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Abstract

In this paper, we introduce a search-and-matching framework to study educational
choices, and household formation and dissolution over the life-cycle. In this model, sorting
patterns on the marriage market are driven by both economies of scale in household
production and consumption, and search frictions. We discuss the identification of both
objects with panel data on marriages and divorces. We estimate the model with PSID
data and document how the gains from marriage, marriage market segmentation, and
returns to college have changed in the U.S. over the last 50 years. Through our structural
model, we show that changes in the wage distribution alone would lead to an increase of
college education equally for both genders, could explain almost 20% of the total decline
of marriage, but would also reduce women’s marriage market returns to college. On the
other hand, we show that changes in household production, gender norms, and search
frictions have given female college graduates an edge on marriage markets. The positive
interaction between the increasing college wage premium and the changes in marriage

market fundamentals explains the fast rise of female college education.
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1. Introduction

Over the last fifty years, the share of single households has increased greatly in the U.S.
While individuals have been further delaying household formation, separation risk has increased
for both married and cohabiting couples, with a particularly strong increase for individuals
with a low human capital (Lundberg et al., 2016). These trends have a number of important
implications: firstly, low-wage individuals are less likely to rely on a partner that can help them
achieve higher consumption levels, cope with income risk, and raise children (Blundell et al.,
2016a,b). Secondly, rising wage inequality has resulted in a sharper divide between unstable
families with little human capital and stable families with high human capital (Fernandez and
Rogerson, 2001; Fernandez et al., 2005). Thirdly, the incentives to invest in college education
have changed, as the association between college education and better marriage prospects is

stronger than in the past (Bronson, 2014; Chiappori et al., 2017).

In this paper, we introduce a unified framework to empirically study the determinants of
education, marriage, and divorce decisions over the life-cycle. Given the increasing marital
instability and heterogeneity in marital histories observed in the data, it is increasingly difficult
to represent the marriage market outcome as a one-time assignment as originally suggested
by Becker (1973). Hence, this paper presents a new framework to study both cross-sectional
(whether and whom people marry) and longitudinal aspects of matching behavior over the

life-cycle (when people marry, whether they divorce and remarry).

The first goal of the paper is to empirically assess the determinants of dynamic matching
behavior, and document how they have changed over the last five decades in order to better
understand household formation and dissolution trends. As per Becker (1973) and Choo and
Siow (2006), we interpret the marriage patterns observed in the data as the outcome of a
competitive matching game. However, we allow for two different, nonexclusive driving forces
behind sorting patterns on marriage markets. The first is the presence of economies of scale in
consumption and household production, while the second is the presence of frictions. By pooling
their resources together, couples can expand their consumption frontier and insure each other
against income risk; while we do not explicitly model fertility, joining efforts in raising children
can be thought of as a key component of such gains. Hence, changes in household technology,
as well as time-use preferences and norms about family roles alter the incentives behind the

choice of whether and whom to marry.! However, positive, or negative, assortative mating can

LGreenwood et al. (2005, 2016) argue that the increased availability of cheap and productive home appliances
(e.g., dishwashers, washing machines, microwave ovens) induced a major change in both the gains from marriage
and female labor supply. Chiappori et al. (2017) point at the increasing importance of the complementarity

between parents’ human capital in childrearing in order to explain increased assortative mating.



also be explained by the presence of frictions, i.e., individuals with similar characteristics might
have higher chances to meet and a lower cost of learning about each other. The economic
literature has often overlooked search frictions as a source of assortativeness,” although it is
natural to think that marriage markets are, to some extent, segmented along demographic and

socioeconomic observables.

While we think of the size and nature of the economies of scale and frictions as the primitive
parameters of our model, matching decisions are made in a dynamic competitive environment
and also depend on forward-looking agents’ expectations about both their current match and
their (re)marriage prospects. In a framework where partners cannot commit to an unproduc-
tive relationship, they need to consider if present-day economies of scale are large enough to
compensate possibly meager expectations about future household income, as well as if they
should instead search for a better march (Becker et al., 1977; Burdett and Coles, 1997; Shimer
and Smith, 2000). Understandably, age and wage expectations can play an important role in
shaping these trade-offs. Hence, we disentangle between static and dynamic components of the

gains from marriage and discuss how they differ across population groups.

We estimate our model with data from the Panel Survey of Income Dynamics and show
that search frictions are weaker among likes; single agents with similar education, ages, family
backgrounds, and wages are more likely to meet on marriage markets. Hence, search frictions
can partly explain positive assortative mating. At the same time, we find wages to be substi-
tutes in household production, so that couples have incentives to specialize, as suggested by
Becker (1973). However, households also benefit from insuring themselves against future in-
come shocks; couples formed by two high-earners are less exposed to labor income risk as wage
shocks are persistent. This said, we also find evidence of gender asymmetries in household
production: who the primary earner is matters, and the husband’s wage matters more than
the wife’s in determining the household economies of scale. We find gender roles in household

production to be strong in the 1970s and weaker, but still present, in the 2010s.

The second goal of the paper is to leverage on our dynamic matching framework to empiri-
cally study both labor and marriage market returns to college, as well as track their evolution

over time. We model the decision of going to college so that young agents take into account

2Economists did study the role of frictions as a determinant of marital turnover both theoretically (Burdett
and Coles, 1997; Shimer and Smith, 2000) and empirically (Goussé et al., 2017). Few papers try to address
whether meetings are assortative: Hitsch et al. (2010) and Belot and Francesconi (2013) discuss the empirical
patterns of dating behavior using data from an online dating site and a speed dating agency, respectively.
Sociologists and demographers put greater emphasis on market segmentation as a determinant of homogamy
(Schwartz, 2013; Gonalons-Pons and Schwartz, 2017). Rosenfeld and Thomas (2012) analyze where and how

couples meet in the U.S. with data from a nationally representative survey.



both the associated wage premium and the potential benefits of higher education on their fu-
ture marriage prospects. Acquiring college education has far-reaching implications on future
marriage market outcomes. Education has a direct impact on the economies of scale and search
frictions, thus playing an important role in partner selection. However, it also has an indirect

impact on marriage market outcomes as it influences all future wage realizations.

In our empirical analysis, we document ex-ante welfare changes for young agents between
the 1970s and the 2010s, and define the returns to college for 17-year-old agents as the excess
value from expected life-cycle consumption associated with going to college. We decompose
them into a labor market and a marriage market component; the latter accounts for 19pp out

of a total 82pp increase for men, and for 24pp out of a total 138pp increase for women.

In our model, lower match rates and higher separation rates result in welfare losses due to
foregone economies of scale only achievable through marriage. Men without a college degree
have experienced the largest losses as their worse labor market outlook compounds with poorer
marriage prospects and increased marital instability. Women without a college degree have
benefited from modest wage improvements and are thus better equipped to deal with singlehood.
However, these gains are not large enough to compensate for the welfare losses they experience
on marriage markets. Such women tend to match with low-wage men due to marriage markets
being segmented along socioeconomic observables; their low-wage husbands are no longer the
undisputed primary earners, so gains from specialization are weak. However, the gains from
mutual insurance are also weak, because of the sizable threat of uninsurable negative shocks
that would completely erase the match surplus. In contrast, college graduates start a family
later, but most of them eventually engage in long-lasting relationships even in more recent
periods. We show that, contrary to the 1970s, women’s investments in human capital have
started to pay off on marriage markets in the form of more stable matches and increased
consumption opportunities for their families. As gender roles within the household have become
more symmetric, high-wage couples are less specialized than in the past, but they benefit from

the presence of two high earners able to sustain household consumption in case of a shock.

Finally, we ask the following counterfactual question: How would people marry, divorce and
invest in college education if the only thing that changed since the 1970s were their full-time
wages? We compute the counterfactual steady-state equilibrium of our model corresponding
to this scenario and show that the increase in college wage premia between the 1970s and the
2010s results in a rise in the share of college graduates of about 20pp for both genders. When
we look at marriage market outcomes, we find that changes in wages lead to a 2.4pp increase
in the number of single adults, corresponding to about 17% of the total increase observed

between the 1970s and the 2010s. In a counterfactual world where marriage is still based on



“traditional” household specialization, the high wages of female college graduates constitute
a hindrance to marriage, while non-graduate men have lost an edge and are less fit to be the
primary earner in the household as their wages have decreased; as a result, the overall number
of matches declines. However, changes in the wage distribution alone cannot explain either the
faster rise of college education among women, or the current better marriage market prospects
of higher-educated women. In fact, when considered in isolation, changes in wages cause a
decline in the marriage market returns to college. On the other hand, the factual changes in
household production, gender norms, and search frictions have given female college graduates
an edge on marriage markets. When these changes are taken into account, a higher human
capital is no longer a hindrance to women’s family lives; on the contrary, it pays off on both

labor and marriage markets.
1.1. Relationship to the existing literature

This paper contributes to three different strands of literature. First, we build a novel search-
and-matching model of the marriage market equilibrium based on Shimer and Smith (2000) and
Chade and Ventura (2002). Similarly to Goussé et al. (2017), henceforth GJR, we introduce a
random match quality component in the gains from marriage. In the empirical analysis, this
helps us rationalize why observationally identical pairs do not always match. As in GJR, we
let couples bargain over consumption and time use. The intrahousehold allocation crucially
depends on both partners’ (re)marriage prospects, which in turn depend on the number and
characteristics of the available singles in equilibrium.? Changes in the quality of the match can
also explain why some couples break up. Since partners can transfer utility to each other at no
cost, separations occur when the match surplus turns negative and both partners are better-off

living alone (Becker et al., 1977).

