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Abstract

In this paper, we describe mating patterns in the USA from 1964 to 2017 and mea-
sure the impact of changes in marital preferences on between-household income
inequality. We rely on the recent literature on the econometrics of matching mod-
els to estimate complementarity parameters of the household production function.
Our structural approach allows us to measure sorting along multiple dimensions
and to effectively disentangle changes in marital preferences and in demographics,
addressing concerns that affect results from existing literature. We answer the follow-
ing questions: Has assortativeness increased over time? Along which dimensions?
To what extent can the shifts in marital preferences explain inequality trends? We
find that, after controlling for other observables, assortative mating in education has
become stronger. Moreover, if mating patterns had not changed since 1971, the 2017
Gini coefficient between married households would be 6% lower. We conclude that
about 25% of the increase in between-household inequality is due to changes in mar-
ital preferences. Increased assortativeness in education positively contributes to the
rise in inequality, but only modestly.
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1 Introduction

The study of mating patterns, especially assortativeness, traces back to the seminal
work of Becker (1973, 1974, 1991). Becker’s earliest model of a competitive mar-
riage market aims at rationalizing both household specialization and the homogamy
observed in the data with respect to several non-labor market traits (e.g., educa-
tion, ethnicity, religion). Becker points at the structure of the household production
function to explain marriage patterns: complementarity between inputs leads to opti-
mal positive assortative mating, whereas substitutability leads to negative assortative
mating.

In light of such observations on Becker’s work, studying marriage patterns reveals
much about intra-household dynamics. Differences in mating dynamics over time
and space may be the result of transformations in the institution of the family, labor
market conditions, available household-production technology, gender roles, etc. For
instance, one could wonder whether Becker’s observation that we should expect a
negative association between spouses’ wage rates due to household specialization
still applies to modern families despite the improvements in home technology and
narrower gender wage gap.' Changes in the cultural and legal framework also matter
for the evolution of marital preferences, due to their influence on marriage flows and
on the allocation of resources across and within couples.

In recent years, marital sorting has become the object of increasing atten-
tion because of its relationship with growing inequalities between households.
Researchers have focused on the relationship between marriage patterns, between-
household income inequality, and long-run economic outcomes (e.g., Burtless 1999;
Fernandez et al. 2005). The compelling research question is whether stronger assorta-
tiveness with respect to some crucial dimensions—notably, education—is associated
with higher inequality.

The aim of this paper is to build a connection between changes in the struc-
ture of marital gains and the increasing income inequality observed in the USA. We
address the following questions: has assortative mating increased over time? And,
if yes, along which dimensions? What is the impact of shifts in marital preferences
on household income inequality? The framework we adopt follows Choo and Siow
(2006) and Galichon and Salanié (2015)’s observation that joint marital surplus can
be identified with data on matches in a static, competitive matching framework. We
employ the recent estimation technique proposed by Dupuy and Galichon (2014) and
estimate the degree of complementarity and substitutability between the spouses’
traits. Such estimates stand as our measures of the strength of marital sorting.

This structural approach allows us to contribute to the literature on sorting and
inequality by overcoming some limitations affecting studies based on standard
measures of assortativeness, such as correlation coefficients, homogamy rates, and
frequency tables. Disentangling changes in marital preferences and demographics is
crucial because of important changes in the marginal distributions of people’s traits
in the USA during the last decades (e.g., aging of the population, overall increase

I The survey of Stevenson and Wolfers (2007) tracks the changes that the institution of the family has gone
through in recent decades, and presents several significant research questions that need to be answered.
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in schooling attainment, closing of the gender wage gap, and reversal of the gen-
der gap in higher education). In addition, our analysis is not limited to educational
assortativeness: the multidimensional matching model of Dupuy and Galichon (2014)
provides tools to study complementarity on education, as well as interactions between
other socioeconomic traits. Following this new approach, we rediscuss the findings
of several key papers in the marriage literature, such as Fernandez et al. (2005),
Schwartz and Mare (2005), and more recently Greenwood et al. (2014), Eika et al.
(forthcoming), and Greenwood et al. (2016).

The theoretical framework of Dupuy and Galichon (2014) is grounded on trans-
ferable utility models and logit formalism, and extends the seminal matching model
of Choo and Siow (2006) to the multidimensional and continuous case. Agents are
fully informed about potential partners’ characteristics, but the econometrician only
observes traits x € X and y € Y, respectively, for men and women, where X and
Y are continuous and multidimensional. The empirical strategy relies on a bilinear
parametrization for the systematic marriage surplus function, i.e., ®(x, y) = x’Ay.
It follows that we can measure the degree of complementarity or substitutability by
estimating the marital preference parameters, i.e., the elements of the affinity matrix
A, since 32®/dx;dyx = A jx. These will be our measures of assortativeness. In addi-
tion, after estimating A, we recover the optimal probability distribution of matches
nA(x, y), which, in other words, is the simulated joint frequency table of partners’
types in equilibrium. The latter depends on both the structure of preferences given
by A and the marginal distributions of observable types f(x) and g(y): operating
on the parameters A, we can compute the predicted distribution of couples’ traits
under counterfactual preferences. For instance, we can artificially increase the value
of one parameter of A, say the strength of assortative mating on education, and check
how the distribution of partners’ types 74 (x, y) changes at the new (counterfactual)
marriage market equilibrium.

In practice, we estimate marital preference parameters for the USA over the period
1964-2017 with Current Population Survey data to track sorting dynamics through
the analysis of preferences. We consider the following observable variables: age,
education, hourly wage, hours worked, and ethnic background. We subsequently
use the marriage patterns predicted by the model—the optimal matching function
A (x, y)—to construct counterfactual household income distributions. To do so, we
substitute the actual preferences measured for a given wave with counterfactual pref-
erences measured for a different wave. This means that we provide a prediction of
how people would have sorted into married couples in a given year if their mari-
tal preferences had been equal to those of another cohort (e.g., to their parents’ or
grandparents’). In this way, we study the contribution of changes in marital prefer-
ences to the observed marriage patterns and to the evolution of inequality in several
illustrative examples.

To the best of our knowledge, this is the first attempt to analyze the evolution
of marital preferences in the USA by means of structural estimation techniques in
a multidimensional matching framework.>2 We hereby provide a complete analysis

2Two related works are those by Chiappori et al. (2017) and Greenwood et al. (2016), but both focus on
educational sorting. Their findings are discussed in Section 5.
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of assortativeness along multiple observable socioeconomic traits, track changes in
sorting patterns over time, and assess to what extent they can explain the rise in
between-household income inequality in the last decades.

The paper is organized as follows. Section 2 provides a brief literature review,
while Section 3 introduces the theoretical framework. In Section 4, we describe CPS
data and our sample selection criteria. Then, we present and discuss our results: in
Section 5, the trends in marital preferences, while in Section 6 the counterfactual
analysis of inequality. Section 7 concludes.

2 Previous findings
2.1 Evolution of mating patterns

A crucial question that the literature has tried to answer in different ways is whether
assortativeness has increased over time. The demographic and sociological literature
often makes use of log-linear models to explain mating patterns and measure assor-
tativeness. Log-linear models for contingency tables help “specify how the size of a
cell count depends on the levels of the categorical variables for that cell” (Agresti
2007, Chapter 7, p. 204). Several papers relying on this methodology focus on assor-
tativeness on education: the contingency table of size I x I tells the frequency of
couples by partners’ education ij, with i, j € {1, ...I} being the individual schooling
level. If matching were random, the following regression would exhibit a good fit:

log wij = A+ A" + 17,

where u;; is the frequency of a couple with education ij, )LIM is the vector of men’s
educational level effects, and A" is the vector of women’s educational level effects.
Under random matching, marginal distributions are sufficient to explain the entries
of the contingency tables. Nonetheless, if matching is not random, then one needs to
include other regressors to explain the couples’ joint distribution. “Homogamy mod-
els” contain an additional regressor measuring the impact of educational homogamy
on the log-joint frequency log u;; (e.g., Johnson 1980; Kalmijn 1991b; Schwartz and
Mare 2005). “Crossing models” contain additional regressors measuring the impact
of crossing an educational barrier (e.g., a college-graduate marrying a dropout, see
Mare (1991), Smits et al. (1998), and Schwartz and Mare (2005). Log-linear mod-
els can be rewritten as multinomial choice models (see Agresti 2013; Schwartz and
Graf 2009) surprisingly close in spirit to the matching model class of Choo and Siow
(2006). In the equivalent multinomial logit model, the categorical response variable
would be the wife’s (or the husband’s) education to represent the choice of the hus-
band (or the wife’s) conditional on his (her) schooling level. However, a basic choice
model of this kind does not take into account that men and women actually seek
a partner in a competitive environment: the choice of one agent affects the pool of
partners available for other agents. As a consequence, it is not possible to inter-
pret the coefficients as the “true” preference parameters. In the structural framework
proposed by Choo and Siow (2006) and Galichon and Salanié (2015), it is instead
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possible to estimate the parameters of the model so that the matching market is indeed
at equilibrium. In these equilibrium models, every agent’s choice is constrained by
the choices of other “competitors” and the market must clear, i.e., the sum of singles
and married must be equal to the total number of individuals by type and sex.

