952 and 1989. The 1952 restriction avoids overrepresenting children who left

home after age 16. The 1989 restriction assures that the children’s 2015 measures are

observed when they are 25 at least.

My measure of individual income is labor income, which incorporates wages and

salaries, the labor portion of farming and business income, and other sources of labor

income (e.g., bonuses, overtime, tips, commissions). Even though the sample contains

information about individuals across their life-course, the time span depends on their

birth cohort. For example, I observe income from age 25 to 60 for the 1952 birth cohort,

but only at age 25 for those born in 1989. This feature of the sample implies that,

for younger birth cohorts, estimates of permanent income – the primary focus of this

research– rely on fewer data points, with transitory income observed at earlier ages. For

these reasons, my measure of children’s income is the residual labor log-income after

adjusting for life-cycle and general time effects, such as price-inflation and business-

cycle (detail in Appendix 2.8.1. See (Solon et al., 1991) for a similar approach).

My measure of permanent parental income is a 10-year average, centered on par-

ents’ mid-career income. More specifically, I use the algorithm proposed by Mazumder

(2014), which computes a running mean of the ten first income data point in the age

range 35 to 50, starting at age 42. I apply this algorithm to mothers and fathers sepa-

rately. Next, I define permanent parental income as the natural logarithm of sum of both

parents “close-to-42” income (details in Appendix 2.8.1)

I determine sibship using the PSID’s Family Identification Mapping System, which
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links children to their ancestors up to great-grandparents. The primary analyses rely on

a sample of siblings, defined as individuals who have a common biological mother. By

definition, the analysis of sibling correlations excludes individuals who do not have at

least one sibling. Moreover, because of gender differences in terms of attachment to

the labor market and earnings, I conduct the analyses separately for men and women.

This implies that the analytic sample only contains individuals who have one or more

same-sex siblings on the maternal side. In addition, these individuals must meet the

conditions described above and have complete information on the variables included in

the models (i.e., personal income in a given year, race and parental income). Finally,

individual-year observations in which the person’s income take on extremely low values

(below the 0.5th percentile) are also excluded from the analyses. After applying these

restrictions my analytic sample consists of 1,531 brothers nested into 651 mothers and

1,631 sisters nested into 686 mothers.

Table 2.1 compares descriptive statistics across the original sample and the analytic

sample. Both samples are similar in terms of children’s and parent’s income averages,

but differ in some important regards: in the analytic sample, the proportion of black

individuals is lower than in the original sample (33% and 38%, respectively), and the

same is observed with the proportion of black individual-year observation compared to

whites (30% and 38%, respectively). Since sibship size is higher among black families

than among whites, the higher attrition in the black sub-sample is most likely related to

a higher rate of missingness in the income variables. Descriptive statistics also reveal

an earlier timing of fertility for black mothers compared to their white counterparts.

This difference is, however, similar in the original and the analytic sample. Table 2.6 in

Appendix provides descriptive statistics for the analytic sample of brothers and sisters

separately.
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Table 2.1: Descriptive statistics

Full Sample Analytic Sample

Black White Black White

Children’s log-income 10.01 (1.01) 10.41 (1.02) 9.98 (0.96) 10.45 (0.96)

Parent’s log-income near 42 10.31 (0.79) 11.00 (0.77) 10.13 (0.79) 10.94 (0.76)

More than 2 siblings 0.61 (0.49) 0.50 (0.50) 1.00 (0.00) 1.00 (0.00)

More than 2 brothers 0.29 (0.45) 0.23 (0.42) 0.59 (0.49) 0.66 (0.47)

More than 2 sisters 0.37 (0.48) 0.23 (0.42) 0.77 (0.42) 0.58 (0.49)

Sibling age spread 5.33 (6.95) 3.77 (6.32) 8.69 (4.80) 7.34 (4.27)

Sibship size 2.63 (1.89) 2.03 (1.36) 4.19 (1.82) 3.53 (1.40)

Mother’s age at first birth 21.67 (5.04) 23.84 (4.80) 20.93 (4.12) 22.79 (3.85)

Mother’s age at birth 24.43 (5.19) 26.15 (4.74) 24.33 (4.58) 25.53 (3.92)

Number of person-years 217,813 349,713 9,174 20,231

Number of persons 4,783 7,709 1,065 2,097

Number of mothers 2,753 5,165 379 812

2.5 Parameter estimation

This study implements heterogeneous sibling correlations as a mean to assess Black-

White differences in intergenerational mobility and identify its driving sources. The

analysis develops in two stages: First, I replicate findings from previous literature on

sibling correlations for Black and White Americans. To estimate these correlations, I use

hierarchical linear models with random intercepts via Restricted Maximum Likelihood

estimation (RMLE). RMLE provides unbiased estimates of variance components and is,

for this reason, the conventional approach in the sibling correlation literature (Björklund

and Jantti, 2007) (details in Appendix 2.8.3).

Previous studies have investigated group differences in sibling correlation by esti-
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mating them separately for subpopulations of interest (e.g., (Conley and Glauber, 2005;

Conley et al., 2007; Conley and Glauber, 2008; Erola and Jalovaara, 2016)). Such ap-

proach is appropriate for mere description but is insufficient if one wants to understand

the sources of differences across groups. First, conducting analyses by subsample com-

promises statistical power. Second, investigating the partial contribution of different

factors to differences in the sibling correlation (e.g., race and parental income) is often

unfeasible because, in practice, only a limited number of partitions are possible (the

“curse of dimensionality”). This limitation is particularly severe in the case of continu-

ous predictors. Finally, raw group comparisons might mask countervailing trends. These

might arise from the different behavior of between-family and within-family variances

across groups, and from differences in the effects of covariates on variance components.

Second, to cope with these limitations, the second core stage of the analysis intro-

duces a novel modeling approach to the study of heterogeneity in sibling correlations.

This approach builds on the standard statistical framework underlying sibling correla-

tions but, as described in section 2.3, treats the variance components not as fixed pa-

rameters but as random variables that can be modeled as functions of covariates – in

this case, race and parental income. Furthermore, it embeds the intergenerational in-

come elasticity within the sibling correlation by decomposing between-family variance

into three components: (a) the association between children and parents’ income or IGE

(squared), (b) the variance in parental income and (c) the variance in factors that affect

a person’s income but are uncorrelated with parental income. Each of these components

is modeled as functions of race and parental income.

Parameter estimation is a non-trivial aspect of this modeling approach, as standard

models are not equipped for estimating hierarchical linear models with “organized dis-

persion” (or structured uncertainty). Standard statistical packages for mixed effects
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models do not permit modeling heteroskedastic variance components (e.g. lmer4 in R or

xtmixed in Stata). Variance-function regression (Western, 2009) only allows modeling

the residual variance in a single-level regression setting but not in a multilevel one.

Hence, in order to estimate the parameters of interest, I implement a Bayesian hier-

archical linear model with “organized dispersion”. This approach permits simultaneous

modeling of all variance components in a mixed-effects model context2. A Bayesian

approach is particularly useful in this case because it facilitates estimation and inference

for a complex and flexible model structure.

All models were fit using the Hamiltonian Monte Carlo algorithm via the Bayesian

modeling software Stan (Stan Development Team, 2016; Sorensen and Vasishth, 2015).

Details on the model structure and implementation in Appendix 2.8.3. In addition,

in order to compare results to those yielded by a frequentist estimation approach, I

re-estimate all models using recently developed extensions of Hierarchical General-

ized Linear Models (HGLM hereafter), which also permit simultaneous modeling of

all sources of dispersion for mixed-effects models (Rönnegård et al., 2010). Results

yielded by HGLM models are used as a robustness check, but they are interpreted with

caution (especially inference) because the H-likelihood theory underlying these models

remains controversial in the statistics community (Meng, 2009). Finally, to prevent the

possibility that differences in income attrition and fertility described in the previous sec-

tion drive part of the results, these models are fit using inverse weights that adjust for the

estimated probability of being in the analytic sample. These probabilities are estimated

separately for the samples of bothers and siblings and incorporate race, parental income

and their interaction as predictors (see details in Appendix 4.10.4).

This modeling approach is well suited for the purpose of the present study. From a

2The model effectively recovered the “true” parameters in a Monte Carlo simulation (results upon
request).
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statistical point of view, this approach allows me to estimate Black-White differences in

sibling correlation by treating race as an explanatory variable in variance models, thus

avoiding the necessity of partitioning the sample and permitting a direct test of statistical

significance.

2.6 Findings

2.6.1 Analyses by sub-sample

Tables 2.2 and 2.3 report estimates of sibling correlations, as well as the variance com-

ponents, for White and Black men and women. These results are based on the conven-

tional the strategy of analyzing sub-samples. I report results from RMLEs from standard

hierarchical linear models and Bayesian estimates from Bayesian hierarchical models.

Point estimates and inference are highly comparable with either estimation approach3

(HGLM estimates are in table 2.7 in the Appendix).

Table 2.2: Sibling correlation in permanent log-income for men

Black White

RMLE Estimate Bayesian Estimate RMLE Estimate Bayesian Estimate

σ2
a 0.16 (0.09-0.23) 0.16 (0.10-0.23) 0.13 (0.11-0.16) 0.14 (0.11-0.17)

σ2
µ 0.51 (0.45-0.59) 0.51 (0.44-0.59) 0.19 (0.17-0.22) 0.20 (0.17-0.22)

σ2
ν 0.48 (0.46-0.49) 0.48 (0.46-0.49) 0.26 (0.26-0.27) 0.26 (0.26-0.27)

ρ 0.24 (0.14-0.32) 0.24 (0.15-0.33) 0.41 (0.34-0.47) 0.41 (0.34-0.48)

3In parentheses, I report 95% confidence intervals for RMLE and 95% credible intervals for Bayesian
estimates. These intervals are estimated by the corresponding quantiles of the simulation distribution (or
the posterior distribution in the Bayesian case) of each parameter. The reported Bayesian point estimate
corresponds to the posterior mean of each parameter.

20



Table 2.3: Sibling correlation in permanent log-income for women

Black White

RMLE Estimate Bayesian Estimate RMLE Estimate Bayesian Estimate

σ2
a 0.22 (0.16-0.28) 0.23 (0.16-0.30) 0.18 (0.13-0.24) 0.18 (0.13-0.25)

σ2
µ 0.45 (0.40-0.50) 0.46 (0.40-0.52) 0.48 (0.42-0.54) 0.48 (0.42-0.55)

σ2
ν 0.53 (0.51-0.54) 0.53 (0.51-0.54) 0.52 (0.51-0.54) 0.52 (0.51-0.54)

ρ 0.33 (0.26-0.40) 0.33 (0.25-0.41) 0.28 (0.20-0.35) 0.28 (0.20-0.36)

The estimated sibling correlation for White men is consistent with previous results

for the United States, which fall in the 0.3 to 0.5 range with typical values around 0.4

(Solon, 1992; Björklund and Kjellström, 2002; Conley and Glauber, 2005; Mazumder,

2008). This is not surprising given that the vast majority of these studies are limited to

the study of correlations in brothers income, using samples of mostly White individuals.

Moreover, the few studies that focus on sister correlation report that, as I find here for

White women, the correlation in income among sisters is substantially lower than among

bothers, with estimates typically around 0.35 (Mazumder, 2008; Black and Devereux,

2011). A common explanation for gender differences in intergenerational mobility is

women’s weaker attachment to the labor market compared to men. Given men’s average

higher earnings and prevailing gender norms in the division household work and child-

rearing, women typically have discontinuous labor trajectories, work fewer hours and

earn lower salaries than men. As a result, estimates of women’s long-term income

are noisier, inducing attenuation bias in IGEs and sister correlations. This argument

is consistent with the finding that the sibling correlation is somewhat larger for Black

sisters compared to their White counterparts. Black women are more likely than White

women to be head of a single parent household, and therefore their labor supply is less

elastic than that of White women.
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In line with previous research, I also find that sibling correlations in income are sub-

stantively larger for White men compared to Black men, while a minor difference is

observed among women. Moreover, differences for men arise from the comparatively

higher within-family income variance among Black families compared to Whites, a re-

sult that is consistent with Conley and Glauber (2005)’s theorizing regarding the source

of Black-White differences in the sibling correlation. By contrast, Black-White compa-

rability in sisters correlation results from similarity in all variance component. Figure

2.6.1 plots the posterior distribution of the sibling correlation for Black and White men

and women, illustrating the findings described above. Tables 2.8 to 2.11 in the Appendix

reports comparable findings using race as a sole predictor in the variance models.

Figure 2.1: Posterior distribution of sibling correlation in long-term income

The meaning of these findings for social mobility critically depends on whether

within-family variance reflects idiosyncratic heterogeneity among siblings or if, instead,

such heterogeneity is structured along socioeconomic lines, thus informing of yet an-

other pathway through which social background affects social destination. Similarly,

the absence of Black-White differences in between-family variance does not necessarily

indicate that the process of intergenerational transmission is the same for both groups,

as similarity may mask countervailing effects in its different components (see equation
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2.4). The next sections present findings from models that directly test these possibilities.

2.6.2 Findings from the heterogeneous sibling correlations model

My core empirical contribution, and the subject of this section, are results from hierar-

chical models that allow for organized dispersion (or structured variances) in all levels.

These models treat between and within family variance (the components of the sibling

correlation) as a function of race and parental income. I further decompose between-

family variance into the IGE, variance in parental income and variance in other factors

that affect children’s income but are uncorrelated with the income of parents. Figures

2.6.2 and 2.6.2 summarize the findings of this analysis for men and women, respectively.

Tables 2.4 and 2.5 summarize the estimates underlying these figures.

Figure 2.2: Posterior distribution of predicted variances and sibling correlation in
long-term income for Men

Findings for men confirm the lower correlation in income among Black brothers

compared to Whites – Panel C in figure 2.6.2 – a result that is only driven by differ-

ences in within-family variance across the two groups. Specifically, I find an interaction

between race and parental income, where within-family variance is generally larger for

Blacks compared to White brothers, but the gap declines as parental income increases.
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This closing Black-White gap in within-family variance with income is the result of

different patterns for Black and Whites. For Blacks, I find a negative relationship be-

tween parental income and within-family variance. For Whites, within-family variance

remains low and relatively stable along the entire socioeconomic spectrum of parents.

In other words, while Black brothers of high-income parents are more alike in terms

of adult income than Black brothers born to low-income parents, no such a difference

is found among White brothers of different economic origins. Only for the children of

very high-income parents I find no Black-White difference in within-family variance.

These findings show no substantive difference in between-family variance by race or

parental income.

Taken together, these patterns aggregate to produce a sizeable Black-White gap in

sibling correlation. The correlation is low (about 0.2) and remains at the same level

for Black brothers of all economic backgrounds. By contrast, the sibling correlation in

income among White brothers is larger than for Blacks (about 0.6 at its highest value)

but declines as parental income increases. There is no gap between White and Black

children of high-income parents.

Figure 2.3: Posterior distribution of predicted variances and sibling correlation in
long-term income for Women

Findings for women show that the similarity in sibling correlation among White
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and Black sisters follows from similarity in the extent and structure of between-family

variance, combined with the opposite effect of parental income on within-family varia-

tion: while income dispersion among Black sisters sharply declines as parental income

increases, within-family among White sisters increases with parental income. These

opposite trends offset each other in the aggregate, producing a similar sibling correla-

tions for most White and Black sisters. The exception is women born to high-income

parents, where Black sisters show a higher sibling correlation than comparable White

sisters. However, because high-income parents represent a relatively small fraction of

the population – especially among Black families – this difference has little impact on

the aggregated Black-White comparison.

These results provide partial support for the claim that Black-White differences

in the process of intergenerational transmission reflect the socioeconomic standing of

Black and White families. The fact that within-family income variance for Black broth-

ers and sisters sharply declines as parental income increases suggests that part of the

observed Black-White difference in sibling correlation is due to the fact that Black chil-

dren are more likely than White children to belong to families located at the lower end

of the income distribution, families whose offspring present larger dispersion in income

as adults. Similarly, Black sisters born to affluent parents present a higher sibling corre-

lation than comparable White sisters but this gap is concealed in the aggregate due to the

small fraction of families – especially Black families – at the upper end of the income

distribution.

The negative relationship between parental income and within-family variance found

for Black men and women is consistent with the hypothesis that disadvantaged fam-

ilies engage in practices that reinforce initial disparities among their offspring, while

better-off parents incur compensatory investments that blur out such disparities. This
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hypothesis is, however, challenged by the null association between parental income and

within-family variance found for White men, and the positive relationship found for

White women. Furthermore, the persistence of a Black-White gap among families of

similar income levels indicates that socioeconomic differences can not solely explain

the racial difference in sibling correlations. As such, understanding the sources of this

Black-White gap constitutes a crucial endeavor for future research on intergenerational

transmission. It remains unclear, in particular, if the comparatively large within-family

heterogeneity among Blacks is an indication of individual idiosyncrasies or if it, instead,

arises from unobserved structural sources that make it more difficult for Black families

to affect the economic fate of their offspring.

2.6.3 Decomposition of between-family variance

Findings indicate that between-family variance, the other element of the sibling corre-

lation, cannot explain Black-White differences in siblings correlation because this vari-

ance component does not vary by race or parental income – Panel A in figures 2.6.2

and 2.6.2. Nevertheless, the absence of differences might be due from countervailing

effects in the components of between-family variance. As described in equation 2.5,

the between-family variance can be expressed in terms of the elements in a standard

intergenerational income mobility model. In particular, it can be shown that between-

family variance depends on three factors: the intergenerational elasticity (β ), the vari-

ance in parental log-income (σ2
y p) and the variance of the residual error (σ2

ε ). Variation

in between-family variance can thus arise from any of these sources, each pointing to

different mechanisms of intergenerational transmission. Furthermore, because in my

framework between-family variance is treated as a function of race and parental income,
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each of these terms is potentially a function of race and parental income4.

Table 2.4: Bayesian Variance model for permanent log-income (Men)

β log-σ2
yp log-σ2

e log-σ2
µ log-σ2

ν

Intercept 0.24 (0.03) 29.74 ( 4.94) -1.94 ( 2.59) 0.54 ( 1.20) 1.31 ( 0.31)

White -0.01 (0.01) 2.80 ( 5.35) 4.94 ( 3.17) -3.40 ( 1.56) -1.79 ( 0.38)

Parents’s logY -3.58 ( 0.58) -0.06 ( 0.25) -0.16 ( 0.12) -0.22 ( 0.03)

White * Parents’s logY -0.35 ( 0.63) -0.49 ( 0.30) 0.27 ( 0.15) 0.15 ( 0.04)

Table 2.5: Bayesian Variance model for permanent log-income (Women)

β log-σ2
yp log-σ2

e log-σ2
µ log-σ2

ν

Intercept 0.26 (0.04) 28.48 ( 4.40) -3.18 ( 2.29) 2.59 ( 1.16) -0.40 ( 0.29)

White -0.02 (0.01) 0.70 ( 6.90) 0.10 ( 3.01) -5.31 ( 1.60) 0.10 ( 0.36)

Parents’s logY -3.45 ( 0.52) 0.09 ( 0.22) -0.36 ( 0.11) -0.03 ( 0.03)

White * Parents’s logY -0.64 ( 2.31) -0.05 ( 0.28) 0.53 ( 0.15) -0.01 ( 0.03)

The first contributor to between-family variance is the IGE, that is, the conditional

expectation of children’s income given their parents’ income. I test whether the IGE dif-

fers for Blacks and Whites and whether the relationship between children’s and parents’

income is strictly linear, or it varies with parental income. Figure 2.6.3 illustrates the

results of this analysis by race and gender. Each plot represents the association between

the family component of individual income and parental income, where the straight line

corresponds to the estimated intergenerational elasticity, and the dashed line is a cubic

spline that allows for a nonlinear relationship. These results yield intergenerational elas-

ticities of about 0.25 and suggest that they do not vary across Black and White men, or

4I also estimate these models in “reduced-form”, that is, without imposing a structural form to
between-family variance. Instead, I model between-family variance directly, as a function of race, parental
income and their interaction. Tables 2.12 and 2.12 report Bayesian estimates of these models, and tables
2.13 and 2.13 show HGLM estimates.
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across Black and White women. Similarly, the spline describes a nearly linear relation-

ship in the regions of high density but departs from linearity elsewhere.

Figure 2.4: Association between children and parents log-Income. A: Women, B:
Men. Straight line corresponds to the OLS regression line and dashed
line is a cubic spline. Areas in red and yellow indicate areas of the
joint distribution where most cases are concentrated.

A second contributor to between-family variance is the income variance in the

parental generation. This term expresses the fact that, for any given (positive) level
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of association between parents’ and children’s income, the higher the income inequal-

ity in the parental generation, the higher inequality in the children’s generation. I test

whether variation in parental income differs by race and by parental income itself (het-

eroskedastic variance). Figure 2.6.3 summarizes the findings of this analysis by race and

gender. The results indicate that inequality in parental income is higher at the bottom of

the income distribution and, in that region, is somewhat larger among Black parents than

White ones. Variance is lower elsewhere and does not vary by race or parental income

level.

Figure 2.5: Variance in parents’ income as a function of race and parents’ income.
A: Women, B: Men.

The third component of between-family variance in income is the residual variance

in intergenerational income mobility model. This term captures the contribution of all

factors that affect the family component of individual income but are uncorrelated with

parental income, be these unobserved predictors of children’s income or idiosyncratic

characteristics. It is important to stress that in the latter case such idiosyncrasies are

not attributes of individuals (captured as within-family variance) but family-level id-

iosyncratic characteristics. In any case, the magnitude of residual variation indicates the

extent to which parental income does not predict the family component of individual

income. To evaluate its contribution to heterogeneity in between-family variance, I test
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whether residual variance differs by race and by parental income. Figure 2.6.3 plots the

results of this analysis by race and gender. These findings suggest that parental income

has a comparable predictive power on the income of Black and White men of all so-

cioeconomic origins. For White women but not for Black women, the residual variance

decreases as parental income increases. No clear racial gap is found at any level of

parental income.

Figure 2.6: Residual variance as a function of race and parents’ income. A:
Women, B: Men.

