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Abstract 

We document the degree of educational assortative mating, how it evolves over time, and the 

extent to which it differs between countries. Our analysis focuses on the United States but also 

uses data from Denmark, Germany, the United Kingdom, and Norway. We find evidence of 

positive assortative mating at all levels of education in each country. However, the time trends 

vary by the level of education: Among college graduates, assortative mating has been declining 

over time, whereas individuals with a low level of education are increasingly sorting into 

internally homogeneous marriages. These findings motivate and guide a decomposition analysis, 

where we quantify the contribution of various factors to the distribution of household income. We 

find that educational assortative mating accounts for a non-negligible part of the cross-sectional 

inequality in household income in each country. However, changes in assortative mating over 

time barely move the time trends in household income inequality. This is because the inequality 

contribution from the increase in assortative mating among those with lower levels of education is 

offset by the equalizing effect from the decline in assortative mating among the highly educated. 

By comparison, increases over time in the returns to education generate a considerable rise in 

household income inequality, but these price effects are partly mitigated by increases in college 

attendance and completion rates among women.  
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1 Introduction

It is often argued that individuals are increasingly sorting into internally homogeneous
marriages, and that this assortative mating has led to a rise in household income inequality.
This widespread view stems from two empirical facts. The proportion of couples who share
the same level of education (i.e., educational homogamy) has been growing over the past few
decades (see e.g. Pencavel, 1998; Schwartz and Mare, 2005). Accompanying this increase
in educational homogamy, there has been a rise in household income inequality (see e.g.
Western et al., 2008). In the U.S., for example, the share of couples in which both spouses
have a college degree increased by 22 percentage points between 1962 and 2013, while the
Gini coefficient in household income among married couples increased from 33.9 to 43.2 over
this period.

Measuring educational assortative mating and its impact on household income inequality
has proven difficult for several reasons.1 One challenge is to determine whether the increase
in educational homogamy arises due to secular changes in educational attainment of men and
women, or because of shifts in educational assortative mating. For example, the closing of the
gender gap in higher education may increase the probability that a college graduate is married
to someone with a college degree, even if there were no changes in the assortativeness of
marriage (see Liu and Lu, 2006). Another challenge is that the economic returns to education
have increased considerably over the past few decades (see e.g. Autor et al., 2008). As a
result, educational assortative mating may become increasingly important for the distribution
of household income, even if there were no changes in the mating pattern.

This paper tries to address these challenges, making two key contributions. The first
is to examine the degree of educational assortative mating, how it evolves over time, and
the extent to which it differs between countries. The coverage and detailed nature of the
data we are using allows us to bring new evidence on the assortativeness of marriage over
time and between countries. This evidence motivates and guides our second contribution, a
quantification of the explanatory power of various factors to household income inequality. In
particular, we employ the semiparametric decomposition method proposed by DiNardo et al.
(1996) to quantify the relative importance of changes in educational composition, returns to
education, and educational assortative mating for the rise in household income inequality.

While our study is centered on the U.S., we also provide evidence from Denmark, Germany,
the U.K., and Norway. The data available in each of these countries allow us to study

1The term ’assortative mating’ is used in different ways by different authors. Commonly, positive (negative)
educational assortative mating is defined as men and women with the same level of education marrying more
(less) frequently than what would be expected under a marriage pattern that is random in terms of education.
We follow this definition of educational assortative mating.
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educational assortative mating and household income inequality over several decades. The
U.S. data are available for the longest time period, going back to 1940. By comparing the
results across countries, we shed light on whether our findings are specific to the U.S. or
common across several western economies that differ considerably in the incentives to choose
spouses by their education levels.2

Our paper offers three sets of results. First, we present new evidence on the long-run
evolution of educational assortative mating in the U.S. We show that ever since 1940 (our
first year of data) Americans with the same level of education marry more frequently than
what would be expected under a marriage pattern that is random in terms of education. This
positive assortative mating occurs at all levels of education throughout the entire sample
period. However, the time trends are heterogeneous and vary depending on where in the
educational distribution one looks. On the one hand, assortative mating among the highly
educated has been steadily declining over time. In the early 1960s, for example, Americans
with a college degree were five times as likely to be married to a spouse with a college degree,
compared to the counterfactual situation where spouses were randomly matched with respect
to education; in 1980 and 2013, they were only three and two times as likely, respectively.
On the other hand, assortative mating has gradually increased among the low educated.
In the early 1960s, Americans without a high school degree were 1.6 times as likely to be
married to one another as compared to the probability with random mating; in 1980 and
2013, they were 2.6 and 7.2 times as likely. Aggregating the measures of assortative mating
across education levels, we obtain a measure of the overall educational assortative mating.
This measure suggests that, on average, the degree of assortative mating increased gradually
from 1940 to the 1980s, after which it has changed relatively little. This conclusion is robust
to employing alternative measures of assortative mating as well as to accounting for sorting
by age and changes in the probability of marriage by education level.

Our second set of results come from the decomposition method used to quantify the
contribution of various factors to the distribution of household income in the U.S. We find
that educational assortative mating accounts for a non-negligible part of the cross-sectional
inequality in household income. For example, our results suggest the Gini coefficient in 2013
is almost 5 % higher compared to the counterfactual situation where spouses were randomly
matched. However, the changes in assortative mating over time barely move the time trends
in household income inequality. This is because the inequality contribution from the increase
in assortative mating among the low educated is offset by the equalizing effect from the

2For example, Landersø and Heckman (2016) show that the relationships linking education and income
differ greatly between Denmark and the U.S. In particular, the economic returns to education are relatively
low in Denmark, in part due to the compressed wage distribution (possibly due to unions and minimum wage
standards) but also because of the progressivity of the tax-transfer system.
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decline in assortative mating among the highly educated. By comparison, increases in the
returns to education generate a considerable rise in household income inequality, but these
price effects are partly mitigated by increases in college attendance and completion rates
among women. For example, our estimates suggest the Gini coefficient in 2013 would have
been around 25 % lower if returns to education had remained at the levels we observe in the
early 1960s. By way of comparison, the Gini coefficient would have been nearly 12 % higher
had the educational composition in 2013 been like that in the 1960s.

Our third set of results show that the main findings about educational assortative mating
and household income inequality are not specific to the U.S., but generalize to the other
developed countries for which we have data. In each country, we find evidence of positive
assortative mating at all levels of education. In addition, the time trends are qualitatively
similar across countries: Among college graduates, assortative mating has been declining over
time, whereas low educated are increasingly sorting into internally homogeneous marriages.
On top of this, the conclusions about household income inequality are broadly consistent
across countries. Educational assortative mating is important for the cross-sectional inequality
in household income, whereas changes in assortative mating over time matter little for the time
trends in household income inequality. By comparison, changes in the returns to education
over time is a key factor behind the evolution of household income inequality.

In interpreting these three sets of results, it is important to keep in mind the descriptive
nature of our analysis. While our study offers new facts about educational assortative
mating over time and across countries, it is silent on the causes of sorting in marriage.
Our decomposition method is also best understood as a descriptive approach or accounting
exercise, abstracting from several potentially important partial equilibrium considerations (e.g.
self-selection into education by comparative advantage) and general equilibrium conditions
(e.g. simultaneous determination of education choices, returns to education, and marriage
decisions).3

Our study is primarily related to an empirical literature on educational assortative mating
(see e.g. Mare 1991; Pencavel 1998; Fernandez and Rogerson 2001; Breen and Salazar 2011;
Greenwood et al. 2014, 2016). Our paper expands and clarifies this prior research in several
important ways. First, our analysis of the U.S. considers the trends over a longer time
period, showing that the degree of assortative mating increased gradually from 1940 to the
1980s, after which it has changed relatively little. Second, we study educational assortative
mating for a broad range of countries, revealing a common pattern in educational assortative
mating over time. Third, we study educational assortative mating in the U.S. by race, finding

3See Fortin et al. (2011) for a review of decomposition methods in economics and a discussion of these
considerations.
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qualitatively similar results for blacks and whites. Fourth, we provide a detailed analysis of
educational assortative mating among the college educated. This analysis shows a stronger
decline in assortative mating among American couples with graduate degrees as compared to
those with only undergraduate degrees. Using the rich Norwegian data, we also demonstrate
that assortative mating is even stronger by post-secondary field of study (college major) than
by education level, suggesting that the choice of field of study could be an important but
neglected pathway through which individuals sort into homogeneous marriages. And lastly,
our analysis highlights the importance of using measures of educational assortative mating
that try to disinguish changes in educational assortative mating from shifts in the marginal
distributions of education. As discussed in detail later, this issue is important to understand
why Greenwood et al. (2014, 2016) conclude that educational assortative mating increased
after 1980, whereas our study suggests it changed little or declined modestly over the past
three decades.

Our paper also contributes to a literature trying to explain or account for the rise in
economic inequality observed in many developed countries since the early 1980s. Most of
the evidence is on the factors behind the increase in earnings inequality among males. A
smaller body of work has examined the trends in household income inequality. Some studies
decompose the inequality in household income by income sources and subgroups (see e.g.
Karoly and Burtless, 1995; Cancian and Reed, 1998; Aslaksen et al., 2005; Western et al.,
2008; Breen and Salazar, 2011). Other studies use shift-share approaches to examine the
change in income inequality accounted for by changes in male and female labor earnings
distributions and changing household characteristics (see e.g. Burtless, 1999; Daly and
Valletta, 2006; Greenwood et al., 2014; Larrimore, 2014). Our study complements this
body of work by quantifying the relative importance of changes in educational composition,
returns to education, and educational assortative mating to household income inequality
over time for a broad set of developed countries. From this analysis, two new conclusions
emerge: Educational assortative mating accounts for a modest but non-negligible part of the
cross-sectional inequality in household income, and changes in assortative mating over time
barely move the time trends in household income inequality.4

4These conclusions differ from those drawn in Greenwood et al. (2014). Using U.S. data, they conclude
that moving from the observed pattern of assortative mating to a random pattern has little discernable
impact on income inequality in 1960, whereas repeating this experiment for 2005 has a marked impact on
the income distribution. Additionally, they argue, that forcing men and women to sort into marriages in
2005 as they did in 1960 would generate a large drop in income inequality in 2005. Both these conclusions
are wrong. In a corrigendum titled “Corrigendum to Marry Your Like: Assortative Mating and Income
Inequality”, Greenwood et al. point out these errors. This corrigendum is dated June 2015, a year after our
NBER working paper was published. While the corrigendum does not explain what caused the errors, it
reports results that are consistent with our conclusions
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The remainder of this paper proceeds as follows. Section 2 describes our data and reports
descriptive statistics. Section 3 presents our findings on educational assortative mating.
Section 4 describes the decomposition method before using it to explore factors behind the
evolution of household income inequality. The final section offers some concluding remarks.