This paper expands the previous work of GJR in several directions. Firstly, we introduce
aging in order to analyze the timing of household formation and dissolution over the life-cycle,
the degree of marriage market segmentation into different cohorts, and the patterns of age
hypergamy. Coles and Francesconi (2011), Diaz-Giménez and Giolito (2013), and Shephard
(2018) are related papers that study gender-asymmetric incentives to wait before marriage;

while the first two papers do not discuss the issues of divorce and remarriage, the work of

3The characterization of the distribution of singles as an equilibrium object differentiates our setting from
dynamic discrete choice models where the pool of singles is treated as exogenous. Several papers in this literature
explicitly model marriage and divorce decisions while studying savings and dynamic labor supply decisions. A
precursor is Van der Klaauw (1996), while more recent examples are Sheran (2007), Keane and Wolpin (2010),
Bronson (2014) and Ferndndez and Wong (2017). Beauchamp et al. (2018) take an intermediary approach,
where the distribution of singles is an endogenous equilibrium object, but marriage across different generational

cohorts is ruled out.



Shephard (2018) is the most closely related to ours, and differences are discussed in this section
and throughout the paper. Secondly, we introduce wage shocks, so that mutual insurance
becomes an important motive for marriage; yet, shocks can cause couples to break up if insuring
the partner becomes too costly. More specifically, we assume there is no commitment to the
initial intrahousehold allocation and couples are free to adjust it every time a wage shock
hits. Hence, the mutual insurance coverage is below the ex-ante efficient level characterized by
Ligon et al. (2002) and Mazzocco (2004).* Thirdly, we let education be the result of a human
capital investment decision based on both labor and marriage market gains. In this regard, this
paper differs from previous works on the interplay between marriage and education decisions by
Chiappori et al. (2017, 2018a), as we allow agents to get (re)married and divorced at any stage
of their life-cycle. In contrast to Guvenen and Rendall (2015) and Greenwood et al. (2016),
we explicitly model aging and let age be an important determinant of both the wage process,
the gains from marriage and search frictions. Our setting also differs from that of Shephard
(2018), who embeds a dynamic labor supply framework in his search-and-matching model of
the marriage market in order to study on-the-job human capital accumulation, but does not

model educational choices.

The second contribution of the paper is a formal discussion on how to jointly identify and
estimate match gains and market frictions using panel data on new matches and separations.
The main intuition extends and generalizes the empirical strategy of GJR in order to study
marriage market segregation along observed characteristics. In our data, we observe that, for a
large share of new couples, the educational levels of the partner are the same. Two alternative
explanations can rationalize this pattern; either the gains from marriage are comparatively
stronger for homogamous couples, or similar people face low market frictions. Yet, if we also
observe the stability of realized matches, we can disentangle between the two explanations; if
homogamous couples show low separation rates, then the high match rates are explained by a
high match surplus. Alternatively, if homogamous couples display high separation rates, then
the prevalence of these matches in the data is due to weak frictions among likes. Importantly,
this approach to the problem can be seen as an extension of the seminal work on the econo-
metrics of matching models by Choo and Siow (2006), Choo (2015), and Galichon and Salanié
(2015). The applied literature grounded on these papers uses cross-sectional matched data to

identify the match surplus under the assumption that the matching process is frictionless, as

4When the parties cannot commit to insure each other in all future states of the world, the ex-ante efficient
limited commitment contract dictates that the parties will re-bargain over the within-household allocation only
if one of them prefers to quit under the current terms. Voena (2015), Reynoso (2017) and Shephard (2018) model
their marriage contracts in this fashion. In this paper, even though the insurance motive behind marriage is
present, the repeated Nash bargaining contract is not ex-ante efficient and the volatility of private consumption

implied by the marriage contract is higher than in the limited commitment case.



explained by Jaffe and Weber (2019). In our paper, we relax this assumption and use data on

household formation and dissolution to jointly identify the match surplus and market frictions.

Our approach is related to other papers that use panel data on match formation and disso-
lution to identify parameters associated with a frictional search process (Wong, 2003) or with
the presence of switching costs (Bruze et al., 2015). Our paper provides a general discussion on
the identification of search frictions and differs from others in two further directions. Firstly,
to estimate our free parameters, we develop a moment matching estimator of both the match
surplus and meeting function that only relies on the aggregate stock-flow equations (i.e., the
equations defining flows in and out of marriage) implied by the aggregate demographics of
the model. The identifying restrictions used in the estimation hold regardless of whether the
market is at its steady-state equilibrium. This results in some tangible advantages, such as
that our estimator is fast to compute and allows for rich parametric specifications of both the
meeting and surplus function. Secondly, using the estimated model, we can derive predictions
about untargeted moments of the steady-state distribution of couples and singles, as well as
about the intrahousehold allocation of resources. Comparing these predictions with the corre-
sponding data moments, we can gain insight into whether the model steady-state equilibrium
is an accurate description of the marital patterns observed in the data. Our estimation results
imply a household sharing rule that closely resembles the intrahousehold distribution of private
leisure time observed in the data in different periods. This differentiates our approach from
that of GJR and Shephard (2018), who use time-use data to estimate structural parameters of

household production and time-use preferences, as well as search frictions.

The third contribution of the paper is empirical. We estimate the model with multiple data
cuts - one for each decade starting from the 1970s - from the U.S. Panel Survey of Income Dy-
namics (PSID), and provide a detailed account of the structure of the gains from marriage and
search frictions in the U.S. across five decades. Previous empirical works have not considered
search frictions as a determinant of assortative mating (Chiappori et al., 2017; Eika et al., 2019;
Ciscato and Weber, 2020). At least in the applied economic literature, our work represents a
first attempt to empirically study marriage market segmentation along socioeconomic observ-
ables, such as educational levels, family backgrounds, and wages. Moreover, even without using
consumption or time-use data, we are able to delve into the nature of the marriage surplus by
disentangling between its static and dynamic components. Hence, our structural findings can
be related to the household economics literature, which suggests that wages are substitutes in
household production (Becker, 1973) and that gender roles are asymmetric (Bertrand et al.,
2015). On the other hand, we also show that the joint presence of two high earners in the

household generates gains through insurance against income shocks (Blundell et al., 2016b).



Our empirical analysis is closely related to a strand of the literature that has studied the
fundamental changes leading to the decline of marriage in the U.S. over the last 50 years
(Aiyagari et al., 2000; Regalia et al., 2001; Greenwood et al., 2003; Heathcote et al., 2010;
Guvenen and Rendall, 2015; Greenwood et al., 2016). In particular, the mechanism discussed
in our counterfactual analysis is qualitatively similar to that of Greenwood et al. (2016); in their
model, the shrinking gender wage gap and increased college wage premium can partly explain
the decline of marriage and the increase in cross-sectional income inequality. At the same time,
they argue that only technological process in the home can trigger such a fast rise in women’s
college education and labor market participation rates. Finally, while most papers have been
interested in cross-sectional income inequality between households, we discuss differences in
ex-ante welfare among young individuals. This approach is similar to that of Fernandez and
Wong (2017), who study the distributional impact of divorce law reforms. The ex-ante welfare
takes into account the expectations about the timing, the duration, and the number of matches
an agent will have during the entire life-cycle. Given the differences in family outcomes across
human capital levels outlined at the beginning of this paper, we believe that looking at the
distribution of ex-ante welfare is particularly insightful to understand the diverging destinies

of different population groups.

2. The Model

2.1. Outline

Every agent is born with a given family background and chooses whether to go to college
at the age of 17. Her decision depends on both labor and marriage market gains from college
education. The cost of her graduate studies includes monetary tuition fees, which depend on
the state where she was raised, and some non-monetary component, which partly depends on

her family background and is partly random.

After completing her studies, the agent starts her adult life as a young bachelor(ette). The
breakdown of a working-life period, corresponding to two years in our application, is presented
in Figure 1. In every period, the agent makes consumption and time-use decisions based on her
full-time wage. The latter depend on her gender, education, age, and family background, and
evolve according to a Markov process. At the same time, the agent can now look for a partner
on the marriage market. Search is random and time-intensive; in every period, the agent meets
at most one person of the opposite gender drawn from the pool of single agents available on the
marriage market. On the other hand, search frictions are such that meetings can be positive,
or negative, assortative; for instance, a 50-year-old college graduate is more likely to have a

“date” with someone around her age and with the same education. However, meeting prospects



depend on the supply of singles in the market; for instance, relatively old agents might face a
tighter market, as many of their peers are already married. We do not impose any restriction
on the strength and direction of these search frictions. Whether agents are more likely to meet

their likes is a question that will be answered in the empirical analysis.

On dates, two agents learn about the quality of their relationship and decide whether to
form a new couple. Couples pool resources and benefit from economies of scale in consumption
and household production, as well as non-monetary gains from being together. The match
surplus is split endogenously, with the equilibrium consumption share of each partner being a
function of her own reservation value, i.e., the value of being single again. Likewise, we do not
impose any ex-ante restriction on the nature of the match gains; how these depend on observed
characteristics, such as the partners’ education, age, wage and family background, is addressed

in the empirical analysis.

Couples grow older together and face both wage and match-quality shocks. Hence, in every
period, they need to decide whether to continue their relationship or to break up. In case of a
separation, both partners are single again and can look for a new partner, although they are
now older. At the age of 63, the agent retires: from then onwards, her earnings correspond to
the full-time wage she earned in her last working-age period. If she is in a relationship, she is
free to continue it. However, if she is single, divorces or becomes widowed, she can no longer

look for a new partner.