Taken together, these results shed light on the factors driving the lack of heterogene-

ity in between-family variance, that is, dispersion in the family component of individual

income. I find that all three components contribute to the similarity in between-family

variance as they do not differ across races nor across different levels of parental income.

Especially relevant is the results for the intergenerational elasticity, which confirm a

common linear IGE of about 0.25 for Blacks and Whites and for men and women. This

finding is consistent with previous research reporting a similar IGE for the cohorts of

Black and White men born in the early 1960s (Bloome and Western, 2011).
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2.7 Discussion

This article revisits two long-standing empirical puzzles in the sociological literature

on intergenerational mobility: first, whether Blacks experience a “perverse openness”

with respect to mobility and, second, whether such openness (or the absence thereof) is

rooted in the disparate socioeconomic standings of Blacks and Whites. To answer these

questions, I develop an analytic framework – heterogeneous sibling correlations – that

allows me to incorporate different facets of the mobility process. In doing so, I propose

a comprehensive and direct answer to these long-standing puzzles.

If by immobility, one means the strength of the association between children’s and

parents’ income, then my results suggest no such openness. To the contrary, I find that

intergenerational income elasticity does not vary across Blacks and Whites, regardless

of gender. Similarly, the association between parents’ and children’s income is of similar

magnitude for families of all economic origins. However, if one understands mobility as

uncertainty - that is, the share in one’s income is not associated with one’s social back-

ground - then I find clear evidence of a “perverse openness” among Blacks compared

to Whites, driven by the substantial heterogeneity in income among Black brothers and,

to a lesser extent, among Black sisters. These findings reconcile the seemingly contra-

dictory results of previous studies that reported both similar IGE for Blacks and Whites

(Bloome and Western, 2011) but lower sibling correlation for the former (Conley and

Glauber, 2005).

The significance of these results for our understanding of the mobility process crit-

ically depends on whether the comparatively large within-family variance found for

Blacks arises from idiosyncratic factors or if it, instead, is socioeconomically “struc-

tured”. In this regard, I find that both race and economic origins drive the perverse
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openness among Blacks: while Black-White gaps in within-family heterogeneity tend

to close as parental income increases, racial gaps exist among children of similar eco-

nomic origins. Overall, these results suggest no simple answer to the debate about racial

and socioeconomic explanations for Black-White differences in mobility, as both race

and economic origins interact to create racial differences in social mobility. More re-

search is needed to determine the drivers of these unexplained racial gaps.
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2.8 Appendix

2.8.1 Income measures

Individual income

My income measure is the residuals from an OLS regression that purges the effect of

age and period from log-income. Formally:

yi jt = y∗i jt−X
′
i jtβ (2.6)

where y∗i jt is the natural logarithm of labor income of the individual i of family j in

year t, transformed to 2015 dollars. X is a vector of covariates (age, age-squared and

year) and β is a vector of regression coefficients.

Parental income

I use the algorithm proposed by Mazumder (2014), which starts with an individual’s

income at the age of 42. If income is recorded in that year, such data is added to a

running sum or ignored otherwise. The algorithm continues searching for income data

around the age of 42, favoring younger ages. Therefore, it searches income data at

41, then 43, 40 and so on. The algorithm searches for income data on the age range

30 to 55 and stops adding data to the running sum once a total of 10 data points is

reached. Individuals for which fewer than 10 data points are recorded between the ages

of 30 to 55 are excluded from the analysis. I apply this procedure to both mothers and

fathers separately (or the one for which information exists). Next, I create a measure of
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permanent parental combining the permanent income of mother and father (ym and y f ,

respectively). Formally:

yp
j = ln(ym

j 1{ym
j > 0}+ y f

j 1{y f
j > 0}) (2.7)

In the case of single parent households this measurement is equivalent to the ‘close-

to-42” income of the parent present in the household.

2.8.2 Descriptive statistics

Table 2.6: Descriptive statistics

Brothers Sisters

Black White Black White

Children’s log-income 10.19 (0.91) 10.74 (0.81) 9.83 (0.96) 10.10 (1.02)

Parent’s log-income near 42 10.17 (0.82) 10.90 (0.77) 10.11 (0.77) 10.99 (0.74)

Sibling age spread 8.76 (4.94) 7.27 (4.33) 8.64 (4.70) 7.42 (4.20)

Sibship size 4.33 (1.99) 3.51 (1.40) 4.10 (1.69) 3.57 (1.39)

Mother’s age at first birth 21.45 (4.34) 22.79 (3.73) 20.58 (3.93) 22.79 (3.98)

Mother’s age at birth 24.86 (4.84) 25.45 (3.73) 23.97 (4.36) 25.63 (4.14)

Number of person-years 3754 11051 5420 9180

Number of persons 451 1080 614 1017

Number of mothers 189 462 249 437
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2.8.3 Parameter estimation

Sibling correlations

Consider a person’s income as a linear combination of both family and individual fac-

tors. In particular, let yi jt be the natural logarithm of income for the ith sibling in family

j at time t, such that:

yi jt = a j +µi j +νi jt where

a j ∼ N(α,σ2
a )

µi j ∼ N(a j,σ
2
µ)

νi jk ∼ N(µi j,σ
2
ν )

(2.8)

Here a j is the family component to individual income, µi j is an individual com-

ponent to income, and νi jt represent yearly in individual income. σ2
ν , σ2

µ and σ2
a are

variances corresponding to each component, which I estimate via REML in a multi-

level model. Under the assumption of orthogonality between components, the sibling

correlation in permanent log-income can be estimated as follows:

ρ̂ =
σ̂2

a
σ̂2

a + σ̂2
µ

(2.9)

Bayesian hierarchical linear model with “organized dispersion”

Let yi jt be the log-income for the ith sibling in family j at time t, which can be described

as a linear combination of both family and individual factors. Unlike in the standard set-

ting described above, now all variance components are allowed to be heteroskedastic and
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depend on (potentially different) variance covariates. In addition, the family component

of individual income (a) is decomposed into the part explained by parental income and

the part independent of it. Formally,

yi jt = a j +µi j +νi jt

yi jt = α +β jy
p
j + ε j +µi j +νi jt where

β j = β0 +β1r j and

a j ∼ N(α +β jy
p
j ,β

2
j σ

2
yp j +σ

2
ε j)

µi j ∼ N(a j,σ
2
µ i j)

νi jk ∼ N(µi j,σ
2
ν i jk)

(2.10)

In the current study, all dispersion models use the same set of variance covariates:

race, parental income and the interaction between the two, all of which are measured at

the family level. Here X is a vector of covariates in the variance models and δ , γ , λ and

ζ are the corresponding regression coefficients. Formally:

σ̂yp j = exp(X
′
jδ )

σ̂ε j = exp(X
′
jγ)

σ̂µ i j = exp(X
′
jλ )

σ̂ν i jk = exp(X
′
jζ )

(2.11)

σ parameters are modeled in a log scale because they are strictly positive. Conse-

quently, standard deviations are assumed to follow a log-normal distribution with mean

σ̂ and dispersion τ .

36



σ
2
yp j ∼ LN(σ̂yp j,τyp)

σ
2
ε j ∼ LN(σ̂ε j,τε)

σ
2
µ i j ∼ LN(σ̂µ i j,τµ)

σ
2
ν i jk ∼ LN(σ̂ν i jk,τν)

(2.12)

Equation 2.13 describes the prior distributions for the parameters in the model. All

parameters for the mean-part of variance models (vectors δ , γ , λ and ζ ) were given a

prior distributed Cauchy(0,2.5). These priors are chosen following Gelman et al. (2008)

and constitute so-called weakly informative priors, as they assign similar probabilities

to all plausible values of the parameter but very low probabilities to extreme values.

Substantively such prior distribution represents conservative prior beliefs, in the sense

that they “let the data speak” but rule out unreasonable parameter values. The disper-

sion parameters in the variance models – τyp ,τε , τµ and τν– are assumed to distribute

Gamma(1,1). These parameters represent uncertainty around variance estimates.

For each model, I run four parallel chains for 7000 HMC iterations. I assess Markov

chains’ convergence by inspecting trace plots and Gelman-Rubin potential scale reduc-

tion factor (Gelman and Rubin, 1992). I evaluate auto-correlation in the Markov chains

and the consequent loss in effective sample size via visual inspection of auto-correlation

plots and by computing the ratio of effective to total sample size.
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δ ∼Cauchy(0,2.5I)

γ ∼Cauchy(0,2.5I)

λ ∼Cauchy(0,2.5I)

ζ ∼Cauchy(0,2.5I)

τyp ∼ Gamma(1,1)

τε ∼ Gamma(1,1)

τµ ∼ Gamma(1,1)

τν ∼ Gamma(1,1)

(2.13)

Weighting

I implement inverse probability weighting by multiplying the log-posterior of each ob-

servation with its respective weights. The construction of these weights is described in

equation 2.14:

wi =
N

∑i
1
p̂i

1
p̂i

(2.14)

where p̂ is the predicted probability of belonging to the analytic sample, estimated

with a logistic regression which predictors are race, parental income and the interaction

of these two variables. The model is estimated separately to predict belonging to the

brothers’ sample and the sisters’ sample.
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2.8.4 Additional findings

Table 2.7: Sibling correlation in permanent log-income, HGLM estimates

Men Women

Black White Black White

σ2
a 0.18 (0.14-0.22) 0.14 (0.12-0.16) 0.23 (0.19-0.28) 0.20 (0.17-0.24)

σ2
µ 0.49 (0.44-0.56) 0.19 (0.17-0.21) 0.44 (0.40-0.49) 0.46 (0.42-0.51)

σ2
ν 0.48 (0.46-0.49) 0.26 (0.26-0.27) 0.53 (0.51-0.54) 0.52 (0.51-0.54)

ρ 0.26 (0.21-0.32) 0.42 (0.38-0.47) 0.34 (0.30-0.39) 0.30 (0.26-0.35)

Table 2.8: Variance model for permanent log-income (Men)

HGLM Estimates Bayesian Estimates

log-σ2
a log-σ2

µ log-σ2
ν log-σ2

a log-σ2
µ log-σ2

ν

Intercept -1.85 ( 0.12) -0.85 ( 0.06) -0.87 ( 0.02) -1.93 ( 0.21) -0.83 ( 0.08) -0.87 ( 0.02)

White -0.10 ( 0.15) -0.74 ( 0.08) -0.37 ( 0.02) -0.03 ( 0.24) -0.75 ( 0.10) -0.37 ( 0.02)

Table 2.9: Variance model for permanent log-income (Women)

HGLM Estimates Bayesian Estimates

log-σ2
a log-σ2

µ log-σ2
ν log-σ2

a log-σ2
µ log-σ2

ν

Intercept -1.50 ( 0.10) -0.81 ( 0.05) -0.64 ( 0.02) -1.50 ( 0.10) -0.81 ( 0.05) -0.64 ( 0.02)

White -0.15 ( 0.14) 0.06 ( 0.07) -0.01 ( 0.02) -0.15 ( 0.14) 0.06 ( 0.07) -0.01 ( 0.02)

Table 2.10: Variance model for permanent log-income (Men)

Blacks Whites

HGLM Estimate Bayesian Estimate HGLM Estimate Bayesian Estimate

σ2
a 0.16 (0.12-0.19) 0.15 (0.09-0.21) 0.15 (0.08-0.25) 0.14 (0.11-0.18)

σ2
µ 0.43 (0.38-0.48) 0.44 (0.37-0.51) 0.20 (0.16-0.27) 0.21 (0.18-0.23)

σ2
ν 0.42 (0.41-0.44) 0.42 (0.40-0.44) 0.29 (0.27-0.32) 0.29 (0.28-0.30)

ρ 0.27 (0.22-0.32) 0.25 (0.16-0.35) 0.42 (0.28-0.56) 0.41 (0.33-0.48)
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Table 2.11: Variance model for permanent log-income (Women)

Blacks Whites

HGLM Estimate Bayesian Estimate HGLM Estimate Bayesian Estimate

σ2
a 0.22 (0.18-0.27) 0.22 (0.16-0.29) 0.20 (0.12-0.31) 0.17 (0.12-0.24)

σ2
µ 0.45 (0.40-0.49) 0.46 (0.40-0.51) 0.48 (0.37-0.60) 0.48 (0.43-0.55)

σ2
ν 0.53 (0.51-0.55) 0.53 (0.51-0.54) 0.53 (0.49-0.56) 0.52 (0.51-0.54)

ρ 0.33 (0.29-0.39) 0.33 (0.25-0.40) 0.29 (0.19-0.41) 0.26 (0.19-0.35)

Table 2.12: Bayesian Variance model for permanent log-income (Men)

log-σ2
a log-σ2

µ log-σ2
ν

Intercept -0.24 ( 2.27) 0.47 ( 1.25) 1.32 ( 0.32)

White 3.44 ( 2.61) -4.11 ( 1.63) -1.77 ( 0.38)

Parents’s logY -0.14 ( 0.22) -0.15 ( 0.12) -0.22 ( 0.03)

White * Parents’s logY -0.34 ( 0.25) 0.34 ( 0.15) 0.15 ( 0.04)

Table 2.13: HGLM Variance model for permanent log-income (Men)

log-σ2
a log-σ2

µ log-σ2
ν

Intercept -1.49 ( 1.95) 2.01 ( 1.06) -1.79 ( 0.30)

White 4.60 ( 2.31) -5.14 ( 1.33) -0.27 ( 0.36)

Parents’s logY -0.02 ( 0.19) -0.31 ( 0.10) 0.11 ( 0.03)

White * Parents’s logY -0.45 ( 0.22) 0.45 ( 0.13) -0.04 ( 0.04)

Table 2.14: Bayesian Variance model for permanent log-income (Women)

log-σ2
a log-σ2

µ log-σ2
ν

Intercept -4.72 ( 2.53) 2.68 ( 1.22) -0.37 ( 0.29)

White -0.74 ( 3.39) -5.44 ( 1.74) 0.08 ( 0.37)

Parents’s logY 0.31 ( 0.24) -0.36 ( 0.12) -0.03 ( 0.03)

White * Parents’s logY 0.02 ( 0.31) 0.55 ( 0.16) 0.00 ( 0.03)
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Table 2.15: HGLM Variance model for permanent log-income (Women)

log-σ2
a log-σ2

µ log-σ2
ν

Intercept -5.23 ( 1.78) 4.52 ( 0.93) -3.74 ( 0.26)

White 1.00 ( 2.34) -7.64 ( 1.24) 2.87 ( 0.35)

Parents’s logY 0.36 ( 0.17) -0.54 ( 0.09) 0.30 ( 0.03)

White * Parents’s logY -0.13 ( 0.22) 0.76 ( 0.12) -0.28 ( 0.03)
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CHAPTER 3

DOES SKIN COLOR AFFECT EDUCATIONAL AND LABOR MARKET

OUTCOMES IN THE UNITED STATES?

3.1 Introduction

Increasing racial diversity in the United States has raised questions about the stability

of existing racial categories and race-based socioeconomic stratification, and some race

scholars contemplate a reconfiguration of existing discrete racial categories into new

gradational forms of racial heterogeneity (Lee and Bean, 2007). In this process, skin

color and other phenotypic traits would become more relevant both for racial bound-

aries and socioeconomic stratification. In the increasingly complex and multilayered

American racial order, a critical endeavor for social scientists is to investigate how skin

color affects individuals’ life chances, above and beyond the effects of race and net of

the effect of other dimensions of socioeconomic origins that might be correlated with

both skin tone and socioeconomic attainment. In this spirit, the present article aims to

assess the causal effects of skin tone on educational attainment and earnings. In partic-

ular, it asks two intertwined questions: first, do darker-skinned individuals experience

a phenotype-based penalty in school and the labor market? Second, is such penalty (or

the lack thereof) the same within different racial groups?

Previous research has addressed the relationship between skin color and several so-

cioeconomic outcomes. However, the vast majority of these studies are limited to only

Black or only Hispanic American samples. Moreover, the vast majority of these studies

are associational, reporting correlations between skin tone and income or educational at-

tainment but insufficiently controlling for important sources of unobserved heterogene-

ity. This study expands the scope of previous scholarship by estimating the causal effect
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of skin color on educational attainment and earnings across all main racial groups in the

US. In order to do so, I implement two complementary empirical strategies: first, I use

regression models with a richer set of socioeconomic background covariates than pre-

vious work. Second, using sibling fixed-effect models I exploit random within-family

variation in skin color to approximate the causal effects of skin tone on socioeconomic

outcomes.

3.2 Background

Racial distinctions in the United States have long been thought to be primarily based on

genotype rather than on phenotype. In fact, most studies operationalize race as clearly

demarcated discrete groups whose boundaries are determined on the basis of common

ancestry (e.g., Whites, Blacks, Asians). Yet, race scholars have long noticed that cat-

egorical hierarchies among racial groups coexist with a more subtle gradational order

based on phenotypic characteristics, of which skin color is the most salient1 (Telles

et al., 2015; Bailey et al., 2015). This phenomenon, termed “colorism” or “preference

for whiteness”, consists of an ingrained system of social valuation that privileges people

of lighter complexion over their darker counterparts. Just like racism, colorism con-

sists of both “overt and covert actions, outright acts of discrimination and subtle cues of

disfavor” (Maddox, 2004; Hunter, 2008).

The historical origins of colorism varies across racial groups. In the case of Blacks,

it has been extensively documented that the preference for lighter skin dates at least back

to slavery, when it was seen as evidence of White ancestry and signal of higher intellect.

1Although skin color has traditionally been the most prominent racial marker in the American context
(Maddox, 2004; Branigan et al., 2013), other phenotypic characteristics such as facial features, hair and
eye color plausibly play a similar role in indexing individuals’ positions in the continuous racial spectrum
Hunter (2008)
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On this basis, mulattoes and lighter tone Blacks were generally assigned to domestic

service instead of manual labor, a privilege that gave them access to basic education

and training. These privileges accumulated over generations through intermarriage, the

right to save money and the intergenerational transmission of service occupations, posi-

tioning mulattoes and fairer skin Blacks at the top of the social hierarchy among Black

communities (Wirth and Goldhammer, 1944; Frazier, 1957; Keith and Herring, 1991;

Hill, 2000).

Similarly, the phenomenon of colorism among Hispanics has colonial origins. It is

the product of a history of continued mixing (mestizaje) between descendants of Span-

ish and other European settlers, indigenous peoples and (in some countries) African

slaves. The practice of mestizaje created a color continuum with blurry and mutable

boundaries among racial groups. Nevertheless, a hierarchy based on skin color was in

place since early colonial times, with White elites at the top, a mestizo majority in the

middle and indigenous people (or Blacks, depending on the country) at the bottom. De-

spite states’ efforts to implant an “ideology of mestizaje” in Latin American countries

(Telles, 2004; Telles et al., 2014), economic and political power as well as social prestige

have remained intimately linked to European ancestry (Villarreal, 2010). Consequently,

scholarship characterizes these countries’ racial order as “pigmentocracy”(Telles et al.,

2015; Bailey et al., 2015), where lighter tone is a sign of higher socioeconomic status

and a feature deemed desirable by individuals of all phenotypic complexions (Murguia

and Telles, 1996; Uhlmann et al., 2002). In Asian countries with European colonial

history the value of whiteness –and other elements of Western culture– were enforced

during colonial times. More generally, colorism in Asia is rooted in the association of

darkness with peasant work and that of lighter tone with the leisure class (Hunter, 2008;

Li et al., 2008).
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Although diverse in origins, a “preference for whiteness” should be expected among

all three main minority groups in the US. In the case of more recent migrant groups (viz.,

Hispanics and Asian), pre-existing racial biases may coincide with the racial schema

already in place in the US, hence perpetuating assumptions about the higher value of

“whiteness” both among themselves and White Americans.

We know much less regarding how Whites are evaluated on the basis of skin color.

Race scholars typically treat whiteness as a reference category with respect to which mi-

norities obtain advantages or disadvantages depending of their phenotypical proximity

to it. The White population itself, however, has long been assumed a relatively homoge-

neous group that is socially privileged with respect to minorities but within which color

is more or less irrelevant for socioeconomic attainment (Branigan et al., 2013). While

this might have been the case in the past, when “White” was a more restrictive racial

category, it is possible that skin color has become more relevant for socioeconomic

attainment among Whites as a result of the increasing flexibility of the White racial cat-

egory in the US, which includes ethnic groups who recently achieved Whiteness (Lee

and Bean, 2007, 2004).

3.2.1 Skin color and life chances

Several studies in the US have reported that darker skin tone is associated with poorer

outcomes in education, health, and the labor market, among others. Most of these studies

focus on Blacks or Hispanics separately, sometimes including Whites for comparison.

While it has been argued that the importance of skin color for Blacks declined af-

ter the Civil Rights movements (Gullickson, 2005), an extensive body of contemporary

research documents that skin tone continues to shape the opportunities of Black Amer-
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icans. Darker skin color Blacks attain significantly less education than their lighter

counterparts (Branigan et al., 2013; Monk, 2014). Consistently, the White-Black educa-

tional attainment gap tends to close as skin tone lightens (Hersch, 2009). As indicated

by regression models, the effect of skin tone diminishes but remains robust after ad-

justment for some measures of parental background, suggesting that such educational

advantage reflects both the more advantaged socioeconomic origin of lighter skin Blacks

and contemporary differential treatment on the bases of skin tone.

Similar disadvantages take place in the labor market. Findings regarding the ef-

fect of skin color on hiring decisions and employment status are mixed (Wade et al.,

2004; Hersch, 2009; Monk, 2014), but evidence of a dark skin wage penalty is exten-

sive. White workers earn substantially more than comparable medium or dark-skinned

Black workers (Hersch, 2009; Keith and Herring, 1991), but this gap is smaller with re-

spect to lighter-skinned Blacks (Goldsmith et al., 2006). This pattern emerges because

darker-skinned Blacks accrue lower returns for traditional wage-related factors such as

education and experience. (Goldsmith et al., 2007). In other words, when choosing

among workers with comparable human capital, employers would prefer light-skinned

Blacks (Goldsmith et al., 2006). The wage penalty to darker skin color is robust to

adjustment for some parental background variables such as mother’s education (Monk,

2014).