2 Data and Descriptive Statistics

Below we describe the data, select the estimation samples, and present descriptive statistics.
Details about data sources, sample restrictions and each of the variables are given in Appendix
B.

2.1 Data for the U.S.

Our analysis of the U.S. relies on two data sources. For the period 1962-2013, we use the
public use March Current Population Survey (CPS). In every year, the survey covers a
nationally representative sample of households. The variables captured in the survey include
individual demographic information (such as gender, date of birth, and marital status) and
socioeconomic data (including educational attainment and income). The data contains unique
family identifiers that allow us to match spouses.

Using the CPS data, we describe educational assortative mating and examine its impact
on household income inequality over the period 1962-2013. To study assortative mating
over an even longer period of time, we take advantage of the public-use samples from the
U.S. decennial censuses. The primary advantage of the census data is that it allows us to
describe educational assortative mating in 1940. However, spouses cannot be linked in the
1950 census, preventing us from analyzing that year. Additionally, the 1940 census does not
offer a comprehensive measure of income. For these reasons, the analysis of household income
inequality only uses the CPS data.

2.2 Data for other countries

Our analysis also uses data from Denmark, Germany, the U.K., and Norway. In each country,
we have individual demographic information (gender, date of birth, and marital status),
socio-economic data (including educational attainment and income), and family identifiers
to match spouses. For Denmark and Norway, we access administrative data containing
records for every individual and household. The Norwegian data allows us to go back to 1967,
whereas the Danish data we have access to only begins in 1980. For Germany and the U.K.,
we have to rely on survey data. The German Socio-Economic Panel (SOEP) is an annual
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longitudinal survey that covers the period from 1984 to 2013. The U.K. Labour Force Survey
(LFS) collects data biannually from 1979 to 1983, and then annually from 1984 until 2013.
However, the LFS does not ask questions about income before 1993.

2.3 Sample selection and variable definitions

Our main analysis uses information on the educational attainment and income of married
couples. In every year, the sample is restricted to married couples where at least one of
the spouses is between 26 and 60 years old.5 In our main analysis, these individuals are
assigned to one of four mutually exclusive groups according to the highest level of education
completed: high school dropouts (< 12 years of schooling); high school graduates (12 years
of schooling); individuals with some college (13-15 years of schooling); college graduates (>
15 years of schooling). Our measure of individual income consists of wages and income from
self-employment.6 In each year, we exclude individuals with missing information on income,
and set negative income to zero.7 We measure household income by pooling the individual
income of the spouses.

In Table 1, we document key characteristics of the samples of husbands and wives in
the U.S. As expected, female labor force participation has grown over time. As a result,
the incomes of females have increased, both in absolute levels and as shares of household
income. At the same time, we can see a convergence in educational attainment of men and
women. The characteristics (and trends over time) for the full sample that also includes
singles, shown in Appendix Table A1, are qualiatively similar. Appendix Table A2 reports
the same characteristics for the samples of husbands and wives in Denmark, Germany, the
U.K. and Norway. These countries have also experienced a closing in the gender gap in higher
education and an increase in the incomes and labor force participation of women.

5In a robustness check, we examine how the inclusion of singles or cohabitants affects the conclusions
about assortative mating.

6In the U.K., however, the survey does not ask about income from self-employment (but records if people
are self-employed). We therefore exclude self-employed (and their spouses) from the U.K. sample when
analyzing household income inequality (Section 4).

7Less than 1 percent of the observations in the CPS have negative income in a given year. Dropping these
observations does not affect our results.
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1962 1980 2013
Women Men Women Men Women Men

Sample means:
Age 40.4 43.8 40.3 43.1 43.4 45.6
College degree 0.071 0.129 0.153 0.236 0.391 0.370
Income ($ - 2014) 7,199 46,061 15,352 62,172 29,960 61,984
Labor force part. 0.409 0.956 0.625 0.934 0.714 0.892

Number of obs. 13,969 32,197 31,714

Table 1. U.S. Data: Summary Statistics
Notes: This table reports average characteristics of our estimation sample of married couples aged 26-60 in
the U.S. Labor force participation is defined as having positive labor income from wages or self-employment.
Source: CPS (1962-2013).

2.4 Descriptive statistics

Before turning to the examination of educational assortative mating, we describe a few
important features of our data.

We begin by displaying the education distributions of husbands and wives over time.
Figure 1 presents the U.S. time trends. The proportion of husbands with a college degree
starts out at around 13 percent in 1962 and increases to about 37 percent in 2013. By
comparison, only 7 percent of the wives had a college degree in 1962. Over time, however,
the educational attainment of women caught up with that of men, and the wives in 2013 are
actually more likely to have a college degree. The increase in college education is accompanied
by a substantial decline in the proportion of the population without a high school diploma.
As evident from Appendix Figure A1, broadly similar patterns are observed in Denmark,
Germany, the U.K, and Norway.

Figure 2 shows how the closing of the gender gap in higher education is accompanied by
an increase in homogamy among the college educated. In the U.S., the share of couples in
which both spouses have a college degree increased by 22 percentage points between 1962
and 2013. This figure reveals a similar pattern for the other countries we consider, where the
proportion of couples in which both spouses are college educated has increased substantially
over time.

Alongside the changes in the education composition of husbands, wives, and couples, a
large body of work documents significant changes in the labor market returns to education
(see e.g. Autor et al., 2008; Acemoglu and Autor, 2011). Appendix Table A3 confirms
this pattern in our data, reporting income differentials of husbands and wives from OLS
regressions of annual income on education levels (conditional on potential experience). We
see sizable income premiums for high school and college degrees in each country. Looking at
changes over time in Appendix Table A3, it is evident that the positive association between
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income and education has been increasing in the US, especially since the 1980s.
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Figure 1. U.S. Time Trends in Husbands’ and Wives’ Educational Attainment
Notes: This figure displays the educational composition of wives and husbands over time. Source: CPS
(1962-2013), married couples aged 26-60.
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3 Educational Assortative Mating

3.1 Baseline Estimates for the U.S.

There are various ways to measure educational assortative mating. To begin with, we will
measure marital sorting between education levels ef and em as the observed probability that
a husband with education level em is married to a wife with education level ef , relative to
the probability under random matching with respect to education:

s (ef , em) = P (Ef = ef , Em = em)
P (Ef = ef )Pr(Em = em) , (1)

where Ef (Em) denotes the education level of the wife (husband). Positive (negative)
assortative mating means that men and women with the same level of education marry more
(less) frequently than what would be expected under a marriage pattern that is random in
terms of education: that is, the marital sorting parameter s (ef , em) is larger (smaller) than 1
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when i is equal to j. The joint education distribution of the spouses is fully described by the
marital sorting parameters and the marginal education distributions of wives and husbands.

In each year, we use CPS data to estimate the sorting parameters s (ef , em) for every
combination of education of the husbands and wives. Appendix Table A5 reports the full set
of estimates of s (ef , em) for the U.S. in the years 1962, 1980 and 2013. Figure 3 complements
this table by displaying the time trend in the sorting parameters on the diagonal (where
husbands and wives have the same education level, ef = em). This figure shows there is
evidence of positive assortative mating at all levels of education during the entire period
1962-2013. The time trends, however, are heterogeneous and vary depending on where in
the educational distribution one looks. We can see that assortative mating has declined
among the highly educated. In 1962, for example, Americans with a college degree were
nearly five times as likely to be married to a spouse with a college degree, compared to the
counterfactual situation where spouses were randomly matched with respect to education;
in 1980 and 2013, they were only three times and twice as likely, respectively. Conversely,
assortative mating has increased among the low educated. In 1962, Americans without a
high school degree were 1.6 times as likely to be married to one another as compared to the
probability with random mating; in 1980 and 2013, they were 2.6 and 7.2 times as likely,
respectively.

To obtain a measure of the overall educational assortative mating, we compute the
weighted average of the marital sorting parameters along the diagonal. Figure 4 shows how
this measure of aggregate assortative mating changes over time. The results suggests that, on
average, the degree of educational assortative mating increased steadily from 1962 to the mid
1980s, after which it has changed relatively little. In both 1980 and 2013, Americans with
the same level of education were about 1.9 times more likely to be married to one another as
compared to the probability with random mating. By way of comparison, Americans in 1962
were only 1.7 times as likely to be married to someone with the same level of education as
compared to the probability with random mating.
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Figure 3. U.S. Trends in Assortative Mating by Educational Level
Notes: This figure displays the time trends in the marital sorting parameters s(ef , em) for which the husbands
and wives have the same education level. Source: CPS (1962-2013), married couples aged 26-60.
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Figure 4. U.S. Trends in Aggregate Educational Assortative Mating
Notes: This figure displays the time trends in the weighted average of the marital sorting parameters s(ef , em)
along the diagonal (where husbands and wife have the same education level). Source: CPS (1962-2013),
married couples aged 26-60.

3.2 Robustness checks

This section shows that our results are robust to employing alternative measures of assortative
mating as well as to accounting for sorting by age and changes in the probability of marriage
by education level.

Alternative measures. Educational assortative mating can be described by comparing the
contingency table for the wife’s and husband’s educational levels to a contingency table
generated by random matching for husbands and wives, as Section 3.1 does. From these
contingency tables, it is also possible to construct a measure of the overall educational
assortative mating, describing whether individuals with the same level of education marry
more frequently than would be expected under a random mating pattern. While this is a
natural measure of aggregate sorting, several alternative measures are available.