Figure 1: Breakdown of a working-life period

t ty t+1
—_——
Single in t: Type update Search Matching Payoffs
Aging Meets potential Gets married vs stays Consumption
Wage shock partner single decisions

Observes match

quality
Married in t: Type update Matching Payoffs
Aging Stay married vs break up Consumption
Wage shocks decisions

Match quality

2.2. Working life

We assume working life and retirement stretch across multiple time periods and adopt the
following notation: when a variable v refers to period t, v’ refers to t + 1. Young individuals

enter the labor and marriage market at the age of 19 if they did not go to college, and at the



age of 21 if they did. They also draw an initial wage w from a distribution that depends on
both their education h and family background z. We denote i = {w, h,z,a} € Z9 the type
of an agent, with Z9 being ¢’s discrete support for gender g € {m, f}. To avoid confusion, i

denotes the type of a man and j the type of a woman when the distinction is needed.

At the end of each period, an agent dies with probability 1 — 97, which depends on the
agent’s gender g and type.” We impose a terminal age @ = 83, so that ¢y = 0 if @ = a. In every
new period, surviving agents get older, so that ¢’ = a 4+ 1, and draw a new wage w’. Wages
follow a first-order Markov process; the distribution of w’ depends on the last realization w, as
well as on the agent’s gender, age, family background, and education. Since types are discrete,
we introduce transition matrices (7rf7 ) for each gender g that describe the evolution of types

over time as a discrete-time Markov chain over the discrete space Z9.°
2.3. Intra-household allocation

Agents that enter the market in period ¢ are single, but older agents may be either in a
relationship or single, as a result of their personal marital history. Before describing matching
decisions, we first characterize the payoffs from living alone and from being in a relationship.
Single men (women) of type i (j) enjoy per-period utility 7 € R (v({j € R). A woman of type
j married with a man of type i enjoys per-period utility vi j(z) € R, while her husband enjoys

m

v7%(2) € R, where z € R is a scalar denoting the current quality of the match.

Contrarily to the frictionless case of Shapley and Shubik (1971) and Becker (1973), where
stability conditions pin down a rule to divide match surplus, the presence of search frictions
requires us to introduce an additional assumption about the bargaining process (Shimer and
Smith, 2000). We start by introducing the following notation: V;%(2) is the present discounted
value of being in a match {1, j, z} for a partner of gender g, V/j and V({j a man 7's and a woman

j’s present discounted value of being single. We define the total surplus for a match {i, j, z} as

Sii(2) = Vi(z) + Vii(2) = Via = V. (2.1)

We make the following assumption about the way partners choose the household allocation.

Assumption 1 (Bargaining). The preferred allocation, associated with payoffs {v}%, v({j},

°In the empirical application, we let 1 —v¢ be the mortality rate of gender g at age a, and do not let ¢¢
depend on other observed characteristics. This model can easily be extended to allow for both (exogenous)
outflows and inflows of agents at any age. This can help to account for migration, active duty in the army,

incarceration, long-term stay in health-care institutions, etc.

6Since h and x are time-invariant, we have m, =0 1if b’ # k' or 2’ # x. Moreover, since aging means that
;

agents either get older or die in every new period, we have 7", = 0 if a #a+1.
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1. lies on the household Pareto frontier;

2. 1s s.t. Individual Rationality is verified:

Vi (2) 2 Vi 2.2
sz;(z = ()Jjj; (2 3)

3. is s.t. the total match surplus is split as follows:
Vii(2) = V5 =08 ;(2) (2.4)

with 6 € [0, 1].

The value function V¥ is an equilibrium quantity; it does not only depend on the (exogenous)
bargaining parameter 6 and household technology, but also on agents’ expected (re)marriage
prospects over the life-cycle. The exact relationship between v9 and V¢ will be determined later

using the Bellman equations.

Finally, we require partners’ preferences to verify the Transferable Utility property. In other
words, we allow agents to make costless monetary transfers to each other in order to reach the
allocation they agreed upon. The following restriction on the shape of the household Pareto

set is a necessary and sufficient condition for TU (Demuynck and Potoms, 2020).

Assumption 2 (Transferable Utility). For each {i,j, 2}, there exist two continuous and in-

creasing functions ¢™ : Ry — Ry and ¢/ : Ry — R and a constant H; j(z) s.t.

0" (0 (2)) + ¢ (v];(2)) = Hij(2). (2.5)

Importantly, the constant H; ;(z) plays a key role in determining the gains for a match
{i,7, z}; the larger H, ;(z), the wider the couple’s Pareto set. In other words, the larger H; ;(z),
the greater the gains associated with current joint household production and being in a rela-
tionship. In fact, H; j(z) can be interpreted as the household budget after taking into account
the monetary value of the match. Note that ¢¢ depends on the curvature of the utility function,
so that ¢7(v];(2)) represents the private budget of partner g. For this reason, we can define

the sharing rule as follows:
o™ (v7y(2))
Hij(z)

’

i,4(2) = (2.6)

2.4. Household formation and dissolution

We denote t, the instant that follows the entry and exit of individuals and the update

process of types; we write 0 = v;, when a variable v refers to period ¢ and © to ;. In

11



t., individuals are free to make matching decisions following changes in their types, but the
market has not cleared yet (see Figure 1). A single man of type ¢ meets a single woman of type
j with probability M; ;(n)/nl"*, while a single woman of type j meets a single man of type ¢
with probability M, ; (ﬁ)/ﬁj The function M : Z™ x I/ — R, yields the number of meetings
between men 7 and women j in each period; M; ; takes n as an argument, where n denotes the
distribution of singles on the market in ¢,. The meeting function M needs to be such that the

following feasibility constraints are respected:
A > M) (2.7)

J
il >y M), (2.8)

Upon a meeting, two singles draw an initial match quality z from a distribution G™".
Hence, they decide whether to match or not based on their initial state {7, j,z}. Similarly,
in t,, matched agents decide whether to continue their relationship after drawing new types
of both partners (i and j) and a new match quality (z). In particular, they draw z from a
distribution G, possibly different from G™*. At the same time, we rule out serial correlation

between match quality draws.”

2.5. Value functions

As a consequence of Assumption 1, matching decisions only depend on the sign of the total
match surplus: if S;;(z) > 0, a couple {3, j, 2z} is willing to get married (or to continue the
relationship). Averaging over match quality z, we can express the odds of getting matched and

continuing a relationship as follows:
arer = / 1{S,,() > 0}dG" (=) (2.9)

= / 1{Si,(2) > 0}dG (), (2.10)

"The model is still fully tractable after introducing serial correlation, as showed by Shephard (2018). The
main identification findings of this paper can be extended to the case with serial correlation. However, since z is
treated as a term unobserved by the econometrician in the empirical analysis, this poses additional challenges in
the estimation. In contrast, most findings can be easily extended to the case where the distribution G depends
on match duration, provided that the latter is observed by the econometrician. The work of Bruze et al. (2015)

can be regarded as an instance of this approach, although search frictions are ruled out.
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while the expected surplus from a new match and from continuing a relationship are respectively

denoted as:

Snew = / max{S,,;(2), 0}dG™" (=) (2.11)

Sij = /max{Sm(z),O}dG(z). (2.12)

The value functions V™ and V7 solve the Bellman equations:

Vii(2)
f
Vz’,j<z)

Uzn;<z) + BEq; ,-/T'fo + BeEi’,j’ﬁ,jSi’,j’ (2.13)
szo‘(z) + 6Ej'|j%{j/ + B(1 - G)Ei’,j’\i,jgi’,j’y (2.14)

where the last term on the rhs of both equations corresponds to the partner’s continuation

value from the current match.®

Match prospects for singles depend on the supply of unmatched agents on the market, n9.
In what follows, we focus on the steady-state search equilibrium and conjecture that single
agents looking for a partner face the same distribution of available singles n¢ in every future

period. The value functions Vj and Vof ; for single agents solve the Bellman equations:

My (7)

VZS = Uz% + ﬁEz’\lV;% + BeEi’ﬁ E ﬁ—mgz}zw (2.15)
j v
Mi, ’ (ﬁ) Qnew
Vil = vb + BBV + B(L = 0)Egy; ) —fjf Sl (2.16)
i 3’

where the last term represents the expected surplus from search on the marriage market in the

next period.
2.6. Educational choices

At the age of 17, a single agent with family background = needs to decide whether to go to
college. The gains from college education correspond to the difference between the (expected)
present discounted value of starting working life with or without a degree. Since all agents start

their working lives as singles, such gains correspond to:

AY(x) = Eq [V,

h=CG,a=17z] —Ey [V{,

h=NC,a=17,z]. (2.17)

8 As agents face both mortality and wage risk, their expected surplus is computed as
E i iSir g = O] wilym] 1 Su
i/ j/

where, we remind the reader, 1 — ¢/ is the death probability for an agent of gender g with type i and 77, is
the probability of transitioning from type i to type ¢’ for an agent of gender g. Similar formulas hold for the

expected reservation values.
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Going to college is costly, and the gender-specific cost function CY9 depends on both the
family background x, the state s where the agent was raised, and an idiosyncratic term n €
R. Foregone earnings and match opportunities constitute additional implicit costs of college
education, as college students need to wait until they are 21 to get their degree and start

working and looking for a partner. In summary, the agent goes to college if:

AY(x) — C(z,s,m) > 0. (2.18)

2.7. Population dynamics

We denote ¢™ : I™ — R, and ¢/ : ZJ — R, the marginal distributions of men and women
on the marriage market. These distributions result from both the endogenous educational
choices and the exogenous initial composition of new cohorts, as well as cohort dynamics as

described by 9. We assume that such marginals are stationary.