The consequences of this “preference for whiteness” extends well beyond educa-

tional and labor market outcomes. Skin tone is a critical factor in both Blacks’ and

Whites’ representations of Blacks (Neal and Wilson, 1989; Maddox and Gray, 2002).

In particular, compared to lighter skin Blacks, those of darker tone are more likely to

be associated with negative stereotypes such as aggressiveness, lack of intelligence,

lack of education, and unattractiveness (Maddox and Gray, 2002). In addition, dark-
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skinned Blacks receive harsher sentences in the criminal justice system, enjoy less so-

cial prestige, and are less likely of holding elective office compared with lighter Blacks

(Hochschild and Weaver, 2007). They are also more likely to have high blood pressure

(Sweet et al., 2007), and worse self-reported physical and mental health (Monk, 2015,

but see Borrell et al., 2006).

A largely independent branch of sociological research has long reported similar pat-

terns for the effect of skin color on the life chances of Hispanic Americans (Arce et al.,

1987). Lighter skin, more European-looking Mexican Americans complete more years

of schooling than those with darker skin and more indigenous physical complexion (Flo-

res and Telles, 2012; Villarreal, 2010; Murguia and Telles, 1996), a gap that remains

robust after controlling for some dimensions of socioeconomic background. Likewise,

Mexican Americans of lighter complexion and European features tend to earn more than

darker co-ethnics with comparable human and social capital (Telles and Murguía, 1992;

Murguia and Telles, 1996), a result that also holds for Puerto Rican and Dominican

men but not for women (Gómez, 2000). Recently, Frank et al. (2010) have shown that

Hispanic immigrants of lighter skin earn, on average, $2,500 more per year than their

darker-skinned counterparts. Darker-skinned Cuban and Mexican Americans are also

more likely to be employed in less prestigious occupations than their lighter counter-

parts (Espino and Franz, 2002).

The bulk of literature focuses on Blacks and Hispanics, and we know very little about

the socioeconomic consequences of skin color for other racial groups in the US. To my

knowledge, no research has examined colorism among native-born Asian Americans,

and only one article has focused on White Americans. Branigan et al. (2013) investigate

the relationship between skin color and educational attainment for native-born White

and Black Americans, finding a color penalty among White women comparable to that
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found for Blacks. Their results question the widely held assumption that skin color

among Whites is inconsequential for life chances.

3.2.2 Causal Mechanisms: differential treatment and the disparate

impact of racialized beauty

The possible causal mechanisms for the damaging effect of darker skin color on socioe-

conomic outcomes are many. They all represent forms of discrimination, whether in the

form of “differential treatment” or because of “disparate impact” (Wang et al., 2013;

Pager and Shepherd, 2008). In the first case, darker-skinned individuals would receive

poorer treatment than their lighter counterparts because of their racial phenotype. In the

second case, such disparities may not themselves arise from color preferences but rather

from behavior and social practices that have an adverse impact on people of darker skin

tone.

In the "differential treatment" argument, skin-tone disparities emerge because teach-

ers, employers and, in general, gatekeepers exercise preferential treatment on the basis

of a generalized taste for whiteness. It is also possible that skin tone is used as a proxy

for other traits that are valuable for attainment, such as ability, motivation or produc-

tivity. In the academic context, this would be the case if teachers and principals form

expectations on the basis of stereotypes that expect light-skinned students to be smarter,

more prepared and better behaved than darker-skinned students. Consequently, teach-

ers might pay less attention to darker skin tone students, might discourage them from

going into advanced academic tracks or attending college. Similarly, employers might

prefer whiter applicants because these are seen as better prepared and are more likely

to come from a more advantaged social background. Moreover, if colleagues and cus-

48



tomers/clients are assumed to have a preference for lighter workers, employers might be

more likely to hire and pay better such employees because of the expected higher return

of their work.

Another possibility is that the effect of skin color on life chances is mediated by

physical attractiveness. Since attractiveness is rewarded in school and the labor mar-

ket (Hamermesh and Biddle, 1994; Liu and Liu, 2014; Wong and Penner, 2016), and

through the association between lighter skin tone and beauty, it is possible for attrac-

tiveness to have a disparate negative impact on darker skinned individuals. We know

that “attractiveness” is a construct influenced by racial aesthetics: phenotypic traits such

as skin color, facial features and type of hair are important ingredients of the social

standards of beauty (Hunter, 2002). In the US context, as in many others (Jones, 2008;

van den Berghe and Frost, 1986), the standard of beauty significantly overlaps with phe-

notypic traits that are prevalent among Whites (such as fair skin) while features com-

monly encountered among Blacks and/or Hispanics (such as dark skin) are generally

deemed as unattractive, both by Whites and Blacks/Hispanics themselves (Feinman and

Gill, 1978; Hill, 2002; Hunter, 2002; Neal and Wilson, 1989). Hence, skin tone affects

others’ perceptions of attractiveness as well as personal perception of self-worth (Bond

and Cash, 1992) in ways that disadvantage darker-skinned individuals with respect to

their lighter counterparts. Although this phenomenon affects both men and women,

studies indicate that the association between light skin and attractiveness is stronger for

women (Feinman and Gill, 1978; Hill, 2002; Hunter, 2002).

Attractiveness, in turn, has been shown to pay off in different spheres of social life

(Webster and Driskell, 1983; Langlois et al., 2000). Attractive students are seen by edu-

cators as more intelligent and more competent (Talamas et al., 2016; Parks and Kennedy,

2007). Consequently, teachers tend to have higher expectations about attractive stu-

49



dents’ academic and social performance, which may affect future performance (Clifford

and Walster, 1973; Kenealy et al., 2001). Physical attractiveness is also consequential

in the labor market. Physically attractive job candidates are preferred over unattractive

ones (Kenealy et al., 2001), which implies that lighter-skinned applicants likely benefit

from a halo effect of attractiveness. In addition, attractive individuals earn more than

their less attractive counterparts (Wong and Penner, 2016; Liu and Liu, 2014). Sev-

eral factors might explain this beauty premium: Employers might prefer good-looking

employees or they may use beauty as a proxy for unobserved performance (Deryugina

and Shurchkov, 2013). Also, in some occupations beauty might have higher returns

because costumers prefer attractive employees (Pfann et al., 2000), and attractive indi-

viduals might self select into those occupations where attractiveness is more productive

(Hamermesh and Biddle, 1994). In addition, it is possible for better looking individuals

to be more productive workers due to higher confidence levels brought by attractiveness

(Cipriani and Zago, 2011; Link et al., 2006).

In sum, to the extent that light skin color is an indicator of beauty, the aforemen-

tioned returns to physical attractiveness are expected to disadvantage darker skinned

individuals.

3.2.3 Potential Confounders: Socioeconomic Background

Although researchers consistently find an association between skin color and socioe-

conomic achievement, the causal challenge of this literature is to demonstrate that so-

cioeconomic differences by color are produced by skin tone discrimination rather than

inherited disadvantage due to stratification by race in previous generations. In other

words, if skin tone was a determinant of life chances in previous generations then, and
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given the intergenerational transmission of both color and socioeconomic attainment,

one would still find an association between skin color and socioeconomic outcomes in

the current generation even if skin color had no contemporary effects.

In order to alleviate this problem, most studies include controls for socioeconomic

origins, such as parental occupation (Arce et al., 1987; Keith and Herring, 1991; Flores

and Telles, 2012; Branigan et al., 2013) and parental education (Keith and Herring, 1991;

Monk, 2014; Murguia and Telles, 1996; Hersch, 2009; Goldsmith et al., 2007; Branigan

et al., 2013; Goldsmith et al., 2006), as well as individual characteristics that may affect

the outcome of interest (e.g. age, gender and human capital). In some cases, researchers

also control for contextual variables that might be correlated with both racial phenotype

and socioeconomic achievement, such as city or state of residence. However, the battery

of such controls is often limited. Importantly, information about parental income and

wealth are systematically absent in empirical studies, which could induce upward bias

in estimates of the effect of skin color on various socioeconomic outcomes.

Figure 1 summarizes the causal relationships discussed above. As observed, esti-

mates of these parameters would coincide with these true causal effects if one effectively

controls for all relevant family background characteristics (Yt−1) as well as contextual

variables (Xt). Identification strategies that fail to control for family background might

induce bias through the association between contemporary and parental socioeconomic

status, the relationship between the parental SES and parental phenotype and the ef-

fect of parental skin color on an individual’s own color (SCt ← SCt−1 → Yt−1 → Yt).

Likewise, failing to control for relevant contextual variables would induce spurious cor-

relation between skin color and socioeconomic achievement (SCt ← Xt → Yt).

This article asks the following questions:
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Figure 3.1: Causal graph of the effect of racial phenotype on socioeconomic out-
comes

SCt

SCt−1

Yt

Yt−1

Xt

• Do lighter skinned individuals attain more schooling and enjoy higher earnings

than their darker counterparts of the same race?

• If so, do these benefits reflect skin color premia, or the higher socioeconomic

upbringing of lighter skinned individuals?

• Do the effects of skin tone vary across racial groups?

The next section describes the data used in this research and details the strategies

implemented to answer these questions.

3.3 Analytic strategy and methods

In order to approximate the causal effect of racial phenotype on educational attainment

and income, I implement two complementary identification strategies.

1. Regression Adjustment: Following the conventional approach in the literature, I

use regression adjustment to estimate the effect of phenotypic variables after con-

trolling for a rich set of covariates measuring individual characteristics, socioe-
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conomic origins and contextual effects. Formally, I estimate the following linear

mixed model:

yi( jk) = α +θSCi( jk)+X
′
i( jk)β +υ j +νk + εi( jk) (3.1)

Here y is a socioeconomic outcome (i.e. year of schooling or log-earnings) for

respondent i, interviewed by interviewer j, residing in state k2. SC is a measure

of skin color and θ its corresponding effect. I estimate this effect for all races

combined and for each race separately. X and β are a vector of covariates and

its coefficients, respectively. Finally, υ and ν are non-nested random effects for

interviewer and state of residence, respectively3.

The regression estimate of θ would provide a causal estimate of the effect of

skin color on schooling and earnings only if, after adjustment for pre-treatment

covariates, an individual’s skin color can be treated as randomly assigned4. Be-

cause self-selection into skin color is not possible, pre-treatment covariates refer

to background characteristics that might be associated with both skin color and

socioeconomic outcomes (see (Frank et al., 2010) for a similar approach). This

assumption is violated if the residual error ε is correlated with individual pheno-

type due to omitted relevant variables.

To prevent this possibility, existing studies typically include individual controls,

such as demographic and human capital variables, and contextual effects (e.g.

place of residence). However, they fail to exhaustively control for socioeconomic

origins which, as discussed above, might confound the relationship between skin

2Indexation in parentheses denotes the cross-classification of interviewers and state.
3In order not to complicate notation unnecessarily k is said to index state of residence, however models

were estimated with a random intercept for both region and state, where the latter are nested within the
former. As a result, state estimates with few observations are stabilized by pulling them towards the
estimate for the region of belonging.

4In the potential outcome framework this assumption is known as the unconfoundedness assumption,
which for the case of many-valued treatments can be expressed as P⊥{Y (p)}p∈P | X
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color and socioeconomic achievement. The present study innovates by control-

ling for different dimensions of socioeconomic origins, including family income

during individuals’ adolescence, educational achievement of parents and their na-

tivity status. However, despite the inclusion of detailed information on parental

background, as with all regression adjustment methods, estimation of the true

causal effect depends on the assumption of exhaustive control for both observable

and unobservable relevant factors, an assumption that is untestable and which vi-

olation would result in biased estimates.

2. Sibling Fixed-Effects models: In order to cope with the limitations imposed by the

unconfoundedness assumption, my second empirical strategy consists of a sibling

fixed-effects approach, which exploits exogenous within-family variation in skin

color to estimate the effect of phenotypic factors on socioeconomic outcomes. In

particular, the inclusion of sibling fixed-effects removes the effect of observed and

unobserved factors that might influence the socioeconomic outcomes of interest

and are shared by the very fact of belonging to the same family. In particular, I

estimate the following model:

yi f ( jk) = α f +θPi f ( jk)+X
′
i f ( jk)β +υ j +νk + εi f ( jk) (3.2)

where α f = ȳ f is a family fixed-effect capturing the combined influence of family-

level factors on the socioeconomic outcome of interest, X is a vector of individual-

level covariates and β the respective coefficients vector. υ and ν are random

effects for interviewer and state of residence, respectively. It follows from this

specification that the expected difference in the outcomes of two siblings is only

a function of their difference in skin color. I estimate this effect for all races com-

bined and for each race separately. These analyses are conducted on the samples

of same-sex full siblings. Because the main motivation for within-family analyses
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is to control for family background, it can be argued that ensuring that respon-

dents shared a common environment is sufficient for our purpose, provided that

idiosyncratic individual characteristics (especially genetic endowment) are not si-

multaneously correlated with both skin tone and socioeconomic achievement. Al-

though this is a reasonable assumption, I eliminate this possibility by limiting the

analysis to siblings of the same parents.

Sibling fixed-effects has been extensively used for causal inference in other re-

search areas, but has seen almost no application to the study of race-based stratifi-

cation (see (Francis-Tan, 2016) for an exception). An exception is a recent study

showing that within-sibling racial heterogeneity occurs in 17-19% of families in

Brazil, mostly because of racial discordance between parents. Moreover, the study

finds that darker siblings aged 20-25 are less advantaged than their lighter brothers

and sisters along a number of dimensions. They have significantly lower educa-

tion, lower personal income, lower formal employment, and lower occupational

status (Francis-Tan, 2016).

I fit all models separately by gender because women attain, on average, more

schooling and have lower earnings than men, and the effect of skin tone is possibly

different for men and women.

3.4 Data and Measures

This article uses data from the National Longitudinal Study of Adolescent to Adult

Health (hereafter AddHealth), a longitudinal study of adolescents in the US. AddHealth

started with a nationally representative sample of students in grades 7 to 12 during the

1994-1995 school year (Wave 1). The initial cohort has been re-interviewed in 1995
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(Wave 2), 2001-2002 (Wave 3) and 2008 (Wave 4), covering their entire transition from

adolescence into young adulthood. In the most recent wave, the sample was aged 24 to

32. AddHealth is ideal for the purpose of this research as it combines detailed informa-

tion on kin relationships with rich sociodemographic data on both parents and children,

as well as longitudinal records on several dimensions of achievement. It also contains

measures of skin color, as described below.

The main dependent variables of this study are educational achievement and per-

sonal earnings. Educational achievement is measured as completed years of education,

which are inferred from the highest level of education completed by the time of the

last interview in 2008 (see Table 3.12 for details). Personal earnings are measured by

the interviewee-reported earnings before taxes. These include wages or salaries, tips,

bonuses, overtime pay, and income from self-employment. It is important to note that

this measure corresponds to early-life earnings, which might be not be a good indicator

of longer-term income. For this reason, results using this dependent variable might no

be entirely comparable to other research studying the relationship between skin color

and income.

To measure skin color, I use the interviewer’s answers to a series of questions re-

garding the physical appearance of the interviewee. More specifically, in Wave III, con-

ducted when respondents were aged 18 to 26, the interviewer was asked the following

questions: (a)“What is the respondent’s skin color?”, where the possible answers were

(1)“black”, (2) “dark brown”, (3) “medium brown”, (4) “light brown”, (5) “white”. I

coded these categories in a continuum running from darker to lighter tones so that higher

values of each phenotypic trait indicate more lightness.

Covariates in the statistical analyses include individual characteristics such as age,

gender and race, variables indicating socioeconomic origin and contextual variables.
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The individual characteristics include age; I also stratify the samples by gender. I also

incorporate a measure of respondent’s “unique” race, which corresponds to self-reported

race/ethnicity. In cases in which the respondent mentioned more than one race I assigned

them the race they declared as their “main race”. Since Hispanicity is asked as a separate

question in the survey, I established dominance of Hispanicity over racial categories.

The resulting schema entails four groups: non-Hispanic Whites, non-Hispanic Blacks,

Asians and Hispanics. Throughout the article I refer to the first two as Whites and

Blacks, respectively.

For parental background I include information on parental education, income and

nativity status5. I measure parental education as the years of schooling completed by

the biological parent with the highest educational achievement. For single-parent house-

holds this is equivalent to the educational achievement of the parent at home. Parental

income is measured as the total pretax household income earned in 1994, including

the income of all household members, income from welfare benefits, dividends, and all

other sources6. I include an indicator of whether each biological parent was born in the

US (0) or in a foreign country (1). Information on educational attainment and nativity

status is obtained from the family roster in Wave 1. Information on parental income

is obtained from the Parent Questionnaire, which was asked of one parent, preferably

the resident mother, of each adolescent interviewed in Wave 1. Contextual information

includes state of residence at Wave 4, which is included as a random intercept in all

regression models.

A common concern regarding interviewer-coded measures of racial phenotype is

that the perception of phenotypic traits can be affected by the socioeconomic status of

5I plan to add some measure of family composition as well.
6Although some adolescents report earnings from non-summer weeks, the average contribution to

household income represents a 0.3% of total income, and about 98% of those who work for pay contribute
less than 1% of the total household income.
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the respondent. In particular, it is believed that “money whitens”, that is, that better-off

non-White individuals are more like to be seen as whiter than their poorer counterparts.

If this endogenous relationship exists, estimates of the effect of racial phenotype on so-

cioeconomic outcomes would be upwardly biased (Flores and Telles, 2012; Hill, 2000).

The longitudinal design of the present research helps preventing the risk of this type

of bias: phenotypic traits are measured in Wave 3 (when respondents are 18 to 26) but

the dependent variables of this study are observed in Wave 4 (when respondents are

24 to 32). Moreover, phenotypic traits were measured at an age in which participant’s

socioeconomic status is strongly linked to that of their parents, which I control for. A

related concern with interviewer-coded measures of racial phenotype is that they might

be affected by the interviewer’s own sociodemographic characteristics, such as her race

or social class. In order to account for this possibility I add interviewer’s random effects

to all regression models.

The analytic sample is restricted to individuals who are not enrolled in an educa-

tional institution in Wave 4 (83% of the original sample). Analyses based on regres-

sion adjustment are conducted on this sample (hereafter, full sample), which consists

of 6,519 women and 6,177 men. In addition, models that exploit within-family vari-

ation in phenotype are conducted on a sample of same-sex full siblings (612 brothers

and 660 sisters). This sample (hereafter, siblings sample) includes all adolescents who

have a full sibling of the same sex with an age difference of no more than 5 years (about

95% of dyads). Tables 3.1 and 3.2 display descriptive statistics for the full sample and

the siblings sample. In each table all variables included in the statistical analyses are

described separately for men a women. In both cases the sub-sample of men and the

sub-sample of women present a similar demographic composition but women have, on

average, higher educational attainment and lower average earnings than men. Compar-

ing across the full-sample and the sample of siblings also reveals a similar demographic
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composition, although respondents in the sibling sample are more likely to be White

and, on average, are slightly lighter-skinned than those in the full sample.

Table 3.1: Descriptive statistics by gender - full sample

Men Women

N Mean St. Dev. N Mean St. Dev.

Age 6,177 29.16 1.75 6,519 28.93 1.74

Skin Color 4,991 4.23 1.25 5,557 4.25 1.20

Years of Schooling 6,175 13.78 2.16 6,518 14.32 2.24

log Earnings 5,992 10.67 1.58 5,836 10.38 1.77

Parents Schooling (max) 4,775 13.91 2.54 5,003 13.79 2.60

Family income 1994 4,710 3.55 0.81 4,852 3.53 0.82

Foreign mother 6,177 0.18 0.38 6,519 0.17 0.37

Foreign father 6,177 0.18 0.38 6,519 0.17 0.37

Black 6,177 0.21 0.41 6,519 0.23 0.42

Asian 6,177 0.07 0.25 6,519 0.06 0.23

Hispanic 6,177 0.15 0.36 6,519 0.14 0.35

White 6,177 0.57 0.50 6,519 0.57 0.50
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Table 3.2: Descriptive statistics by gender - full siblings sample

Men Women

N Mean St. Dev. N Mean St. Dev.

Age 612 29.19 1.71 660 28.93 1.62

Skin Color 532 4.41 1.11 610 4.30 1.21

Years of Schooling 612 14.20 2.26 660 14.29 2.29

log Earnings 601 10.74 1.43 567 10.44 1.81

Parents Educ. 499 14.38 2.30 539 13.62 2.59

Family income 1994 484 3.69 0.68 513 3.55 0.84

Foreign mother 612 0.13 0.33 660 0.13 0.33

Foreign father 612 0.15 0.35 660 0.14 0.34

Black 612 0.15 0.35 660 0.20 0.40

Asian 612 0.07 0.26 660 0.04 0.19

Hispanic 612 0.12 0.32 660 0.13 0.33

White 612 0.66 0.47 660 0.63 0.48

3.5 Findings

3.5.1 Sources of variation in skin color

Given that the two identification strategies used in this article rely on different sources

of variation, assessing the composition of skin color variance is important. On one

hand, regression adjustment exploits variation in skin tone within races but does not

distinguish variation in skin tone between and within families of the same race. In

contrast, sibling fixed-effects models only rely on skin color variation among members

of the same family.
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Table 3.3 reports results from variance decomposition of skin color. These models

separate the total variance into three components: between races, between families of the

same race and within families. In addition, skin color variance is computed separately

for each racial group and partitioned into between and within family components. The

results indicate that most of the variation in skin tone occurs between races and only

about 20% happens within races. Separating by race reveals important differences in

the extent of skin color variation: interviewer-reported skin color is almost invariant

among Whites but is the most heterogeneous among Blacks. Asians and Hispanics

also present some variation in skin tone, but not as much as Blacks. These findings

reflect the social construction of racial categories in the United States, where whiteness

has historically been construed through the one-drop rule, while individuals of mixed

ancestry are, by necessity, fit into non-White racial groups (Fox and Guglielmo, 2012).

White it is possible that part of these results are driven by the used of a discrete truncated

measure of skin color, these findings are consistent prior research that uses the percent

of light reflected off skin as a continuous measures of color (Branigan et al., 2013).