Several studies apply log-linear models or closely related ones to study changes
in educational assortativeness in marriage patterns in the USA. Most agree that edu-
cational assortative mating strengthened in the second part of the twentieth century
(Mare 1991; Kalmijn 1991a, b; Qian and Preston 1993) and the first decade of the
twenty-first (Schwartz and Mare 2005). However some other studies argue that edu-
cational homogamy stayed constant or declined. For instance, Fu and Heaton (2008)
observe a decline between 1980 and 2000. Liu and Lu (2006) maintain that the
intensity of educational homogamy increased from 1960 to 1980 but then started
decreasing. Interestingly, most papers also agree that one of the strongest trends
is the increase in the frequency of marriages between highly educated individuals.
Several papers use log-linear models to explore other matching dimensions, some-
times in multidimensional frameworks, although the number of variables stays low
(2 or 3 typically) because of methodological limitations. Johnson (1980) and Kalmijn
(1991a) analyze religion; Schoen and Wooldredge (1989) and Fu and Heaton (2008),
ethnicity; Qian and Preston (1993), age; Kalmijn (1991b) and Blackwell (1998),
parents’ education; Stevens and Schoen (1988), language spoken. Some empirical
findings on assortativeness in the USA are particularly interesting since they can
be compared with ours. Qian and Preston (1993) find that homogamy with respect
to age increased (from 1972 to 1987), while Fu and Heaton (2008) find that racial
homogamy decreased (from 1980 to 2000).

In the economic literature, some analyses of mating patterns rely on simple
descriptive statistics. For instance, Fryer (2007) uses the probabilities of crossing
racial barriers to describe the patterns of racial intermarriage in the USA and explore
the possible driving forces behind the trends. Other researchers assess the strength
of educational assortativeness through the comparison with counterfactual distribu-
tions. The simplest indicators of this kind are “homogamy rates” which are the ratios
between the actual frequency of a couples’ joint education and the counterfactual
frequency computed under random matching. Contingency tables to compare actual
and counterfactual joint distributions are similar (if not identical) to homogamy rates
(e.g., Greenwood et al. 2014). Another possibility is to compare the actual distri-
bution to the counterfactual under perfect positive assortative mating (e.g., Liu and
Lu 2006). While generally insightful, homogamy rates and similar measures are
not suitable for comparisons across different populations and even across different
categories within the same population. The size of the homogamy rate is hardly
comparable when the marginals become smaller. Hence, it is hard to make a com-
parison between homogamy for PhD graduates, who represent a small share of the
population, and high school diplomas, who represent a large share. In consequence,
researchers opt for aggregate measures of assortativeness that take into account the
different size that each category has in the population (e.g., Greenwood et al. 2014;
Eika et al. forthcoming). Using such measures based on homogamy rates, Eika
et al. (forthcoming) conclude that marital sorting in the USA on education slightly
increased over the period 1980-2007. The findings of Greenwood et al. (2014) are
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similar: relying on several measures, some of which based on homogamy rates, they
find that assortativeness on education has increased over the period 1960-2005.

2.2 Assortativeness and inequality

Another crucial question is whether changes in mating patterns can partly explain
trends in income inequality between households. Many authors are concerned
with the possibility that more assortativeness on socioeconomic characteristics—
particularly on education—can lead to higher household income inequality. Since
education is a primary dimension of assortativeness, and since highly educated indi-
viduals typically have higher income, more educational homogamy implies that
high-income individuals will marry with each other more and more frequently. Nev-
ertheless, it is not straightforward to disentangle the effect of changes in marital
preferences from the shifts in the marginal distributions. This is particularly relevant
because of the closing of the educational gap between men and women in the last
decades and women’s increased participation in the labor force.

The landmark contributions by Fernandez and Rogerson (2001) and Fernidndez
et al. (2005) make an attempt to model the trends in household inequality in order
to shed some light on the roles played by sorting, fertility, and children’s educa-
tion. Fernandez and Rogerson (2001) set a model in which individuals are either
skilled or unskilled and marry more or less frequently with partners of the same
educational level according to an exogenous parameter accounting for the degree of
homogamy on the marriage market. Since the children of highly educated families
will be more likely to go to college, mating patterns are crucial in order to explain
the steady-state level of inequality. Fernandez et al. (2005) introduce a simple two-
round matching model in order to endogenize the strength of sorting on education.
They find that, in the steady state, a higher degree of sorting—measured as the cor-
relation between partners’ incomes—is associated with higher income inequality.
Both papers argue that educational assortativeness exacerbates inequality in the long
run, in disagreement with Kremer (1997), who states that sorting has a negligible
impact on steady-state inequality. Although the structural approach of these models
is extremely insightful to understand through which channels mating patterns may
influence inequality in the long run, we believe that their conclusions might—to some
extent—depend on their specific measure of educational assortativeness. In partic-
ular, Fernandez et al. (2005) show that the Pearson correlation coefficient between
partners’ education correctly measures the degree of assortativeness. However, this
conclusion can be reached only under the restrictive assumptions necessary for their
two-round matching model. Indeed, in most alternative matching models, a change
in the correlation rate may well be due to a change in marital preferences as well
as to a shift in the marginals. Hence, since a higher correlation rate does not nec-
essarily imply more assortativeness, we propose to relate alternative measures of
assortativeness to income inequality in order to check whether their conclusions are
robust.

3Both Fernéndez and Rogerson (2001) and Fernandez et al. (2005) use the skill premium as a measure of
inequality.
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As previously mentioned, Greenwood et al. (2016) set up a model of educa-
tional choice, marriage, and the household, and estimate its steady state. With respect
to the papers mentioned above, the focus is now more on household technology
and changes in the wage distribution rather than intergenerational transmission. The
authors run a number of counterfactual experiments that help understand what forces
contributed to the rise of inequality. In particular, they determine that changes in
the wage structure alone explain 39% of the increase. They subsequently stress that
changes in marriage patterns account for 18.6% of the increase, which grows to
35.6% when allowing households to adjust their labor supply. In the present paper,
we also disentangle changes in the wage distribution from transformations to the
structure of marital gains, while we also control for changes in the marginal distri-
bution of other observables (e.g., race and ethnicity). On the other hand, Greenwood
et al. (2016) make explicit assumptions about household behavior and their model
insightfully predicts how households adjust their labor supply. In this way, they sep-
arately assess the effects of changes in home technology and in taste for educational
homogamy on income inequality. We compare our empirical findings to theirs in
Section 6.

Besides the abovementioned papers, most research focus on the empirics in the
hope of assessing the impact of changes in marital preferences on income inequal-
ity in the USA correctly. Measuring the strength of educational assortativeness is
not straightforward and several approaches have been tried. The work by Burtless
(1999) is an early example of counterfactual analysis of inequality. In order to assess
the degree of inequality that we would observe in 1996 if matching patterns did not
change since 1979, Burtless shuffles the observed married couples in 1996 and reas-
signs spouses as follows: if the man whose income had rank  married a woman with
rank s in 1979, the man with rank » in 1996 is assigned to the woman with rank s
from the same year. Cancian and Reed (1998) and Western et al. (2008) suggest using
decomposition methods on the changes in the variance of household income. The
methodology consists of dividing the household population into groups according to
certain characteristics (e.g., age, education, children) and then studying the trends in
income variance within and between groups.

Schwartz (2010) focuses on marital preferences and is thus more closely related to
our analysis. She uses the log-linear models explained in Section 2.1 to build coun-
terfactual distributions of partners’ income.* The author concludes that inequality
would have been lower without the shifts in income assortativeness.’

The works of Greenwood et al. (2014) and Eika et al. (forthcoming) also aim
to assess the impact of changes in educational assortativeness on inequality.® Using
contingency tables, Greenwood et al. (2014) show that, under random matching,

4The methodology consists of finding a log-linear model with good fit to explain a contingency table
with the distribution of income by percentile (plus one category containing zero-income observations).
Then, one can compute predicted frequencies after removing certain regressors to reproduce counterfactual
situations.

SSchwartz (2010) uses the ratios between the median income of the top 20% households (high class) over
the median income of the middle 60% (medium class) or the median income of the top 20% (low class) as
measures of inequality.