Assumption 3 (Populations). For each AY, the marginal distribution on each side of the

market g is described by a stationary PDF (9. In particular, we assume that:

a. size and composition of a new cohort of individuals is constant over time;

b. every cohort faces identical mortality and wage risk.

The first part of the assumption ensures that a new cohort of young individuals has the
same size and gender ratio of the previous. Moreover, every new cohort must face the same
distribution of college costs. The second part of the assumption demands that, given its initial
distribution and educational choices, every cohort follows the same aggregate trajectory. In
other words, all cohorts will have the same life expectancy and wage risk. On the other hand,
assumption 3 does not exclude changes in composition within the same cohort. Since men
typically have a lower life expectancy, the cohort’s gender ratio can be tilted in favor of women
as the cohort gets older. Moreover, the wage process does not need to be stationary, and the

wage mean and variance can both increase as the cohort gets older.

We denote m : ™ x Z/ — R the number of couples of type {i, j} at the end of the period.

The aggregate count m; ; result from the following aggregate law of motion:

m;; = mi,j + OzZ;wMi,j (ﬁ) —+ (1 — am)mi@ (219)

J/

~~
MFZ"]' DFZ,]

where m represents the number of couples of a given type at risk of separation at the beginning
of the period, whereas M F;; and DF;; respectively denote the number of new matches (the

“marriage flow”) and separations (the “divorce flow”).
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The functions n™ : Z™ — R, and n/ : T/ — R, respectively, represent the number of male
singles and female singles at the end of each period. These functions result from the following

accounting restrictions, which must hold in any period:

Gr=nl Y mi; (2.20)
J

=nl +> m;. (2.21)

To complete the description of population dynamics, we express n¢ as a function of the

end-of-the-period distribution of singles n?. Similarly, we write m as a function of m:

Yodndond i a > 17

g =q (2.22)
0 if o' =17
Mg =y rplalal my. (2.23)
i,J

2.8. Equilibrium

We define the steady-state search equilibrium by combining the key equations outlined

throughout Section 2.

Definition 2.1 (Search Equilibrium). A steady-state search equilibrium is given by time-
invariant measures of singles n™ and n' over I™ and I’ respectively, so that all the following

conditions hold.

e Matching decisions only depend on the sign of the match surplus S.

e For given values of being single V5 and V({j, the surplus function S solves a system of
|Z™| x |Z7| equations implied by the Pareto frontier (2.5) and the Bellman equations for
married agents (2.13) and (2.14).

e For a given distributions of singles n™ and n', Vo and VO{J- solve a system of |I™| + |T/]

equations given by the Bellman equations for single agents (2.15) and (2.16).

e For given values of being single V5 and Vb{cj, the marginals of the matching game €™ and

¢ are built to reflect agents’ educational choices as described by (2.18).

m

e Finally, n™ and n’ solve a system of |I™| + |Z/| equations implied by the accounting

restrictions (2.20) and (2.21), where m is a function of n given by the law of motion
(2.19).

This definition suggests that the equilibrium is a fixed-point (n™,n') of an operator T' over
the support R‘fflﬂzf‘. Recently, Manea (2017) and Shephard (2018) generalized the original
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proof of existence by Shimer and Smith (2000) for this class of models, but uniqueness is not
guaranteed. In practice, iteration of the fixed-point operator always results in convergence to
the same distribution n for a given set of primitive parameters, regardless of the initial values

chosen.

3. Identification

3.1. Match surplus

The identification of the surplus function in matching models starting from cross-sectional
matched data relies on basic demographic restrictions. In our specific case, if we observe the
matching outcome (m; ;), (n;) and (n;) in the data, we can recover the matching rules o and
a™ from the law of motion.” However, this is possible only if the meeting function M and

the distribution of the initial match quality draws G™*" were known to the econometrician.

Theorem 3.1. Assume G is known and S, j(z) is nondecreasing in z. If M and G™" are also
known and the inequality condition
Mi,j(ﬁ) + ﬁli,j > My j (31)

holds for any {i,j}, then the functions o, a™" are identified over IT™ x I/ with data on the

stock of matches (1 ;) and unmatched agents (n;) and (7).

Proof. Start from noting that (2.9) and (2.10) share the same integrand, the indicator function
1{S;,(z) > 0}. Since S, ; is nondecreasing in z, there exists a threshold z; ; s.t. \S; ;(z) > 0 for
any z > z; ;. Hence, we input (2.9) and (2.10) into the law of motion (2.19) and obtain

mi; = mij(1—G(Z;)) + Mi;(n)(1 = G" ()
that can be rearranged into

G_i'zl— %] % 1_Gnew—i' )
(Z a]) meJ + meJ ( (Z 7]))
Note that the lhs is an increasing function of z; ; with image [0, 1], while the rhs is a decreasing

function of z; ; with image
Mij — My Mij +mi; —mi; 7

) = [[_77 b]

my,j myj

9As already seen in Choo (2015), there are two possible approaches. The econometrician can work with
repeated cross-sections that track the evolution of 7 ; ; over different data years ¢t. Alternatively, the econome-
trician can assume the data patterns correspond to the steady-state equilibrium matching and only use variation

in 711, ; across ages within one data year.
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Hence, Z; ; exists and is unique if the two sets are not disjoint, which can easily be checked.
The inequality b < 1 always holds and the inequality b > 0 always holds by assumption (3.1).

Given z; j, we can use (2.10) and (2.9) to build a and o™, respectively. O

Condition (3.1) introduces inequality restrictions for the meeting function M; if the re-
searcher’s prior over M; ; is incorrect, then «;; is not identified. The economic intuition is
that, if the function M cannot generate a sufficient number of meetings between types {7, j} to
explain the difference m;; — m; ; between new couples of type {7, j} and couples of the same

type from the last period, then M cannot rationalize the patterns observed in the data.

Our first result is a variation on the standard results obtained by Choo and Siow (2006) and
Galichon and Salanié (2015) on the identification of the static Becker-Shapley-Shubik model
with cross-sectional matched data. Choo (2015) and Bruze et al. (2015) extend the identification
results to its dynamic version. The identification of the surplus function in this class of models
relies on a distributional assumption on the random components of matching preferences. In
this paper, we maintain this assumption and assume the distribution G is known. However, as
discussed by Jaffe and Weber (2019), another key identifying assumption is that the marriage
market is frictionless and meetings are random. In the next section, we relax this second

assumption, allowing for frictions.
3.2. Search frictions

In a vast majority of cases, the econometrician does not observe the number of meetings
M; ; between types and is interested in learning about the importance of search frictions. In
fact, the following question is often left unanswered by the economic literature on marriage
markets: Are matches between two specific types ¢ and j frequent (rare) because of a high

(low) match surplus or because these types face low (high) frictions?

In what follows, we develop and formalize the key intuition of GJR that data on new
matches and separations can help solve this identification puzzle. Consider an observational
setting where the econometrician observes data on gross flows in and out of marriage, i.e., the
number of new matches and separations by type, (]\/4? ;.;) and (l/)?’ ;.;)- This typically requires
panel data with at least two periods (7" > 2) to observe changes in household composition
between consecutive waves. We use the additional information contained in gross flows to

disentangle the role of search frictions in explaining the observed matching patterns.

Theorem 3.2. Assume G is known and S, j(z) is nondecreasing in z. If G™" is also known,
M, « and o are identified over I™ x I/ with matched data on both stocks (1n;;), (i), (7;)
and flows (]\/4?”), (l/)F”)

17



On the other hand, we also warn against the possibility of disentangling between different
sources of frictions; if G™" differs from G, the identification of M will only be feasible with
additional parametric restrictions on either G™*", M, or both. Yet, learning whether G™"
differs from G might help us better understand the nature of marriage market frictions. For
instance, new marriages can be associated with a sunk cost due to learning or to the necessary
investment to start off the household. Additionally, the distribution of new match quality

draws, G™*", can be associated with a higher variance.

Corollary 3.2.1. Assume G is known and S;;(z) is nondecreasing in z. Up to I™ x IV
parameters of M and G™" are identified with matched data on both stocks (m;;), (Tu), (7;)
and flows (]\/4?”), (l/??’”)

Proof. Recall from the law of motion (2.19) the analytical expressions of marriage and divorce
flows.
M.F;J' = Oé?jwMi’j(ﬁ), DFZ‘J = (1 — O[ivj)mi’j.

First, as G is known, we can recover Zz; ; starting from the analytical expression of DF"
DFE. .
Ziy=G"" (—w) : (3.2)
i,

This leads us to recover o ;. Then we proceed in two alternative ways depending on the target

of the identification.

1. When G™* is known, then «}'{" can be computed as 1 — G""(z; ;) and M, ; follows as
MF; ;/ai$", which proves theorem 3.2.

2. When G™" is unknown, we end up with a system of Z™ x Z/ equations as we replace
ap§ with 1 — G™(Z; ;) in the stock-flow equation implied by the definition of MF; ;.
This puts an upper bound on the number of free parameters of the unknown functions

G™" and M, and proves corollary 3.2.1.