One possibility is to use Altham’s index, which is based solely on the odds ratios.8

8Altham’s index was proposed by Altham (1970), and it is frequently used in studies of intergenerational
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Applied to educational assortative mating, this index summarizes the distance between the
row-column associations in the contingency table for wife’s and husband’s educational level
and the row-column associations in a contingency table generated by random matching of
husbands and wives. Using our notation and the four categories of education, Altham’s index
can be written as:

 4∑
i=1

4∑
j=1

4∑
k=1

4∑
l=1
| log

(
P (Ef = i, Em = j)P (Ef = k, Em = l)
P (Ef = i, Em = l)P (Ef = k, Em = j)

)
|2
1/2

,

where the index takes a smaller value the closer the row-column association is to what we
would observe under independence, and it is equal to zero if matches are random. Panel (b)
in Figure 5 reports estimates of the Altham index for the U.S. during the period 1962-2013.
For comparison, Panel (a) repeats our baseline measure of aggregate sorting over the same
time period. Both measures suggest that, on average, the degree of educational assortative
mating increased steadily from 1962 to the mid 1980s, while it has changed little if anything
over the past two decades.

Both Altham’s index and the marital sorting parameters s (ef , em) do not impose any
ordering of the different education groups.9 There are, however, several commonly used
measures of dependence for ordered contingency tables, including Spearman’s rank-order
correlation coefficient, Pearson’s product-moment correlation coefficient, and Kendall’s tau
(see e.g. Nelsen, 2006; Agresti, 2010). The Spearman correlation between the education
levels of husbands and wives is simply the Pearson correlation between the rank values of
those two variables. Kendall’s tau is an alternative measure of rank correlation, given by the
difference between the number of concordant and discordant pairs (of couples) relative to the
total number of pairs (of couples).10 As a result, the Kendall correlation ranges from -1 to
1, and it will be closer to 1 the more similar the ranks of the spouses are in the marginal
distribution of education of husbands and wives.

Panels (c) and (d) in Figure 5 show that both the Spearman and the Pearson correlation
coefficients suggest that educational assortative mating increased from 1962 to the 1980s. In
the 1990s, the coefficients fell somewhat, but they remained considerably larger in 2013 as
compared to 1962. Similarly, the estimates of Kendall’s tau presented in panels (e) and (f)

occupational mobility (see e.g. Long and Ferrie (2013)).
9Arguably, there is no uniform ordering of education levels across individuals. For example, Carneiro et al.

(2011) estimate that returns to college differ across individuals in magnitude and even sign, and that persons
select into education based in part on their idiosyncratic returns.

10In our setting, a pair of couples is said to be concordant if both the wife and husband in one couple have
higher education than the wife and husband in the other couple. The pair of couples is discordant, on the
other hand, if one couple has a wife with lower education and a husband with higher education as compared
to the other couple.
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suggest that educational assortative mating increased until the 1980s, after which it declined
modestly. This conclusion holds true both if we consider τA, which ignores ties (i.e., pairs of
couples for which husbands or wives have the same level of education), or make adjustment
for ties, as in τB.11
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Figure 5. Educational Assortative Mating in the U.S.: Alternative Measures
Notes: This figure displays the time trends in various measures of educational assortative mating. Source:
CPS (1962-2013), married couples aged 26-60.

Age and marriage adjustments. The baseline sorting parameter in equation (1) does not
adjust for sorting based on the ages of the spouses. We now refine the measure to account for
this. The probability that we observe a household where the wife has education ef and age af

11See Agresti (2010) for a discussion of how to adjust for ties in computing Kendall’s tau.
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and the husband has education em and age am is P (Ef = ef , Af = af , Em = em, Am = am),
where Ef (Ef ) and Af (Af ) denote education and age group for wives (husbands), respectively.
As before, we measure marital sorting by the ratio between the probability of observing such
a household and the probability of observing a similar household if matching is random with
respect to education, except that it is now conditional on the spouses’ ages. The martial
sorting parameter is then:

s (ef , af , em, am) = P (Ef = ef , Af = af , Em = em, Am = am)
P (Ef = ef | Af = af )P (Em = em | Am = am)P (Af = af , Am = am) ,

(2)
where the denominator is the probability of observing this couple if matching is random with
respect to education. The expression in the denominator is derived from the fact that, under
random matching with respect to education, the wife’s education ef is not directly dependent
on the husband’s education em and age am, and the husband’s education em is not directly
dependent on the wife’s education ef and age af .

To construct age-adjusted marital sorting parameters, we divide the sample into 144
groups. Specifically, for each gender we use three age groups (<37; 37-48; >48) in addition
to the four educational levels. We then estimate a full set of marital sorting parameters
for all possible combinations of age and education. In order to develop an age adjusted
measure of marital sorting for a given combination of husband’s and wife’s education, we
aggregate the age and education specific measures across ages. Details on the age adjustment
and aggregation are presented in Appendix C. Figure 4 shows the weighted average of the
age adjusted marital sorting parameters along the diagonal (that is, for groups where the
husbands and wives have similar education). Adjusting for age does not materially change
the trends in marital sorting.

As a final robustness check, we modify the sorting parameter to account for changes
in the probability of marrying (conditional on age and education). For this purpose, we
now also include single men and women aged 26-60 in the sample, add separate education
and age categories corresponding to single women (no husband) and single men (no wife),
and re-estimate the marital sorting parameters. Figure 4 shows the weighted average of the
marital sorting parameter (adjusted by age and marriage propensity) along the diagonal
(that is, for groups where the husbands and wives have similar education). Adjusting for age
and marriage propensity does not materially change the trends in marital sorting.

Incorporate Cohabiting Couples The increasing tendency for couples to cohabit (instead of
marrying) could potentially affect the trends in educational assortative mating. To examine,
we perform two checks. We first exploit that cohabitation is recorded in the CPS for the years
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2007-2013. This allows us to add cohabiting couples (aged 26-60) to the sample of married
couples for these years. During this period, 7 percent of all men and women aged 26-60 are
recorded as cohabitants. Appendix Figure A2 shows that classifying these cohabiting couples
as married does not materially change the estimates of the marital sorting parameters. The
second check we perform uses the Norwegian register data, where we have information about
cohabitation for the years 1988-2013. Appendix Figure A3 shows that the trends in the
sorting parameters over this period barely move when cohabiting couples are classified as
married.

3.3 Additional analysis

Comparison with existing research. All the measures in Figure 5 try to distinguish changes
in educational assortative mating from shifts in the educational attainment of husbands and
wives. In comparison, some studies construct measures of educational assortative mating
from regressions of the wife’s years of education (Y eduf ) on the husband’s years of education
(Y edum):

Y eduf = α + γY edum + u. (3)

After estimating this regression model separately for different years, these studies interpret
the (change over time in the) coefficient on husband’s education as a measure of the (change
over time in) educational assortative mating. For example, Greenwood et al. (2014) and
Greenwood et al. (2016) use estimates of γ to study educational assortative mating in the
U.S. over the period 1960-2005.12

For comparison, we use our data for the period 1962-2013 to estimate (3) separately for
each year. Figure 6 presents the yearly estimates of γ. In line with Greenwood et al. (2014;
2016), we find that this coefficient increases steadily over time, also after 1980. However, the
evolution of this coefficient over time does not accurately measure the changes in educational
assortative mating, as it confounds changes in the assortativeness of marriage with shifts in
the marginal distributions of education.13

12Greenwood et al. (2014) report three different measures of educational assortative mating for the period
1960-2005: the regression coefficient for husband’s education (γ), Kendall’s tau (τA), and a weighted average
of the marital sorting parameters (s (ef , em)) along the diagonal. All these measures suggest that educational
assortative mating increased from 1960 to 1980. In contrast, only γ – which is confounded by changes in the
marginal distributions of education – suggests assortative mating continued to increase after 1980. Indeed,
their estimate of τA actually declines somewhat from 1980 to 2005, whereas the estimated s (ef , em) barely
moves from 1980 to 2000, after which it increases a little.

13In an attempt “to control for the secular rise in the educational levels for the married population” (p.
348, 2014), Greenwood et al. allow the intercept to change from year to year (as we do by estimating eq. (1)
separately for different years). While this accounts for shifts in the means, it does not account for changes
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To illustrate this point, we switch the regressand and the regressor in (3), running
regressions of husband’s years of education on an intercept and wife’s years of education.
Figure 6 shows the results. While the coefficient on wife’s education declines over the time, the
coefficient on husband’s education increases over same period. The reason is that the variance
in years of education among husbands falls substantially over this time period. Comparing
the results in Figure 6 to those in Figure 5 show how changes in the marginal distributions of
education, if ignored, may lead to unwarranted conclusions about the evolution of educational
assortative mating.
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Figure 6. Estimates of the Association Between the Educational Attainment of
Spouses
Notes: This figure displays the slope coefficients from separate regressions for each year of a) the wife’s years
of education on an intercept and the husband’s years of education, and b) the husband’s years of education
on an intercept and the wife’s years of education. Source: CPS (1962-2013), married couples aged 26-60.

Longer time trend in educational assortative mating. While the CPS data begin in 1962,
the decennial censuses allow us to go back to 1940. In Figure 7, we compare estimates of
the overall educational assortative mating based on the censuses and the CPS. Both sets of
estimates suggest that, on average, the degree of educational assortative mating increased
steadily from the 1960s to the mid 1980s, after which it changed relatively little. What the
1940 census reveals, however, is that educational assortative mating increased considerably

in the variances of education – which is what confounds the interpretation of γ as measuring educational
assortative mating.
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prior to the 1960s. In 1940, we estimate that Americans with the same level of education
were about 1.3 times more likely to be married to one another as compared to the probability
with random mating. By way of comparison, Americans in the 1960s were 1.7 times as likely
to be married to someone with the same level of education as compared to the probability
with random mating.
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Figure 7. Trends in Aggregate Educational Assortative Mating using the CPS
and the Census
Notes: This figure displays the time trends in the weighted average of the marital sorting parameters s(ef , em)
along the diagonal (where husbands and wife have the same education level). The figure compares results
when using the CPS (1962-2013) and the Census (1940-2013). Sample: Married couples aged 26-60.