6 As for Greenwood et al. (2014), we hereby refer to the revised findings published in the corrigendum.
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the counterfactual Gini coefficient in 2005 for USA would be lower than the actual
(about 2.3% less). In addition, using standardized contingency tables with several
controls (e.g., children, participation in the labor force), they assess that, had sorting
patterns been constant since 1960, the 2005 Gini coefficient would be almost unaf-
fected (only about 0.3% less). Eika et al. (forthcoming) conduct a similar analysis to
study the trends in household income inequality in the USA between 1980 and 2007.
They employ a methodology which consists of building counterfactuals by combin-
ing the partners’ joint distribution of schooling attainment from a given year with
the conditional distribution of income given the educational level from another year.
They conclude that, had returns to schooling not changed since 1980, 2007 house-
hold income inequality would have been much lower (about 23% less). In addition,
the authors also remark that, without the overall increase in schooling attainment at
the individual level, 2007 inequality would be even higher. Finally, they assess that,
had 1980 marital preferences been the same as in 2007, we would have not observed
any relevant difference in household income inequality. Their findings are thus con-
sistent with those of Greenwood et al. (2014), although the time lapse considered is
different.

3 Theoretical framework

Dupuy and Galichon (2014, hereafter DG) extend the setting of Choo and Siow
(2006) and Galichon and Salanié (2015) to the multidimensional and continuous case.
Here, we closely follow the methodology of DG. We first briefly recall the theoretical
framework and the estimation technique.

3.1 Matching model

In this frictionless transferable utility framework, men and women are characterized
by a vector of characteristics x € X for men, and y € ) for women. Note that, with
a large set of continuous variables, every individual is virtually unique in his (her)
observable type given by x (y). A matching is a probability distribution that tells the
odds of a couple with observable types x and y to be matched. When a man x and a
woman y match, they receive systematic utility shares U and V respectively, both of
which depend on the combination of observable types (x, y) only. In addition, a man
of type x experiences a random sympathy shock € that is individual specific to the
potential partner k of type y*. Hence, the two components being additive, the man’s
payoff from a match with a woman k of type  is given by U (x, y*) + %{;‘k, where the
scalar o measures the relevance of the unobservable component. A woman’s payoff
can be written in an analogous way.

When the sympathy shock is of Gumbel type, the setting is completely analogous
to Choo and Siow (2006). However, DG suggest assuming that each man chooses his
partner within a set of infinite but countable “acquaintances,” each with characteris-
tics (yk, gk ) over the space ) x R: such set is the enumeration of a Poisson process
with intensity dy x e~®de, which leads us to a continuous logit framework. Under
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this assumption, the shock &* is independent from the observables. Every man solves
the following problem:

m]?x[U(x,yk)—i-%Ek}, (1)

and so do women with due changes in notation.

DG show that it is possible to recover the optimal matching m(x, y) and the
equilibrium shares U (x, y) and V(x, y), so that the scarcity constraints hold and
®d(x,y) = U(x,y) + V(x,y), as implied by the transferable utility assumption,
where ® (x, y) denotes the systematic surplus. Provided two functions a(x) and b(y)
so that 7w (x, y) is feasible—the sum of married individuals of a given type does not
exceed their initial number—the equilibrium is thus fully characterized by:

1. The optimal matching function 7 (x, y), which tells the probability of matching
(equivalently, the relative frequency at equilibrium) for a couple with observables
(x, y):

7 (x, y) = exp ( @)

2. The shares of systematic surplus at equilibrium for each couple with observables
(x, y):

P(x,y) —alx) —b(y)>.

(o

D(x,y)+alx)—b)

Ux,y) = 5 3)
Vix,y) = <I>(x’y)+1;(y) —a(x) @

so that U (x, y) + V(x, y) gives the total systematic surplus at equilibrium, i.e.,
D(x,y).

3.2 Specification

In this paper, we consider the following parametrization of the systematic surplus,
introduced by Ciscato et al. (forthcoming):

O(x,y) =xAy+= Y xayy+ > Ailllxi = yil.
i.je(l,..0) i€{0+1,..0+U} &)

where the first O observable variables are ordered and the last U are unordered.
Examples of ordered variables are age, education, and wage, whereas ethnicity and
working sector are unordered. Note that transformations of raw variables, such as
polynomials, logarithms, and ranks, could be added as additional controls.

Our main specification implies that the matrix of parameters A—called affinity
matrix—looks as follows: B

A0
A= [0 A} |

The O x O entries of the submatrix A determine whether the (ordered) variables are
complementary or substitutes, as well as the intensity of the affinity (or repulsion)
between the two inputs. The elements of the diagonal submatrix A tell us whether
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homogamy with respect to one of the unordered variables results in an increase rather
than in a decrease of the systematic surplus. All the other elements of the matrix are
constrained to zero.

3.3 Estimation

To compute equilibrium quantities, we solve for a(x) and b(y) enforcing the market
scarcity constraints through an iterative projection fitting procedure for given param-
eters A and o. Hence, note that, according to the crucial result of Shapley and Shubik
(1971), the equilibrium matching of a decentralized matching market is also the one
that maximizes social gain. We define the function W(A, o) as follows:

W(A, o) = max, {Ex[x'Ay] — 0 Ex[logm(x, y)1}

where M is the set of feasible matchings and where expected values with subscript
7 are taken with respect to the optimal matching probabilities.

DG set the following convex optimization problem in order to estimate the matrix
B=A/o:
mgn W(B, 1) — E;[x'By]

where the expected value with subscript 77 is taken with respect to the relative fre-
quencies observed in the data. The first-order conditions of the problem imply that
we are matching the co-moments of men’s and women’s characteristics predicted
by the model with the corresponding empirical co-moments observed in the data. In
practice, we are computing B so that the following holds:

Ex[X;Y;] = E;[X;Y;]

for each couple (i, j) of ordered characteristics. Similarly, B must be such that the
following holds:
ER[1[X; = Yi]] = Ex[1[X; = Y]]

for each unordered characteristic i.
3.4 Identification with multiple markets

One drawback of the original model of DG is that only B = A /o is identified, i.e.,
A is identified up to a scalar. This is mainly irrelevant when studying assortativeness
on a single market, since comparing different entries of the matrix B is equivalent to
comparing the elements of A. Nonetheless, Ciscato et al. (forthcoming) stress that it
is not possible to compare the affinity matrices of different markets without a further
restriction on A.”

Denote A’ the affinity matrix in year . In order to compare marriage markets
over time, we assume that the Frobenius norm of the submatrix A’ is equal to 1 for

7 Alternatively, one could put an additional restriction on the parameters o, for instance o = 1 on each
market. Ciscato et al. (forthcoming) propose to normalize the social gain W(A, o).
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every ¢, i.e., ||A’|| = 1 Vz. This implies that —‘ B = = A’, which in turn implies that
ol = IIB’II . This means that we interpret large global changes in the submatrix A as
due to a shift in the relative relevance of unobservables in mating.

Although we need to introduce this further restriction to proceed with cross-market
analysis, note that the optimal matching function 7 (x, y) only dependson B = A/o.
Hence, it stays unchanged under different identification assumptions. This makes the
results of our counterfactual analysis of inequality in Section 6 robust with respect to
different restrictions on the parameters A and o. We provide a formal proof for this

statement in Appendix A.
3.5 Counterfactual methodology

An interesting, but still unused, feature of DG’s model is the possibility to compute
counterfactual equilibrium matching by operating on the matrix of preference param-
eters A. The idea is to infer the marital preferences (A?, o) from cross-sectional data
on couples (X!, Y") for a given year ¢ and then compute the equilibrium matching
P(s,s;1) = w(x*, y*; A’, o') for population data (X*, Y*) under the same marital
preferences. In this way, by comparing the counterfactual P (s, s; t) with the actual
P(s,s;s), we can tell how people would match if preferences stayed unchanged
between period s and 7.

Using P(s, s; t) together with data (X®, Y*), we can compute the counterfactual
distribution of couples’ characteristics. For instance, we can compute the distribu-
tion of household income, as well as various measures of inequality, such as the
Gini coefficient. In this way, we can tell to what extent the distribution of household
characteristics has changed because of shifts in marital preferences.

Moreover, it is also possible to create a counterfactual match between subpopu-
lations from different cross-sections. In fact, we can predict the matching P(s, t; s)
originating from a fictional situation in which men from year s met women from year
t, with the preference parameter s. In this way, it is possible to assess how changes in
the marginals influenced the match in order to address specific questions. Although
we do not employ this last type of experiment, we recommend it for future research.

While this counterfactual analysis unveils the hidden potential of the model of
DG, it also shows an important limitation concerning its empirical application to the
marriage market. In the absence of a more explicit household model that explains
how agents determine their labor supply and advance in their working career, we
are forced to consider wage rates and working hours as exogenous characteristics.
The counterfactual analysis does not take into account that spouses adjust their labor
supply and take on different working careers according to the partners’ characteristics
and household decision-making process.