The intuition behind theorem 3.2 is the following; both marriage and divorce flows contain
information about the underlying marital surplus. However, the number of new matches also
informs us about the amount of frictions that single individuals need to overcome when search
is costly. Information about flows in and out of marriage can thus be combined to determine
the role of frictions and of match surplus. In applied work, corollary 3.2.1 offers guidance in
the choice of the number of free parameters when choosing a specification for G™** and M; the

total number of free parameters in G™* and M cannot exceed |Z™| x |Z7].
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Similar empirical strategies have already been used in the matching literature. In order to
identify the arrival rate of meetings in their random search models, Wong (2003) uses data
on the duration of marriages, while GJR uses marriage and divorce rates. Bruze et al. (2015)
assume away search frictions and use data on the duration of marriage to identify switching costs
as a function of duration. Finally, Greenwood et al. (2016) and Shephard (2018) assume that
the unobserved match-quality is autocorrelated over time. They use information on marriage
duration and divorce risk to identify both the parameters of the match-quality process and the

arrival rate of meetings.
3.3. Household production

So far, we did not have to impose that the marriage market is at the steady-state to identify
the objects of interest. With data spanning across different years, both «;;; and M, ;, are
identified with matched data for any data year ¢ using the stock-flow equations defining the
flows in and out of marriage, named M F and DF’, respectively. These equations hold regardless
of whether the market is at the steady-state equilibrium. However, if we want to decompose
the surplus S and distinguish its dynamic components from the static gains from marriage
for a given data year t, an assumption is needed to model the agent’s expectations about the
distribution of singles on the market and meeting probabilities in future periods s > ¢. Imposing
stationarity is one solution to the problem; in this way, the estimated meetings M from the

current period ¢ are enough to proceed.!’

In this paper, we follow the recent marriage market literature (Galichon and Salanié, 2015;
Chiappori et al., 2018b) and additionally assume that the random match quality component is
additively separable:

Assumption 4 (Separability). Match quality z enters the match surplus function additively:

Si,j(Z) = Sm' + z. (33)

Assumption 4 makes it straightforward to obtain S; ;, the deterministic component of the

match surplus, by inverting (2.10).

The calibration of the remaining parameters, notably the functions ¢™, ¢/, and the bar-

gaining parameter ¢, allows us to determine the location of the Pareto frontier H; ;(z) for a

household {4, j, 2}, and the spouses’ payoffs v;"(2), vffj(z), starting from S; ;(2)."" Importantly,

10 Alternatively, if agents are rational and have perfect foresight, the time series of M for the period ahead of

t is needed in order to build agents’ expected surplus in a non-stationary environment.

1 Additional data on household behavior, such as time-use and consumption data, could help us recover ¢™,
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if these additional parameters are known, we can disentangle the component of the match sur-
plus that comes from household production from both the partners’ reservation values and the
match continuation value. More explicitly, if these parameters are known, we can establish a
one-to-one map between S and H over the space Z x J x R. Details on how to proceed can be

found in Appendix A.1.

4. Empirical specification and estimation

4.1. Outline

We estimate the model with five separate sample cuts from the main PSID database, each
covering one of the following time periods: 1971-1975, 1981-1985, 1991-1995, 2001-2005 and
2011-2015. For every sample cut, the estimation is carried out in separate steps. Firstly,
we estimate the parameters of the wage process using panel data on wages. Secondly, we
jointly estimate «, the match probabilities, and M, the meeting function, with panel data on
household formation and dissolution. Thirdly, we estimate the cost of going to college with
data on educational achievement and using estimates for labor and marriage market returns

from the two previous steps.
4.2. Data

From the main PSID sample, we only keep observations from the SRC (Survey Research
Center), whereas we exclude observations from the SEO (Survey of Economic Opportunity),
the immigrant and Latino samples. Recent waves of the original SRC sample are known to
not be representative of the American population as they do not account for recent waves of
immigration (Brown et al., 1996). On the other hand, limiting the analysis to the SRC sample
allows for easier comparison across different time periods and greatly limits attrition issues.
We keep all individuals aged between 19 and 84 that live at home or in an institution at the

moment of the interview.

Individuals are classified as either “matched” or “unmatched”, depending on the “relationship-
to-head” variable. Couples of matched individuals are identified through the presence of the
“head’s partner”. Individuals that are not the head nor his/her partner are classified as “un-

matched”.'> The partner can be either a legal spouse or an unmarried cohabitor. It is only

¢’ and @ in the same way discussed by GJR and Shephard (2018). In this paper, we follow a different approach
and leave time-use data out of the estimation; however, we use them to check whether the predictions of the

estimated model about the sharing rule are correct.

12In particular, members of secondary families are counted as “unmatched”, although some of them may be

married: e.g., a young spouse may live with his/her in-laws. In this case, we only count them as “matched”
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possible to distinguish between the two types of partner starting from 1983, and we choose not
to distinguish between legal marriage and cohabitation in our benchmark sample. Starting from
the 1990s, we can build alternative samples where a match corresponds to a legal marriage; in

these samples, cohabiting individuals are treated as singles, similarly to Chiappori et al. (2017).

We study couple formation and dissolution by observing changes in matches over two con-
secutive waves. Because interviews have been conducted every two years since 1997, we focus
on changes that occur over a two-year time span. “New matches” occur if: i) an individual
lives alone in year y and with a partner in y + 2; ii) an individual lives with a partner in y and
with a different partner in y 4+ 2. Conversely, “separations” occur if: i) an individual lives with
a partner in y and alone in y + 2; ii) an individual lives with a partner in y and with a different
partner in y + 2. By observing changes in household composition, we can distinguish and thus

count out relationships ending due to the death of a partner.
4.3. Marginals

The matching variables constituting the type ¢ of an agent include the age group, family
background, education, and hourly wage. As for age groups, we compute age as the interview
year minus the year of birth, and then assign individuals to age groups spanning two years (e.g.
a 29- and a 30-year-old belong to the same group) as a time period corresponds to two years in
our application. We calibrate mortality rates using vital statistics from the Center for Disease
Control and Prevention, and set the gender ratio at the age of 19 in order to match the overall

gender ratio of the working-age population in the PSID sample.

We build a family background variable using the first principal component factor from a set
of family background characteristics, namely parents’ education and socioeconomic status, as
suggested by Blundell et al. (2016a). We then assign people to a high or a low type depending
on whether their score is above or below the mean of their age cohort. As for education, we use
the panel dimension of the database and we define education as the highest educational level
achieved in lifetime; we then divide respondents into two categories, those with a college degree
and those without. We label people that worked an average of more than 15 weekly hours per
week as “employed” and compute their hourly wages as the ratio between the (deflated) total
yearly labor income and the total yearly number of hours worked.'® Finally, we input the wages

of non-employed individuals after imposing more structure on the wage process and estimating

once they establish their own household.

13In the PSID, information on earnings and labor supply is only available for surveyed heads and partners,
but not for other members of the household. In particular, this matters for young individuals that are living

with their parents. We assume that these people are not employed.
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its parameters, as detailed below.

We assume the marginal distribution of wages is log-normal, with its moments depending

on gender g, education h, family background x, and age a:

In Wit = ﬂg?h(ﬂf) + ﬁ?’hai,t + ﬂg’hait + O—i,tfi,t (41)
Ino;; = wgyh + wiham (4.2)

where all coefficient are gender- and education-specific. We call r;; = @_l(fi,t) the wage rank of
agent ¢ in period ¢ among those that share the same gender g, education h, family background x
and age a, with ®~! denoting the inverse of the standard normal CDF. We model wage mobility
by using a copula representation, as in Bonhomme and Robin (2009). In other words, the joint
CDF of r;; and 7; 441 is given by a copula function. In particular, we choose a Plackett’s copula;
technical details are provided in Appendix A.2. In this way, the degree of wage mobility only
depends on one parameter, which is in its turn a strictly increasing function of the Spearman’s

14

rank correlation coefficient.”® We allow the Plackett’s copula parameter, and thus the degree

of wage mobility, to differ by gender g, education h, and age a:

Inp;iy = 0§, + of pais- (4.4)

We estimate equations (4.1), (4.2) and (4.4) by Maximum Likelihood Estimation, separately
for each education-gender group and using working-age individuals (19- to 62-year-olds). In
doing so, we address the issue of selection into employment on unobservables through a standard
parametric control function approach (Heckman, 1974). In other words, we add a selection
equation where we let the probability of being employed depend on a third-degree polynomial
of age, family background, and a second-degree polynomial of residual household transfers.
As in Chiappori et al. (2018a), this residual is obtained by regressing household transfers on
household demographics, including the head’s sex, whether (s)he has a partner, and the presence
and age of children. The residual is meant to capture policy variation in the transfer system

over time and across states.

After estimating the parameters of the wage process, we complete each observation’s match-
ing type ¢ and assign an hourly wage to individuals who were not classified as employed. In
order to do so, we regress the estimated residuals éi,t of employed agents on a third-degree

polynomial of their estimated propensity to work!'’, in addition to time and state dummies.

1410 their analysis of mobility in the US, Kopczuk et al. (2010) suggest that wage rank correlation between

periods is indeed one of the most natural measures of wage mobility.

15This corresponds to the linear index of the previously estimated selection equation.
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We use the predicted £ for the non-employed to proxy their wages. Once all observations have
been assigned an hourly wage, we discretize the support of the wage distribution using 11 bins

and assign each observation to one of the groups.
4.4. Search frictions and match surplus

In our application, we assume G™¥ = G and focus on search as the only source of frictions.'