These results highlight one fundamental challenge when studying the effect of skin

color on socioeconomic outcomes, namely the limited heterogeneity that remains af-

ter accounting for race. Indeed, only one-fifth of the total variance in skin tone takes

place within race, and such extent of variation markedly varies across racial groups.

This limitation is further accentuated by the inclusion of necessary statistical controls

in regression models. By comparison, sibling fixed-effect models do not require the in-

clusion of family-level controls. This advantage, however, comes at the expense of only

using within-family variance in skin tone, which represents about 10% of the total skin

color variance.
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Table 3.3: Components of variance in skin color, total and by race (full siblings
sample)

Variance % Between Race % Between Family % Within Family

Men Total 1.77 82.45 6.96 10.59

White 0.05 31.22 68.78

Black 1.00 34.39 65.61

Asian 0.57 37.81 62.19

Hispanic 0.47 61.14 38.86

Women Total 1.67 82.44 10.17 7.39

White 0.07 44.16 55.84

Black 0.85 60.81 39.19

Asian 0.63 60.12 39.88

Hispanic 0.68 64.74 35.26

3.5.2 Skin tone & educational attainment

Regression models in 3.4 (columns 1 and 3) indicate that, holding race and age constant,

having a lighter skin color translates into 0.2 year of schooling among men and 0.23

year among women. This means that moving from darkest to lightest on the skin tone

spectrum is associated with a gain of one full additional year of schooling. As reported

in 3.5 (columns 1 and 3), when the effect of skin color is allowed to vary by race, this

only remains statistically significant among Blacks and Hispanics. Specifically, lighter

skin color is associated with a 0.16 increase in years of schooling among Black men and

a 0.13 increase among Black women. This effect is more than twice as large for both

Hispanic men and women. For the remaining racial groups, the point estimates suggest

a positive effect of skin tone, but the large confidence intervals prevent me from drawing

substantive conclusion about these results. In particular, I cannot reject the hypothesis
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of a null skin color effect for these groups. Black dots in figure 3.5.2 depict these results.

Models in columns 2 and 4 in tables 3.4 add controls for individual socioeconomic

background. Specifically, these models control for parental income, parental education

and whether the mother and the father are foreign-born. The inclusion of these variables

aims to account for the potentially confounding effect of socioeconomic background on

the relationship between skin color and schooling. The findings suggest the confounding

effect is substantial, and stronger than has been appreciated in the colorism literature.

After controlling for socioeconomic background, the point estimate of the skin color

effect markedly declines for both women and men (to 0.04 and 0.09, respectively) but

these drops are not statistically significant. However, unlike the baseline specification,

models that include socioeconomic controls show the effect of skin color to not be sta-

tistically different from zero7.

Models allowing skin color to interact with race (table 3.5) indicate that, with the ex-

ception of White women, the inclusion of socioeconomic background variables shrinks

the effect of skin color for all racial groups and gender. These declines in effect size

are, however, not statistically significant. Particularly in the case of Blacks, the effect

of skin color net of socioeconomic background is no longer different from zero. Blue

dots in figure 3.5.2 depict these results. The decline in skin color effect size indicates

that part of the association between skin color and years of schooling captures the cor-

relation between phenotype and socioeconomic achievement in the parental generation

(i.e. richer parents are lighter parents). The estimates’ large standard error arises from

the limited variation in skin color among respondents of the same race and comparable

socioeconomic origins.

7For men the effect is only significant at the 90% confidence level
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Table 3.4: Linear mixed model of years of schooling regressed on skin color

Years of Schooling

Women Men

Skin color 0.20∗∗∗ (0.05) 0.04 (0.06) 0.23∗∗∗ (0.05) 0.09∗ (0.05)

Age 1.57∗∗∗ (0.51) 0.88 (0.60) 0.79 (0.49) 0.33 (0.55)

Age2 −0.03∗∗∗ (0.01) −0.01 (0.01) −0.01∗ (0.01) −0.01 (0.01)

White −0.21 (0.15) −0.35∗∗ (0.17) −0.17 (0.16) −0.17 (0.18)

Asian 0.48∗∗∗ (0.17) −0.37 (0.24) 0.70∗∗∗ (0.17) −0.13 (0.21)

Hispanic −0.94∗∗∗ (0.15) −0.63∗∗∗ (0.18) −0.73∗∗∗ (0.15) −0.25 (0.18)

Parents Schooling (max) 0.31∗∗∗ (0.02) 0.28∗∗∗ (0.02)

Family income 1994 0.54∗∗∗ (0.05) 0.59∗∗∗ (0.05)

Foreign mother 0.42∗∗∗ (0.14) 0.46∗∗∗ (0.14)

Foreign father 0.36∗∗ (0.14) 0.32∗∗ (0.14)

Intercept −8.77 (7.40) −4.82 (8.59) 2.20 (7.14) 2.84 (7.99)

Observations 5,556 3,737 4,987 3,457

Log Likelihood −12,175.06 −7,838.25 −10,719.74 −7,112.43

Akaike Inf. Crit. 24,372.12 15,706.50 21,461.49 14,258.85

Bayesian Inf. Crit. 24,444.97 15,799.89 21,533.15 14,363.37

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3.5: Linear mixed model of years of schooling regressed on skin color by
race

Years of Schooling

Women Men

Skin color 0.16∗∗∗ (0.06) −0.05 (0.07) 0.13∗ (0.07) 0.03 (0.07)

White 0.35 (0.65) −1.28∗ (0.75) −0.99 (0.76) −1.17 (0.84)

Asian −0.13 (0.74) −0.96 (0.95) 0.30 (0.58) −0.43 (0.70)

Hispanic −1.80∗∗∗ (0.53) −1.51∗∗ (0.62) −1.56∗∗∗ (0.44) −0.51 (0.51)

Age 1.60∗∗∗ (0.52) 0.87 (0.60) 0.74 (0.49) 0.31 (0.56)

Age2 −0.03∗∗∗ (0.01) −0.01 (0.01) −0.01 (0.01) −0.01 (0.01)

Parents Schooling (max) 0.31∗∗∗ (0.02) 0.28∗∗∗ (0.02)

Family income 1994 0.54∗∗∗ (0.05) 0.59∗∗∗ (0.05)

Foreign mother 0.41∗∗∗ (0.14) 0.47∗∗∗ (0.14)

Foreign father 0.37∗∗∗ (0.14) 0.32∗∗ (0.14)

White*Skin color −0.09 (0.14) 0.23 (0.16) 0.22 (0.16) 0.23 (0.18)

Asian*Skin color 0.16 (0.18) 0.18 (0.23) 0.14 (0.15) 0.10 (0.18)

Hispanic*Skin color 0.21∗ (0.13) 0.24 (0.15) 0.24∗∗ (0.11) 0.09 (0.13)

Intercept −9.04 (7.40) −4.43 (8.60) 3.24 (7.15) 3.31 (8.01)

Observations 5,556 3,737 4,987 3,457

Log Likelihood −12,175.87 −7,838.73 −10,720.24 −7,114.26

Akaike Inf. Crit. 24,379.74 15,713.46 21,468.48 14,264.52

Bayesian Inf. Crit. 24,472.46 15,825.53 21,559.68 14,375.19

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Sibling fixed-effect models provide a complimentary assessment of this relationship.

These models exploit random skin tone variation among siblings of the same sex and

correlate it with differences in completed years of schooling. Because these analyses

only use variation within families, the estimated effect is uncorrelated with environ-

mental and family background characteristics. Table 3.6 summarizes findings using this
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Figure 3.2: Linear mixed model estimates of skin color effect on completed years
of schooling. Panel A displays results for women and panel B displays
results for men. Pooled effects come from models that do not interact
race and skin tone. Effects for specific racial groups come from mod-
els that allow for such interaction. The “Baseline” model incorporates
controls for age and race. The “Baseline + SB” adds socioeconomic
covariates. Bars represent 95% confidence interval.
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approach. Unlike previous regression models, these results reveal a positive effect of

skin color for women (0.16) but no effect for men. The positive effect for women is,

however, not significantly different from zero 8. When the skin color effect is allowed

to vary by race (see table 3.7), no consistent pattern emerges and estimates display ex-

tremely large confidence intervals. This is a consequence of the very limited variation

in skin tone within families.

Table 3.6: Sibling fixed-effect model of years of schooling on skin color

Years of Schooling

Women Men

Skin color 0.16∗ (0.08) −0.000 (0.23)

Age −0.19 (1.55) −0.48 (1.96)

Age2 0.01 (0.03) 0.01 (0.03)

Intercept 14.16 (22.31) 16.02 (28.21)

Observations 610 532

Log Likelihood −1,295.20 −517.05

Akaike Inf. Crit. 2,606.39 1,612.10

Bayesian Inf. Crit. 2,641.70 2,848.05

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

8the effect is only significant at the 90% confidence level
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Table 3.7: Sibling fixed-effect model of years of schooling on skin color by race

Years of Schooling

Women Men

Age 0.34 (1.87) −0.29 (1.98)

Age2 −0.003 (0.03) 0.01 (0.03)

White*Skin color −0.32 (0.56) 0.60 (0.56)

Black*Skin color −0.11 (0.19) 0.02 (0.32)

Asian*Skin color −0.01 (0.78) −0.13 (0.69)

Hispanic*Skin color 0.22 (0.50) −0.41 (0.46)

Intercept 5.95 (27.17) 15.53 (28.42)

Observations 610 532

Log Likelihood −621.60 −514.68

Akaike Inf. Crit. 1,891.19 1,613.35

Bayesian Inf. Crit. 3,321.15 2,862.13

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 3.3: Sibling fixed-effect model estimates of skin color effect on completed
years of schooling. Panel A displays results for women and panel
B displays results for men. Pooled effects come from models that
do not interact race and skin tone. Effects for specific racial groups
come from models that allow for such interaction.Bars represent 95%
confidence interval.
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3.5.3 Skin tone & personal earnings

The results from regression models in table 3.8 indicate that having a lighter skin color

is associated with a 9% increase in earnings among women but no increase among men,

adjusting for age and race. After controlling for socioeconomic background, the skin

color effect among women increases in size (from 0.09 to 0.15) and remains statisti-

cally significant. This increase in not statistically significant but in both cases the skin

color premium is significantly different from zero. In the case of men, controlling for

socioeconomic background pulls the skin color effect even closer towards zero.

Models that allow the effect of skin color to vary by race (table 3.9) indicate that,

controlling for socioeconomic background, the positive effect of skin tone on women’s

earnings holds for all racial groups but is only significant among Black women. For

men, point estimates suggest an heterogeneous effect of skin color, where the effect is

positive for Whites and Asians, negative for Blacks and null for Hispanics. Nevertheless,

none of these differences is statistically significant, and these effects are not significantly

different from zero. Blue dots in figure 3.5.3 depict these results.
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Table 3.8: Linear mixed model of log-earnings on skin color

log Earnings

Women Men

Skin color 0.09∗∗ (0.04) 0.15∗∗∗ (0.05) 0.03 (0.03) −0.01 (0.04)

Age −0.22 (0.44) −0.52 (0.55) 0.68∗ (0.37) 0.17 (0.44)

Age2 0.004 (0.01) 0.01 (0.01) −0.01∗ (0.01) −0.002 (0.01)

White −0.46∗∗∗ (0.12) −0.72∗∗∗ (0.15) 0.02 (0.11) 0.08 (0.14)

Asian 0.04 (0.14) −0.34 (0.21) 0.22∗ (0.12) 0.12 (0.17)

Hispanic −0.27∗∗ (0.12) −0.49∗∗∗ (0.16) −0.12 (0.11) −0.09 (0.15)

Parents Schooling (max) 0.02 (0.01) 0.003 (0.01)

Family income 1994 0.13∗∗∗ (0.04) 0.10∗∗ (0.04)

Foreign mother 0.13 (0.13) 0.10 (0.11)

Foreign father 0.26∗∗ (0.13) 0.04 (0.11)

Intercept 13.10∗∗ (6.34) 16.68∗∗ (7.88) −0.05 (5.31) 6.99 (6.39)

Observations 5,002 3,373 4,854 3,376

Log Likelihood −9,844.27 −6,570.84 −8,913.31 −6,168.47

Akaike Inf. Crit. 19,710.55 13,171.68 17,848.61 12,370.93

Bayesian Inf. Crit. 19,782.24 13,263.54 17,919.98 12,475.05

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3.9: Linear mixed model of log-earnings on skin color by race

log Earnings

Women Men

Skin color 0.10∗∗ (0.05) 0.15∗∗ (0.06) 0.002 (0.05) −0.06 (0.06)

White −0.58 (0.53) −0.54 (0.65) −0.35 (0.55) −0.79 (0.67)

Asian 0.67 (0.61) 0.17 (0.85) 0.18 (0.43) −0.38 (0.56)

Hispanic −0.25 (0.44) −0.81 (0.54) −0.31 (0.32) −0.14 (0.41)

Age −0.22 (0.44) −0.51 (0.55) 0.67∗ (0.37) 0.17 (0.45)

Age2 0.004 (0.01) 0.01 (0.01) −0.01∗ (0.01) −0.002 (0.01)

Parents Schooling (max) 0.02 (0.01) 0.003 (0.01)

Family income 1994 0.13∗∗∗ (0.04) 0.10∗∗ (0.04)

Foreign mother 0.13 (0.13) 0.11 (0.11)

Foreign father 0.27∗∗ (0.13) 0.05 (0.11)

White*Skin color 0.02 (0.11) −0.04 (0.14) 0.09 (0.12) 0.20 (0.14)

Asian*Skin color −0.16 (0.15) −0.12 (0.21) 0.02 (0.11) 0.14 (0.15)

Hispanic*Skin color −0.01 (0.11) 0.07 (0.13) 0.06 (0.08) 0.04 (0.10)

Intercept 13.16∗∗ (6.34) 16.57∗∗ (7.89) 0.24 (5.33) 7.17 (6.42)

Observations 5,002 3,373 4,854 3,376

Log Likelihood −9,847.27 −6,573.24 −8,917.03 −6,170.62

Akaike Inf. Crit. 19,722.54 13,182.49 17,862.07 12,377.23

Bayesian Inf. Crit. 19,813.79 13,292.71 17,952.89 12,487.47

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Results from sibling fixed-effect models provide a different characterization of these

patterns. These results suggest a small negative effect on women’s earnings and a large

positive effect on men’s earnings. These estimates, however, are not significantly dif-

ferent from zero (table 3.10). When the effect of skin tone is allowed to vary by race,

sibling fixed-effect point estimates suggest important heterogeneity across racial groups:

Black men and women would experience a large skin color premium, while the opposite

would occur among Asians. Estimates also indicate a positive effect among Whites, a
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Figure 3.4: Linear mixed model estimates of skin color effect on earnings. Panel
A displays results for women and panel B displays results for men.
Pooled effects come from models that do not interact race and skin
tone. Effects for specific racial groups come from models that allow
for such interaction. The “Baseline” model incorporates controls for
age and race. The “Baseline + SB” adds socioeconomic covariates.
Bars represent 95% confidence interval.
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negative effect for Hispanic women and a null effect for Hispanic men.

Because of the limited skin tone variation within families, these estimates display

wide confidence intervals and implausible effect sizes. As a result, most of these effects

are not significantly different across races, and we cannot reject the hypothesis of a

null effect. Nonetheless, the positive effect of skin tone on Black men’s earnings is

statistically significant, and the same holds for the negative effect for Asian men.

Table 3.10: Sibling fixed-effect model of log-earnings on skin color

log Earnings

Women Men

Skin color −0.04 (0.07) 0.20 (0.24)

Age −1.63 (1.65) 0.82 (2.07)

Age2 0.03 (0.03) −0.01 (0.04)

Intercept 33.49 (23.72) −2.16 (29.69)

Observations 524 521

Log Likelihood −1,090.07 −513.91

Akaike Inf. Crit. 2,196.14 1,597.82

Bayesian Inf. Crit. 2,230.23 2,810.71

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3.11: Sibling fixed-effect model of log-earnings on skin color by race

log Earnings

Women Men

Age −1.39 (2.71) 0.33 (2.06)

Age2 0.03 (0.05) −0.01 (0.04)

White*Skin color 0.35 (0.78) 0.11 (0.58)

Black*Skin color 0.45∗ (0.27) 0.71∗∗ (0.33)

Asian*Skin color −2.05 (1.56) −1.59∗∗ (0.72)

Hispanic*Skin color −0.87 (0.75) −0.003 (0.48)

Intercept 32.67 (39.53) 6.20 (29.51)

Observations 524 521

Log Likelihood −518.39 −508.04

Akaike Inf. Crit. 1,658.77 1,592.09

Bayesian Inf. Crit. 2,984.10 2,817.74

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 3.5: Sibling fixed-effect model estimates of skin color effect on earnings.
Panel A displays results for women and panel B displays results for
men. Pooled effects come from models that do not interact race and
skin tone. Effects for specific racial groups come from models that
allow for such interaction. Bars represent 95% confidence interval.
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3.6 Discussion

The present article revisits the sociological literature on colorism in the US by study-

ing the effect of skin color on schooling and early life earnings. The article innovates

in two ways: First, unlike previous studies focusing only on Black (Keith and Herring,

1991; Goldsmith et al., 2007, 2006; Hersch, 2009; Monk, 2015) or Hispanic populations

(Arce et al., 1987; Flores and Telles, 2012; Villarreal, 2010; Murguia and Telles, 1996),

I examine the effect of skin color on socioeconomic achievement for all the main racial

groups in the US - Whites, Blacks, Asian and Hispanics. Second, the article offered

more plausibly causal estimates for the effect of skin color on socioeconomic achieve-

ment than the associational evidence reported in previous work. Here, the main causal

challenge is to demonstrate that differential achievement by skin tone is produced by

discrimination by skin color, above and beyond inherited disadvantages due to stratifi-

cation by race in previous generations. I relied on two complementary empirical strate-

gies. First, I fit regression models that estimate the effect of skin color adjusting for a

rich set of socioeconomic background variables. Although previous research account

for some parental background characteristics – such as mother’s or father’s education

(Keith and Herring, 1991; Monk, 2014), parents’ education (Murguia and Telles, 1996;

Hersch, 2009; Goldsmith et al., 2007; Branigan et al., 2013; Goldsmith et al., 2006)

or parental occupation (Arce et al., 1987; Keith and Herring, 1991; Flores and Telles,

2012; Branigan et al., 2013) – most of them do not account for these variables jointly

and, to the best of my knowledge, none include parental income. By contrast, this arti-

cle studies the effect of skin color net of the effect of parents’ schooling, income, and

nativity status, as well as contextual effects given by state of residence. The second

empirical strategy relies on sibling fixed-effect models, which automatically purge the

effects of observed and unobserved family background factors by exploiting random
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within-family variation in skin tone.

Findings regarding educational attainment suggest a positive association between

skin color and years of schooling, where this association is significant for Blacks and

Hispanics but not for other groups. However, after controlling for parental background,

skin tone shows no clear effect on completed years of schooling. Although the de-

clines in point estimates after adjusting for socioeconomic variables are not statistically

significant, they suggest that part of the association between skin color and educational

attainment is due to the positive correlation between parental background and skin color.

These results hold across races and gender. Sibling fixed-effect models yield no consis-

tent pattern, where all estimates display substantial uncertainty. These results question

findings from previous studies that report a clear skin color educational premium (Flores

and Telles, 2012; Villarreal, 2010; Murguia and Telles, 1996).

For earnings, findings reveal a skin color premium for Black women; moreover, this

effect is robust to adjustment for socioeconomic background. For women of other racial

groups however, I find no such positive effect. For men, these findings yield a pooled

null effect of skin tone on income. Sibling fixed-effect models suggest an analogous

pattern. These models reveal a positive effect of skin tone on Black men’s and women’s

earnings and a negative effect on Asian men’s earnings. For other groups, estimates

display substantial heterogeneity, but none of these effects are significant. These re-

sults provide support to studies that have reported a skin color wage premium among

Blacks (Goldsmith et al., 2006; Monk, 2014), and reinforce the hypothesis that at least

part of this premium reflects discrimination and not merely color based inequalities in

the previous generation. By contrast, in the case of Hispanics, unlike previous studies

(Telles and Murguía, 1992; Murguia and Telles, 1996; Frank et al., 2010), these findings

indicate that after accounting for socioeconomic background – both via regression ad-
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justment and fixed-effects – the effect of skin color on men’s income is very weak. For

Hispanic women, I find no significant effects whatsoever. This being said, it is important

to note that these results concern early-life earnings, and as such, might not be entirely

comparable to other research studying the relationship between skin color and income.

Overall, these results highlight the complexities of studying gradational racial in-

equalities occurring above and beyond categorical forms of racial disparities. Due to the

social construction of racial categories in the United States, this study only finds sizable

skin color heterogeneity among Blacks, and to a lesser extent, Hispanics and Asians.

Second, I demonstrate that improper account of socioeconomic origins runs the risk of

mistaking skin tone discrimination in the current generation for racial inequalities in the

previous generation.
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3.7 Appendix

Table 3.12: Crosswalk from highest level of education achieved to years of
schooling

Highest level of education achieved Year of Schooling

8th grade or less 8

Some high school 10

High school graduate 12

Some vocational/technical training (after high school) 13

Completed vocational/technical training (after high school) 14

Some college 14

Sompleted college (bachelor’s degree) 16

Some post baccalaureate professional education (e.g., law school, med school, nurse) 17

Some graduate school 17

Sompleted post baccalaureate professional education (e.g., law school, med school, nurse) 18

Sompleted a master’s degree 18

Some graduate training beyond a master’s degree 19

Completed a doctoral degree 21
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CHAPTER 4

EDUCATIONAL ASSORTATIVE MARRIAGE AND INCOME INEQUALITY

AMONG BLACK AND WHITE FAMILIES IN THE US, 1976-2017

4.1 Introduction

Social scientists have long been aware of the potential influence of assortative mating,

the nonrandom allocation of individuals into romantic relationships, on income inequal-

ity and its intergenerational reproduction (Schwartz, 2013a; Rosenfeld, 2008a; Blau and

Duncan, 1967b). Particular attention has been devoted to the study of educational assor-

tative mating, given the importance of education for structuring marriage markets and

for explaining myriad lifelong outcomes, for individuals as well as their offspring. How-

ever, researchers have yet to square three findings: the increasing similarity in education

among spouses (Schwartz and Mare, 2005b; Cancian and Reed, 1999), the continued

growth in income inequality across families, and the null or neglectable effect of the

former on the latter (Western et al., 2008; Breen and Salazar, 2011). In other words,

why has the increase of educational similarity among spouses not translated into an

increase in economic inequality across families?