4 Data

The paper uses CPS data from 1964 to 2017 (March Supplement) from the Integrated
Public Use Microdata Series IPUMS). CPS data provides a detailed representation
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of the married male and female populations in the USA over time. Hence, they pro-
vide us with reliable “photographs” of the marriage market equilibrium we aim to
study. In reality, people are likely to meet and marry in small, local marriage mar-
kets. Because of the limited sample size of CPS yearly database,® we do not account
for heterogeneity in sorting patterns across smaller geographical units (such as states
or counties) and we present aggregate trends at the USA level.

In this section, we describe the construction of the main variables of interest and
the selection of the samples. We also present summary statistics on our population of
couples before turning to estimation.

4.1 Construction of variables

Our empirical analysis makes use of five key variables: age, education, wage, hours
of work, and race. In a few cases, such as age, the construction of the variable is
straightforward as we take the raw data without further adjustments. In the following,
we explain how we deal with other variables.

—  Educational attainment is available for all years, but with various levels of detail.
IPUMS provides a 12-level education variable, which we convert into years of
schooling, and to which we refer as the “continuous education variable.” How-
ever, this variable is not entirely consistent across years (the coding changed after
1992). To overcome this difficulty (and provide summary statistics on broader
education groups), we constructed two other education variables, one with 5 lev-
els and one with 4 levels.” Robustness of the results is checked for each of these
specifications.

— As concerns hours of work per week, the most consistent variable across waves
is “hours worked last week,” as the usual hours of work are not available prior
to 1976. However, we check the robustness of our main results obtained with
the first definition by implementing checks with the latter, as well as with a
combination of the two.

—  We define annual labor income as the sum of salary, self-employment income,
and farming income. These components are top-coded. However, as top-coded
observations account for only a (very) small fraction of the sample, the results
are not affected by the way we deal with them, and we eventually choose to drop
them.

8In addition, in CPS waves before 1976, there is no state variable at the household level. Only broad
geographical areas are reported.

9The 5-level variable is constructed as follows: (1) below high school degree, (2) high school degree, (3)
some college, (4) college degree, and (5) 5+ years of college. With 4 levels only, we distinguish: (1) below
high school degree, (2) high school degree, (3) college degree, and (4) 5+ years of college.
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—  We compute hourly wages using labor income, hours of work per week, and
weeks of work per year.!” We constructed it as follows:

labor income
wage = —— (6)
hours x weeks

However, the wage variable may feature abnormally low or abnormally high val-
ues. We follow Schmitt (2003)’s advice to trim the data, dropping values below
1$ or above 100$ (in 2002 dollars), while keeping observations with a zero wage.
All income and wage variables are converted to 1999 dollars.

— There is no consistent race/ethnicity variable across years. In the early waves
of the CPS data, individuals are only classified as White, Black, or Other.
After 1971, it becomes possible to separately identify Hispanics and, after 1988,
Asians.!! Across the years, the race variable became more detailed, allowing
individuals to declare a mixed ethnic background. However, when comparing
preferences across waves, we need to use a consistent specification of the vari-
able. We mainly use three different specifications: (1) Black or White, available
since 1962 and considering Hispanics as White after 1971; (2) Black, White, His-
panic, and Other, available since 1971 and reallocating Asians into the residual
category Others; (3) Black, White, Hispanic, and Asian, available since 1988.

In most of our specifications, we use five variables, namely age, education, hourly
wage, hours of work, and race. We test the robustness of our results to the inclusion
of other variables (such as occupation) or to alternative coding of the variables.

4.2 Sample selection

For every cross-section (i.e., every wave of the survey), we consider the current
matches as those resulting from the stable equilibrium of the marriage market. In
our empirical analysis of the marriage market equilibrium, we need to decide what
matches to include in the sample, which results in several practical issues. First of all,
we recall that our analysis of the marriage market equilibrium does not include sin-
gles; we exclude never married, separated, divorced, and widowed individuals from
the sample. In addition, we do not include unmarried couples in our main sample;
cohabitation out of wedlock can be a “trial period” before marriage but also an alter-
native to it, which makes it hard to distinguish the two cases in the data. Couples
where spouses live in different households and same-sex couples are also excluded.
On the other hand, we do not make any distinction between individuals that married
once and those who married more than once.

10The number of weeks working in the past year is usually available as a continuous variable. However, it
is sometimes only available as a grouped variable, which we use to proxy the number of weeks worked in
the past year.

11 Comparing summary statistics before and after 1971 suggests that most Hispanics declared themselves
as White, whereas the category Others mostly contains Asians before 1988.
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Fig. 1 Median age at first marriage. The trends for the median age at first marriage were estimated with
CPS data by the Fertility and Family Statistics Branch of the US Census Bureau and are available online:
https://www.census.gov/data/tables/time- series/demo/families/marital.html

Most importantly, we select couples where at least one of the partners is between
ages 23 and 35.'> The bracket roughly corresponds to the core of prime adulthood
and aims to exclude individuals still at school.!> Although in reality the matches
we observe took place at different points in time, we assume that, for each cross-
section, individuals aged between 23 and 35 compete on the same marriage market.
In this case, marriage markets are not rigidly defined by age brackets. In particular,
the age difference between the partners and the age of first marriage may vary greatly.
However, our empirical analysis relies on the assumption that sorting dynamics are
relatively homogeneous for the age bracket 23—-35 for each wave. We also select an
alternative subsample of couples where we apply different age cutoffs based on the
median age of first marriage in that year (see Fig. 1). We use this sample to run
robustness checks. Details are provided in Section 5.1 and Table 1.

On this delicate point, we differ substantially from most of the matching literature.
For instance, Chiappori et al. (2017) use 2010 Census data to construct the population
vectors cohort by cohort. Their method relies on the assumption that each cohort is a
separated marriage market.'* Nonetheless, we aim to estimate the intensity of assor-
tativeness on age and document its trend over time. The selection criterion proposed

12Similar simple selection criteria by age are common in the literature. See Schwartz and Mare (2005)
(where the wife must be between 18 and 40) or Schwartz and Graf (2009) (where both partners must be
between 20 and 34).

13We also exclude students aged more than 23 by combining data on school attendance and reasons for
not participating to the labor market.

4More precisely, each cohort 7 of young men matches with the cohort 7 + 1 of young women.
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by Chiappori et al. (2017), instead, assumes an extremely rigid sorting pattern with
respect to age. This is a well-known limitation in the matching literature. Including
age among the matching variables is a first attempt to deal with this problem.

One of the main concerns affecting age restrictions is self-selection due to divorce.
Separation and divorce allow observing only the prevailing unions at a given point
in time, and this may lead to some problems in the interpretation of the results. For
example, cohorts born in 1950 have been largely affected by changes in divorce
laws in the 1970s, and their divorce rate is particularly high. Divorce may primar-
ily destroy non-assortative matches. Hence, the marriage patterns observed in 2010
for this cohort might result from a selection process through divorce, instead of
being the result of specific tastes at the moment of the match. In order to overcome
this potential bias, it could be advised to work with a subsample of newlyweds (as
also suggested by Schwartz and Mare (2005)). Unfortunately, in most cases, data on
marital history are not available.

Finally, note that the estimation algorithm works best with samples with order of
magnitude equal to 3. For some waves, the sample of observations respecting our
selection criteria is greater than 10,000. In Appendix B, we propose a methodology
to ensure that the sample is highly representative of the sorting patterns when we
must reduce its size.

4.3 Baseline sample

The changes in the availability of data and potential problems arising from the con-
struction of the variables motivate the use of alternative samples. In spite of this, we
choose three baseline specifications described in Table 1 in Appendix C that we use
to present our main findings. Sample A covers all waves from 1964 to 2017, but
employs a limited specification of the race variable: only Blacks and Whites are dis-
tinguished. Sample B covers waves from 1971 to 2017, but contains a more detailed
race/ethnicity variable: the available categories are Blacks, Hispanics, Whites, and
Others. Sample C only covers waves from 1988 to 2017, but, with respect to Sam-
ple B, includes an additional racial category for Asians. We introduce three different
baseline samples since data about race and ethnicity are not consistent across years.
We are primarily concerned with potential biases due to the misspecification of eth-
nic traits and the exclusion of minorities from the sample. While discussing our main
findings, we run several robustness checks that employ different subsamples. These
are also described in Table 1 in Appendix C.

4.4 Summary statistics
The population that we consider in the empirical analysis has gone through major
changes in the past 50 years. The median age at first marriage has increased over this

period, from 22.8 years old (resp. 20.3 years old) for men (resp. women) in 1960 to
29.5 years old (resp. 27.4) in 2017. Trends for the median age of first marriage are
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Fig.2 Share of married individuals by age and cohort. Share of married couples by age and cohort using
CPS data 1964-2017. To be in the data, individuals must be ages 18 to 65. Couples where one partner
is still at school are excluded. The vertical lines represent the age interval (23-35) used for selecting our
main samples

displayed in Fig. 1.15 At the same time, the share of unmarried individuals has greatly
increased (see Fig. 2).