We specify the meeting function as follows:

Nij =NT)i/2 (4.6)

where )\;; is a scalar that measures the severity of frictions for pairs {7,j}; the lower A,
the stronger search frictions for that type combination. The terms of xz)‘] include dummies
for the joint educational attainments and family background of (potential) spouses and first-
and second-order polynomial terms of spouses’ ages and wages, with A being the vector of
corresponding coefficients. The functions ¢ : Z" — R, and d : Z/ — R, ensure that the
feasibility constraints (2.7) and (2.8) are always respected; ¢ and d are computed numerically
for any given n. In Appendix A.3, we provide an optimal-transport characterization of this
meeting process, where ); ; plays the role of the transport cost function: for a given population
of singles described by 7, meetings M minimize the total transportation costs (plus an entropy
term). This characterization allows us to exploit well-known theoretical properties and fast
computational methods from the optimal transport and matching literature (Galichon and
Salanié, 2015).

We further impose that meetings do not occur at all (\; ; — —o0) if the age distance is too
large; women do not date men who are more than 6 years younger or more than 14 years older
than them. This is based on the empirical observation that marriages of this type are very rare
in the data.!” Finally, we also assume that retired agents are not active on marriage markets.

In this case as well, marriages for people older than 63 are rare in the data.'®

We parameterize the deterministic component of the surplus function S; ;, the term that

16We tried several alternatives; in particular, we let the location and scale of G™** be different from those of
G. In this case, —Egnew z can be interpreted as the sunk cost to start a new household; alternatively, —Egnew 2z
can be thought of as the cost of a separation. However, since the parameters of the meeting function (4.5)
are already numerous, adding more parameters through G™®" resulted in a loss of precision, given that the
identification of the two functions hinges on the same source of variation.

70nly 3.2% (3.6%) of all couples in 1971-1975 (2011-2015) displayed an age gap outside of the considered

interval.

18Tn the 2011-2015 sample, only 2.35% (1.51%) of all new marriages involved a man (woman) older than 63.
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depends on the partners’ types {4, j} only, as follows:

S@j = O/J}a- (47)

l?]

where the terms of zf; include dummies for the joint educational attainments and family
backgrounds of the spouses, as well as first- and second-order polynomial terms of spouses’
ages and wages; a is the vector of corresponding coefficients. As stated in Assumption 4, the
surplus function is additively separable in the match-quality parameter z, and we assume that
it follows a logistic distribution with location and scale set to 0 and 1, respectively, so that the
probability that the surplus is positive is given by the following equation:

exp(Sm)

Co— AR 4.
irj 1 + eXp(SiJ’) ( 8)

We estimate the parameters of the meeting and surplus function with a Matching Moment
estimator.'” For every choice of A and o, we compute the number of meetings and the matching
probabilities in order to evaluate the number of new matches M F' and separations D F' predicted

by such parameters. Our estimates A and & are selected such that:

A A
Eimm®ie = EMF(X,a)xi,j,k (4.9)

where the lhs corresponds to the empirical moment and the rhs to the predicted moment

evaluated at (X, &).

As implied by equations (4.9) and (4.10), the choice of the empirical moments to match is
driven by the polynomial terms of the meeting and surplus function. Many of these moments
have a natural interpretation. Among others, there are the average match and separation rate,
the share of new matches and separations by spouses’ educational levels, men’s and women’s
average age at the moment of the match, and so on. This estimation procedure is advantageous
for at least three reasons; inference is straightforward as the estimator belongs to the GMM
class, the estimation does not require us to solve the model at every iteration, and it only
uses the stock-flow equations that define M F and DF, without relying on any stationarity

assumption. Details are provided in Appendix A .4.
4.5. Household production

We assume the per-period payoffs are logarithmic in the agent’s private budget, thereby
implying ¢9(.) = exp(.). Hence, a single agent’s per-period payoff simply corresponds to logw.

9The identification strategy outlined in section 3 would suggest using all |[Z™| x |Z/| identifying restrictions
implied by the stock-flow relationships of equation (2.19). However, when the sample size is small relatively to

the number of types, many of such restrictions are left undetermined due to a “curse of dimensionality”.
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On the other hand, since we are in a collective setting where the household allocation is effi-
cient, the agent’s private budget corresponds to the share of the household budget allocated
to her private consumption in collective decision-making (Chiappori, 1992). The sharing rule

formulated in equation (2.6) effectively describes the division of resources within the household.

In a context where agents only consume a private good ¢, g € {m, f}, and a home-produced
public good F;;(Q), with @) being a monetary input and F' the household technology, these
payoffs can be derived from the following class of utility functions:

zZ
uf (¢, Q; 2) = log ¢! + F; ;(Q) + 3

where the shape of the production function Fj ; is left unrestricted and is the key source of the
economic gains from marriage.”’ In this type of setting, Assumption 2 (Transferable Utility)
requires agents to have identical preferences about the public good. As the shock enters the
utility function additively, we ensure Assumption 4 is respected. As a result, the household
Pareto frontier level can be decomposed as H; j(z) = H; jexp(z/2), where H; ; only depends on

the couple’s observed type {i,j}.

We calibrate the remaining parameters and set the annual discount factor 5 to 0.98 (Voena,
2015; Chiappori et al., 2018a) and the bargaining parameter 6 to 0.5.2! After calibrating these
parameters, we are able to determine the deterministic component of the Pareto frontier level
H,; for any type {i,j}, starting from the estimates of the surplus and meeting function, as
detailed in Appendix A.1.

4.6. Cost of college

After estimating the parameters of the wage process, the match surplus function, and the
meeting function, we can compute the gains from marriage A™(x) and Af(x) defined by equa-
tion (2.17). The cost function C helps rationalize educational choices described by (2.18),
given the estimated returns to college. In practice, we express the cost of going to college as

the sum of monetary fees and a gender-specific nonmonetary component dependent on family

20 Alternatively, in a model of labor supply where leisure ly is a private good, the agent’s private expenditure
corresponds to ¢9 +w9l9. Moreover, note that the public good production of singles is normalized to zero. This
normalization is necessary in this class of matching models (Galichon and Salanié, 2015). In fact, F; ;(Q) should
be understood as the utility from the public good consumption surplus generated by the match with respect to

what individuals can achieve when single.

21GJR use information on the distribution of partners’ leisure time in order to infer §. Their estimates for a
sample of British individuals aged between 22 and 50 in the 1991-2008 period suggest that 8 is not significantly
different than 0.5.
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background z** and an idiosyncratic term 7 distributed logistically with variance (7%
CY9(z, s) = log(CollegeFees,) + 83 + dx + 652° + 652 + 1. (4.11)

where the monetary fees are calculated as the in-state public college tuition dependent on the
state s where the agent was raised.?® The parameters of C are estimated with a logit regression
based on the binary choice (2.18).

5. Results

5.1. Marginals, college education, and wage process

We start by describing the parameters estimated at the first step, which include gender-
specific mortality rates and gender- and education-specific wage process parameters. One im-
portant demographic fact to keep in mind is that higher mortality rates among men used to
lead to an important gender ratio imbalance among elder individuals in the 1970s; while this
gender imbalance has partly faded, it is still present in the 2010s, as shown in panel (b) of
Figure 23.

Figure 2 shows that the share of female college graduates has doubled between the 1970s
and the 2010s, while the share of male college graduates has only increased by about 50%;
women have overtaken men starting from the 2000s. In Appendix, Table 6 shows that the total
cost of college has gradually increased; the increase is stronger for men, particularly for those

with a worse family background, and milder for women.

22We assume the cost function CY9 depends on the continuous family score introduced in Section 4.3, whereas
in later stages of the life-cycle, only a discretized version of the same variable matters. This is done essentially

to reduce the state space of the agents and ease calculations when solving for the marriage market equilibrium.

23More precisely, they are calculated as the weighted average in-state first-year undergraduate tuition and
mandatory fees across public universities in a given state from the Integrated Postsecondary Education Data
System. The weights are computed as the shares of enrolled first-year undergraduate students in each state
public university. For every sample cut, we use data from the year opening the corresponding decade (e.g., for

the 1971-1975 sample cut, we use college tuition and fees data from 1970).
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Figure 2: Share of college graduates

Changes in the wage distribution between the early 1970s and the early 2010s are well sum-
marized by plot 3. The men’s distribution has become flatter, while the women’s distribution
has both become flatter and shifted to the right. While men’s wages around the median have
stagnated, those below the median are now lower than previously. On the other hand, the 2010s
women’s wage distribution first-order stochastically dominates the 1970s distribution, and the

gender wage gap has become narrower as measured at all percentiles.
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Figure 3: Full-time wage distribution

The overall increase in wage dispersion is due to both an increase in the college wage pre-
mium, an increase in college graduation rates and an increase in cross-sectional wage dispersion
within each educational group. This is evident in panels (c¢) and (d) of Figure 25. At the same
time, panels (e) and (d) of the same figure show that wage mobility has slightly decreased

for both male and female college graduates, while it has increased for individuals without a
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college degree, particularly the youth. On the other hand, wage inequality between genders
has decreased, partly due to women’s college graduation rates increasing at a faster pace than

men’s.
5.2. Search frictions

Table 1 reports the estimated parameters of the meeting function, which correspond to
the coefficients of the exogenous type-specific meeting rate J; ;; they account for both search
frictions and assortativeness in the meeting function (4.5). First, we note that the constant is
steady across different decades, suggesting that baseline search frictions for individuals without
a college degree have not changed much over time. Having a college degree does not always
help reduce frictions; female college graduates experience increasingly stronger frictions, while
male college graduates, who previously suffered stronger frictions, now enjoy a slight advantage
over non-graduates. Search frictions increase with age for almost all individuals, except for
very young men, but they do so faster for women. While this age asymmetry is observed in all

periods, it is weaker in more recent periods.