Educational assortative mating by race. Figure 8 presents estimates of educational assortative
mating by race. In this figure, the estimation sample is restricted to same-race couples.
Separately for white and black couples, we estimate a full set of the sorting parameters
s (ef , em) for each year in the period 1962- 2013. To obtain a measure of the overall educational
assortative mating by race, we compute the weighted average of the race-specific marital
sorting parameters along the diagonal. The patterns are qualitatively similar for blacks
and whites: Assortative mating increased gradually from 1940 to the 1980s, after which
it has changed relatively little. Among blacks, however, educational assortative mating
was relatively low in 1962, but this group experienced a relatively large increase in the
assortativeness of marriages until the mid 1980s.
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Figure 8. U.S. Trends in Aggregate Educational Assortative Mating, by Race
Notes: This figure displays the time trends in the weighted average of the marital sorting parameters
s (ef , em) along the diagonal (where husbands and wife have the same education level), calculated for each
race separately. Source: CPS (1962-2013), married couples aged 26-60.

Educational assortative mating across countries. A natural question is whether our findings
about educational assortative mating are specific to the U.S. or if they generalize to other
developed countries. To investigate this question, we examine assortative mating in Denmark,
Germany, the U.K., and Norway. The data available in each of these countries allow us to
study educational assortative mating over several decades.

For each country and every year, we estimate the sorting parameters s (ef , em) for all
possible combinations of education of the husbands and wives. Figure 9 displays the time
trends in the sorting parameters on the diagonal (where husbands and wives have the same
education level). The estimates correspond to those in Figure 3, except we are now using
data for countries other than the U.S. In each country, we find evidence of positive assortative
mating at all levels of education. In addition, the time trends are qualitatively similar across
countries: Among college graduates, assortative mating has been declining over time, whereas
low educated are increasingly sorting into internally homogeneous marriages. Comparing
across countries, the increase in assortative mating among low educated is strongest in the
U.S. By comparison, assortative mating among college graduates has declined more in the
U.K. and Norway as compared to the U.S.
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Panel a) Denmark
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Panel b) Germany
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Panel c) U.K.
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Panel d) Norway

Figure 9. Trends in Assortative Mating by Educational Level and Country
Notes: This figure displays the time trends in the marital sorting parameters s(ef , em) for which the husbands
and wives have the same education level, by country. Source: Danish registry data (1980-2013); SOEP
(Germany, 1984-2013); LFS (U.K., 1979-2013); Norwegian registry data (1967-2013). Sample: Married couples
aged 26-60.
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Educational assortative mating among the college educated. So far, we have focused ex-
clusively on assortative mating by education levels. However, the type of education that
people acquire is potentially as important as their level of education. For example, the
earnings differences observed across college majors rival the earnings gap between individuals
with and without a college degree (see e.g. Altonji et al., 2012; Kirkeboen et al., 2016).
While neither the CPS data nor the censuses offer information about college major, they do
make a distinction between undergraduate and graduate degrees. This allows us to split the
college graduates category into two subcategories according to whether college graduates
have undergraduate or graduate degrees. Using this new classification with five education
groups of the husbands and wives, we estimate a full set of sorting parameters s (ef , em) for
all combinations of ef and em.

Appendix Figure A4 displays the time trends in the sorting parameters for couples with
undergraduate degrees and couples with graduate degrees. We can see that assortative
mating declined for both types of college educated. In 1962, for example, Americans with
an undergraduate college degree were 4.2 times as likely to be married to a spouse with an
undergraduate college degree, compared to the counterfactual situation where spouses were
randomly matched with respect to education; in 1980 and 2013, they were only 3.0 and 1.9
times as likely, respectively. The decline in assortative mating has been even more pronounced
among couples with graduate degrees. In 1962, Americans with a graduate degree were 8.4
times more likely to be married to one another as compared to the probability with random
mating; in 1980 and 2013, they were about 5.2 and 3.1 times more likely, respectively.

While the U.S. data do not allow us to look more closely at educational assortative mating
among the college educated, the rich Norwegian data record post-secondary field of study.
This allows us to split the college category into nine mutually exclusive sub-categories by
post-secondary field of study. In line with previous evidence, Appendix Table A4 shows that
medicine, law, engineering, science and business command high income premiums, whereas
individuals with humanities, nursing and education degrees tend to have relatively low income.
It is also notable that these income differentials have become more pronounced over time.
Figure 10 displays the sorting parameters for couples with the same field of study. This figure
reveals that assortative mating is much stronger by field of study than by education level.
The assortativeness is strongest for law and medicine, the fields with the highest economic
returns. In 1967, for example, a graduate in law was 73 times as likely to be married to a
college graduate with a law degree, compared to the counterfactual situation where spouses
were randomly matched. By comparison, college graduates as a whole were only 6.5 times
as likely to be married to one another as compared to the probability with random mating.
The assortative mating by field of study declines over time but remains sizable. In 2013,
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graduates in law were still 26 times as likely to be married to one another, relative to the
probability under random matching. Taken together, the findings from Norway suggest that
the choice of post-secondary field of study could be an important but neglected pathway
through which individuals sort into internally homogeneous marriages.
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Figure 10. Trends in Assortative Mating by Post-Secondary Field of Study in
Norway
Notes: This figure and table display the time trends in marital sorting parameters s (ef , em) for which
husbands and wives have the same college major. Source: Norwegian registry data (1967-2013), married
couples aged 26-60.

4 Determinants of household income inequality

4.1 Decomposition method

To quantify the contribution to household income inequality of changes in returns to education,
educational composition and educational assortative mating, we adopt the decomposition
method proposed by DiNardo et al. (1996). This approach produces income distributions
under counterfactual scenarios where the distribution of one factor is fixed at a base year,
while the other factors vary over time.

The joint distribution of household income and couples’ education in year t is FY,X (y, x|t),
where y denotes household income and x denotes the couples’ educational attainments Ef ,
Em. The distribution of income in year t is given by:

FY (y|t) =
∫
FY |X (y|x, t) dFX (x|t) ,

where FY |X (y|x, t) is the conditional distribution of income for couples with characteristics
x in year t (i.e. the returns to education) and FX (x|t) is the joint distribution of spouses’
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education in year t.
To define the counterfactual scenarios, let ty denote the year in which the economic returns

are measured, tx denotes the year in which the couples’ educational attainments are measured
and ts denotes the year the marital sorting parameters are measured. Depending on when
we measure these three factors, we obtain different counterfactual scenarios. In general, the
income distribution under a counterfactual scenario is given by:

F̃Y (y|ty, tx, ts) =
∫
FY |X (y|x, ty) Ψx (x|ty, tx, ts) dFX (x|ty) ,

where Ψx is a re-weighting function defined as,

Ψx (x|ty, tx, ts) = dF̃X (x|tx, ts)
dFX (x|ty) ,

where dF̃X (x|tx, ts) denotes the joint distribution of spouses’ education that would have
occurred if the couples’ educational attainments are measured in tx and the marital sorting
parameters are measured in ts.

In the empirical analysis, we hold the distribution of one variable fixed at base year t0,
while we let the distributions of the other factors to vary over time. This informs us about
how household income inequality is affected by changes in that variable over time. In the case
of marital sorting, we construct the counterfactual income distribution if couples matched
according to the sorting parameter in base year t0. For example, F̃Y (y|ty = t, tx = t, ts = t0)
represents the income distribution in a scenario where the returns to education and the
educational composition are measured in year t, whereas the marital sorting parameters are
measured in year t0. By comparing this counterfactual income distribution to the actual
income distribution in year t, we are able to assess how household income inequality is affected
by changes in educational assortative mating between year t0 and t.

To obtain the counterfactual income distribution, we estimate the re-weighting function
as:

Ψ̃x (x|ty, tx, ts) = P̃ (x|tx, ts)
P (x|ty) , (4)

where P (x|ty) denotes the proportion of couples with educational attainments x = {ef , em}
in year ty, and the counterfactual P̃ (x|tx, ts) is the proportion of couples who would have
had characteristics x if the marginal distributions of education of husbands and wives were
as in year tx and couples matched according to the marital sorting parameter of year ts. The
stochastic matching procedure used to estimate the counterfactual proportion is described in
Appendix D.
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We construct income distributions under alternative counterfactual scenarios, including
keeping the marital sorting parameter used to match couples, the education distribution of
men and women, or the economic returns to education, fixed at base year t0.

4.2 Assortative mating and household income inequality in the U.S.

Figure 11 graphs household income inequality over time in the U.S. This figure measures
inequality according to the much used Gini coefficient. The solid line shows the growth in
household income inequality, while the dashed line give the time trends in household income
inequality for a counterfactual scenario in which all the marital sorting parameters s (ef , em)
are set equal to one; this means that men and women with the same level of education marry
as frequently as what would be expected under a marriage pattern that is random in terms
of education.

As expected, assortative mating leads to an increase in household income inequality.
For example, educational assortative matching increased the Gini coefficient in 2013 by 5
percent, from 0.412 to 0.432. How large is such an increase in inequality? Abstracting from
behavioral responses, a 5 percent increase in the Gini coefficient corresponds to introducing
an equal-sized lump sum tax of 5 percent of the mean household income and redistributing
the derived tax as proportional transfers where each household receives 5 percent of its income
(Aaberge, 1997). Interpreted in this way, a key insight from Figure 11 is that educational
assortative mating has a non-negligible impact on the distribution of household income in
the U.S.
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Figure 11. U.S. Household Income Inequality and Educational Assortative Mat-
ing
Notes: This figure displays actual and counterfactual time trends in household income inequality. The solid
lines show the Gini coefficient in the actual distribution of household income. The dashed line shows the
Gini coefficient in a counterfactual scenario where husbands and wives are matched randomly with respect to
education. Source: CPS (1962-2013), married couples aged 26-60.