The rise in educational achievement is depicted in panels (a) and (b) of Fig. 3.
Only a relatively smaller fraction of individuals now belongs to low education cat-
egories (below high school or high school degree), while an increasing share of the
population falls into higher education categories (some college, college degree, or
above). Note that this trend is especially striking for women, who now appear to be
more educated than men, while the reverse was true in the 1960s.10

In panels (c) and (d), we describe the racial composition of our sample. We can
separately identify the four major racial groups (White, Black, Hispanic, and Asian)
after 1988. From the graph, it seems that Hispanics used to declare themselves as
White prior to 1971, while Asians composed the majority of the “Others” category.
The share of Black in the samples is relatively constant, while Hispanics and Asians
account for an increasing share of the population at the expense of the White category.

One major change in families in the past 50 years is the increased participation of
women in the labor market. This is represented in panel (e) of Fig. 3. Our measure of

15The trends for the median age at first marriage have been estimated with CPS data by the Fertility and
Family Statistics Branch of the US Census Bureau and are available online: https://www.census.gov/data/
tables/time- series/demo/families/marital.html. Details about the estimation method can be found in ? [
()Chapter 9]siegel2004methods. The 1970 and the 1980 Census and the American Community Survey
(ACS) contain survey data about the year of marriage: a comparison of the estimated CPS trends with
these data sources reveals that the estimates are indeed accurate.

16The graph also shows the discrepancy in the education variable in 1992, as a large share of the population
previously categorized as having a high school degree now appears in the “Some College” category.
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Fig.3 Summary statistics. Married couples from CPS data 1964-2017. To be in the sample, couples must
have at least one partner between ages 23 and 35. Couples where one partner is still at school are also
excluded. Discontinuity around 1992 for schooling trends is due to a change in the variable specification
made by the US Census Bureau. Discontinuities in the race trends are also due to the addition of new
categories in the set of possible answers. We use 5 levels of education: (BHS) below high school degree,
(HS) high school degree, (SC) some college, (CG) college degree, and (CG+) 5+ years of college
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Fig. 4 Partners’ traits. Samples used: baseline A. Baseline sample B is used for the trend of interracial
marriage (right panel)

employment for our sample is the share of people with a strictly positive wage.!” The
graph shows a dramatic increase for women, although the rate stabilized after 1990.
Finally, panel (f) depicts the wage ratio for women relative to men (conditionally
on having a strictly positive wage). This increase has been identified as one of the
main factors of change for families (see Becker 1973, 1991, on specialization within
households and human capital investment of women).

When we look at the joint characteristics of the spouses (Fig. 4), we notice a strong
positive correlation between the partners’ age and education, which is a first hint
that these traits are complements. While correlation by age decreases over time, the
trend of correlation by education is instead unclear. On the other hand, we observe an
increasing trend for the correlations by hours worked and hourly wage. Interestingly,
these co-moments are first weakly negative and then weakly positive. Finally, the
share of interracial marriages has increased over time.

5 Trends in matching patterns

In this section, we describe trends for the diagonal elements of the affinity matrix
estimated using the baseline sample A described in Section 4.3 over the period

17The share of employed people may appear extremely high in some cases (for men at the beginning of the
period for example), but this may be due to our sample selection criteria based on age and marital status.
In addition, we consider a person as employed as long as we are able to compute a wage, that is, as long
as she worked in the past year.
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Fig. 5 Assortativeness in age. Sample used: baseline A. The figure displays the estimated trend of the
diagonal element of the marital preference parameter matrix A capturing the interaction between husband’s
and wife’s ages. We observe a decrease in age complementarity

1964-2017. Estimation follows the steps explained in Section 3. Estimates of the
Ajj entries are obtained for every year and shown in the graphs below. We display
the point estimates, as well as the confidence intervals. Data are standardized so that
the covariance matrices Ez[x'x] and EAn[y’ y] have diagonal entries equal to 1 for
a reference year.!® This allows us to compare different estimates of A within and
across years. We also use local constant regression smoothing (LOWESS) to ease the
interpretation of the results. Finally, we present several robustness checks in order to
understand whether our baseline findings suffer from variable misspecification, sam-
ple selection, or endogeneity problems. We provide an exhaustive list of the checks
in Appendix C.

5.1 Age

Our results show that spouses’ ages are strongly complementary. However, Fig. 5 also
shows an unambiguous decrease in age assortativeness. This may appear in contrast
with previous results by Atkinson and Glass (1985) and Qian and Preston (1993),
who claim that in the USA homogamy by age increased up to 1987. Nonetheless,
this trend could be explained by a progressive passage from a traditional form of
marriage—where the woman is slightly younger than the man—to a variety of dif-
ferent unions. For instance, Atkinson and Glass (1985) notice that spouses with a
similar socioeconomic background tend to be of the same age more and more fre-
quently. Moreover, couples where the husband is younger or where the difference in
partners’ ages is high are more and more socially acceptable. What we find is, in fact,
that the strength of sorting decreased, which means that several age combinations
now coexist at equilibrium.

181 practice, we first compute (diag(E; [x{991x1991]))_1/2 for men’s population in 1991, and then use it
as a scaling factor for every cross-section. We do the same for women.
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Fig. 6 Assortativeness in education. Sample used: baseline A. The figure displays the estimated trend
of the diagonal element of the marital preference parameter matrix A capturing the interaction between
husband’s and wife’s schooling levels. We observe an increase in education complementarity

The age bracket we consider is large enough to include most couples married in
the years preceding the survey year we look at.!® However, since our age cutoffs
are fixed (the youngest spouse must be at most 35), and since people tend to marry
later and later over the time period considered, the composition of our sample in
terms of marriage duration is likely to change over time. To address this issue, we
consider an alternative sample made of couples where at least one partner’s age is
in the interval [a; — 4, a; + 2], where a; is the median age of first marriage for men
in year ¢.20 Sorting trends obtained with this sample present some differences with
respect to those obtained with our baseline sample (see Fig. 16). These differences are
most likely due to the different compositions in terms of year of birth and marriage
duration. However, note that all qualitative results hold (the slope of the trends is the
same as in our main findings). In particular, the strength of sorting with respect to
age is lower, since the sample’s age range is reduced, but the trend is still decreasing.

5.2 Education

Figure 6 represents the trend of assortativeness in education between 1962 and 2017.
We find a general increase in assortativeness in education. This is in line with the
results of Greenwood et al. (2014), and with most of the findings in the literature
(see Section 2). Nonetheless, as explained throughout the paper, we argue that our
estimates only capture marital preferences and are cleansed from any demographic
effect. These findings also provide further support to those of Chiappori et al. (2017),
who document a rise in educational assortativeness for cohorts born between 1943

191n fact, in spite of the increasing median age of first marriage, most people still get married before they
turn 35. The share of married people in a cohort is indeed approximately constant after 35 (see Chapter 1,
Browning et al. 2014.

20The difference between the median age for men and for women is approximately constant over the time
period considered, and is around 2 years (see Fig. 1).
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Fig. 7 Assortativeness in wage. Sample used: baseline A. The figure displays the estimated trend of the
diagonal element of the marital preference parameter matrix A capturing the interaction between husband’s
and wife’s wages. We observe a possible rising of a relatively weak wage complementarity which was not
observed in the early waves

and 1972. While they also take a structural approach, they need to assume a fixed
sorting structure for age and are limited to a unidimensional matching. Since we
work in a multivariate setting, we can “control” for other observables and also con-
clude that assortativeness in education is comparable in strength to age, whereas it
is much higher than wage or hours of work (see Figs. 7 and 8). As concerning pos-
sible misspecification of the schooling level variable, we find that our results are
robust to different measures of educational attainment (detailed findings available on
request).
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Fig. 8 Assortativeness in hours of work. Sample used: baseline A. The estimated trend of the diagonal
element of the marital preference parameter matrix A capturing the interaction between husband’s and
wife’s hours worked. We observe a possible rising of a relatively weak complementarity in hours worked
which was not observed in the early waves
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5.3 Wage

The estimates for wage assortativeness are presented in Fig. 7. In the earliest waves,
the estimates of the affinity matrix parameter for wages are not significantly different
from 0. However, assortativeness in hourly wage rates has steadily increased up to
the 2000s and is significantly positive in every wave since the mid-1980s. In the last
15 years, it seems that the estimate stabilized around a value of 0.05. The trend for
the wage estimate is parallel to the closing of the wage gap and may suggest that
men developed a stronger incentive to look for a spouse among high earners. Since
our estimation includes both hours of work and hourly wages among the matching
variables, and since we construct hourly wages using hours of work, we test the
robustness of our results using annual earnings instead of wages.?! The results are
displayed in Fig. 17 in the appendix and are very similar to those obtained with our
baseline sample.