In spite of this overall pattern, sociologists have found that Black women face struc-

tural pressures toward educational heterogamy as a result of the relative shortage of

similarly educated Black men. Consequently, American Black women, especially the

highly educated, are more likely than their White counterparts to “marry down” in edu-

cation and income. Such tendency towards educational and economic hypogamy might

offset the income concentration among educated couples, limiting the capacity of Black

women to concentrate advantages within the family. This expectation remains a theo-

retical possibility since, to the best of my knowledge, no study has investigated the link
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between educational assortative mating and income inequality within the Black popu-

lation. The present article fills this gap by investigating this issue for both White and

Black Americans.

An additional path through which educational sorting might affect income inequality

among married couples is by determining who enters marriage in the first place. In

fact, much sociological research reveals profound and growing disparities in marriage

chances by race and educational attainment. On a methodological level, this means that

existing evidence on marriages is, by necessity, based on a fraction of the US population

that is increasingly whiter and more educated than the total population. On a substantive

level, selection into marriage based on education implies that the opportunity structure

in the marriage market – the availability of potential partners of different educational

levels – is systematically biased. For these reasons, it is possible that part of what we

know about assortative mating – and its relation to rising inequality – is driven by the

biased and changing nature of marriage samples. This study examines this possibility

by explicitly incorporating selection into marriage as a factor endogenous to the process

of assortative mating.

This article re-assesses the null effect of assortative mating trends on the increase in

income inequality found in previous research. The present study goes beyond past work

in three ways: first, it offers separate analyses for White and Black populations, thereby

recognizing that different trends and patterns of assortative mating may have different

consequences for income inequality and its evolution over time. Second, by combining

traditional log-linear models with micro-simulations, it decomposes the overall impact,

or the lack thereof, of trends in educational assortative mating on increasing income

inequality into the component due to changes in the marginal distribution of education;

and the component due to changes in purely assortative behavior. The absence of this
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distinction in existing research might mask countervailing effects with respect to in-

equality. Third, the article examines the impact of differential selection into marriage,

assessing the extent to which our knowledge about the relationship between assortative

mating and inequality is driven by a systematic bias in the married population.

4.2 Trends in educational assortative mating

By various accounts, educational assortative mating, and educational homogamy, in

particular, has increased in the US during the last decades (Mare, 2008; Schwartz and

Mare, 2005b; Greenwood et al., 2014, but Gihleb and Lang, 2016). A similar trend also

obtains for a number of industrialized countries (Schmidt and Winter, 2008; Breen and

Salazar, 2010; Esteve and Cortina, 2006, but Birkelund and Heldal, 2003; Katrák et al.,

2006; Breen and Andersen, 2012b).

This literature has hypothesized a number of factors that explain trends in educa-

tional assortative mating. These can be broadly divided into changes in individual pref-

erences and changes in the structure of opportunities. Modernization scholars argued

that, as societies develop, individuals’ ascribed characteristics (e.g., race, religion, social

origin) lose importance as a source of success. Acquired traits, such as education and

experience, become more consequential for individual achievement and partner selec-

tion. This, together with the debilitation of third parties (e.g., parents) as matchmakers,

led scholars to predict an increase of educational assortative mating in modern societies

(Treiman, 1970; Lash, 1987; Kalmijn, 1991). Conversely, homogamy on ascribed traits,

such as race and religion, was expected to decrease (Rosenfeld, 2008b).

A parallel line of research maintains that increasing symmetry between men and

women may also affect educational assortative mating, although the direction of such
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change remains unclear. As women increase their socioeconomic standing relative to

men’s they can freely choose a partner on the basis of personal affinity and lifestyles,

without being concerned with their economic prospects. In other words, they can afford

to choose love (Fernandez et al., 2005). In addition, women’s new status might urge

men to start competing for highly-educated spouses. If both parties have increasingly

similar preferences for high-status partners, then educational assortative mating would

increase (Oppenheimer, 1988; Sweeney, 2002a).

Other theories stress the changes in the structure of search for a partner (Xie et al.,

2015). On the one hand, chances of intermarriage might depend on the degree of so-

cial distance between groups (Blau, 1977). Because the extent of inequality in a society

is correlated with spatial and institutional segregation (Reardon and Bischoff, 2011),

scholars have argued and documented that societies with higher levels of inequality ex-

hibit larger odds of educational homogamy, presumably because in such societies people

with similar levels of schooling are more likely to meet each other in neighborhoods and

institutions such as schools and the workplace (Torche, 2010). On the other hand, educa-

tional assortative mating may also arise from structural sources. At the most basic demo-

graphic level, Mare (1991) argues that educational expansion may increase assortative

mating by lengthening the time and the likelihood of contact between equally educated

men and women. Individuals might increasingly meet their partners in their last educa-

tional transition (Blossfeld, 2009) and educational institutions may play a “third-party”

role on marriage decisions (Schwartz and Mare, 2005b). Similarly, the expansion of

female labor participation may have transformed the workspace in an important place of

meeting for people with similar education (Blossfeld, 2009). More recently, the massive

growth of online dating has further facilitated educational homogamy by encouraging

initial contact and providing the basis for offline relationship formation among equally

educated individuals (Skopek et al., 2011).
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Available research from the U.S. consistently documents such increase in the odds

of educational homogamy due to educational expansion, the narrowing and reversal of

the gender education gap and the advancement of women in the labor market (Mare

and Schwartz, 2006; Schwartz, 2010). Moreover the increase in assortative mating has

not been homogeneous across the education distribution but mostly driven by rising ho-

mogamy at both ends of the education ladder (Schwartz and Mare, 2005b). Among

non-homogamous couples, there is a general tendency for women to marry a husband

with higher educational attainment (Blackwell and Lichter, 2004), although this ten-

dency should decline given changes in the educational attainment of men and women.

Counter to the increasing tendency towards educational assortative mating, sociol-

ogists have found that among Black couples, heterogamy is more common than ho-

mogamy. In particular, highly educated Black women face structural pressures toward

educational hypogamy as a result of the relative shortage of similarly educated Black

men (Spanier and PC, 1980; Maralani, 2013). Consequently, Black women are more

likely than Whites “marry down” in education, which may limit the capacity of edu-

cated Black couples to concentrate economic advantages within the household.

4.3 Differential retreat from marriage

By definition, the study of educational assortative marriage requires that individuals en-

ter marriage. However, due to the secular decline of marriage, increasing levels of mar-

ital dissolution and the emergence of alternative forms of cohabiting unions (Cherlin,

2004; Teachman et al., 2007), available evidence on the resemblance of spouses is rep-

resentative of an ever-smaller share of American families (Sweeney, 2002b). Moreover,

because this retreat from marriage is markedly structured along racial and socioeco-
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nomic lines, available evidence about assortative mating is likely to be biased towards

specific groups of the population.

The declining prevalence of marriage can be traced to a myriad of factors, both cul-

tural and structural (Cherlin, 2004). Especially relevant are women’s advancements in

education and the labor market, which have altered traditional patterns of gender spe-

cialization and potential gains from marriage. Although different theories yield different

predictions regarding the consequences of these transformations (e.g., (Oppenheimer,

1988)’s career-entry theory vs. Becker (1981)’s specialization and trading model of

marriage), empirical evidence generally favors theories that predict a positive effect of

women’s economic prospect on marriage, supporting the idea of gains-to-marriage and

the resulting greater socioeconomic resemblance between partners (Oppenheimer, 1997;

Sweeney, 2002b; Schoen and Cheng, 2006; Teachman et al., 2007, but Xie et al., 2003).

Yet, for some groups, these transformations “meant that marriage was no longer worth

the costs of limited independence and potential mismatch” (Lundberg and Pollak, 2013).

Although these changes affect society at large, the retreat from marriage is markedly

heterogeneous by race and socioeconomic status. Evidence amounts to at least five

decades of divergence in the marriage patterns of Black and White Americans. Blacks

have long exhibited lower marriage rates than Whites, and this gap is increasing over

time due to the rising proportion of never-married Black women but the stable preva-

lence of their White counterparts (Bennett et al., 1989). Consequently, the retreat from

marriage has taken on different meaning for the two populations, where Whites have

mostly retreated from early marriage and Blacks have retreated from marriage altogether

(Teachman et al., 2007).

One of the most influential explanations for the Black-White marriage gap is the

hypothesis of a shortage of “marriageable” Black men. According to Wilson (1990),

86



the decline of marriage rates and the rise of female-headed families could be explained

by the shrinking pool of economically attractive men for Black women to marry. Re-

searchers have extended the notion of marriageability to incorporate several dimensions

of Black male’s labor markets and have found mixed support to Wilson’s claims (Ben-

nett et al., 1989; Lichter et al., 1991, 1992; Wood, 1995; Raley, 1996; Lichter et al.,

2002). This shortage is further exacerbated by the much faster educational advancement

of Black women compared to Black men (McDaniel et al., 2011). As a result, Black

women face a more difficult marriage market compared to their White counterparts, a

finding that still holds today (Cohen and Pepin, 2018).

The retreat from marriage has also been influenced by socioeconomic status as the

decline in marriage rates has occurred more rapidly for those with less education, fewer

resources, and less economic opportunities (Lichter et al., 2002; Ellwood and Jencks,

2004; Schoen and Cheng, 2006; Harknett and Kuperberg, 2011). We also observe di-

vergent trajectories with respect to marriage, especially for women: women with more

education and resources increasingly cohabit before marriage but marry before conceiv-

ing children. In contrast, poor and less educated women are much less likely to marry

and thus more likely to rear children in cohabitating relationships (McLanahan, 2004;

Lundberg and Pollak, 2013). In other words, the retreat from marriage is being led by

those with the least resources (Schoen and Cheng, 2006).

Race and socioeconomic background also interact to produce inequalities in mar-

riage rates. Data from the mid-1980’s have shown that increased education negatively

affected the probability of getting married among Whites, while the reverse was true

among Blacks. More recent evidence shows the retreat from marriage to be the strongest

among Blacks with the least education (Schoen and Cheng, 2006).

These trends in marriage patterns have significant consequences for the study of ed-
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ucational resemblance among spouses. Differential retreat from marriage means that,

over time, patterns of educational assortative mating among married couples are not

only informative of a smaller share of the population but also of a systematically distinct

one: whiter, more educated and more affluent. In addition, the fact that educated indi-

viduals enter marriage at a higher rate than their less educated counterparts shapes the

opportunity structure in the marriage market in ways that favor educational homogamy

at the top. Thus, higher educational resemblance among potentially high-earners would

mechanically result from the marginal distributions of partners’ educational attainment,

although it is also plausible that individuals who enter marriage have different prefer-

ences for partners’ education compared to their unmarried counterparts.

4.4 Trends and patterns in Educational assortative mating and the

increase of income inequality

In a context of increased educational similarity among spouses, it is intuitive to ex-

pect a consequent increase in income inequality across families. Because of the strong

link between an individual’s education and her earnings, scholars have hypothesized

that the rise of educational similarity would translate into increased income similarity

among partners, thus reducing income dispersion within households and augmenting it

between them (Blossfeld and Timm, 2003; Esping-Andersen, 2007; Breen and Salazar,

2011; Greenwood et al., 2014). A higher resemblance in partners’ earnings could re-

flect an increased preference for a partner with similar potential earnings, but can also

arise as a by-product of other drivers of educational assortative mating such as changes

in the structure of opportunities or sorting on the basis of the lifestyles associated with

education. Proponents of this perspective saw these demographic phenomena as a po-
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tential explanation for the take-off in income inequality in the US and other countries

(Esping-Andersen, 2007).

However, the effect of increased educational assortative mating on income inequality

across families remains unclear. Using decomposition methods, sociologists have found

that assortative mating has a null or only minor impact on income distribution in the

United States (Western et al., 2008; Breen and Salazar, 2011), a result that holds in

other national contexts (Grotti and Scherer, 2016; Breen and Salazar, 2010). In contrast,

through simulation methods, (Greenwood et al., 2014) found that, compared to random

mating, education-based assortative mating had a positive effect on income inequality

in 2015 but none in 1960. Other researchers report that homogamy has contributed to

increasing income inequality in other countries (Schmidt and Winter, 2008; Breen and

Andersen, 2012a).

Three main possible explanations have been offered for the non-effect of assortative

mating on cross-sectional inequality. First, the increase in educational assortative mat-

ing may not be substantial enough to produce the expected effect on inequality (Breen

and Salazar, 2011). A second possibility is that researchers have used methods that

mask potential effects of increased assortative mating on income inequality. Indeed, re-

search linking assortative mating to inequality typically relies on decomposition meth-

ods (Western et al., 2008; Breen and Salazar, 2011; Breen and Andersen, 2012a), but

these suffer from at least two problems: they are often based on linearized, overly sim-

ple measures of educational assortative mating (e.g., correlation in partners’ education),

which may mask local patterns or offsetting trends (Schwartz, 2013a). This limitation

might be especially consequential given evidence of increasing homogamy among the

most and the least educated (Schwartz and Mare, 2005b). When decomposition methods

can accommodate discrete educational groups, these methods are unable to differentiate
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between assortative mating due to the marginal distributions of education, and assorta-

tive mating due to purely assortative behavior (e.g. (Breen and Salazar, 2011)). Such

limitation represents an important shortcoming since these two sources are informative

of distinct social processes and might affect income inequality differently. For example,

income inequality might decrease if educational expansion happens at different rates

for men and women (i.e., changes in the marginal distribution), facilitating educational

and economic heterogamy. Alternatively, a similar decrease in inequality might occur if

preferences for similarly educated partners (reflected in assortative behavior) declined

over time. In addition, an apparent null effect might, in fact, reflect countervailing pro-

cesses.

Finally, another possible explanation for the null effect of increased assortative mat-

ing on inequality is the comparatively weak linkage between wives’ educational attain-

ment and their labor market outcomes (Schwartz, 2013a). This means that partners that

have similar educational attainment and who should, in theory, have similar earnings

potential, do not in practice have similar earnings. For most of the past century, the

low proportion of women in the labor force (especially upon marriage) and the high

sensitivity of wives’ labor supply to their husbands’ wages was responsible for this phe-

nomenon (Goldin, 2006). However, as norms regarding traditional gender roles change,

and women attain similar (and more) education than men, wives’ labor supply should

continue to more strongly depend on their own potential wages, rather than their hus-

band’s. In turn, increased educational assortative mating is expected to have a larger

impact on economic inequality among families.
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4.5 The present study

In the present study, I re-assess the impact of educational assortative mating and income

inequality among married couples in the US. Unlike previous research, I examine this

relationship separately for Black and White populations, thereby recognizing that differ-

ences in patterns of assortative mating may lead to different consequences for income

inequality. In addition, I analyze the impact of differential selection into marriage by

race and education as an endogenous factor to the process of assortative mating. Specif-

ically, I assess how the differential retreat from marriage by race and education affects

income inequality across married couples by shaping the composition of the married

population.

Methodologically, the article combines log-linear models and micro-simulation to

overcome some of the limitations of decomposition methods used in previous research.

These simulations work by creating artificial marriages according to counterfactual as-

sumptions about marriage and assortative mating patterns and then comparing the result-

ing income inequality to actual inequality across marriages. These micro-simulations al-

low me to take advantage of the rich characterization of patterns and trends in assortative

mating that log-linear models offer. They permit me to separate partners’ educational

resemblance and its consequences for inequality into a component due to the marginal

distribution of partners’ education and a component due to purely assortative behavior.

Furthermore, it allows me to treat the marginal distribution of spouses’ education as a

product of both differential selection into marriage and race-specific patterns of educa-

tional attainment.

In substantive terms, this analytic strategy allows me to disentangle the processes by

which assortative mating influences income inequality. Theories that emphasize gains-

91



to-marriage predict that education will have a positive effect on the chances of marriage,

thus facilitating educational homogamy among the most educated. This, combined with

the educational advancement of men and especially women lead me to expect a decline

in educational homogamy at the lower end of the educational spectrum but an increase

at the top end. These effects would all arise from changes in the marginal distribution

of partners’ education. Theories that argue for an increased preference for similarly

educated (or maximally educated) partners lead to the same expectations, but in this

case, changes would be reflected in purely assortative behavior above and beyond the

structure of opportunity. One might expect that an increase in the prevalence of educa-

tional homogamy would favor income concentration within households - thus augment-

ing income inequality across families. Given known patterns of marriage and assortative

mating, these expectations are likely to apply especially to the White population.

In contrast, theories of Black marriage market shortage, lead us to expect both lower

marriage rates for Black women and, for those who enter marriage, a higher likelihood

of educational hypogamy (“marrying down”). According to this theory, such short-

age arises from the marginal distribution of education for Black men and women, not

from a higher “propensity” towards these behaviors. In the absence of a shortage, the

prevalence of educational homogamy within the Black population would be higher, thus

favoring a concentration of similar earners within households and boosting inequality

across families.

4.6 Analytic Strategy

I address the impact of educational assortative mating on income inequality for Black

and White Americans by means of counterfactual simulations. These simulations create
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artificial couples based on assumptions about selection into marriage and into a partner,

and aim to answer questions of the following type: how much income inequality across

families would we observe if those who get married today had the same socioeconomic

characteristics of married people in the late 70’s, right before the inequality takeoff? Or

if Blacks were as likely to marry as Whites? How much inequality would we observe if

educational resemblance among partners had not increased over the last four decades?

What would happen to family income inequality if Blacks were as likely as Whites to

marry similarly educated partners? The counterfactual assumptions in these simulations

come from logistic regression models for selection into marriage and log-linear models

that characterize trends and patterns of assortative mating. The analysis unfolds in three

consecutive stages, which I detail next.

4.6.1 Modeling selection into marriage

This stage of the analysis investigates changes over time in the stratifying effect of ed-

ucation and race with respect to marriage. More specifically, I use logistic regression

to model the probability of being married as a function of time period, educational at-

tainment, race, and gender. In addition, I include a cubic polynomial to adjust for age.

Models are estimated separately for men and women, Blacks and Whites. Year and

educational attainment are modeled as discrete variables and are allowed to interact. Es-

timates from these models allow me to compute, for an individual i, of gender g and race

r, the predicted probability of being married (m) – i.e., entering the sample for the study

of assortative mating – as a function of education l, survey year k and age. Formally:

m̂igr = logit−1(X ′igrβ̂ gr +A′igrδ̂ gr) (4.1)
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where X igr is a vector of dummy variables for education, year and their interaction

and β
′
gr the corresponding effects. A′igr is a vector of age terms and δ gr the correspond-

ing coefficient estimates. Indexed g and r in regression coefficients indicate that models

are fit separately by race and gender. Estimates of the probability of being married are

later used to assign individuals to a marriage status based on counterfactual assumptions.

4.6.2 Modeling educational assortative mating

In the second stage of the analysis, I characterize the pattern of assortative mating and

its evolution over time using log-linear models for contingency tables. These models

provide estimates of the association of couples’ education while controlling for changes

in the marginal distribution of educational attainment. More specifically, I analyze the

225 cells in a three-way table generated by cross-classifying husband’s education (H: 5

categories), wife’s education (W: 5 categories) and year of the survey (Y: 9 categories).

Analyses are conducted separately for Blacks and Whites (R: 2 categories). Equation 4.2

describes a saturated model for the contingency table resulting from the cross-tabulation

of these three variables for each race. This model is fit separately by race, which is

equivalent to a fully-interacted model in a four-dimensional contingency table.

logFi jkr = λ0r +λ
H
ir +λ

W
jr +λ

Y
kr +λ

HY
i jr +λ

WY
ikr +λ

HW
jkr +λ

HWY
i jkr (4.2)

Here Fi jkr corresponds to the count in the i jkth cell of the table for race r, where i

and j index different levels of educational attainment of husband and wife and k indexes

survey years. The marginal distributions of these variables are given by λ H
ir , λW

jr and λY
kr,

while changes over time in the marginal distribution of partners’ education are denoted

by λ HY
ikr and λWY

jkr . Finally, λ HW
i jr and λ HWY

i jkr captures association in partner’s educational
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attainment both at the baseline and subsequent years, respectively.

In search for a most parsimonious yet accurate characterization of educational as-

sortative mating, I test several model specifications, each corresponding to a different

hypothesis regarding the pattern and evolution of the mating structure. More specifi-

cally, I run different specifications of homogamy and crossing models (Goodman, 1972).

These include homogamy models both with constrained and unconstrained main di-

agonal, models with symmetric and asymmetric movements across the minors diago-

nals, crossing models and combinations of these (details in Appendix 4.10.1). In order

to select a model specification that accurately describes patterns of assortative mating

without over-fitting the data1, I rely on traditional goodness of fit statistics (Deviance,

Dissimilarity Index, Akaike and Bayesian Information Criteria) as well as k-fold cross-

validation (details in Appendix 4.10.2).

Results from these models will provide substantive insight to interpret the effect of

trends and patterns of assortative mating on income inequality. However, to prevent the

possibility that imperfect fit drives the simulation results, I use parameter estimates from

the saturated model as inputs in the counterfactual simulation. Based on the predicted

counts yielded by the saturated model in this analysis, I compute, for each individual,

the conditional probability of marrying a partner of each educational level given the

person’s own education, race and time. Formally,

pW
i| jkr | θ̂ = P(H = i |W = j,Y = k,R = r, θ̂) =

F̂i jkr

∑i F̂i jkr

pH
j|ikr | θ̂ = P(W = j | H = i,Y = k,R = r, θ̂) =

F̂i jkr

∑ j F̂i jkr

(4.3)

Thus, for each wife and husband pW
jkr : {pW

1 jkr, . . . , pW
5 jkr} and pH

ikr : {pH
i1kr, . . . , pH

i5kr}
1That is, fitting a model that uses too many parameters relative to the number of observations.
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denotes the respective probability that she/he will marry a partner of every level of ed-

ucational attainment given her/his own characteristics. Importantly, these estimates are

conditional on parameter estimates from the saturated model for assortative mating (θ̂ ),

which will be manipulated in counterfactual simulation.