Appendix Table A6 complements Figure 11 by showing how assortative mating affects
different parts of the distribution of household income. The 90/10 ratio measures the income
at the 90th percentile of the household income distribution relative to that of the 10th
percentile, while the 90/50 and 50/10 ratios illustrate whether an increase in the 90/10 ratio
is due to the rich getting richer or the poor getting poorer. We compare the percentile
ratios in the actual distribution of household income to those that would have occurred if
husbands and wives are randomly matched with respect to education. The results suggest that
assortative mating matters most for inequality in the lower part of distribution, particularly
at the beginning of the period we investigate.

4.3 Evolution in household income inequality in the U.S.

We now examine the importance of various factors for the time trend in household income
inequality in the U.S., including changes in educational assortative mating (Figure 12),
returns to education (Figure 13), and educational composition (Figure 14). Each figure
compares the actual evolution of household income inequality to the counterfactual levels of
inequality, where we hold the distribution of one factor fixed at its level in 1962 while we let
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the distributions of the other factors vary over time. Appendix Figure A5 shows that the
conclusions from the decomposition analysis are robust to whether we use 1962, 1984 or 2013
as the base year.

Figure 12 suggests that changes in assortative mating over time matters little for the time
trends in household income inequality. This finding refutes the widespread view that changes
in assortative mating have led to a rise in household income inequality. The Gini coefficients
in the actual and the counterfactual distribution of household income barely differ.
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Figure 12. U.S. Household Income Inequality and Changes in Educational As-
sortative Mating
Notes: This figure displays actual and counterfactual time trend in household income inequality. The solid
line shows the Gini coefficient in the actual distribution of household income. The dotted line shows the Gini
coefficient in a counterfactual scenario where spouses are matched with respect to the 1962 marital sorting
parameters, while we let the distributions of the other factors vary over time. Source: CPS (1962-2013),
married couples aged 26-60.

Figure 13 shows that increases in the returns to education seem to be a key driver behind
the rise in household income inequality. Indeed, the decomposition analysis suggests that
the Gini coefficient in household income would have been steadily declining if the returns
to education remained at their levels in 1962. In 2013, for example, the Gini coefficient is
predicted to be 25 percent lower in the absence of changes to the returns to education. This
reduction in the Gini coefficient corresponds to introducing a 25 percent proportional tax
on income and then redistributing the derived tax revenue as equal sized amounts to the
households (Aaberge, 1997). This finding suggests that changes in the returns to education
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are not only important in explaining the growth in income inequality among males (see e.g.
Autor et al., 2008; Acemoglu and Autor, 2011), but also a key factor behind the rise in
household income inequality over the past few decades. Appendix Table A7 demonstrates
that the lower part of the household income distribution has been most influenced by changes
in education returns. For example, if the returns to education remained at their levels in
1962, we estimate that the 50/10 ratio would have been 46 percent lower in 2013 (a reduction
from 4.16 to 2.23), whereas the 90/50 ratio would have been 15 percent lower (a reduction
from 2.27 to 1.92).
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Figure 13. U.S. Household Income Inequality and Changes in Returns to Edu-
cation
Notes: This figure displays actual and counterfactual time trends in household income inequality. The solid
line shows the Gini coefficient in the actual distribution of household income. The dotted line shows the Gini
coefficient in a counterfactual scenario where the returns to education are kept fixed at their levels in 1962,
while we let the distributions of the other factors vary over time. Source: CPS (1962-2013), married couples
aged 26-60.

Figure 14 suggests that changes in the educational composition offset some of the increase
in household income inequality. The decomposition results suggests that the U.S. over
the period 1962-2013 would have experienced a 55 percent larger increase inequality if the
education distributions of husbands and wives were as in 1962. In 2013, for instance, we find
that the Gini coefficient would have been 12 percent higher in the absence of the changes
in educational composition. These compositional effects are distinct from the standard
price effects that are often invoked to explain changes in inequality (see e.g. Juhn et al.,
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1993; Lemieux, 2006). Holding returns to education constant, changes in composition can
mechanically raise or lower income inequality by changing the population shares of different
education groups. Appendix Table A8 shows that it primarily the lower end of the household
income distribution that has benefited from the changes in the educational composition.
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Figure 14. U.S. Household Income Inequality and Changes in Educational Com-
position
Notes: This figure displays actual and counterfactual time trends in household income inequality. The solid
line shows the Gini coefficient in the actual distribution of household income. The dotted line shows the
Gini coefficient in a counterfactual scenario where the education distributions of husbands and wives are kept
fixed at their levels in 1962, while we let the distributions of the other factors vary over time. Source: CPS
(1962-2013), married couples aged 26-60.

4.4 Robustness checks

We performed several specification checks to examine the robustness of the decomposition
results.

Adjusting for age. We first examine the sensitivity of the results to accounting for age in
the measurement of marital sorting. In particular, we assign individuals to groups by the
combination of their gender, education, and age. For each gender, we use three age categories
(<37; 37-48; >48) in addition to the four educational levels, dividing the sample into 144
mutually exclusive groups. By comparison, the baseline specification – where we abstracted
from age – gives 16 mutually exclusive groups. Except for the additional groups, we use
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the same decomposition method as outlined above. Appendix Figure A6 shows that the
decomposition results barely move when we account for age in the measurement of marital
sorting.

Adjusting for changes in marriage propensity. We also check if our results are robust to
accounting for changes over time in the likelihood of getting married according to the age
and education of males and females. For this purpose, we also include single men and
women aged 26-60 in the sample. This allows us to characterize each individual by their
age, educational level, gender and marital status. Thie inclusion of singles adds another
gender-specific sorting parameter for each age and educational group, which represents not
being married. Individuals in groups in which this parameter is larger than one are more
likely to be single than an average individual.

In a counterfactual joint distribution of the household’s characteristics, we now let the
marginal distribution of education and age as well as the gender-specific probability of
being married vary over time. However, couples are matched according to marital sorting
parameters of year ts, which take into account both the relative probability for being married
at all (based on gender, age and education) and who an individual is likely to being married
to.

To directly compare the robustness check to the main results, we exclude singles from the
actual and counterfactual income distributions. The results from this analysis are presented
in Appendix Figure A7. It is reassuring to find that accounting for changes in the probability
of being married by education level do not affect our conclusion: Changes in assortative
mating over time continue to barely move the time trends in household income inequality.

We further report results for the entire sample of married and single households.14 The
results from this analysis are presented in Appendix Figure A8. Panel (e) displays trends in
household income inequality when keeping the probability of being married at a given age
fixed as in a base year. This counterfactual allows us to investigate how the rise in singlehood
and delay in timing of marriage may have affected household income inequality. Results
suggest that the Gini coefficient in 2013 would have been about 5 percent lower if people
married at the same rate and at the same age as in 1962.

Robustness to categorization of education. Appendix Figure A9 examines the impact of
making a distinction between undergraduate and graduate degrees. We split the college
graduates category into two subcategories according to whether college graduates have

14To adjust for differences in household size household income is equivalized using the EU scale. The EU
scale divides total household income by the sum of 1 for the first adult; 0.5 for each other adult; and 0.3 for
each child under the age of 14.
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undergraduate or graduate degrees. Except for the additional groups, we use the same
decomposition method as outlined above. We find that the conclusions about household
income inequality are not materially affected by whether or not we make a distinction between
undergraduate and graduate degrees.

Appendix Figure A10 uses the rich Norwegian dataset to assess how accounting for
heterogeneity by post-secondary field of study affects the evidence on the determinants of
household income inequality. This figure shows that the conclusions about the evolution
of household income inequality in Norway hold: Changes in educational composition and
returns to education remain the key factors, while educational assortative mating continues
to play a minor role. This finding is reassuring given that one cannot link spouses in the U.S.
data with information on post-secondary field of study.

4.5 Evidence from countries other than the U.S.

Section 3.3 showed a common pattern in educational assortative mating across the countries
for which we have data. This section shows that the same holds true for the conclusions
about household income inequality. For each country, we use the same decomposition method
as outlined in Section 4.1. To easily compare the results across countries, we choose common
base years, 1984 and 2013. The reason we select these base years is that they are the first
and last time period for which we have data for nearly all countries.15

Figure 15 graphs the time trends in household income inequality as measured by the Gini
coefficient. The solid lines show the growth in household income inequality, while the dashed
lines give the time trends in household income inequality for a counterfactual scenario in
which all the marital sorting parameters s (ef , em) are set equal to one; this means that men
and women with the same level of education marry as frequently as what would be expected
under a marriage pattern that is random in terms of education. As expected, assortative
mating leads to an increase in household income inequality in all countries.

Next, we examine the importance of various factors for the time trends in household
income inequality, including changes in educational assortative mating (Appendix Figure
A11), returns to education (Appendix Figure A12), and educational composition (Appendix
Figure A13). Each figure compares the actual evolution of household income inequality to
the counterfactual levels of inequality in a country, where we hold the distribution of one
factor fixed at its level in 1984 or in 2013, while we let the distributions of the other factors
vary over time. Appendix Figure A11 shows that changes in assortative mating over time
matters little for the time trends in household income inequality. This finding refutes the
widespread view that changes in assortative mating have led to a rise in household income

15 The only exception is the U.K. for which we lack income data prior to 1993.
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Figure 15. Household Income Inequality and Educational Assortative Mating -
Denmark, Germany, the U.K., and Norway
Notes: This figure displays actual and counterfactual time trends in household income inequality by country.
The solid lines show the Gini coefficient in the actual distribution of household income. The dashed lines
show the Gini coefficient in a counterfactual scenario where husbands and wives are matched randomly with
respect to education. Source: Danish registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K.,
1979-2013); Norwegian registry data (1967-2013). Sample: Married couples aged 26-60.
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inequality. Consistent across countries, we find that changes in assortative mating over time
matter little for the time trends in household income inequality. By comparison, changes in
the returns to education over time is a key factor behind the evolution of household income
inequality.

5 Conclusions

This paper documented the degree of educational assortative mating, how it evolves over time,
and the extent to which it differs between countries. Our analysis focused on the U.S. but also
used data from Denmark, Germany, the U.K., and Norway. We found evidence of positive
assortative mating at all levels of education in each country. However, the time trends vary by
the level of education: Among college graduates, assortative mating has been declining over
time, whereas low educated are increasingly sorting into internally homogeneous marriages.