In spite of this (weak) positive assortativeness, Becker (1973) suggested that the
spouses’ wages should be substitutes because of household specialization, while
main non-labor-market traits are expected to be complements. Unfortunately, our
result is not a good test for Becker’s predictions: since many women (as shown in
panel (e), Fig. 3) are not part of the labor force—especially in the earlier waves—we
are not able to observe their wage potential. In other words, we are not able to deter-
mine the shadow price of time spent away from the labor market to which Becker
refers to in his analysis of the household. As a result, the estimates we present do not
capture marital preferences because of this endogeneity issue affecting the observed
hourly wage rates (see also Ciscato et al. forthcoming).

To understand to what extent our main findings are affected by endogenous work-
force participation choices, we run two parallel estimations with different subsamples
(see Appendix C, checks 3 and 4). First, we only estimate the affinity matrix for a
subsample of couples where both spouses have a positive wage. With respect to our
baseline results (Fig. 7), we find evidence of positive assortative mating on wages
since the earliest waves, and the strength of assortativeness is now constantly larger
(Fig. 18). Second, when we only consider the subsample of childless couples, the
estimates for wages’ complementarity are even higher (Fig. 19). These checks seem
to suggest that, for households where household specialization is expected to be less
pronounced, sorting on spouses’ wages is indeed stronger. Nonetheless, as both fertil-
ity and labor force participation are the outcomes of endogenous choices, none of the
two subsamples can be considered as representative of the population preferences.
Further research is needed in this direction.

Finally, we construct a measure of potential income that allows us to deal with
non-participation (see Appendix C, check 5). We predict wages using a standard
selection model (Heckman 1979). We estimate the trends of marital preferences and
report the result in Fig. 20. The main important finding is that we observe posi-
tive assortative mating on wages since the earliest waves. The trend is increasing
with a slope comparable to the one obtained with baseline sample A. We discuss the

2Iprecisely, we replace wages by the variable log(1 + w?) where w® are (possibly 0) annual earnings.
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potential implications on inequality trends in Section 6.5 in light of the results of our
decomposition exercise.

5.4 Hours worked

Trends in mating preferences for hours of work are represented in Fig. 8. Simi-
larly to the case of wages, the estimates for the earliest waves are not significantly
different from 0 and are even negative for some waves, whereas we observe an irreg-
ular increase starting from the 1980s. The increasing trend seems consistent with
the shift from production complementarities as the main source of marriage gains to
consumption-based complementarities (Stevenson and Wolfers 2007). While in tradi-
tional families one spouse—typically the wife—focused on housework and the other
on the labor market, now partners may benefit from similar time schedules.

Once again, what the estimate for hours worked captures cannot be interpreted in
terms of preferences at the moment of the match, since spouses most likely adjust
their labor supply after the marriage. Checks 3 and 4, described in Section 5.3, lead
to the following results: for couples where both partners are employed, we observe
positive assortative mating on time schedules for any wave (Fig. 18), while for child-
less couples the positive sorting is even stronger (Fig. 19). In both cases, the strength
of complementarity increases over time, similar to the baseline trend. Although these
estimates are biased because of selection, it seems that couples where household spe-
cialization is weaker indeed display more homogeneous working time schedules and
leisure time spent together.

5.5 Race

Figure 9 reports our estimates of the racial homogamy parameter for baseline samples A,
B, and C, described in Section 4.3. We observe a sharp decline in the taste for homogamy

2 \ \ \ \
1960 1970 1980 1990 2000 2010 2020
Fig. 9 Assortativeness in race, by number of race included. Samples used: baselines A, B, and C (see

Appendix C). The figure displays the estimated trend of the homogamy preference parameter for race
contained in matrix A. We observe an increase in the preference for racial homogamy
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when considering the race specification Black-White: the most significant decrease
took place during the 1960s, when the last anti-miscegenation laws were ruled
unconstitutional, whereas we observe a steady but only a slight decrease from the
1970s. Interestingly, when switching to the specification Black-White-Hispanic-
Others (sample B), the trend is instead slightly increasing over the period 1971-2017.
Finally, when the specification Black-White-Hispanic-Asian-Others is considered
(sample C), the trend is increasing up to the mid-2000s, and then is slightly decreas-
ing. In general, however, the results depend on how many groups are considered, that
is, on the level of detail of the classification scheme. Studies on racial homogamy
face the same issue, as the number of racial groups may vary depending on the avail-
ability of the data, or on how individuals are allowed to report their race. We can
conclude that, although the data show a growing number of interracial marriages,
the latter became less desirable since the 1970s when considering a detailed level of
ethnic fragmentation, and that only recently the trend might have been reversed.

We can further read into our results by switching from our main parametric
specification (5) to an alternative one, where, instead of treating race as a categori-
cal variable denoted xr, yr € {White, Black, Hispanic, Other}, we include one
dummy for each of the four racial groups. In other words, given our 4 racial cat-
egories, we restrict to 0 the diagonal elements representing the interaction terms
of type, say, 1{xg = White}l{yr = White}, and are left with 4 x 4 — 4 off-
diagonal parameters to estimate. In this way, in our robustness check 6, we are able to
identify the surplus change resulting from marrying a partner with a different racial
background relatively to matching within one’s own racial group. Trends are indeed
heterogeneous by racial group (see Fig. 21). Blacks appear as the most segregated
racial group, suffering the highest penalties for interracial marriage on the market.
However, most trends associated with interracial couples where one partner is Black
suggest that these interracial marriages have grown more attractive (or at least not
less attractive). On the other hand, Hispanics and Whites seem to have grown apart
on the marriage market, with the trend only being reversed from late 2000s. Hence,
this should explain our original conclusion: interracial marriage is found to be less
and less attractive over time when including Hispanics as a separate ethnic group.

Our findings are particularly counterintuitive because the share of interracial
couples has been growing as the American population becomes more and more multi-
ethnic. In this case, disentangling preferences from demographics leads us to a result
in contrast with conclusions from previous works. Fryer (2007) uses a specification
White-Black-Asian for his race variable and concludes that preference for homogamy
decreased throughout the last century. This seems to be in line with our estimates
obtained with baseline sample A, where Hispanics are mainly considered as Whites.
However, Fu and Heaton (2008) use a White-Black-Hispanic-Asian specification to
describe ethnic groups. Our results are opposed to theirs, as they conclude that taste
for racial homogamy decreased over the period 1980-2000.

5.6 Unobservables

We recall that the scalar o measures the relevance of the unobservable random pref-
erence shock. The higher o, the more matching appears as random to the observers.

@ Springer



The role of evolving marital preferences in growing income inequality 331

Figure 10 displays the values of o obtained under our identification assumption
given in Section 3.4 and with baseline sample A. The clear increasing trend sug-
gests that socioeconomic observables matter less today than they did 50 years ago.
The role played by the parameter o in our theoretical framework suggests that there
are two forces offsetting each other. On the one hand, we report that taste for racial
homogamy and positive assortativeness in education have increased in strength. On
the other hand, the relevance of the socioeconomic observables that we take into
account has decreased.

In robustness check 7, we purposely omit education in order to understand how
this would bias our findings, and particularly how this would change the relative
importance of the entropy observed by the econometrician as measured by o. This
exercise shows that omitting a key variable such as education results in upward-
biased estimates of complementarities of traits that are positively correlated with
the omitted variable. In this case, omitting education results in higher estimates for
complementarity on age and wage, as well as for preference for ethnic homogamy
(see Fig. 22). In addition, o is found to be higher, and its trend increases more steeply.
In this omitted-variable specification, unobservables play a more relevant role, and
their importance grows faster than in our baseline specification.

6 Counterfactual analysis

One key motivation behind the analysis of marital preferences is to understand their
contribution to the changes in mating patterns and between-household inequality.
To conduct our counterfactual analysis, we used CPS data for the years 1971 and
2017. We use the baseline sample B, which includes four racial groups (White, Black,
Hispanic, Others). We try to answer two questions: (a) what would be the marriage
patterns, for example the joint distribution of education, if individuals married as

11

1.05

1+

0.95 -

09r

0.85

081

0.75

0.7

0.65

0.6 . . .
1960 1970 1980 1990 2000 2010 2020

Fig. 10 Sigma. Samples used: baselines A, B, and C (see Appendix C). The estimated trend of the param-

eter o capturing the relevance of idiosyncratic preference shocks in our matching model. We observe an
increase of the relevance of unobservables in matching
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T T T

1971 Pref. |-

2017 Pref., 1971 educ Pref. |-
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Fig. 11 Assortativeness in education, counterfactual distribution. Sample used: baseline B. The marginal
distributions of characteristics (X217, ¥2017) are taken from 2017 data for the three figures. In the first
line, we show the counterfactual joint distribution of partners’ educational levels (high school and below
(HS), some college (C), and college degree and above (C+)) obtained using 1971 marital preferences.
In the second line, we show the counterfactual distribution obtained using 2017 marital preferences but
allowing the schooling complementarity parameter to be equal to its 1971 value as in Fig. 6. In the third
line, we show the actual distribution obtained with 2017 marital preferences

in 1971? And (b) how would inequality change if individuals had the same marital
preferences as in 19717

As explained in Section 3.5, once estimated AY7! and with (X 2017, Y 2017) at hand,
we can compute the counterfactual optimal matching P (2017, 2017; 1971) in order
to compare it with the marriage market equilibrium predicted by the model with the
actual 2017 preferences.?? In this section, we report the results of our counterfac-
tual analysis for two variables: age and education. We subsequently proceed with
the analysis of inequality trends and a decomposition exercise to understand which
parameters are associated with the inequality rise.