4.6.3 Simulations using counterfactuals

The third part of the analysis investigates the impact of selection into marriage and ed-

ucation assortative mating on trends in income inequality and differences across races.

Building on results from the previous stages of the analysis, I implement a series of

counterfactual scenarios to investigate the partial contribution of specific aspects of mar-

riage and assortative mating (e.g., racial gaps in marriage rates, educational expansion,

changes is assortative behavior). These simulations work by stochastically assigning

individuals into marriage and into a partner, based on counterfactual assumptions re-

garding selection into marriage and assortative mating. Operationally, this is achieved

by replacing parameter estimates from the marriage and assortative mating models (θ̂

and β̂ , respectively) by a modified version that impose counterfactual assumptions on

specific facets of these processes (e.g. “if Blacks married at the same rate at Whites”, “if

homogamy today was as in 1975”), while maintaining others as observed. Throughout

the article I refer to these as β̃s and θ̃t , where the tilde indicates that these are modified

parameter vectors and s and t index particular counterfactual scenarios regarding mar-

riage and assortative mating, respectively. Nonetheless, in these simulation individuals

retain all their observed characteristics (e.g., age, education, race, income) except for

their marital status and their actual spouse (if any). More specifically, these simulations

rewire the marriage network by manipulating who is connected and to whom according

to the following set of steps:
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i. I determine whether a person is married or not with a random draw from a Bernoulli

distribution that uses the counterfactual probability of marriage as a parameter. For-

mally,

M̃igr ∼ Bernoulli(m̃igr | β̃ ), where M̃igr ∈ {Married,Single}

As mentioned above, the probability of marriage depends on gender (g) and race

(r), educational achievement (l), survey year (k) and age.

ii. If a person is assigned to marriage, I determine the educational level that is required

for a potential partner of his/her with a random draw from a Multinomial distribu-

tion. The parameter of this distribution is the vector of counterfactual probabilities

of marrying a same-race partner 2 of each educational level ( p̃ jgr). These proba-

bilities depend on the person’s own educational attainment, race, gender and sur-

vey year. Furthermore, because counter-factual selection into marriage changes the

marginal distribution of spouses’ education, the probabilities described in Equation

4.3 are adjusted using weights that account for this change in margins (see section

4.10.4 for more details on this weighting prodedure). Formally,

˜SHW
jkr ∼Multinomial(p̃W

jgr | θ̃ , β̃ ), where ˜SHW
jgr ∈ {10−11, . . . ,≥ 16}

˜SW H
ikr ∼Multinomial(p̃H

igr | θ̃ , β̃ ), where ˜SW H
igr ∈ {10−11, . . . ,≥ 16}

where ˜SHW
jkr corresponds to the educational level the wife j will look for in a hus-

band, given her education, race and survey year. ˜SW H
ikr is the analog for husbands.

iii. I assign each wife w and husband h to an artificial same race partner such that

he/she is observed in the same survey year, has the required educational achieve-

2See section 4.7 for details on this assumption.
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ment ( ˜SHW
igr or ˜SW H

igr), and a realistic age difference3. Here c̃w : {w, h̃} denotes

an artificial couple where a husband is probabilistically assigned to a wife, and

c̃h : {h, w̃} denotes an artificial couple where a wife is assigned to a husband. Each

partner in these artificial couples retains all observed characteristics, such as age,

education, and income.

iv. Next, the whole sample of artificial marriages – C̃ – is obtained by combining a

50% random sample of couples where the wife is the seed (denote set of indexes

by W ′) and a 50% random sample of couples where the husband is the seed (denote

set of indexes by H ′). This procedure permits me to implement the partner search

as initiated by both men and women while preserving the marginal distributions of

variables for wives and husbands, without artificially duplicating the sample size.

Formally,

C̃ : (
⋃

w∈W ′
c̃w)

⋃
(
⋃

h∈H ′
c̃h)

v. Finally, I compute family income inequality under counterfactual scenario st using

the Theil Entropy Index. Formally,

T st =
1
N

N

∑
c=1

yst
c

µst ln
yst

c
µst

The comparison of actual inequality T to T st informs us about the impact on income

inequality of the specific aspects of selection into marriage and assortative mating.

Following the intuition behind standard permutations tests (Dufour et al., 2015),

I implement a sufficiently large number of iterations for each scenario to summarize

uncertainty around these counterfactual inequality estimates.

3For each person I stochastically determine a “wanted age difference” using a normal random draw
with parameters corresponding to the mean and standard deviation in partners age difference for married
individuals of the same race, gender, education and survey year. Next, I limit the individual choice set to
potential partners who are 10 years below or 10 years above the “wanted age difference”.
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In particular, my analysis implements these counterfactual scenarios in two stages:

in the first set of simulations I manipulate different aspects of assortative mating but

take the sample of married individuals as given. In other words, these scenarios com-

bine factual patterns of selection into marriage with counterfactual assumptions regard-

ing educational assortative mating. In these scenarios changing patterns of assortative

mating can affect income inequality by altering the availability of potential partners of

different educational levels (i.e., the marginal distributions) and/or individual propensi-

ties to marry different types of partners (i.e., assortative behavior). Column 2 in Table

4.1 details and indexes these scenarios.

The second set of simulations implement counterfactual assumptions regarding se-

lection into marriage while keeping assortative mating “as observed”4. In these scenar-

ios, selection into marriage might affect income inequality by shaping the opportunity

structure for couples to form. In other words, if selection into marriage occurred in

a different way than what is observed, the distribution of education for married men

and women would also change, thus altering the changes in assortative mating based

on education. It is also plausible that changing patterns of selection into marriage might

translate into different patterns of assortative behavior, as non-married individuals might

have different preferences for partners’ education compared to their married counter-

parts. However, since assortative behavior is also observed for married individuals, this

aspect of assortative mating cannot be counterfactually manipulated. Row 2 in Table 4.1

details and indexes these scenarios. Table 4.1 illustrates the simulated scenarios that I

implement.

4Note that counterfactuals regarding selection into marriage cannot be combined with actual patterns
of assortative mating because, by necessity, these are only available for observed couples.
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Table 4.1: Counter-factual scenarios

Mating (t) / Marriage (s) 0. Observed 1. As observed 2. At 1975 3. B-W switch 4. Random

0. Observed (0,0) x x x x

1. As observed (1,0) (1,1) (1,2) (1,3) (1,4)

2. Margins at 1975 (2,0)

3. Assortative behavior at 1975 (3,0)

4. B-W switch in margins (4,0)

5. B-W switch in assortative behavior (5,0)

6. Random (6,0)

In further detail:

• (1,0) Assortative Mating as observed: Artificial couples are formed probabilis-

tically according to the observed pattern of assortative mating. This scenario

maintains the same structure of education-based mating but removes the force

of attraction of any other unobserved characteristic that might be correlated with

education. For example, individuals might choose their partners on the basis of

educational attainment and social origin, two factors that are correlated. In this

scenario, each person is assigned an artificial partner that is structurally equiva-

lent to his/her actual partner, but the social origin of that artificial partner does not

necessarily coincide with that of the actual partner. For this reason, the results

from this scenario provide a benchmark to interpret the outputs of other simula-

tions, in which specific features of the educational assortative mating model are

counterfactually changed.

• (2,0) Margins at 1975: For each race and gender, the marginal distribution of

education is kept at levels observed in 1975, the beginning of the studied period.

Different theories maintain that educational expansion might have contributed to
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the rise in educational homogamy by exposing a large share of the population

to similarly educated individuals. Consequently, this scenario aims to assess the

effect of educational expansion on income inequality.

• (3,0) Assortative behavior at 1975: For each race and gender parameters that

describe pure assortative behavior are kept at levels observed in 1975. Modern-

ization scholars argue that the increasing tendency of individuals to chose partners

on the basis of lifestyles and values might explain part of the increase in educa-

tional assortative mating. Consequently, this scenario aims to assess the effect of

changes in pure assortative mating on the takeoff in income inequality.

• (4,0) Black-White switch in margins: This scenario simulates income inequality

for each race assuming that, in any given year, Whites have the marginal distribu-

tion of education of Blacks and vice versa. Scholars have argued that the shortage

of marriageable Black men, reflected in the imbalance between the educational at-

tainment of Black women and men, leads Black women to retrieve from marriage

or to “marry down”. This scenario aims to test the effect of the marriage market

shortage for family income inequality by estimating inequality in the absence of

such shortage.

• (5,0) Black-White switch in assortative mating: This scenario simulates income

inequality for each race assuming that, in any given year, Whites exhibit the as-

sortative behavior of Blacks and vice versa. This scenario tests whether possible

Black-White differences in assortative behavior shape income inequality for each

group.

• (6,0) Random assortative behavior: In this scenario, artificial couples are formed

assuming that educational mating is not assortative and agents in the marriage

market are uniquely constraint by the marginal distribution of education. The

difference between observed income inequality and the one observed under this
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scenario provides an upper bound for the effect of education-based assortative

behavior on income inequality. This scenario is equivalent to the simulation im-

plemented by Greenwood et al. (2014).

• (1,1) Marriage and assortative mating as observed: Individuals are assigned into

marriage according to the observed marriage patterns and, then, artificial cou-

ples are formed probabilistically according to the observed pattern of assortative

mating. The comparison between this scenario and counterfactual (1,0) – actual

marriage and assortative mating as observed – is informative of how much ran-

domness in marriage assignment is induced by the model’s imperfect fit, and how

this affects income inequality. Therefore, this scenario provides a benchmark for

results from other simulations regarding selection into marriage, because these

manipulate specific features of the marriage model.

• (1,2) Marriage at 1975 and assortative mating as observed: For each race and

gender marriage rates are fixed at levels observed in 1975 and patterns of assor-

tative mating are kept as observed. Because the retreat from marriages has been

led by those with the less education, without such retreat more individuals with

low educational attainment would be available in the marriage market. This sce-

nario aims to assess the effect of this skewed retreat from marriage on income

inequality.

• (1,3) Black-White switch in marriage and assortative mating as observed: This

scenario simulates income inequality for each race assuming that, in any given

year, Whites have the marriage rates of Blacks and vice versa, while patterns of

assortative mating are kept as observed. The primary aim of this scenario is to test

the effect of the lower and more unequal marriage chances of Blacks on income

inequality.

• (1,4) Random marriage: In this scenario individuals’ chances of marriage are
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constrained by the marginal distribution of marriage, but any other source of se-

lection is removed, including education. The difference between observed income

inequality and the one observed under this scenario provides an upper bound for

the effect of education-based selection into marriage on income inequality.

4.7 Data and Measures

I use the public use Annual Social and Economic Supplement of the Current Population

Survey (ASEC-CPS hereafter) to study the link between marriage, educational assorta-

tive mating and income inequality for the two major racial groups in the US over the

period 1976-2017.

For this purpose, I restrict the sample to Black or White individuals (10% and 90%

of the sample, respectively) who are aged 20 to 64 and are the householder and spouse

of householder (N=3,128,309). I use this sample for the study of selection into marriage.

Furthermore, for the study of patterns of educational assortative mating I use the sub-

sample of prevailing marriages5 in which both husband and wife are 20 to 64 years

old (N = 1,131,635), the woman is no older than her partner by more than 25 years,

the man is no older than his partner by more than 30 years and none of the partners

is under the age of 186. For both substantive and practical reasons, I exclude mixed-

race couples, therefore limiting the study to exclusively Black or exclusively White

couples. Given the extremely low prevalence of mixed race couples in my samples

(0.34% of marriages), this choice does not threaten the generalizability of the results to

the American demographic context, broadly defined.

5Unmarried partner can only be identified starting 1995.
6I choose these age restrictions to ensure comparability with Breen and Salazar (2011)
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The primary measures of the study are individuals’ educational achievement and

earnings. To facilitate comparison with previous studies I follow Schwartz and Mare

(2005b) and Breen and Salazar (2011) and measure educational attainment as completed

years of schooling using the following five categories scheme: less than grade 10 (“less

than 10”), grades 10-11 (“10-11”), grade 12 (“12”), one to three years of college (“13-

15”) and four or more years of college (“16 or more”). The measure of individual

income consists of wages/salary and income from self-employment (in 2017 US$). In

turn, family income is obtained by adding the income of spouses. I treat zero income

as a meaningful value, as it is informative of the economic standing of individuals and

families. Finally, to ensure an adequate sample for all analyzed periods, I collapse

survey years into half-decades.

4.8 Findings

4.8.1 Descriptive Statistics

Descriptive statistics reveal clear temporal changes in marriage and assortative mating,

as well as Black-White differences in these two dimensions. As shown in Figure 4.1,

singleness has monotonically increased across genders and races, but its prevalence is

significantly larger within the Black population, especially among Black women. Black

women are more than twice as likely than White women to be single, and the ratio

of Black to White men is only slightly smaller. In the most recent years of the data,

singleness is the modal state among Black adults, while marriage is the modal status for

White adults.

Among those who are married, homogamy – that is, having an equally educated
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partner – is the most common state for both Blacks and Whites. Importantly, the share

of educationally homogamous couples is increasing over time, especially among Whites.

Trends in heterogamy – having a partner with different educational attainment– on the

other hand, differ across Black and White populations. Among Whites, until the 2000’s

it was more common for the husband to have more education than the wife, a situation

that recently reversed as a consequence of the faster educational advancement of women.

In contrast, over the entire period the prevalence of Black marriages in which the wife

has more education than the husband is higher than the reverse case.

Finally, the disaggregation of homogamous marriages reveals countervailing trends,

with a sharp increase in the share of highly educated homogamous couples and a decline

of homogamy at low educational levels. These trends hold for both Black and White

marriages but are more marked for Whites’. Taken together, these trends in assortative

mating likely reflect both Black-White differences and temporal changes in the marginal

distributions of education and assortative behavior. Log-linear analyses in section 4.8.3

will disentangle these two processes.
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Figure 4.1: Descriptive statistics
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The stylized facts reported here provide preliminary support for three motivating

statements: first, that marriage is structured by race. The next section will further ex-

plore stratification by educational attainment, indicating that selection into marriage is

a factor endogenous to the process of assortative mating. Second, that educational ho-

mogamy is rising among the most educated, especially among Whites. Third, that the

patterns of educational heterogamy differ by race, where Black women are generally

more likely to have more education than their husbands.

4.8.2 Trends and patterns of selection into marriage

In this section, I present findings regarding trends and patterns of selection into marriage

by race and educational attainment. Results from logistic regression models confirm that

education and race stratify marriage chances and, for most of the population, these are

declining over time. Whites are significantly more likely to be married than Blacks,

but the gap is much larger among women. In addition, people with more education are

generally more likely to be married than those with less education and these differences

are widening over time. This trend is mostly driven by the rapid decline of marriage

among individuals with 10 to 11 years of schooling, and the relative stability of marriage

rates among college graduates (16 years or more). I also find that education and race

interact at producing different chances of marriage: the stratifying effect of education is

much weaker for Whites than it is for Blacks. Moreover, the importance of education for

marriage changes is increasing at a faster rate for the Black population, especially Black

men. By contrast, among White college graduate females, the likelihood of marriage

shows a slight increase since the mid-90’s. Finally, except for Black women, these

results indicate that college graduates were once the least likely to be married but are

now the most likely to do so.
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Figure 4.2 displays these results.

Figure 4.2: Predicted probability of being married at age 42 (mean) by race, gen-
der and educational attainment

These findings have several implications for the study of educational assortative mat-

ing and family income inequality: first, the much higher rate of marriage among Whites

implies that studies of assortative mating in the US disproportionately represent the pat-

terns of this group. In fact, in the general sample the White-Black ratio is 8.9, while in

the married sample this number is 14.3. This selection bias is aggravated by the faster
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decline of marriage among Blacks compared to Whites. Second, the fact that marriage

is more strongly stratified along educational lines for Blacks implies that the mating pat-

terns we observe for Black couples disproportionately represent the patterns of highly

educated Black Americans. Third, widening inequality in marriage by educational at-

tainment and race indicates that this selection bias has become more severe in recent

periods: compared to past decades, marriage is now systematically more likely to occur

among Whites, and among people with more education. Again, this issue is the most

evident for Blacks, but it also holds for Whites.

Moreover, because of the connection between education and earnings, these trends in

selection into marriage mean that existing evidence on the relation between assortative

mating and family income inequality is likely biased towards processes that take place

at the top of the education and income distributions.

Finally, these findings also suggest that patterns of educational assortative mating

would be different if marriage chances were structured in different ways. The reason is

that education-based selection into marriage shapes the opportunity structure in the mar-

riage market (i.e., the availability of potential partners of different educational levels),

thus mechanically affecting individuals’ chances of marriage. In particular, given that

highly educated individuals are increasingly more likely to enter marriage compared to

their less educated counterparts – especially among Blacks–, one might expect less ed-

ucational homogamy among the highly educated and lower levels of income inequality

across marriages in the absence of such selection patterns.
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4.8.3 Trends and patterns of educational assortative mating

This section explores trends and patterns of educational assortative mating within Black

and White adult populations. For this purpose, I implement several log-linear model

specifications, each corresponding to a particular hypothesis regarding the patterns and

evolution of the mating structure. Diagnostics yielded by traditional goodness-of-fit

statistics and a cross-validation procedure suggest that the pattern of educational assor-

tative mating is best represented by Model 8 in Tables 4.2 and 4.3.

This model allows different extents of educational homogamy at different educa-

tional levels as well as changes over time in the strength of homogamy. It also incor-

porates asymmetric movements along the minor diagonals, which indicate that partners

are likely to differ by one level of education and that education hypogamy and hyper-

gamy vary in extent (e.g., the likelihood of observing a couple where the husband has

one more level of education than his wife is different from the probability of finding a

couple where the wife has one more level of education than her husband). This result

holds in both Black and White populations and is only partially consistent with existing

research.

In the case of White couples, judging by BIC alone, one would choose Model 11, a

specification that incorporates crossing barriers – i.e, parameters that measure the dif-

ficulty of intermarriage among individual with different education– and a constrained

diagonal for homogamy. Such choice would be consistent with previous research that

finds crossing models to outperform different variants of homogamy models at describ-

ing assortative mating trends in the US (Schwartz and Mare, 2005b). However, statistics

that impose less severe or none penalties to model complexity do not yield the same

diagnostic. In fact, by all other measures, the best performing model is Model 8. As for

assortative mating among Black spouses, BIC prefers a simple model (Model 3), where
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educational assortative mating is entirely explained by the marginal distribution of part-

ners’ education, changes over time in these distributions and cross-sectional interaction

between husband’s and wife’s education. Notably, this model implies that there are no

relevant trends in assortative behavior. Such preference is partially explained by the fact

that the sample of Black marriages is rather small, a situation in which BIC tends to

prefer parsimonious but sometimes ill-fitted models (Clogg, 1982; Weeden and Grusky,

2005). The choice of a specification for Black marriage patterns is further complicated

by the fact that each fit statistic shows a preference for a different model.

In addition, I evaluate all models through k-fold cross-validation, a technique used in

machine learning to assess the predictive performance of models out-of-sample. Cross-

validation prevents the problem of over-fitting, thus serving the same purpose of tradi-

tional goodness of fit statistics (details in section 4.10.2 in Appendix). The last column

of tables 4.2 and 4.3 reports the cross-validation error of each model candidate, which

indicates that the most predictive model is Model 8, both for Black and White marriages.
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Table 4.2: Log-Linear Models of the Association Between White Husbands and
Wives Educational Attainment: US, 1975-2015

Model df G2 100*D AIC BIC CV-error

(1) Indep = [W][H][Y] 208 690359.09 30.36 689943.09 690581.04 1387234.85

(2) Indep-Year = [WY][HY] 144 551718.31 28.02 551430.31 552828.05 1371927.84

(3) CI = [W][H][Y][HW][WY][HY] 128 3050.93 1.66 2794.93 4382.61 1313857.06

(4) CI+[CDiag][CDiagY] 120 2131.08 1.40 1891.08 3573.74 1313757.85

(5) CI+[Diag][DiagY] 88 738.54 0.64 562.54 2625.09 1313622.01

(6) CI+[CDiag][CDiagY][Sym][SymY] 112 2104.29 1.39 1880.29 3657.92 1313758.97

(7) CI+[CDiag][CDiagY][Asym][AsymY] 104 1836.54 1.33 1628.54 3501.14 1313732.33

(8) CI+[Diag][DiagY][Sym][SymY] 80 632.75 0.58 472.75 2630.28 1313611.11

(9) CI+[Diag][DiagY][Asym][AsymY] 72 407.90 0.37 263.90 2516.40 1313592.48

(10) CI+[Cross][CrossY] 96 851.91 0.72 659.91 2627.49 1313642.59

(11) CI+[Cross][CrossY][CDiag][CDiagY] 88 569.84 0.58 393.84 2456.39 1313605.56

(12) CI+[Cross][CrossY][Diag][DiagY] 72 469.03 0.45 325.03 2577.53 1313599.41

(13) Saturated = [WHY] 0 0 0 0 3107.26 1313561.94

W: Wife’s Education, H: Husband’s’ Education, Y: Year, CDiag: Main Diagonal constrained

Diag: Main Diagonal unconstrained, Sym: Symmetric movements minor diagonal

Asym: Asymmetric movements minor diagonal, Cross: Crossing parameters.
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Table 4.3: Log-Linear Models of the Association Between Black Husbands and
Wives Educational Attainment: US, 1975-2015

Model df G2 100*D AIC BIC CV-error

(1) Indep = [W][H][Y] 208 49870.43 30.87 49454.43 50049.78 1387235.72

(2) Indep-Year = [WY][HY] 144 30683.34 25.26 30395.34 31580.11 1371929.54

(3) CI = [W][H][Y][HW][WY][HY] 128 324.72 2.00 68.72 1400.85 1313855.05

(4) CI+[CDiag][CDiagY] 120 273.87 1.62 33.87 1439.67 1313762.39

(5) CI+[Diag][DiagY] 88 184.53 0.91 8.53 1709.04 1313625.95

(6) CI+[CDiag][CDiagY][Sym][SymY] 112 259.24 1.62 35.24 1514.72 1313757.00

(7) CI+[CDiag][CDiagY][Asym][AsymY] 104 242.31 1.54 34.31 1587.46 1313733.00

(8) CI+[Diag][DiagY][Sym][SymY] 80 154.54 0.82 -5.46 1768.72 1313614.72

(9) CI+[Diag][DiagY][Asym][AsymY] 72 137.23 0.68 -6.77 1841.09 1313594.32

(10) CI+[Cross][CrossY] 96 204.85 1.26 12.85 1639.68 1313641.60

(11) CI+[Cross][CrossY][CDiag][CDiagY] 88 154.70 0.99 -21.30 1679.21 1313609.22

(12) CI+[Cross][CrossY][Diag][DiagY] 72 132.50 0.77 -11.50 1836.36 1313600.84

(13) Saturated = [WHY] 0 0 0 0 2510.95 1313566.38

W: Wife’s Education, H: Husband’s’ Education, Y: Year, CDiag: Main Diagonal constrained

Diag: Main Diagonal unconstrained, Sym: Symmetric movements minor diagonal

Asym: Asymmetric movements minor diagonal, Cross: Crossing parameters.