These findings motivated and guided a decomposition analysis, where we quantified
the contribution of various factors to the distribution of household income. We found
that educational assortative mating accounts for a non-negligible part of the cross-sectional
inequality in household income in each country. However, changes in assortative mating
over time barely move the time trends in household income inequality. This is because the
inequality contribution from the increase in assortative mating among the low educated is
offset by the equalizing effect from the decline in assortative mating among the highly educated.
By comparison, increases over time in the returns to education generate a considerable rise
in household income inequality, but these price effects are partly mitigated by increases in
college attendance and completion rates among women.

In interpreting these results, it is important to keep in mind the descriptive nature of
our analysis. While our study carefully describes educational assortative mating over time
and across countries, it is silent on the causes of sorting in marriage. The observed sorting
patterns can arise due to several distinct reasons. First, sorting can arise due to search
frictions, independent of preferences. For example, sorting along educational attainment
might not reflect a preference for a spouse with a certain education level, but rather that
people could be more likely to meet someone with a similar level of education in school,
college, or at work. Alternatively, sorting can arise in the absence of any search frictions as
an equilibrium outcome of preferences and the market mechanism.16

16For example, people may prefer a spouse with the same education, in which case sorting is due to
“horizontal” spouse preferences. Alternatively, preferences might be purely “vertical,” in the sense that
everyone ranks all potential spouses in the same way. In the equilibrium of a frictionless market, the ranks of
the matched men and women will then be perfectly correlated. If the ranks are monotonically related to the
spouse’s education level, there will also be sorting by education.
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In reality, the observed sorting patterns is likely to reflect both search frictions and spouse
preferences. Quantifying the importance of these causes is difficult given our data. Chiappori
and Salanie (2016) review the literature on assortative mating, concluding that given only
data about matching patterns, it is impossible to distinguish between models with frictions
and models with unobserved heterogeneity. Hitsch et al. (2010) argue that online dating
provides a unique setting to study the causes of assortative mating, in part due to search
frictions being minimal but also because researchers observe both the choice sets faced by the
users and the decisions they make from these choice sets. Using data from an online dating
site, Hitsch et al. (2010) study how much of the assortative mating patterns in matches
can be attributed to preferences alone. Their findings suggest that preferences are a key
cause of sorting in marriage. At the same time, they find that sorting patterns along some
attributes—education in particular—can be difficult to explain without search frictions.

Our decomposition method is also best understood as a descriptive approach, where
observed outcomes for one group are used to construct counterfactual scenarios for another
group. In constructing these scenarios, we follow the literature on decomposition methods
in abstracting from potentially important partial equilibrium considerations (e.g. self-
selection into education by comparative advantage) and general equilibrium conditions (e.g.
simultaneous determination of education distributions and returns). As a result, we are
reluctant to give the decomposition a strict causal interpretation or explore mechanisms that
may lead to the patterns we find. We rather think of our analysis as an accounting exercise
of the contribution of different factors to inequality. Interpreted in this way, an insight from
our analysis is that changes in assortative mating may account for relatively little of the
rise in household income inequality. An important question for future research is how the
conclusions about educational assortative mating and household income inequality might
change if one tries to model the joint determination of pre-marital schooling, female labor
force participation and marriage patterns of men and women while accounting for search
frictions.17
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Figure A1. Time Trends in Educational Attainment - Denmark, Germany, U.K.
and Norway
Notes: This figure displays the educational composition of wives and husbands over time. Source: Danish
registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013); Norwegian registry data
(1967-2013). Sample: Married couples aged 26-60.
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Figure A2. Educational Assortative Mating when Classifying Cohabiting Cou-
ples as Married, U.S. 2007-2013
Notes: This figure checks if our measures of assortative mating shift when classifying cohabiting couples as
married in years 2007-2013. The figure displays marital sorting parameters s (ef , em) for which men and
women have the same education, and the weighted average of these measures. Source: The 2007-2013 CPS is
pooled and sample restricted to married and cohabiting couples aged 26-60.



1

2

3

4

19
62

19
70

19
80

19
90

20
00

20
10

No high school degree
High school degree 
Some college         
College degree       

an
d 

w
iv

es
 h

av
e 

th
e 

sa
m

e 
ed

uc
at

io
n 

le
ve

l
M

ar
ita

l s
or

tin
g 

pa
ra

m
et

er
s 

fo
r 

w
hi

ch
 h

us
ba

nd
s

Panel a) Classifying Cohabiting Couples
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Figure A3. Trends in Assortative Mating by Educational Level Classifying Co-
habiting Couples as Married, Norway 1988-2013
Notes: This figure displays the time trends in the marital sorting parameters s (ef , em) for which the husbands
and wives have the same education level. Panel a) classifies cohabiting couples as married, whereas Panel
b) uses the baseline sample of married couples. Source: Norwegian registry data (1988-2013), married and
cohabiting couples aged 26-60.
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Figure A4. U.S. Trends in Educational Assortative Mating for College Graduates
- Disaggregating College Graduates by Undergraduate and Graduate Degree
Notes: This figure displays the time trends in marital sorting parameters s (ef , em) for which the husbands
and the wives both have an undergraduate degree or both have a graduate degree. Source: CPS (1962-2013),
married couples aged 26-60.
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Figure A5. Household Income Inequality and Counterfactual Scenarios - Sensi-
tivity to Choice of Base Year
Note: CPS (1962-2013), married couples aged 26-60.
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Figure A6. U.S. Household Income Inequality and Counterfactual Scenarios -
Accounting for Age
Note: CPS (1962-2013), married couples aged 26-60.
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Figure A7. U.S. Household Income Inequality and Counterfactual Scenarios -
Accounting for Age and Marriage Propensity
Note: CPS (1962-2013), married couples aged 26-60.
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Figure A8. U.S. Household Income Inequality and Counterfactual Scenarios -
Including Singles
Note: CPS (1964-2013), married couples and singles 26-60. Household income is adjusted using the EU scale.
Results for 1962 and 1963 are not available as the number of children, which is needed to calculate the EU
scale, is not available these years.
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Figure A9. U.S. Household Income Inequality and Counterfactual Scenarios -
Accounting for Assortative Mating among College Graduates
Note: CPS (1962-2013), married couples aged 26-60.
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Figure A10. Norway Household Income Inequality and Counterfactual Scenarios
- Accounting for Assortative Mating by College Major
Notes: Norwegian registry data (1967-2013), married couples aged 26-60.
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Figure A11. Household Income Inequality and Changes in Educational Assorta-
tive Mating - Denmark, Germany, the U.K., and Norway
Notes: This figure displays actual and counterfactual time trends in household income inequality, by country.
The solid lines show the Gini coefficient in the actual distribution of household income. The dotted (dashed)
lines show the Gini coefficient in a counterfactual scenario where spouses are matched with respect to the
1984 (2013) marital sorting parameters, while we let the distributions of the other factors vary over time.
Source: Danish registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013); Norwegian
registry data (1967-2013). Sample: Married couples aged 26-60.
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Figure A12. Household Income Inequality and Changes in Returns to Education
- Denmark, Germany, the U.K., and Norway
Notes: This figure displays actual and counterfactual time trends in household income inequality, by country.
The solid lines show the Gini coefficient in the actual distribution of household income. The dotted (dashed)
lines show the Gini coefficient in a counterfactual scenario where the returns to education are kept fixed at
their levels in 1984 (2013), while we let the distributions of the other factors vary over time.Source: Danish
registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013); Norwegian registry data
(1967-2013). Sample: Married couples aged 26-60.
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Figure A13. Household Income Inequality and Changes in Educational Compo-
sition - Denmark, Germany, the U.K., and Norway
Notes: This figure displays actual and counterfactual time trends in household income inequality, by country.
The solid lines show the Gini coefficient in the actual distribution of household income. The dotted (dashed)
lines show the Gini coefficient in a counterfactual scenario where the education distributions of husbands and
wives are kept fixed at their levels in 1984 (2013), while we let the distributions of the other factors vary
over time. Source: Danish registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013);
Norwegian registry data (1967-2013). Sample: Married couples aged 26-60.



1962 1980 2013
Women Men Women Men Women Men

Sample means:
Age 41.9 42.0 41.0 40.8 43.1 42.9
College degree 0.072 0.130 0.154 0.237 0.352 0.321
Income ($ - 2014) 9,089 44,087 17,845 57,910 29,481 51,524
Labor force part. 0.473 0.955 0.660 0.932 0.729 0.854
Married 0.807 0.849 0.743 0.781 0.613 0.603

Number of obs. 16,154 14,733 39,865 36,849 48,678 44,960

Table A1. U.S. Data: Summary Statistics for Full Sample, Including Married
and Singles
Notes: This table reports average characteristics of women and men aged 26-60 in the U.S (including both
married and single). Labor force participation is defined as having positive labor income from wages or
self-employment. Source: CPS (1962-2013)



1967 1984 2013
Women Men Women Men Women Men

Panel a) Denmark
Sample means:
Age 40.1 42.8 43.2 45.5
College degree 0.104 0.143 0.343 0.263
Income ($ - 2014) 27,338 51,537 49,466 68,623
Labor force part. 0.756 0.826 0.859 0.868

Number of obs. 891,725 898,992

Panel b) Germany
Sample means:
Age 42.1 45.1 45.0 47.7
College degree 0.049 0.120 0.145 0.168
Income ($ - 2014) 11,704 50,058 22,861 55,561
Labor force part. 0.498 0.918 0.808 0.916

Number of obs. 3,415 4,375

Panel c) U.K.
Sample means:
Age 40.3 42.9 43.4 45.8
College degree 0.048 0.112 0.345 0.326
Income ($ - 2014) 24,212 48,463
Labor force part. 0.736 0.885

Number of obs. 29,012 54,797

Panel d) Norway
Sample means:
Age 42.6 45.7 40.9 43.7 44.8 47.5
College degree 0.041 0.058 0.111 0.123 0.369 0.267
Income ($ - 2014) 4,994 38,073 18,989 50,944 60,962 99,446
Labor force part. 0.249 0.965 0.779 0.952 0.921 0.956

Number of obs. 530,738 690,163 551,061

Table A2. Summary Statistics - Denmark, Germany, U.K. and Norway
Notes: This table reports average characteristics of women and men. Labor force participation is defined
as having positive labor income from wages or self-employment. Source: Danish registry data (1980-2013);
SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013); Norwegian registry data (1967-2013). Sample: Married
couples aged 26-60.