6.1 Education

To ease the representation of the results, we gather individuals in three educational
types: high school and below (HS), some college (C), and college degree and above
(C+). We first compute the counterfactual market equilibrium P (2017, 2017; 1971).
The upper distribution in Fig. 11 displays the relative frequencies of each of the six
possible types of match that would result from matching if the preferences of the
2017 population were the same as in 1971. The relative frequencies reported in the
second line are the result of a different counterfactual experiment. We now fix all the
parameters to their 2017 values except for the one capturing the interaction between
partners’ education, which is allowed to take its 1971 value. In this way, we isolate
the effect of the change in this single parameter on the marriage market outcome.
In the last line, we report the joint aggregate equilibrium distribution of educational

22 Alternatively, we could compare the counterfactual matching P (2017, 2017; 1971) with the actual fre-
quencies observed in the data, rather than those predicted by the model. However, since the model does an
excellent job in reproducing the actual frequencies, the two exercises yield similar results.
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types predicted by the model for year 2017. Comparing lines 2 and 3, we note that
the increase in complementarity shrinks the shares of couples crossing educational
barriers. On the other hand, endogamous marriages are more frequent. With the help
of line 1, we conclude that these changes observed above turn out to be mostly offset
by shifts in other parameters, which leads us to conclude that the evolution of marital
preferences had little impact on the joint distribution of partners’ schooling levels.
One main reason is likely to be the increase in the parameter o, which decreases the
relevance of socioeconomic observables on the marriage market.

6.2 Age

We repeat a similar experiment with age, as illustrated in Fig. 12, where we computed
the joint distribution of spouses’ age with both actual and counterfactual marital
preferences, then we looked at the difference between the two. Remember that, as
discussed in Section 5.1, in 1971 there used to be a relatively stronger sorting on age
than in 2017. From Fig. 12, we note that, under counterfactual 1971 preferences, we
would observe far more couples where the husband is around 2 or 3 years older than
the wife (the darkest cells are mostly right above the diagonal) and slightly more
couples with partners of the same age (the cells on the diagonal are dark). These two
types of couples, and especially those with a slightly older husband, can be consid-
ered as the most “traditional.” However, the change in preferences made them less

Age assortativeness

Age assortativeness

%1073

Age (men)

N
@

Actual - Counterfactual

N
o

[N]
=

w
o
N
o
N
N

N
(=]

30 25 30 35 40

Age (women)

Age (men) 20 20 Age (women)

Fig. 12 Assortativeness in age, counterfactual distribution. Sample used: baseline B. The figures depict
the differences in joint frequencies of partners’ ages between the actual distribution obtained with
2017 preferences and the counterfactual one obtained with 1971 preferences (P(2017,2017;2017) —
P(2017,2017; 1971)). We show such frequencies in a three-dimensional space and in the corresponding
“elevation” map. The darker the block, the more couples of the corresponding age in the counterfactual
outcome outnumber their peers in the actual. The lighter the block, the more couples of the correspond-
ing age in the actual outcome outnumber their peers in the counterfactual. Remember that the sample may

include individuals of any age, although we require that at least one of the partners is between ages 23 and
35 for the couple to be in the sample
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frequent in favor of other types of marriages. Indeed, under actual 2017 preferences,
we observe far more couples where the distance between spouses’ ages is greater
(the white cells are far from the diagonal). In particular, there are many more couples
where the wife is more than 5 years older than the husband.

6.3 Inequality

The purpose of the previous sections was to show how the change of the affinity
matrix directly translates into a different marriage market outcome. We can now
compute household income distributions and then Gini coefficients. For each poten-
tial couple, we compute the total labor income of the household, while the optimal
matching matrix P (s, s; t) tells us the corresponding frequency of this type of cou-
ple at equilibrium. For any two years s and ¢, we use individual traits distribution
from year s and marital preference parameters from year ¢ and compute the Gini
coefficient using the optimal matching matrix P (s, s; t)—i.e., the counterfactual fre-
quency table of the couples’ type—and the vectors of spouses’ incomes x° and y*.
We denote the predicted Gini coefficient computed with male and female population
vectors from year s and with marital preferences (A?, o) from year t as G(s, s; t).

We aim to study the evolution of inequality from 1971 to 2017. In particular,
we ask the following question: what inequality patterns would we observe in year
s if the year s population had the same marital preferences as in 1971? To answer,
we first compute the Gini coefficient predicted by the model for every year s using
preferences in year s, G(s, s). Then, we fix marital preferences to their 1971 levels
but predict marriage patterns for the population in year s. Hence, we can compute
G(s, 1971) using the counterfactual labor income distribution. We replicate this exer-
cise every 4 years starting from our reference year 1971 and always fixing marital
preference parameters to their 1971 levels. In Fig. 13, we plot the predicted Gini
coefficients with actual preferences (solid line) and with counterfactual preferences
(dashed line), while the dotted line depicts how the Gini coefficient would change (in
percentage) if individuals had the same tastes as in 1971. While inequality is steadily
increasing since 1971, the solid and dashed lines slowly diverge from each other,
which means that the rise of household income inequality has been exacerbated by
the shifts in marital preferences.

Similarly to Eika et al. (forthcoming), we observe a clear increase in income
inequality among married households over the last 45 years, from 26.76 points in
1971 to 36.56 in 2017. However, were marital preferences constant since 1971, the
current Gini would be lower by 2.43 points (equal to 34.13, that is about 6% less).
Our experiment indicates that 24.80% of the rise in inequality in total household
labor income between 1971 and 2017 can be attributed to changes in preferences on
the marriage market.

6.4 Decomposition
Finally, we decompose the share of the increase of the Gini coefficient that we

attribute to shifts in marital preference parameters (Fig. 14). On the right of the verti-
cal axis, we find the main forces that contributed to the rise of household inequality.
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Fig. 13 Counterfactual analysis, Gini coefficients since 1971. Sample used: baseline B. The figure shows
the estimated actual trend of the between-household Gini coefficient and a counterfactual trend obtained
by fixing marital preferences to their 1971 values

Not surprisingly, increased complementarity in partners’ education is one of them,
albeit not the strongest. In fact, despite the modest size of their increases (see Figs. 7
and 8), the changes that have concerned sorting on wage rates and working hours
seem to be the main driving forces behind the inequality rise. However, even small
variations in the parameters may result in large fluctuations of macroeconomic out-
comes if the marginal distributions change. Since the wage structures, the wage
gender gap, and women’s participation in the workforce have radically changed (see
panels (e) and (f) in Fig. 3), the interaction of such transformations with marital pref-
erence evolution has amplified inequality growth. In addition, an important share of
the change in the Gini coefficient is due to shifts in cross-interactions, i.e., of those
parameters that do not lie on the diagonal of the affinity matrix. In particular, the
interaction between one’s education and his/her partner’s wage and the interaction
between husband’s wage and wife’s hours worked play a prominent role. Some of
these trends can be found in Appendix D, Fig. 15, and once again our estimates
suggest that such interactions are relatively weak and have not changed much over
time.?? Finally, looking at the left of the vertical axis, we find that the increase of the
parameter o has hampered inequality by reducing the relevance of socioeconomic
observables in matching. Another counterforce to the rise of inequality is the decrease
in assortative mating on age.>*

ZThe only trend that we find is a slight—and barely significant—decrease of the negative interaction
between men’s wage and women’s working hours. This parameter may partly capture the wife’s wealth
effect on labor supply.