Consequently, I choose Model 8 to characterize trends and patterns of educa-

tional assortative mating of Black and White couples. This specification is the rec-

ommended choice for Whites by almost all fit statistics, and it is a plausible candidate

for Blacks. Moreover, it is the model with better predictive performance according to

cross-validation. Figures 4.3 and 4.4 depict the trends implied by the preferred model,

both in terms of educational assortative mating due to changes in the marginal distribu-

tions of partners’ education (Panel A) and assortative mating due to assortative behavior

(Panel B)7. As observed, assortative mating arises from both sources but trends over
7Given the difference in sample size, the model intercept is removed from both figures to facilitate

comparison
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time are mostly dominated by changes in the marginal distributions of education. Be-

cause a high school degree (grade 12) is the modal educational attainment of men, in

the absence of assortative behavior, having a high school graduate husband would be

the most likely outcome for women of all educational levels, followed by having a hus-

band with “some college” (grade 13-15). However, due to the continued educational

advancement of women, all types of couples involving a wife with little education are

expected to decline over time, while the share of highly educated couples is expected to

increase. These patterns are comparable for Black and White populations, but there are

some important differences to note: first, the expected prevalence of homogamy among

the highly educated is larger for White compared to Black couples. Second, the share

of highly educated homogamous couples is expected to increase faster among Black

couples than Whites. Similarly, the fraction of poorly educated homogamous couples is

expected to decline at a faster rate in the Black population.

Regarding assortative behavior, I find evidence of educational homogamy, above and

beyond what is expected due to the marginal distributions. Homogamy occurs at almost

all educational levels, especially at both ends of the spectrum: people with 10 or fewer

years of schooling, as well as people with 16 or more years of schooling, are much more

likely to marry someone of the same educational level8. Homogamy due to assortative

behavior is similar across races but somewhat higher in the White population.

In addition, marrying a partner one level above or one level below the own educa-

tion is also more likely than what it would be expected in the absence of assortative

8It is important to notice that the results presented in these figures are not strictly interpretable in terms
of odds of assortative behavior. The reason is that the reference category in the chosen log-linear model
corresponds to couples where both partners have “less than elementary school” in 1990 but, counter-
intuitively, the indicator variable for homogamy takes on value zero. This problem arises from the model
specification and commonly occurs in applications of log-linear models (e.g., (Schwartz and Mare, 2005b,
p.636)). As a result, the intercept does not have clear substantive meaning, thus complicating the inter-
pretation of the remaining parameters. Nevertheless, this issue does not affect findings regarding trends
in assortative mating nor those regarding the relative size of parameters.
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behavior. Again, this tendency is stronger at the two ends of the educational spectrum.

Although the model allows for asymmetric heterogamy, these results display symmetric

movements along the minor diagonals. For example, a Black man with a college edu-

cation (16 years or more) has roughly the same odds of marrying a woman with some

college (13-15) than does a Black woman with a college education to marry a man with

some college (13-15). In the case of White couples, however, college-educated men ex-

hibit slightly higher odds of marrying a woman with some college than college-educated

women are of marrying a partner with some college. Regarding temporal variation, pat-

terns of assortative behavior remain, for the most part, stable over time for both Black

and White couples. There is, however, evidence of increasing homogamy at the two

lowest educational groups and a slight decline in homogamy for highly educated Black

couples.

Figures 4.7 and 4.8 in the Appendix depict patterns of educational assortative mating

produced by the saturated model. These results show a large degree of similarity with

those produced by the chosen log-linear model. Taken together, these results highlight

comparability in the trends and patterns of assortative behavior across Black and White

marriages as well as over time. These findings make it unlikely that this aspect of

assortative mating would have a significant influence on Black-White differences and

temporal trends in income inequality. On the contrary, patterns of assortative mating due

to the marginal distribution of education might affect income inequality among Black

and White marriages.
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Figure 4.3: Patterns of educational assortative mating among White couples

Figure 4.4: Patterns of educational assortative mating among Black couples
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4.8.4 The impact of educational assortative mating on income in-

equality

The main takeaway of the simulation results is that educational assortative mating and

income inequality across families are only weakly related - as documented in previous

work. They also show that the null association between assortative mating and income

inequality trends is not due to the conflation of trends for Blacks and Whites, or to

countervailing effects of educational expansion and changing assortative behavior.

Instead, the results indicate that each of these aspects exerts very minor or null im-

pact on family income inequality. The comparison between observed inequality (0,0)

and inequality in the scenario in which educational assortative mating is kept “as ob-

served” (1,0) suggests that removing the force of attraction of unobserved factors that are

correlated with education has a negative impact on income inequality. In other words,

if assortative mating only occurred on the basis of education, inequality would be lower

than what it is. Since the underlying model in this simulations is the saturated log-linear

model for assortative mating, this results cannot arise from imperfect fit. As observed in

figure 4.5, the reduction in inequality is much larger for Blacks than for Whites, which

suggests that, for the former, other sources of assortative mating operate simultaneously

with education and these favor similar earnings among Black couples.

Counter to theoretical expectations regarding the effect of temporal trends in edu-

cational assortative mating, Panel A in figure 4.5 shows that the increase in partners’

educational similarity driven by educational expansion has not reinforced income in-

equality. To the contrary, if the marginal distribution of education remained as it was

in 1975, income inequality would be similar to what it is today or slightly higher (2,0).

This finding holds for both Whites and Blacks but is more marked for the latter. This re-
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sult might be related to the sharp decline in the prevalence of Black marriages in which

both partners have very low educational attainment. Panel A in figure 4.5 also indicates

that temporal changes in assortative behavior exert no influence on income inequality

(3,0).

As for Black-White differences in assortative mating, Results in Panel B in figure

4.5 do not support the intuition that the marriage market shortage for educated Black

women might reduce inequality compared to what would be in the absence of such

shortage. These results show that if the marginal distribution of education for Blacks

were that of Whites, inequality would have remained “as observed”, not higher – as

one might expect. The same would be the case if the marginal distribution of education

for Whites were that of Blacks (4,0). Similarly, Black-White differences in assortative

behavior show no impact on income inequality (5,0).

Finally, if there were no assortative behavior, above and beyond the constraints im-

posed by the marginal distribution of education (6,0), income inequality would be re-

duced by about 13%-14% with respect to observed levels. This reduction is more or

less constant over time for Blacks but increases over time for Whites. The result for the

White population is consistent with what Greenwood et al. (2014) found using similar

methods. In relation to the benchmark scenario, this reduction is, however, smaller:

about 7% in the latest period for Whites and about 4% for Blacks. A rather limited

decrease in inequality even in such an extreme scenario indicates that the influence of

educational assortative mating on income inequality is, at best, minor. Figure 4.5 dis-

plays these results.
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Figure 4.5: Income inequality under counterfactual scenarios
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4.8.5 The impact of selection into marriage on income inequality

Findings show that selection into marriage has very little impact on the effect of assorta-

tive mating on income inequality among White families. Results for Blacks suggest that

inequality among families would be higher without the systematic selection of educated

individual into marriage, but the effects are moderated by the weak relation between

assortative mating and income inequality.

More specifically, Panel A in figure 4.6 shows that maintaining marriage rates at

1975 levels has no impact on income inequality among Whites. For Blacks, inequality

would be only slightly higher if married rates were kept as in 1975. This is likely the

combined result of two things: the mild retreat from marriage among all White educa-

tional groups and, as shown in the previous section, the limited impact of educational

sorting on income inequality. Because assortative mating is weakly related to income

inequality, even the dramatic retreat from marriage among Blacks shows no effect on

inequality across Blacks families.

Regarding Black-White differences in marriage rates, Panel B in figure 4.6 shows

that, if Blacks married at the rates of Whites we would observe a slightly higher level of

inequality. Conversely, inequality would be somewhat lower among Whites if they had

the marriage rates of Blacks. These findings likely reflect the fact that Black patterns of

selection into marriage prevent low income, low education individuals to enter marriage.

Again, the weak effect of assortative mating on income inequality explains the very

limited impact of such an extreme counterfactual. Panel C in figure 4.6 suggest a similar

response if marriage did not depend on education within racial groups.

Finally, in the case of the Black population, the large difference between scenario

(1,0) – observed marriages but mating “as observed – and scenario (1,1) – marriage
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and mating “as observed” – likely indicates the poor predictive capacity of the marriage

model. If that is the case, this scenario approaches a situation in which marriage changes

are largely random. These results suggest that, under this assumption, inequality is

expected to be significantly larger than if selection into marriages is taken as it is.

Figure 4.6 displays these results.
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Figure 4.6: Income inequality under counterfactual scenarios
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4.9 Discussion

The article re-assesses a puzzling finding in the social stratification literature: the null-

effect of increasing education assortative mating on the takeoff in income inequality.

The article goes beyond past work in that it uses more sophisticated methods to unravel

potential offsetting forces driving the null-effect of assortative mating. In particular,

the article allows for separate analyses for White and Black populations, recognizing

that different trends and patterns of assortative mating may have different consequences

for income inequality. In particular, it asks whether structural conditions which lead to

educational hypogamy (“marrying down”) among highly educated Black women have

the unintended effect of reducing income inequality among Black families. In addition,

it decomposes the overall impact of assortative mating into two components - one due

to changes in the marginal distribution of education and another one due to changes

in purely assortative behavior, both of which might have evolved differently over time

and by race, and might have opposite effects for income inequality. Finally, the article

examines the impact of differential selection into marriage – the married population

being increasingly whiter and more educated. – on the relationship between assortative

mating and income inequality across families.

Regarding the Black-White comparison, this study finds that, although income in-

equality is higher among Black families compared to Whites, the general results outlined

above are highly comparable across these two populations. Such similarity is not en-

tirely surprising given that both groups display similar patterns of assortative behavior.

And even though there are important Black-White differences in the extent of assortative

mating due to the marginal distributions of education, these do not explain differences

in inequality across the two populations.
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Regarding the effect of changes in educational assortative mating on the increase

of family income inequality, the findings confirm the minor or null effect reported in

previous studies. Specifically, these results suggest that educational expansion has had

a minor negative impact on income inequality, as scenarios that simulate no expansion

display slightly higher levels of income dispersion. Meanwhile, changes in assortative

behavior appear unrelated to inequality trends. This result likely reflects the stability

of assortative behavior over time. Only in the extreme scenario in which there is no

assortative behavior does income inequality experience a sizable decline. The main

takeaway from these findings is that the different facets of educational assortative mating

are, by and large, unable to explain rising levels of income inequality across families.

Finally, I find evidence of substantial and growing education-based selection into

marriage, especially among Blacks. Because this biases the pool of marriageable indi-

viduals upwards in term of educational attainment, one might expect less homogamy

among the highly educated and less inequality across families in the absence of such

selection pattern. Findings, however, indicate the contrary: for Black families, more

random allocation of individuals into marriage would lead to more inequality, not less.

As for Whites, the findings indicate that selection into marriage has no or a minor impact

on income inequality. This result is consistent with the comparatively mild retreat from

marriage among all White educational groups and the limited impact of educational

sorting on income inequality.

Taken together, the results confirm the minor or null effect of the educational as-

sortative mating on income inequality. Additionally, they provide leverage to rule out

some possible explanations for this null effect. First, they show that the null association

between assortative mating and income inequality trends does not mask countervailing

trends for Blacks and Whites, or conflation of educational expansion and changing as-
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sortative behavior. Instead, the results show that each of these aspects has a very minor

or null impact on family income inequality. These results were found using analytic

tools that are able to detect complex patterns. As such, it is unlikely for null effects of

assortative mating on income inequality to be an artifact of methodological choices in

past work.

These findings also challenge the hypothesis that the null effect of assortative mat-

ing on inequality is due to limited changes in educational assortative behavior (Breen

and Salazar, 2011; Schwartz, 2013b). Rather, our findings show that even substantial

changes in the marginal distribution of education have, at most, a minor effect on in-

come inequality across families.

Future research should explore yet another explanation for such null effect of in-

creasing assortative mating: namely, that the linkage between wives’ educational at-

tainment and their labor market outcomes is still not strong enough to exert a sizable

effect on the distribution of resources within and between families (Breen and Salazar,

2011; Schwartz, 2013b). If that is the case, assortative mating should become more con-

sequential for inequality across families as women continue to advance in educational

attainment and gain ground in labor markets.
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4.10 Appendix

4.10.1 Homogamy and crossing models

Homogamy models test whether individuals are more likely to marry partners with

their same level of educational attainment. In its simplest version the “constrained

homogamy” model assumes assortative mating patterns are captured by the marginal

distribution of husbands’ and wives’ educational attainment, plus one term that indi-

cates educational homogamy across the main diagonal of the contingency table for each

year (Powers and Xie, 2000). Formally,

logFi jk = λ0 +λ
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DY
i= j,k, (4.4)

where D=1 if husband’s education is equal to his wife’s education and zero other-

wise.

Related versions of this model allow for a more complex pattern of educational ho-

mogamy. For example, a common variant permits the strength of homogamy to differ

across levels of educational attainment. Other models incorporate parameter(s) that

capture (a)symmetric patterns of intermarriage along the minor diagonals of the contin-

gency table, where partners differ by only one level of educational attainment.

By contrast, crossing models represent the association between spouses’ as a se-

ries of barriers to inter-marriage, where different categories of education would entail

varying degrees of difficulty for crossing (Powers and Xie, 2000; Schwartz and Mare,

2005a). Formally,
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logFi jk = λ0 +λ
H
i +λ

W
j +λ

Y
k +λ

HW
i j +λ

HY
ik +λ

WY
jk + γ

HWY
i jk (4.5)

where

γ
HWY
i jk =


∑

i−1
q= j γqk if i > j

∑
j−1
q=i γqk if i < j

0 otherwise

(4.6)

Here the γqk parameter represents the variation in the difficulty of crossing educa-

tional barrier q in year k relative to a baseline year. The crossing parameters capture

the log odds of marriage between individuals in adjacent schooling categories relative

to the log odds of homogamy, net of the marginal distributions of spouses’ education

(Schwartz and Mare, 2005a). Thus, log-odds of intermarriage for partners that cross

more than one barrier are calculated by adding the parameters of each barrier crossed.

As with homogamy models, crossing models permit relaxing some of its assumptions.

4.10.2 Cross-validation and K-fold cross-validation

Generally speaking, cross-validation is a technique for model validation. It provides a

measure of the average error that results from using a model to predict the response on a

new observation (also referred to as “test error”). For this purpose cross-validation tech-

niques adopt a “validation set approach”, which consists of the following basic steps:

i. Given a set of n observations, randomly split such set into two subsets, a “training

set” and a “testing set”.
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ii. Fit the statistical model on the training set.

iii. Use the model fitted in the previous step to predict the outcome variable for the

observations in the testing set.

iv. Compare the values of predicted and observed responses in the testing set using

some error metric (typically MSE for quantitative response variables). This measure

is called cross-validation error and provides an estimate of the “test error”.

A popular type of cross-validation is the K-fold approach, which involves randomly

dividing the set of n observations into k groups (folds) of roughly equal size. Then, the

i fold is treated as a testing test, and the model is fitted on the remaining k− 1 folds.

This procedure is repeated k times using, each time, a different fold as the testing set.

At each repetition, the error metric Li is computed on the observations in the i fold.

This process produces k estimates of the test error, {L1,L2, . . . ,Lk}. Finally, the k-fold

cross-validation error is computed by averaging these values:

CV =
1
k

k

∑
i=1

Li (4.7)

In this application I use Poisson Deviance as a measure of test error, as it constitutes a

proper loss function for Poisson distributed outcomes. The Poisson Deviance is defined

as:

DM = 2∗
n

∑
i=1
{Yilog(Yi/Ŷ M

i )− (Yi− Ŷ M
i )} (4.8)

where Yi is the observed outcome and Ŷ M
i is the prediction under model M .
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4.10.3 Trends and patterns of educational assortative mating ac-

cording to saturated model

The following figures display patterns of assortative mating yielded by the saturated

model for Whites and Blacks. It is important to notice that these estimates are not per-

fectly comparable to those yielded by the chosen log-linear model specification (figures

4.3 and 4.4) because the interpretation of the reference category is different. Never-

theless, temporal trends and relative strength of associative mating across educational

levels are comparable.

Figure 4.7: Patterns of educational assortative mating among White couples
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Figure 4.8: Patterns of educational assortative mating among Black couples

4.10.4 Weights in counter-factual simulations

As described in section 4.6.2, the probabilities of different types of couples are computed

from the predicted cell-counts yielded by log-linear models. These models have the

advantage of decomposing these counts into a part due to the marginal distribution of

men and women’s education and a part due to assortative behavior. However, when

simulations incorporate counter-factual selection into marriage the marginal distribution

of men and women’s education in the sample of artificial marriages might differ from

those in the sample of actual marriages. This is problematic inasmuch log-linear models

are, by necessity, estimated using the latter. To account for this potential discrepancy

in margins, I use a raking procedure that adjust the predicted cell-counts from the log-

linear model to conform to the marginal distribution of the education in the sample
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of artificially married individuals, without altering the assortative behavior component.

Formally:

F ′i jkr = Fi jkrwi jkr = Fi jkr
ñkr p̃ikr p̃ jkr

nkr pikr p jkr
(4.9)

Where F ′ are the adjusted frequencies in the contingency table, F are the frequen-

cies in the table of counts predicted by the log-linear model and w are weights. These

weights correspond to the ratio between the expected counts under the assumption of

independence in the sample of artificial marriages and the expected counts under inde-

pendence in the sample of actual marriages. When the marginal distribution of partner’s

education in the sample of artificial marriages resemble the distributions in the sample

of actual marriages, these weights will take on values close to 1.

131



BIBLIOGRAPHY

Arce, C. H., Murguia, E., and Frisbie, W. P. (1987). Phenotype and Life Chances Among

Chicanos. Hispanic Journal of Behavioral Sciences, 9(1):19–32.

Bailey, S. R., Fialho, F. M., and Penner, A. M. (2015). Interrogating Race: Color,

Racial Categories, and Class Across the Americas. American Behavioral Scientist,

60(4):538–555.

Becker, G. (1981). A Treatise on the Family.

Behrman, J. R., Pollak, R. A., and Taubman, P. (1982). Parental Preferences and Provi-

sion for Progeny. Journal of Political Economy, 90(1):52–73.

Bennett, N. G., Bloom, D. E., and Craig, P. H. (1989). The Divergence of Black and

White Marriage Patterns. American Journal of Sociology, 95(3):692–722.

Bhattacharya, D. and Mazumder, B. (2011). A nonparametric analysis of black-white

differences in intergenerational income mobility in the United States. Quantitative

Economics, 2(3):335–379.

Birkelund, G. E. and Heldal, J. (2003). Who marries whom? Educational homogamy in

Norway. Demographic Research, 8(1):1–30.

Björklund, A. and Jantti, M. (2007). Intergenerational income mobility and the role of

family background. Handbook of Economic Inequality, pages 1–66.

Björklund, A. and Kjellström, C. (2002). Estimating the return to investments in educa-

tion: How useful is the standard Mincer equation? Economics of Education Review,

21:195–210.

132



Black, S. E. and Devereux, P. J. (2011). Chapter 16 - Recent Developments in Inter-

generational Mobility. volume 4, Part B of Handbook of Labor Economics, pages

1487–1541. Elsevier.

Blackwell, D. L. and Lichter, D. T. (2004). Homogamy among dating, cohabiting, and

married couples. Sociological Quarterly, 45(4):719–737.

Blau, P. M. (1977). A Macrosociological Theory of Social Structure. American Journal

of Sociology, 83(1):26–54.

Blau, P. M. and Duncan, O. D. (1967a). American Occupational Structure.

Blau, P. M. and Duncan, O. D. (1967b). The American Occupational Structure. Wiley,

New York,.

Bloome, D. and Western, B. (2011). Cohort Change and Racial Difference in Educationl

and Income Mobility. Social Forces, 90(2):375–395.

Blossfeld, H.-P. (2009). Educational Assortative Marriage in Comparative Perspective.

Annual Review of Sociology, 35(1):513–530.

Blossfeld, H. P. and Timm, A. (2003). Who Marries Whom?: Educational Systems

As Marriage Markets in Modern Societies. European Studies of Population. Kluwer

Academic.

Bond, S. and Cash, T. F. (1992). Black Beauty: Skin Color and Body Images

among African-American College Women. Journal of Applied Social Psychology,

22(11):874–888.

Borrell, L. N., Kiefe, C. I., Williams, D. R., Diez-Roux, A. V., and Gordon-Larsen, P.

(2006). Self-reported health, perceived racial discrimination, and skin color in African

Americans in the CARDIA study. Social Science and Medicine, 63(6):1415–1427.