1967 1984 2013
Women Men Women Men Women Men

Panel a) U.S.
Intercept 6,009 13,674 12,661 6,070 97 -14,947

(634) (1,216) (694) (1,272) (1,755) (2,707)
Potential experience 519 2,226 279 3,212 1,173 3,435

(51) (83) (60) (94) (139) (206)
Potential experience -7 -38 -3 -54 -18 -58
squared (1) (1) (1) (2) (3) (4)
High school degree 5,824 12,544 5,538 14,399 10,559 17,229

(343) (447) (355) (582) (800) (1,039)
Some college 7,000 22,904 9,207 23,436 17,912 27,891

(498) (861) (489) (772) (880) (1,047)
College degree 18,732 45,315 18,792 51,554 42,909 73,752

(703) (1,072) (633) (990) (1,129) (1,496)

Mean 18,976 54,208 24,550 66,600 41,953 69,523
N 12,288 25,999 20,097 29,706 22,749 28,284
R-squared .0950 .1787 .0746 .1832 .0915 .1090
College earnings premium (%) 57.3 45.2 47.9 43.5 83.5 85.2

Panel b) Denmark
Intercept 26,139 28,583 1,110 4,258

(104) (197) (162) (357)
Potential experience 326 1,808 2,643 4,188

(9) (15) (13) (26)
Potential experience -16 -42 -47 -82
squared (0) (0) (0) (0)
High school degree 4,204 7,607 12,918 11,009

(53) (91) (82) (130)
Some college 9,007 27,161 23,828 32,222

(153) (249) (176) (393)
College degree 20,283 30,981 32,571 46,443

(86) (148) (101) (251)

Mean 11,704 50,058 22,861 55,561
N 891,725 891,725 898,992 898,992
R-squared 0.1711 0.1395 0.1441 0.0881
College earnings premium (%) 55.8 37.3 30.0 41.3



1967 1984 2013
Women Men Women Men Women Men

Panel c) Germany
Intercept 24,260 15,713 1,417 -13,505

(7,375) (4,083) (4,467) (6,380)
Potential experience -457 2,097 1,076 3,898

(636) (280) (335) (420)
Potential experience 9 -38 -16 -64
squared (12) (6) (6) (7)
High school degree 4,249 10,857 7,060 12,213

(951) (1,899) (1,260) (1,511)
Some college 9,947 20,131 16,442 27,492

(2,697) (3,953) (2,128) (3,225)
College degree 20,960 38,435 31,334 61,606

(4,440) (2,604) (2,924) (5,103)

Mean 23,521 54,507 28,287 60,658
N 1,748 3,102 3,380 3,894
R-squared .0677 .0970 .1327 .1178
College earnings premium (%) 71.2 43.8 83.0 75.9

Panel d) U.K.
Intercept 5,847 3,586

(1,668) (2,254)
Potential experience 1,032 2,259

(131) (166)
Potential experience -17 -37
squared (2) (3)
High school degree 4,726 10,884

(820) (1,140)
Some college 11,328 19,795

(840) (1,044)
College degree 32,072 44,805

(1,041) (1,235)

Mean 33,352 55,319
N 8,046 9,379
R-squared .1576 .1288
College earnings premium (%) 78.3 49.0



1967 1984 2013
Women Men Women Men Women Men

Panel e) Norway
Intercept 15,351 26,437 10,301 22,460 10,261 10,448

(243) (137) (111) (183) (277) (596)
Potential experience 35 768 708 1,895 2,792 5,264

(18) (10) (9) (13) (22) (42)
Potential experience 0 -16 -11 -35 -48 -93
squared (0) (0) (0) (0) (0) (1)
High school degree 5,273 7,129 3,482 7,072 10,817 14,886

(67) (40) (45) (62) (114) (193)
Some college 13,605 19,395 12,241 22,506 23,885 37,715

(228) (81) (112) (130) (209) (324)
College degree 14,655 23,222 17,290 30,102 37,121 57,850

(157) (63) (77) (142) (143) (327)

Mean 20,082 39,441 24,363 53,485 66,183 104,026
N 130,881 508,166 531,671 650,581 504,246 521,064
R-squared .1529 .2690 .1149 .1607 .1440 .1001
College earnings premium (%) 38.4 31.0 46.9 31.6 31.0 29.7

Table A3. Income Differentials by Education Level
Notes: This table reports OLS estimates of annual income on education level and potential experience (linearly
and squared), with standard errors in parentheses. Sample consists of married individuals with positive
income aged 26-60. Each column is a separate regression. Potential experience is defined as age - years of
education - 6. Excluded education level is no high school degree. Dependent variable is the annual income
expressed in 2014 USD. College premium is the percent increase in average predicted earnings for 40 year
olds with college degree as compared to 40 year olds with high school degree or some college. Source: CPS
(U.S., 1962-2013); Danish registry data (1980-2013); SOEP (Germany, 1984-2013); LFS (U.K., 1979-2013);
Norwegian registry data (1967-2013).



1967 1984 2013
Women Men Women Men Women Men

Intercept 13,164 26,421 9,246 21,500 3,708 6,408
(234) (136) (109) (177) (277) (586)

Potential experience 186 769 793 1,970 3,197 5,464
(17) (9) (9) (13) (22) (41)

Potential experience -2 -16 -12 -36 -54 -95
squared (0) (0) (0) (0) (0) (1)
High school degree 5,387 7,131 3,495 7,080 11,030 15,095

(67) (40) (45) (62) (114) (193)
Some college 13,986 19,398 12,400 22,558 24,584 38,087
Post-secondary degree in: (228) (81) (112) (130) (208) (324)

Humanities 23,209 22,755 20,034 20,454 31,775 21,867
(754) (162) (291) (303) (300) (471)

Education 19,814 17,803 16,892 12,151 26,835 13,439
(213) (141) (98) (127) (140) (307)

Nursing 7,733 17,247 13,637 14,422 26,448 18,660
(171) (527) (93) (350) (138) (399)

Social science 25,612 24,753 28,919 29,138 44,897 45,443
(1,843) (217) (690) (377) (403) (627)

Science 29,103 23,493 32,301 31,522 60,846 60,710
(1,411) (150) (619) (315) (732) (701)

Business 21,036 24,855 30,925 42,897 56,692 87,171
(2,549) (193) (722) (541) (443) (891)

Engineering 22,799 25,493 24,716 41,070 62,978 74,536
(1,590) (112) (809) (290) (609) (602)

Law 31,875 24,051 35,377 46,088 71,262 85,396
(1,462) (163) (905) (955) (900) (1,663)

Medicine 29,556 26,653 42,480 50,637 78,851 101,108
(667) (116) (638) (355) (559) (820)
. . . . . .

Mean 20,082 39,441 24,363 53,485 66,183 104,026
N 130,881 508,166 531,671 650,581 504,246 521,064
R-squared .1904 .2715 .1359 .1970 .2227 .1461

Table A4. Income Differentials by Education Level and Field of Study, for Nor-
way
Notes: This table reports OLS estimates of annual income on education level, field of study, and potential
experience (linearly and squared), with standard errors in parentheses.. Each column is a separate regression.
Potential experience is defined as age - years of education - 6. Excluded education level is no high school
degree. Dependent variable is the annual income expressed in 2013 USD. Source: Norwegian registry data
(1967-2013). Sample: married individuals with positive income aged 26-60.



Husband’s Education
No high High school Some College

Wife’s Education school degree degree college degree
Panel a) 1962
No high school degree 1.57 0.61 0.40 0.10
High school degree 0.68 1.57 1.28 0.83
Some college 0.41 0.85 2.13 2.59
College degree 0.22 0.53 1.27 4.76

Panel b) 1980
No high school degree 2.59 0.83 0.39 0.08
High school degree 0.83 1.45 1.04 0.52
Some college 0.32 0.69 1.76 1.52
College degree 0.10 0.28 0.83 3.07

Panel c) 2013
No high school degree 7.24 1.00 0.30 0.07
High school degree 1.14 1.96 0.83 0.33
Some college 0.52 0.95 1.68 0.68
College degree 0.11 0.40 0.76 1.84

Table A5. Marital Sorting Parameters
Notes: This table reports the marital sorting parameters s(ef , em) for all possible combinations of the wife’s
and husband’s education levels. Source: CPS (1962-2013), married couples aged 26-60.



1962 1980 2000 2013
Observed 0.339 0.331 0.401 0.432
Randomly matched 0.322 0.320 0.387 0.412

Gini Coefficient Counterfactual 1962 - 0.330 0.398 0.428
Counterfactual 1984 0.340 0.331 0.400 0.430
Counterfactual 2013 0.342 0.331 0.400 -

Observed 5.624 5.679 7.059 9.444
Randomly matched 5.473 5.153 6.333 8.333

90/10 Percentile ratio Counterfactual 1962 - 5.671 7.000 9.333
Counterfactual 1984 5.699 5.671 7.059 9.389
Counterfactual 2013 5.898 5.657 7.059 -

Observed 1.833 1.866 2.143 2.273
Randomly matched 1.833 1.805 2.036 2.133

90/50 Percentile ratio Counterfactual 1962 - 1.860 2.125 2.240
Counterfactual 1984 1.833 1.863 2.143 2.262
Counterfactual 2013 1.833 1.853 2.143 -

Observed 3.067 3.043 3.294 4.156
Randomly matched 2.985 2.855 3.111 3.906

50/10 Percentile ratio Counterfactual 1962 - 3.048 3.294 4.167
Counterfactual 1984 3.109 3.044 3.294 4.150
Counterfactual 2013 3.217 3.053 3.294 -

Table A6. U.S. Trends in Household Income Inequality and (Changes in) Edu-
cational Assortative Mating
Notes: This table displays measures of household income inequality, both for the observed income distribution
and for income distributions when husbands and wives are matched randomly with respect to education,
or matched with respect to the 1962, 1984 or 2013 marital sorting parameters. Source: CPS (1962-2013),
married couples aged 26-60.