The interaction terms of \; ; give information about sorting patterns. Our findings show that
the meeting function is supermodular with respect to all observed dimensions, i.e., the levels
of education, family backgrounds, age, and wages. Hence, people that are similar along these
dimensions face lower search frictions and tend to have higher chances of meeting each other.
The different columns of Table 1 also show that the degree of supermodularity with respect to
both educational levels and wages is fairly steady over time. The degree of supermodularity
with respect to age has slightly decreased, while with respect to family backgrounds, it has

almost disappeared.

We can visualize how search frictions depend on agents’ wages by plotting meeting rates
Ai; for different wage combinations. The plots in Figure 4 show that, in both periods, meeting
rates are high along the diagonal, and thus search frictions are weaker among likes. In the
1970s, high-wage individuals, and particularly high-wage men, tend to face low frictions; this
is not the case anymore in the 2010s, where meetings rates are fairly similar for individuals
with different wages. In Appendix, Figure 31 contains similar plots describing the structure of
search frictions with respect to age. This figure shows that search frictions are weaker along
the diagonal in both periods. Interestingly, search frictions for older agents were stronger in

the 1970s than in current days.

How should we interpret these findings? First of all, they reflect the way marriage markets
are structured, and particularly how they are imperfectly segmented along demographic and

socioeconomic dimensions. Search frictions being weaker among likes partly reflects the fact
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that, in everyday life, similar people have more chances to meet at school, in college, at work,
in their neighborhood, or through the family and friends network. However, as suggested by
Becker et al. (1977), search frictions can also capture differences in both learning and sunk
costs necessary to start a new family. For instance, female college graduates facing stronger
frictions in the 2010s might reflect a higher screening cost. In other words, female college
graduates tend to screen fewer potential partners, which also makes them more committed to

their relationships, leading to lower separation rates and long-lasting relationships.?*
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Figure 4: Estimated meeting rates 5\” as a function of partners’ wages

Notes: the figure shows how the estimated 5\1-7]-, the exogenous parameter of the meeting function M; ; that measures the strength
of search frictions, changes with agents’ wages. The higher j\m-, the more likely a pair of single agents {i,j} is to meet on the

marriage market, all else constant. The average levels of 5\” are normalized to compare the two data periods.

5.3. Match surplus

Table 2 reports the estimated coefficients of the nonrandom component of the match surplus,
S; ;- The point estimates of the constant term suggest gains from marriage for non-graduates
might be lower than in the past, but the decline is not significant. A college degree is associated
with a higher match surplus in all periods, while having a better family background matters
less. The importance of both male and female wages increases over time and is discussed later

with the help of Figure 6.

In all periods, S; ; exhibits a supermodular structure with respect to the levels of education,
family backgrounds, and age. The degree of complementarity is fairly constant over time for the

first two variables, while it decreases for age. Figure 29 in Appendix shows that, as partners get

24Since we do not distinguish between legal marriage and cohabitation, differences in frictions can also reflect
the differential taste for marriage over cohabitation. Categories that have a stronger preference for marriage

will need to search longer, but, on the other hand, their relationships will also tend to last longer.

29



Table 1: Estimated coefficients of the meeting rate A; ;

Polynomial term l,f\] 1971-1975 1981-1985 1991-1995 2001-2015 2011-2015
(1) (2) 3) (4) (5)
Constant -12.14 -10.15 -11.11 -10.27 -11.71
(0.90) (0.64) (0.58) (0.72) (0.63)
Wife has a college degree 0.06 -0.26 -0.53 -0.52 -0.39
(0.22) (0.18) (0.18) (0.20) (0.22)
Husband has a college degree -1.04 -0.73 -0.10 0.50 0.44
(0.21) (0.18) (0.18) (0.19) (0.20)
Spouses have same education 2.40 1.81 2.13 1.97 2.43
(0.16) (0.14) (0.14) (0.15) (0.17)
Wife has high family background -0.08 -0.60 -0.59 -1.33 -1.14
(0.18) (0.16) (0.16) (0.17) (0.17)
Husband has high family background -0.21 -0.08 -0.33 -0.98 -0.45
(0.17) (0.15) (0.16) (0.17) (0.17)
Spouses have same family background 1.04 0.70 0.11 -0.09 0.22
(0.12) (0.11) (0.11) (0.13) (0.13)
Husband’s age 0.45 0.30 0.45 0.36 0.34
(0.08) (0.07) (0.08) (0.08) (0.08)
Wife’s age -0.85 -0.34 -0.54 -0.45 -0.37
(0.08) (0.07) (0.08) (0.09) (0.09)
Husband’s age (sq.) -0.24 -0.15 -0.18 -0.17 -0.20
(0.02) (0.01) (0.01) (0.01) (0.01)
Wife’s age (sq.) -0.26 -0.18 -0.18 -0.18 -0.22
(0.02) (0.01) (0.01) (0.01) (0.02)
Husband’s age x wife’s age 0.51 0.32 0.35 0.34 0.41
(0.04) (0.02) (0.02) (0.03) (0.03)
Husband’s log-wage 0.22 0.25 0.45 0.39 0.18
(0.27) (0.20) (0.18) (0.21) (0.18)
Wife’s log-wage 0.77 -0.37 -0.05 -0.03 0.37
(0.30) (0.23) (0.19) (0.21) (0.20)
Husband’s log-wage (sq.) -0.07 -0.16 -0.16 -0.12 -0.13
(0.03) (0.02) (0.02) (0.02) (0.02)
Wife’s log-wage (sq.) -0.21 -0.17 -0.17 -0.12 -0.17
(0.04) (0.03) (0.03) (0.02) (0.03)
Husband’s log-wage x wife’s log-wage 0.21 0.35 0.31 0.22 0.26
(0.04) (0.03) (0.03) (0.03) (0.03)

Notes: The table reports estimates of the coefficients A of the M; ; function, which gives the number of meetings between types

{i,7} and whose specification is given by (4.5). The estimates X are obtained with the Matching Moment estimator described in

section 4.4. Standard errors in parentheses.
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Figure 6: Estimated surplus S as a function of partners’ wages

Notes: the picture shows how the estimated S'iyj, the deterministic component of the surplus function common to all pairs {%,j},
changes with agents’ wages. The higher S’i,]-, the larger the average gains from marriage for a couple {7,j} (and the more stable

the relationship). The average levels of 5',-, j are normalized to compare the two data periods.

older, their match surplus increases and their separation risk declines, which is largely explained
by the partners’ reservation values decreasing with age. This pattern is stronger in the 1970s

than in the 2010s, which is consistent with the increase in separation rates among older couples.

Importantly, we find that wages are neither complements nor substitutes in the surplus
function; the interaction term is very close to zero in all periods. Hence, after controlling for
other observed characteristics, the residual positive correlation between partners’ wages among
new matches is driven by search frictions only. Yet, Figure 6 shows that the match surplus
is highest for couples formed by a high-wage husband and a low-wage wife. This gender-
asymmetric pattern favors “traditional” specialized couples, where the husband has a higher
wage than the wife. In the 2010s, we observe a new emerging pattern: S; j increases in the wife’s
wage up to a certain threshold, which approximately corresponds to the third wage quartile,
and then decreases. Compared with the past, matches where both partners have a high wage
are now more successful. However, gender asymmetries persist; the most successful couple is
the one formed by a top-wage husband and a wife with a medium-high wage. The origins of

this gender asymmetry are further discussed in the next section.
5.4. Household production

Starting from our estimates of the match surplus, we recover log H; ;, the log-level of the
Pareto frontier; the larger log H; ;, the greater the static component of the gains from marriage.
While we cannot distinguish between its different components, log H; ; encompasses the match
gains coming from economies of scale in consumption (e.g., sharing the rent and the bills)

and household production (e.g., domestic chores and childrearing), as well as non-economic
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Table 2: Estimated coefficients of the surplus function SZ j

Polynomial term zf; 1971-1975 1981-1985 1991-1995 2001-2015 2011-2015
(1) (2) 3) (4) (5)
Constant 1.15 0.65 0.22 -0.34 -0.98
(0.62) (0.35) (0.37) (0.44) (0.41)
Wife has a college degree 0.25 0.53 0.60 0.61 0.28
(0.18) (0.12) (0.12) (0.13) (0.13)
Husband has a college degree 0.74 0.32 0.26 0.40 0.53
(0.20) (0.13) (0.12) (0.14) (0.13)
Spouses have same education 0.29 0.38 0.21 0.23 0.24
(0.17) (0.12) (0.11) (0.13) (0.12)
Wife has high family background 0.16 0.27 0.03 0.03 0.16
(0.12) (0.09) (0.09) (0.10) (0.11)
Husband has high family background 0.29 0.20 0.01 0.17 -0.00
(0.12) (0.09) (0.09) (0.11) (0.11)
Spouses have same family background 0.31 0.04 0.28 0.27 0.22
(0.11) (0.09) (0.08) (0.10) (0.10)
Husband’s age 0.24 0.14 0.03 0.03 -0.02
(0.08) (0.07) (0.06) (0.07) (0.08)
Wife’s age -0.23 -0.02 0.14 0.05 0.11
(0.09) (0.07) (0.06) (0.07) (0.07)
Husband’s age (sq.) -0.03 -0.03 -0.03 -0.03 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01)
Wife’s age (sq.) -0.01 -0.03 -0.04 -0.03 -0.02
(0.01) (0.01) (0.01) (0.01) (0.01)
Husband’s age x wife’s age 0.05 0.07 0.06 0.06 0.03
(0.02) (0.02) (0.01) (0.02) (0.02)
Husband’s log-wage 0.02 0.13 0.07 0.16 0.30
(0.14) (0.10) (0.10) (0.11) (0.11)
Wife’s log-wage 0.14 0.02 0.01 0.31 0.34
(0.20) (0.12) (0.11) (0.13) (0.12)
Husband’s log-wage (sq.) 0.01 -0.01 -0.00 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01)
Wife’s log-wage (sq.) -0.03 -0.01 -0.01 -0.02 -0.03
(0.03) (0.02) (0.01) (0.01) (0.01)
Husband’s log-wage x wife’s log-wage -0.01 -0.01 0.02 -0.01 -0.00
(0.03) (0.02) (0.01) (0.02) (0.02)