133



Branigan, A. R., Freese, J., Patir, A., McDade, T. W., Liu, K., and Kiefe, C. I. (2013).

Skin color, sex, and educational attainment in the post-civil rights era. Social Science

Research, 42(6):1659–1674.

Breen, R. and Andersen, S. (2012a). Educational Assortative Mating and Income In-

equality in Denmark. Demography, 49(3):867–887.

Breen, R. and Andersen, S. H. (2012b). Educational Assortative Mating and Income

Inequality in Denmark. Demography, 49(3):867–887.

Breen, R. and Salazar, L. (2010). Has increased womens educational attainment led

to greater earnings inequality in the United Kingdom a multivariate decomposition

analysis. European Sociological Review, 26(2):143–157.

Breen, R. and Salazar, L. (2011). Educational Assortative Mating and Earnings Inequal-

ity in the United States. American Journal of Sociology, 117(3):808–843.

Cancian, M. and Reed, D. (1999). The impact of wives’ earnings on income inequality:

issues and estimates. Demography, 36(2):173–184.

Cherlin, A. J. (2004). The deinstitutionalization of American marriage. Journal of

Marriage and Family, 66(4):848–861.

Cipriani, G. P. and Zago, A. (2011). Productivity or Discrimination? Beauty and the

Exams. Oxford Bulletin of Economics and Statistics, 73(3):428–447.

Clifford, M. M. and Walster, E. (1973). The effect of physical attractiveness on teacher

expectations. Sociology of Education, 46(2):248–258.

Clogg, C. C. (1982). Some Models for the Analysis of Association in Multiway Cross-

Classifications Having Ordered Categories. Journal of the American Statistical Asso-

ciation, 77(380):803.

134



Cohen, P. N. and Pepin, J. R. (2018). Unequal marriage markets: Sex ratios and first

marriage among Black and White women. SocArXiv.

Conley, D. and Glauber, R. (2005). Sibling Similarity and Difference in Socioeconomic

Status: Life Course and Family Resource Effects. NBER Working Paper.

Conley, D. and Glauber, R. (2008). All in the family?. Family composition, resources,

and sibling similarity in socioeconomic status. Research in Social Stratification and

Mobility, 26:297–306.

Conley, D., Pfeiffer, K. M., and Velez, M. (2007). Explaining sibling differences

in achievement and behavioral outcomes: The importance of within- and between-

family factors. Social Science Research, 36(3):1087–1104.

Deryugina, T. and Shurchkov, O. (2013). When are Appearances Deceiving? The Nature

of the Beauty Premium. Munich Personal RePEc Archive, (53581).

Dufour, J.-M., Flachaire, E., and Khalaf, L. (2015). Permutation tests for comparing

inequality measures *.

Ellwood, D. T. and Jencks, C. (2004). The Spread of Single-Parent Families in the

United States since 1960. SSRN Electronic Journal, 2004(February).

Erola, J. and Jalovaara, M. (2016). The Replaceable: The Inheritance of Paternal

and Maternal Socioeconomic Statuses in Non-Standard Families. Social Forces,

95(3):971–995.

Esping-Andersen, G. (2007). Sociological Explanations of Changing Income Distribu-

tions. American Behavioral Scientist, 50(5):639–658.

Espino, R. and Franz, M. M. (2002). Latino Phenotypic Discrimination Revisited: The

135



Impact of Skin Color on Occupational Status. Social Science Quarterly, 83(2):612–

623.

Esteve, A. and Cortina, C. (2006). Changes in educational assortative among in con-

temporary Spain. Demographic Research, 14:405–428.

Featherman, D. L. and Hauser, R. M. (1976). Changes in the Socioeconomic Stratifica-

tion of the Races, 1962-73. American Journal of Sociology, 82(3):621–651.

Feinman, S. and Gill, G. W. (1978). Sex differences in physical attractiveness prefer-

ences. Journal of Social Psychology, 105(1):43–52.

Fernandez, R., Guner, N., and Knowles, J. (2005). Love and Money: A Theoretical and

Empirical Analysis of Household Sorting and Inequality. The Quarterly Journal of

Economics, 120(1):273–344.

Flores, R. and Telles, E. (2012). Social Stratification in Mexico: Disentangling Color,

Ethnicity, and Class. American Sociological Review, 77(3):486–494.

Fox, C. and Guglielmo, T. a. (2012). Defining America ’ s Racial Boundaries : Blacks ,

Mexicans ,. American Journal of Sociology, 118(2):327–379.

Francis-Tan, A. (2016). Light and shadows: An analysis of racial differences between

siblings in Brazil. Social Science Research, 58:254–265.

Frank, R., Akresh, I. R., and Lu, B. (2010). Latino immigrants and the U.S. racial order:

How and where do they fit in? American Sociological Review, 75(3):378–401.

Frazier, F. (1957). Black Bourgeoisie. Simon and edition.

Gelman, A., Jakulin, A., Pittau, M. G., and Su, Y. S. (2008). A weakly informative

default prior distribution for logistic and other regression models. Annals of Applied

Statistics, 2(4):1360–1383.

136



Gelman, A. and Rubin, D. B. (1992). Inference from Iterative Simulation Using Multiple

Sequences. Statistical Science, 7(4):457–472.

Gihleb, R. and Lang, K. (2016). Educational Homogamy and Assortative Mating Have

Not Increased. NBER Working Paper.

Goldin, C. (2006). The Quiet Revolution That Transformed Women’s Employment,

Education, and Family. American Economic Review, 96(2):1–21.

Goldsmith, A. H., Hamilton, D., and Darity, W. (2007). From Dark to Light: Skin Color

and Wages Among African-Americans. Journal of Human Resources, XLII(4):701–

738.

Goldsmith, A. H., Hamilton, D., Darity, W., Ashenfelter, O., White-Means, S., Ndiku-

mana, L., and Simms, M. (2006). Shades of discrimination: Skin tone and wages.

American Economic Review, 96(2):242–245.

Gómez, C. (2000). The continual significance of skin color: An exploratory study of

Latinos in the Northeast. Hispanic Journal of Behavioral Sciences, 22(1):94–103.

Goodman, L. A. (1972). Some multiplicative models for the analysis of cross-classified

data. Proc. Sixth Berkeley Symp. Math. Statist. Prob.

Greenwood, J., Guner, N., Kocharkov, G., and Santos, C. (2014). Marry your like:

Assortative mating and income inequality. In American Economic Review, volume

104, pages 348–353.

Grotti, R. and Scherer, S. (2016). Does gender equality increase economic inequality?

Evidence from five countries. Research in Social Stratification and Mobility, 45:13–

26.

137



Gullickson, A. (2005). The Significance of Color Declines: A Re-Analysis of Skin Tone

Differentials in Post-Civil Rights America. Social Forces, 84(1):157–180.

Hamermesh, D. S. and Biddle, J. E. (1994). Beauty and the Labour Market. The Amer-

ican Economic Review, 84(5):1174–1194.

Harknett, K. and Kuperberg, A. (2011). Education, labor markets and the retreat from

marriage. Social Forces, 90(1):41–63.

Hersch, B. J. (2009). Skin-Tone Effects among African Americans: Perceptions and

Reality. American Economic Review, 96(2):251–255.

Hill, M. E. (2000). Color differences in the socioeconomic status of African American

men: Results of a longitudinal study. Social Forces, 78(4):1437–1460.

Hill, M. E. (2002). Skin Color and the Perception of Attractiveness among African

Americans: Does Gender Make a Difference? Social Psychology Quarterly, 65(1):77.

Hochschild, J. L. and Weaver, V. (2007). The skin color paradox and the American

racial order. Social Forces, 86(2):643–670.

Hout, M. (1984). Occupational Mobility of Black Men : 1962 to 1973 OCCUPA-

TIONAL MOBILITY OF BLACK MEN : 1962 to 1973 *. American Sociological

Review, 49(3):308–322.

Hunter, M. (2008). Teaching and Learning Guide for: The Persistent Problem of Col-

orism: Skin Tone, Status, and Inequality. Sociology Compass, 2(1):366–370.

Hunter, M. L. (2002). "If you’re light you’re alright" - Light skin color as social capital

for women of color. Gender and Society, 16(2):175–193.

Jones, G. (2008). Blonde and blue-eyed? Globalizing beauty, c.1945-c.1980. Economic

History Review, 61(1):125–154.

138



Kalmijn, M. (1991). Status Homogamy in the United States. American Journal of

Sociology, 97(2):496–523.

Katrák, T., Kreidl, M., and Fónadová, L. (2006). Trends in educational assortative

mating in central Europe: The Czech Republic, Slovakia, Poland, and Hungary, 1988-

2000. European Sociological Review, 22(3):309–322.

Keith, V. and Herring, C. (1991). Skin tone and stratification in the Black community.

American journal of sociology.

Kenealy, P., Frude, N., and Shaw, W. (2001). Influence of children’s physical attractive-

ness on teacher expectations. The Journal of Social Psychology, 128(3):373–383.

Langlois, J. H., Kalakanis, L., Rubenstein, A. J., Larson, A., Hallam, M., and Smoot,

M. (2000). Maxims or myths of beauty? A meta-analytic and theoretical review.

Psychological Bulletin, 126(3):390–423.

Lash, S. (1987). Love as Passion, the Codification of Intimacy - Luhmann,N, volume 21.

Harvard University Press, Cambridge, Massachusetts.

Lee, J. and Bean, F. D. (2004). America’s Changing Color Lines: Immigra-

tion, Race/Ethnicity, and Multiracial Identification. Annual Review of Sociology,

30(1):221–242.

Lee, J. and Bean, F. D. (2007). Redrawing the Color Line? City & Community, 6(1):49–

62.

Li, E. P. H., Min, H. J., Belk, R. W., Kimura, J., and Bahl, S. (2008). Skin lightening

and beauty in four Asian cultures. Advances in Consumer Research, 35:444–449.

Lichter, D. T., LeClere, F. B., and McLaughlin, D. K. (1991). Local Marriage Markets

139



and the Marital Behavior of Black and White Women. American Journal of Sociology,

96(4):843.

Lichter, D. T., Mclaughlin, D. K., Kephart, G., and Landry, D. J. (1992). Race and the

Retreat From Marriage: A Shortage of Marriageable Men? American Sociological

Review, 57(6):781–799.

Lichter, D. T., McLaughlin, D. K., and Ribar, D. C. (2002). Economic restructuring and

the retreat from marriage. Social Science Research, 31(2):230–256.

Link, C., Mobius, M. M., and Rosenblat, T. S. (2006). Why Beauty Matters. American

Economic Review, 96(1):222–235.

Liu, Xing; Sierminsk, E. and Liu, X. (2014). Evaluating the Effect of Beauty on Labor

Market Outcomes: A Review of the Literature. Iza, 8526(8526):1–28.

Lundberg, S. and Pollak, R. (2013). Cohabitation and the Uneven Retreat from Marriage

in the U.S., 1950-2010. NBER Working Papers.

Maddox, K. B. (2004). Perspectives on racial phenotypicality bias. Personality and

Social Psychology Review, 8(4):383–401.

Maddox, K. B. and Gray, S. A. (2002). Cognitive representations of black Ameri-

cans: Reexploring the role of skin tone. Personality and Social Psychology Bulletin,

28(2):250–259.

Manduca, R. (2018). Income Inequality and the Persistence of Racial Economic Dis-

parities. Sociological Science, 5:182–205.

Maralani, V. (2013). The Demography of Social Mobility: Black-White Differ-

ences in the Process of Educational Reproduction. American Journal of Sociology,

118(6):1509–1558.

140



Mare, R. D. (1991). Five Decades of Educational Assortative Mating. American Socio-

logical Review, 56(1):15–32.

Mare, R. D. (2008). Educational Assortative Mating in Two Generations.

Mare, R. D. and Schwartz, C. R. (2006). Educational Assortative Mating and the Family

Background of the Next Generation. Sociological Theory and Methods, 21(2):253–

278.

Mazumder, B. (2008). Sibling similarities and economic inequality in the US. Journal

of Population Economics, 21(3):685–701.

Mazumder, B. (2011). Family and Community Influences on Health and Socioeconomic

Status: Sibling Correlations Over the Life Course. The B.E. Journal of Economic

Analysis & Policy, 11(3).

Mazumder, B. (2014). Black-White Differences in Intergenerational Economic Mobility

in the US. Economic Perspectives, XXXVIII(1).

McDaniel, A., DiPrete, T. A., Buchmann, C., and Shwed, U. (2011). The Black Gender

Gap in Educational Attainment: Historical Trends and Racial Comparisons. Demog-

raphy, 48(3):889–914.

McLanahan, S. (2004). Diverging Destinies: How Children Are Faring Under the Sec-

ond Demographic Transition. Demography, 41(4):607–627.

Meng, X.-L. (2009). Decoding the H-likelihood. Statistical Science, 24(3):280–293.

Monk, E. P. (2014). Skin tone stratification among black Americans, 2001-2003. Social

Forces, 92(4):1313–1337.

Monk, E. P. (2015). The Cost of Color: Skin Color, Discrimination, and Health among

African-Americans. American Journal of Sociology, 121(2):396–444.

141



Murguia, E. and Telles, E. E. (1996). Phenotype and Schooling among Mexican Amer-

icans. Sociology of Education, 69(4):276.

Neal, A. M. and Wilson, M. L. (1989). The role of skin color and features in the black

community: Implications for black women and therapy. Clinical Psychology Review,

9(3):323–333.

Oppenheimer, V. K. (1988). A Theory of Marriage Timing. American Journal of Soci-

ology, 94(3):563–591.

Oppenheimer, V. K. (1997). Women’s Employment and the Gain to Marriage: The

Specialization and Trading Model. Annual Review of Sociology, 23(1):431–453.

Pager, D. and Shepherd, H. (2008). The Sociology of Discrimination: Racial Discrim-

ination in Employment, Housing, Credit, and Consumer Markets. Annual Review of

Sociology, 34(1):181–209.

Parks, F. R. and Kennedy, J. H. (2007). The Impact of Race, Physical Attractiveness,

and Gender On Education Majors’ and Teachers’ Perceptions of Student Competence.

Journal of Black Studies, 37(6):936–943.

Pfann, G. A., Biddle, J. E., Hamermesh, D. S., and Bosman, C. M. (2000). Business

success and businesses’ beauty capital. Economics Letters, 67(2):201–207.

Powers, D. A. and Xie, Y. (2000). Statistical methods for categorical data analysis.

Academic Press, San Diego, California.

Raley, R. K. (1996). A Shortage of Marriageable Men? A Note on the Role of Cohabi-

tation in Black-White Differences in Marriage Rates. American Sociological Review,

61(6):973–983.

142



Reardon, S. F. and Bischoff, K. (2011). Income Inequality and Income Segregation.

American Journal of Sociology, 116(4):1092–1153.

Rönnegård, L., Shen, X., and Alam, M. (2010). Hglm: A package for fitting hierarchical

generalized linear models. The R Journal, 2(2):20–28.

Rosenfeld, M. J. (2008a). Racial, Educational and Religious Endogamy in the United

States: A Comparative Historical Perspective. Social Forces, 87(1):1–31.

Rosenfeld, M. J. (2008b). Racial, Educational and Religious Endogamy in the United

States: A Comparative Historical Perspective. Social Forces, 87(1):1–31.

Schmidt, C. M. and Winter, B. S. (2008). The Dynamics of Assortative Mating in Ger-

many 1 1 Introduction. Technical Report 0346, Rheinisch-Westfälisches Institut für

Wirtschaftsforschung, Ruhr-Universität Bochum, Universität Dortmund, Universität

Duisburg-Essen.

Schoen, R. and Cheng, Y. H. A. (2006). Partner choice and the differential retreat from

marriage. Journal of Marriage and Family, 68(1):1–10.

Schwartz, C. (2010). Earnings Inequality and the Changing Association between

Spouses’Earnings. American Journal of Sociology, 115(5):1524–1557.

Schwartz, C. and Mare, R. D. (2005a). Trends in Educational Assortative Marriage from

1940 to 2003. Demography, 42(4):621–646.

Schwartz, C. R. (2013a). Trends and Variation in Assortative Mating: Causes and Con-

sequences. Annual Review of Sociology, 39(1):451–470.

Schwartz, C. R. (2013b). Trends and Variation in Assortative Mating: Causes and Con-

sequences. Annual Review of Sociology, 39:451–470.

143



Schwartz, C. R. and Mare, R. D. (2005b). Trends in Educational Assortative Marriage

from 1940 to 2003. Demography, 42(4):621–646.

Skopek, J., Schulz, F., and Blossfeld, H. P. (2011). Who contacts whom? Educational

homophily in online mate selection. European Sociological Review, 27(2):180–195.

Solon, G. (1992). Intergenerational Income Mobility in the United States. The American

Economic Review, 82(3):393–408.

Solon, G., Corcoran, M., Gordon, R., and Laren, D. (1991). A Longitudinal Analy-

sis of Sibling Correlations in Economic Status. The Journal of Human Resources,

26(3):509–534.

Solon, G., Page, M. E., and Duncan, G. J. (2000). Correlations between Neighboring

Children in Their Subsequent Educational Attainment. Review of Economics and

Statistics, 82(August):383–392.

Sorensen, T. and Vasishth, S. (2015). Bayesian linear mixed models using Stan: A

tutorial for psychologists, linguists, and cognitive scientists.

Spanier, G. and PC, G. (1980). Mate Selection Differentials between Whites and Blacks

in the United States. Social Forces, 58(3):707.

Stan Development Team (2016). Rstan: the R interface to Stan.

Sweeney, M. M. (2002a). Two Decades of Family Change: The Shifting Economic

Foundations of Marriage. American Sociological Review, 67(1):132–147.

Sweeney, M. M. (2002b). Two Decades of Family Change: The Shifting Economic

Foundations of Marriage. American Sociological Review, 67(1):132–147.

144



Sweet, E., McDade, T. W., Kiefe, C. I., and Liu, K. (2007). Relationships between skin

color, income, and blood pressure among African Americans in the CARDIA study.

American Journal of Public Health, 97(12):2253–2259.

Talamas, S. N., Mavor, K. I., and Perrett, D. I. (2016). Blinded by beauty: Attractiveness

bias and accurate perceptions of academic performance. PLoS ONE, 11(2):e0148284.

Teachman, J. D., Tedrow, L. M., Crowder, K. D., Marriage, J., and Nov, N. (2007). The

Changing Demography of America ’ s Families. Journal of Marriage and the Family,

62(4):1234–1246.

Telles, E. (2004). Race in Another America: The Significance of Skin Color in Brazil.

Telles, E., Bailey, S., American, S., and May, N. (2014). Understanding Latin American

Beliefs about. 118:1559–1595.

Telles, E., Flores, R. D., and Urrea-Giraldo, F. (2015). Pigmentocracies: Educational

inequality, skin color and census ethnoracial identification in eight Latin American

countries. Research in Social Stratification and Mobility, 40:39–58.

Telles, E. E. and Murguía, E. (1992). The Continuing Significance of Phenotype among

Mexican Americans. Social Science Quarterly, 73(1):120–22.

Torche, F. (2010). Educational assortative mating and economic inequality: a compara-

tive analysis of three Latin American countries. Demography, 47(2):481–502.

Treiman, D. J. (1970). Industrialization and Social Stratification. Sociological Inquiry,

40(2):207–234.

Uhlmann, E., Dasgupta, N., Elgueta, A., Greenwald, A. G., and Swanson, J. (2002).

Subgroup Prejudice Based on Skin Color Among Hispanics in the United States and

Latin America. Social Cognition, 20(3):198–226.

145



van den Berghe, P. L. and Frost, P. (1986). Skin color preference, sexual dimorphism

and sexual selection: A case of gene culture co-evolution? Ethnic and Racial Studies,

9(1):87–113.

Villarreal, A. (2010). Stratification by skin color in contemporary Mexico. American

Sociological Review.

Wade, T. J., Romano, M. J., and Blue, L. (2004). The effect of African American

skin color on hiring preferences. Journal of Applied Social Psychology, 34(April

1999):2550–2558.

Wang, L., Lu, Y., Zhang, X., Zhang, Y., Jiang, D., Dong, X., Deng, S., Yang, L., Guan,

Y., Zhu, L., Zhou, Y., Zhang, X., and Li, H. (2013). Mindin is a critical mediator

of ischemic brain injury in an experimental stroke model. Experimental Neurology,

247(2006):506–516.

Warren, J. R., Sheridan, J. T., and Hauser, R. M. (2002). Occupational Stratification

across the Life Course: Evidence from the Wisconsin Longitudinal Study. American

Sociological Review, 67(3):432.

Webster, M. and Driskell, J. E. (1983). Beauty as Status. American Journal of Sociology,

89(1):140–165.

Weeden, K. A. and Grusky, D. B. (2005). The Case for a New Class Map. American

Journal of Sociology, 111(1):141–212.

Western, B. (2009). Variance Function Regressions for Studying Inequality.

Western, B., Bloome, D., and Percheski, C. (2008). Inequality among American Fami-

lies with Children, 1975 to 2005. American Sociological Review, 73(6):903–920.

Wilson, W. J. (1978). The Declining Significance of Race ch7.pdf.

146



Wilson, W. J. (1990). The truly disadvantaged: the inner city, the underclass, and public

policy. University of Chicago Press.

Wirth, L. and Goldhammer, H. (1944). The Hybrid and the Problem of Miscegenation.

In Characteristics of the American Negro, pages 253–369.

Wong, J. S. and Penner, A. M. (2016). Gender and the returns to attractiveness. Research

in Social Stratification and Mobility, 44:113–123.

Wood, R. G. (1995). Marriage Rates and Marriageable Men: A Test of the Wilson

Hypothesis. Journal of Human Resources, 30(1):163–193.

Xie, Y., Cheng, S., and Zhou, X. (2015). Assortative mating without assortative prefer-

ence. Proceedings of the National Academy of Sciences, 112(19):5974–5978.

Xie, Y., Raymo, J. M., Goyette, K., and Thornton, A. (2003). Economic potential and

entry into marriage and cohabitation. Demography, 40(2):351–367.

147