24However, the effect is small and is not displayed in Fig. 14.
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Full D

x10°

Fig. 14 Decomposition of Gini coefficient shift 1971-2017 due to marital preferences. Sample used: base-
line B. In the labels, the first trait is the husband’s and the second is the wife’s, e.g., Wage-Educ refers to
the interaction between the husband’s wage rate and the wife’s education. On the right of the vertical axis,
there can be found the parameters that contributed to raise inequality; on the left of the vertical axis, those
that pushed in the opposite direction, leading to a decrease

6.5 Discussion

In our counterfactual analysis, we consider changes in sorting along several dimen-
sions, not only education, and show that changes in marital preferences must be
regarded as an important driving force behind the recent rise in inequality. We
conclude that changes in sorting account for almost 25% of the total increase in
household income inequality among married couples, as measured by the Gini coef-
ficient. In line with theoretical predictions of Fernandez et al. (2005) and previous
empirical findings, educational assortativeness is shown to have a positive impact on
income inequality. Greenwood et al. (2014) and Eika et al. (forthcoming) find that
changes in educational assortativeness had almost no direct impact on inequality, and
point to changes in labor market participation and returns to education as the main
forces explaining household income inequality trends. While we do find a positive
effect of increasing educational sorting on inequality, we also conclude that this effect
is of second order when other controls are included among the matching variables.
Greenwood et al. (2016) suggest that, all else constant, changes in the marginal
distribution of hourly wages are key in understanding the increase in household
income inequality. Our findings suggest that changes in the marginal distribution of
wages paired with a small, but significant, increase in the strength of sorting along
hourly wages and hours worked account for a sizable share of the inequality rise.
While, unlike Greenwood et al. (2016), we are unable to discuss the role of endoge-
nous labor-supply adjustments, we run several robustness checks to understand how
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the endogeneity of labor supply choices can bias our findings. Results obtained with
a sample of two-earner households (Fig. 18), childless couples (Fig. 19), and with
potential income as a matching variable (Fig. 20) lead us to the following consid-
erations: first, our main estimates on complementarities on hourly wages and hours
worked are likely to be downward biased; and second, the same robustness checks
confirm that the direction and the size of the changes are mainly unaffected by the
bias.

Finally, Greenwood et al. (2014) and Greenwood et al. (2016) suggest that the
uneven decline of marriage has further contributed to the rise of inequality across
households, as individuals with low education have become comparatively less likely
to be married in the cross-section. In this paper, we exclude the extensive margin
from the analysis—i.e., the choice of marriage vs singlehood—and thus we do not
relate changes in assortative mating to the decline of marriage, consistently with the
logit framework of DG.? In a related project, Dupuy and Weber (2018) discuss the
importance of the extensive margin as opposed to the intensive margin in a model
of educational assortative mating: while changes along the extensive margin play a
greater role, changes along both margins positively contribute to the rise of inequality.

7 Conclusions and perspectives

Our analysis calls into question and updates previous results on the evolution of mat-
ing patterns and their implications for inequality. It aims to provide the most recent
and complete picture of mating patterns in the USA relying on a structural approach
that is new to this literature. The framework introduced by Dupuy and Galichon
(2014) not only allows us to disentangle preferences and demographics effectively,
but also to work in a multidimensional and continuous setting. This flexible speci-
fication presents an advantage with respect to previous works in that it allows us to
analyze different dimensions of sorting at once, in order to understand to what extent
marital preferences explain the rise in inequality, and which dimensions actually have
contributed the most to the increase. On the other hand, we limit ourselves to docu-
menting the changes in sorting patterns and household dynamics without attempting
to explain the driving forces behind such transformations. Our work is thus comple-
mentary to the richer theoretical frameworks proposed by Fernandez et al. (2005) and
Greenwood et al. (2016).

Throughout our paper, we provide a detailed picture of the evolution of mari-
tal preferences in the USA over the period 1964-2017. In line with the majority of

25 As discussed by DG (see Appendix D in particular) and Ciscato et al. (forthcoming), the distributional
assumption on the stochastic terms of the marital payoff functions is such that the choice model (1) is
logit and benefits from the property of the independence of irrelevant alternatives. Under this assumption,
treating the composition of the married population as exogenously given does not affect the empirical
findings.
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previous works, we find that, even after including several other personal traits, pos-
itive assortative mating on education has become stronger and stronger over time.
At the same time, positive assortative mating on age has decreased and household
specialization seems to be weaker. We also find that, overall, the relevance of socio-
economic observable traits has decreased on the marriage market. Finally, preference
for racial homogamy seems to have increased since the 1970s. These results seem to
be driven by Whites and Hispanics—the fastest growing ethnic minority—growing
less and less attracted to each other on the marriage market.

In the second part, we run counterfactual experiments to assess the impact of the
shifts in marital preferences on between-household income inequality. We find that,
had preferences not changed since 1971, the Gini coefficient would have been 6%
lower: this implies that about 25% of the rise of income inequality over the period
1971--2017 is due to changes in sorting patterns. Our results complement those of
Greenwood et al. (2014), Eika et al. (forthcoming), and Greenwood et al. (2016)
on educational assortativeness. While we find that shifts in marital preferences do
matter, we show that they only account for a significant but limited share of the
inequality rise. Finally, when decomposing the contribution of marital preferences
to the increase in the Gini coefficient, we find that changes in interactions among
labor market traits can explain a large share of it. Since the 1980s, couples exhibit a
weak but significant complementarity in wage rates and hours worked. This, jointly
with important changes in the wage distribution, has crucially contributed to the rise
of income inequality. The increased complementarity of spouses’ education is also a
factor, although the decreased relevance of socioeconomic observables in matching
and the decreased complementarity of spouses’ age are sufficient to offset its effect.
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Appendix A: Neutrality of optimal matching

According to DG, the equilibrium matching is described by the function 2. Take the
log of m(x, y) so that:

| LA a) b
ogn(x,y) =x—y— — — —.
o o o
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The first component is x’By: without the identification assumption with multiple
markets described in Section (3.4), we are still able to identify B = A /o unequivo-
cally. In fact, under any assumption to disentangle A from o, a sample (X, Y) yields
a unique estimate B.

As concerns the second and third components a(x)/o and b(x) /o, define a(x) =
exp(a(x)/o) and I;(x) = exp(b(x) /o). We can rewrite (2) as:

m(x,y) = K(x,y; BYax)b(y)

and plug it into the accounting constraints:

f(x) = ax) /y K (x,y; B)b(y)dy

Sy = l;(y)/XK(x,y; B)a(x)dx.

DG suggest solving this system by means of an IPFP algorithm. Notice that we can
conclude that, for a given set of parameters B, there is a unique solution given by
vectors a* and b*, and thus a unique solution 7*.

Appendix B: Improvements to the estimation procedure

Depending on the year, our samples may contain many individuals. However, for
computational reasons, estimation can only be performed on a subset of the pop-
ulation. Doing so, we do not make full use of the data to compute the empirical
variance-covariance matrix. If the subsample’s size is too small, this may even intro-
duce some bias in the estimates. Since the estimation strategy relies on matching the
theoretical co-moments to the empirical counterparts, we pick a random subsample
whose co-moments of interest are close to those of the full sample. Hence, we use
the following procedure to select the subsamples:

Procedure 1 Let N be the number of couples in the population:

Step 0. Compute the empirical variance-covariance V = E[XY] with the full
sample

Step 1. Draw a subsample of size n < N and compute the empirical variance
covariance matrix \7,,

Step 2. Check if |V —Vy| <€ x Vfora given level of precision €.

Step 3. If step 2 is satisfied, use V,, and the corresponding subsample to estimate
the affinity matrix, otherwise repeat steps 1-3.
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Appendix D: Additional figures
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Fig. 16 Sample selection by median age. Sample used: check 1 (see Appendix C). The figures compare
our baseline results on estimated trends of the diagonal elements of the marital preference parameter
matrix A with those obtained using a subsample of couples where at least one partner is aged between the
contemporaneous female median age at first marriage (minus 2) and the contemporaneous male median

age at first marriage (plus 2)
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Fig. 17 Sorting on annual earnings. Sample used: check 2 (see Appendix C). The figures show estimated
trends of the diagonal elements of the marital preference parameter matrix A when annual earnings are

used instead of wages
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Fig. 18 All couples and working couples (where both partners work). Sample used: check 3 (see
Appendix C). The figures compare our baseline results on estimated trends of the diagonal elements of
the marital preference parameter matrix A with those obtained using a subsample of couples where both
spouses work
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Fig. 19 All couples and childless couples. Sample used: check 4 (see Appendix C). The figures compare
our baseline results on estimated trends of the diagonal elements of the marital preference parameter matrix
A with those obtained using a subsample of childless couples
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Fig. 20 Sorting on potential income. Sample used: check 5 (see Appendix C). The figures compare our
baseline results on estimated trends of the diagonal elements of the marital preference parameter matrix A
with those obtained using a measure of potential wages
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Fig. 21 Decomposed taste for interracial marriage. Sample used: check 6 (see Appendix C). The figures
describe trends for preferences for interracial marriage, decomposed by racial/ethnic category. We omitted
findings for the category “Others,” which is by far the smallest in numbers (see Fig. 3)
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Fig. 22 Education omitted. Sample used: check 7 (see Appendix C). The figures compare our baseline
results on estimated trends of the diagonal elements of the marital preference parameter matrix A with
those obtained when purposefully omitting education
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Fig. 23 Cohabitating and married couples. Sample used: check 8 (see Appendix C). The figures compare
our baseline results on estimated trends of the diagonal elements of the marital preference parameter matrix
A with those obtained using a subsample of cohabitating couples. Data on cohabitating couples are only
available since 1995 and the size of the sample is considerably smaller
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