1962 1980 2000 2013
Observed 0.339 0.331 0.401 0.432

Gini Coefficient Counterfactual 1962 - 0.326 0.322 0.323
Counterfactual 1984 0.402 0.368 0.341 0.335
Counterfactual 2013 0.485 0.467 0.439 -

Observed 5.624 5.679 7.059 9.444

90/10 Percentile ratio Counterfactual 1962 - 4.593 4.431 4.286
Counterfactual 1984 21.866 8.547 6.196 5.941
Counterfactual 2013 27.250 14.526 10.533 -

Observed 1.833 1.866 2.143 2.273

90/50 Percentile ratio Counterfactual 1962 - 1.855 1.973 1.923
Counterfactual 1984 2.143 1.972 1.900 1.935
Counterfactual 2013 2.862 2.604 2.324 -

Observed 3.067 3.043 3.294 4.156

50/10 Percentile ratio Counterfactual 1962 - 2.476 2.246 2.229
Counterfactual 1984 10.204 4.333 3.261 3.069
Counterfactual 2013 9.520 5.579 4.533 -

Table A7. U.S. Household Income Inequality and Changes in Returns to Educa-
tion
Notes: This table displays measures of household income inequality, both for the observed income distribution
and for income distributions when the returns to education are kept fixed at their levels in 1962, 1984 or
2013. Source: CPS (1962-2013), married couples aged 26-60.



1962 1980 2000 2013
Observed 0.339 0.331 0.401 0.432

Gini Coefficient Counterfactual 1962 - 0.357 0.447 0.486
Counterfactual 1984 0.323 0.326 0.418 0.459
Counterfactual 2013 0.321 0.310 0.397 -

Observed 5.624 5.679 7.059 9.444

90/10 Percentile ratio Counterfactual 1962 - 8.600 14.167 24.444
Counterfactual 1984 4.367 5.128 8.231 13.692
Counterfactual 2013 4.225 4.500 6.711 -

Observed 1.833 1.866 2.143 2.273

90/50 Percentile ratio Counterfactual 1962 - 1.866 2.429 2.821
Counterfactual 1984 1.871 1.818 2.184 2.498
Counterfactual 2013 1.911 1.837 2.125 -

Observed 3.067 3.043 3.294 4.156

50/10 Percentile ratio Counterfactual 1962 - 4.608 5.833 8.667
Counterfactual 1984 2.333 2.821 3.769 5.481
Counterfactual 2013 2.211 2.450 3.158 -

Table A8. U.S. Household Income Inequality and Changes in Educational Com-
position
Notes: This table displays measures of household income inequality, both for the observed income distribution
and for income distributions when education distributions of husbands and wives are kept fixed at their levels
in 1962, 1984 or 2013. Source: CPS (1962-2013), married couples aged 26-60.

B Data

B.1 Denmark

Our results for Denmark are based on registry data from 1980 to 2013. The mapping of
years of education to educational categories is similar as the one used for the U.S., with
two exceptions. Due to the system for vocational education at the upper secondary leve,
individuals with 12 to 13.5 years of schooling are classified as having a “High school degree”.
Individuals with 15 years of education are classified as having a “college degree” as this
corresponds to a Bachelor’s degree in Denmark. Household income is the sum of wages and
income from self-employment for the husband and the wife.

B.2 Germany

We use the German Socio-Economic Panel (SOEP) for each year 1984 to 2013. The SOEP is
a longitudinal panel where the same households are followed year after year. The sample is



weighted to be representative of the West-German population until the reunification in 1990,
and for reunified Germany afterwards. Household income is the sum of wages and income
from self-employment for the husband and the wife.

The mapping of years of education to educational categories is similar as the one used
for the U.S. We separate between less than high school, high school and more than high
school. The latter is classified as a college degree for individuals that have completed at least
15 years of education. Note that the educational system in Germany is characterized by a
relatively high fraction of individuals with vocational degrees at the upper secondary level
and a relatively low fraction of individuals with tertiary education.

B.3 The U.K.

The Labour Force Survey (LFS) was carried out in 1979, 1981 and each year starting in 1983.
The last year we have data from is 2013. The sample is representative of the U.K. population
and is restricted to individuals aged 26-60 years and their spouses. We drop individuals
if the information about education or spousal identifier is missing. The resulting sample,
the education sample, is used to calculate marginal and joint distributions of education.
In addition, since the survey started collecting information about income in 1993, we are
constrained to using data from that year onward in the decomposition analysis.

The household’s income is the sum of the husband’s and the wife’s gross weekly pay in
the main job and gross weekly pay in the second job. Income from self-employment is not
reported in the LFS. Households with missing information on income are excluded when
analyzing household income inequality (Section 4).

Classification of education in the U.K. data is based on various qualifications which are not
directly translated into years of education. Individuals with no qualifications are categorized
as having “No high school degree”. “High school degree” includes “GCSE A-C or equivalent”
and “CSE below Grade 1 or Equivalent”. “Some college” includes “A-level or Equivalent”.
“College degree” includes “Bachelor’s Degree or Equivalent” and “Above Bachelor’s Degree”.
Individuals with unknown or uncategorized qualifications are assigned a level depending on
the age when education was completed.

B.4 Norway

Our analysis employs several registry databases from 1967 to 2013, that are maintained by
Statistics Norway. The data contains unique family identifiers that allow us to link spouses.
To enhance comparability with the other countries, we construct a measure of individual
income which consists of wages and income from self-employment. In each year we exclude



individuals with missing information on income, and set negative incomes to zero. Household
income is measured by pooling the individual income of the spouses.

Educational attainment is reported by the educational establishment directly to Statistics
Norway, thereby minimizing any measurement error due to misreporting. We have information
not only about years of schooling and highest completed degree, but also field of study or
academic major in post-secondary education. To enhance comparability between the education
systems in the U.S. and Norway, we make two adjustments to the definition of education
levels based on years of schooling. In Norway, certain types of high school degrees require only
10 or 11 years of schooling; we count individuals with these degrees as high school graduates.
Several bachelor degrees in Norway only take three years of post-secondary study; we record
all individuals with a three year or more post-secondary credential as college graduates.



C Adjusted Measures of Educational Assortative Mating

We begin by showing how we refine the measures of marital sorting to take spouses’ age into
account. The martial sorting parameter in equation (2) is the ratio of the probability of
observing a couple where the wife has education ef and age af and the husband has education
em and age am, relative to the probability of observing this couple if matching is random with
respect to education. Let the probability that a household has characteristics ef , af , em, am

be denoted P (ef , af , em, am), which can be rewritten as P (ef , em | af , am)P (af , am). If: (1)
the wife’s and husband’s educations ef and em are conditionally independent given ages af

and am, and (2) ef (em) is independent of am (af ), then the denominator in Equation (2) is:

P̃ random (ef , af , em, am) = P (ef | af )P (em | am)P (af , am) . (C1)

In our analysis, we construct an education-specific measure of sorting as the weighted
average of the education- and age- specific measures. For educations ef , em, the age group
af , am is weighted by:

w (af , am|ef , em) = P (af | ef )P (am | em) P (af , am)
P (af )P (am) . (C2)

The first two terms on the right hand side give us the expected share of couples with ages
af , am among those with educations ef , em, if individuals matched randomly with respect
to age. This share is multiplied with the “assortative mating parameter” of the age group
af , am. This product is approximately the share of couples with ages af , am, among those
with educations ef , em, if sorting on age is as in the overall sample. The sorting parameter
for education levels ef and em is then:

s̃ (ef , em) =
∑
af

∑
am

w (af , am|ef , em)∑
af

∑
am
w (af , am|ef , em)s (ef , af , em, am) . (C3)

Positive (negative) assortative mating would mean that men and women with the same level
of education match more (less) frequently than what would be expected under a matching
pattern that is random in terms of education: that is, the marital sorting parameter s̃ (ef , em)
is larger (smaller) than one when ef is equal to em. Our main analysis reports an overall
measure of sorting as the average parameter for all groups where the husbands and wives
have similar education. That is simply given by:

ŝ =
∑

e

P (Ef = e)P (Em = e)∑
e P (Ef = e)P (Em = e) s̃ (e, e) . (C4)



In the same way, we refine the measures of marital sorting to take changes in the probability
of marriage into account. We now also include single men and women aged 26-60 in the sample,
add separate education and age categories corresponding to single women (no husband) and
single men (no wife), and re-estimate the marital sorting parameters.



D Stochastic Matching Procedure

This appendix describes the stochastic matching procedure we use to estimate P̃ (x|te, ta, ts),
which is the proportion of couples who would have had educational attainments ef , em and
ages af , am, if the distributions of education are measured in year te, the joint distribution of
age is measured in year ta, and couples are formed according to the marital sorting parameters
of year ts. This is a generalized version of the stochastic matching procedure used for our
benchmark results.

Consider a finite number of households, N , which initially are matched according to the
distribution when assortative mating is random with respect to education. Given the fact
that matching is independent of education, the number of households with characteristics ef ,
em, af , am is:

N0 (ef , em, af , am) = N · P (ef |af , te)P (em|am, te)P (af , am|ta) . (D1)

Recall that s (ef , af , em, am|ts) is defined as the actual probability of the match relative to
the probability under random matching with respect to education. The stochastic matching
procedure re-matches the women and men in the distribution corresponding to equation (D1)
using the marital sorting parameter s (ef , af , em, am|ts). The procedure takes two steps:

Step 1: We draw a man and a woman from the distribution corresponding to
Equation (D1).

Step 2: With probability proportional to s (ef , af , em, am|ts), the pair is matched
and forms a household. With the inverse probability, they remain unmatched.

We repeat these steps until all men and women have achieved a match. Whenever a household
is formed we adjust the probabilities used in Step 1 as the composition of remaining men
and women changes.