Notes: The table reports estimates of the coefficients a of the «; ; function, which gives the odds that a couple will continue
a relationship. The estimates & are obtained with the Matching Moment estimator described in section 5. Standard errors in

parentheses.
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components dependent on socioeconomic and demographic traits (e.g., non-economic benefits

from age proximity or from sharing a similar socioeconomic background).

Table 3 shows that having a college degree results in a higher log H; ;, thereby expanding
the couple’s consumption set. On the other hand, sharing a similar educational level does not
affect log H, ; significantly. Yet, Table 2 indicates that S; ; is supermodular in education; where
does this supermodularity come from? If the educational levels are not complements in log H, ;,
then the supermodularity of S; ; comes from its dynamic component, and is explained by the
mutual insurance mechanism implied by the marriage contract. In other words, if both partners
have a college degree, they both benefit from better wage prospects. They anticipate that their
match will be a stable one and will likely result in satisfactory household consumption levels;
in the Bellman equations (2.13) and (2.14), this corresponds to the educational levels being

complements in the match continuation value (the third and last term).

The last line of Table 3 shows that, consistent with the theory of Becker (1973), full-time
wages are substitutes in household production, a finding that is robust across periods. Hence,
couples do have an incentive to specialize. However, wages are substitutes in log H; ;, but not
in S;;. Since wages are persistent, they are instead complements in the match continuation
value, similarly to what was observed for education. This feature highlights the importance of
mutual insurance in marriage. While spouses do benefit from household specialization, they
also value the joint presence of two earners who can both contribute to keeping a high level of

household consumption and thus insure the household against income risk.

In Table 3, we can see that log H; ; is indeed increasing in both partners’ wages almost every-
where, which is not surprising as a higher full-time wage usually results in better consumption
opportunities for the family. Figure 8 illustrates this pattern, but also shows that who earns
the wage matters. In the 1970s, there is a strong gender asymmetry in household production;
couples with a high-wage husband and a low-wage wife enjoy much larger economies of scale
than couples with a low-wage husband and a high-wage wife. This pattern is so strong that,
when the husband’s wage largely exceeds the wife’s (in the bottom-right corner), an increase
in the wife’s wage can result in an output loss. This gender asymmetry has largely, but not
completely, faded by the 2010s. While the figure looks more symmetric and couples with the
highest household full-time labor income now enjoy the best consumption opportunities, switch-
ing wages between partners when the husband outranks the wife still results in an output loss.
This pattern is reminiscent of the findings of Bertrand et al. (2015) on household gender norms;
deviating from the behavioral prescription stating that the husband should earn more than the
wife can result in a utility loss. Finally, in the 2010s, the surplus \S; ; starts decreasing when

the wife’s wage is too high; however, log H; ; is strictly increasing in her wage. Considering
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Table 3: Joint household production as measured by the Pareto frontier log-level log H; ;

Polynomial term 1971-1975  1981-1985  1991-1995  2001-2015  2011-2015
(1) 2) 3) (4) (5)
Constant 4.81 4.38 4.41 4.24 3.67
[3.70,5.91]  [3.80,4.94] [3.79,5.04]  [3.62,4.98]  [2.99,4.33]
Wife has a college degree 0.18 0.23 0.22 0.33 0.23
[-0.10,0.49]  [0.07,0.40] [0.05,0.39]  [0.15,0.51]  [0.06,0.39]
Husband has a college degree 0.20 0.06 0.08 0.23 0.20
[-0.01,0.41]  [-0.07,0.20]  [-0.09,0.27] ~ [0.08,0.37]  [0.01,0.37]
Spouses have same education 0.02 0.04 0.00 0.01 0.01
[-0.01,0.06]  [0.01,0.08]  [-0.03,0.04] [-0.02,0.04] [-0.02,0.05]
Wife has high family background -0.04 -0.14 -0.30 -0.55 -0.40
[-0.25,0.18]  [-0.28,0.01] [-0.43,-0.16] [-0.70,-0.40] [-0.54,-0.25]
Husband has high family background -0.03 0.02 -0.17 -0.29 -0.21
[-0.15,0.10]  [-0.08,0.11] [-0.31,-0.07] [-0.42,-0.16] [-0.32,-0.10]
Spouses have same family background 0.03 0.00 0.02 0.00 0.01
[0.01,0.05]  [-0.02,0.02]  [0.00,0.04] [-0.03,0.03] [-0.01,0.04]
Husband’s age 0.10 0.11 0.06 0.05 0.02
[0.03,0.16]  [0.05,0.16] [0.01,0.10]  [0.01,0.11]  [-0.03,0.07]
Wife’s age -0.08 0.02 0.05 0.02 0.04
[-0.13,-0.03]  [-0.03,0.06]  [0.01,0.09]  [-0.02,0.06] [-0.01,0.08]
Husband’s age (sq.) -0.01 -0.01 -0.01 -0.01 -0.00
[-0.01,-0.00] [-0.01,-0.01] [-0.01,-0.01] [-0.01,-0.00] [-0.01,-0.00]
Wife’s age (sq.) -0.00 -0.01 -0.01 -0.01 -0.00
[-0.00,0.00] [-0.01,-0.00] [-0.01,-0.00] [-0.01,-0.00] [-0.01,-0.00]
Husband’s age x wife’s age 0.00 0.01 0.01 0.01 0.00
[-0.00,0.01]  [0.00,0.02] [0.00,0.01]  [0.00,0.01]  [-0.00,0.01]
Husband’s log-wage 0.24 0.34 0.33 0.42 0.48
[-0.01,0.49]  [0.17,0.50] [0.17,0.49]  [0.25,0.59]  [0.32,0.65]
Wife’s log-wage 0.54 0.35 0.36 0.48 0.57
[0.19,0.89]  [0.18,0.51] [0.19,0.51]  [0.29,0.67]  [0.39,0.75]
Husband’s log-wage (sq.) 0.04 0.03 0.02 0.02 0.02
[0.02,0.07]  [0.01,0.04] [0.01,0.04]  [0.00,0.04]  [-0.00,0.03]
Wife’s log-wage (sq.) -0.01 0.01 0.01 0.01 -0.00
[-0.05,0.04]  [-0.01,0.03]  [-0.00,0.03] [-0.01,0.03] [-0.02,0.02]
Husband’s log-wage x wife’s log-wage -0.05 -0.05 -0.03 -0.05 -0.04

[-0.10,-0.01] [-0.07,-0.02] [-0.05,-0.01] [-0.08,-0.02] [-0.06.-0.02]

Notes: The table reports the results from projecting the estimates of log H; ; using the same polynomial terms in the surplus

function S;, ;. We report two-sided 95% confidence interval.
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the incentives for household specialization and gender asymmetries discussed in this paragraph,
this can be explained as follows; after a certain threshold, the wife’s reservation value grows
faster (in her wage) than her contribution to the match in terms of consumption opportunities,

thereby reducing the surplus and the match stability.

Finally, Figure 33 in Appendix compares the levels of household production by spouses’
ages and decade. In the 1970s, couples where the wife is very young and has an older husband
enjoy comparatively larger economies of scale. In the 2010s, couples formed by two 30-year-
old spouses have, ceteris paribus, the largest economies of scale. This evolution is consistent
with the changes in the dynamics of women’s reproductive capital, and particularly by the

improvements in birth control and assisted reproductive technology (Low, 2014).
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Figure 8: Estimated household production lo/g\H as a function of partners’ wages

Notes: The figure shows how the estimated lggT{i the deterministic component of the household Pareto frontier log-level for a
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couple {i,7}, changes with agents’ wages. The higher lgg?{i the better the consumption opportunities for a couple {i,5}. The

2J?
average levels of log H; ;j are normalized to compare the two data periods.

5.5. Model’s fit

For every time period, the estimation of the main parameters of the model targets marriage
and divorce flows over a 5-year time span (e.g., from 1971 to 1975) without relying on any
stationarity assumption, and only using the identifying restrictions implied by the stock-flow
equations. For every time period, we then compute the steady-state distribution of couples
and singles implied by our estimated parameters. Hence, whether it can correctly predict the
cross-sectional distribution of couples and singles observed in the data also depends on how

close to its steady-state equilibrium the marriage market actually is.

Figure 10 shows the model’s fit for aggregate separation rates, which have increased by

about 50% over the last 50 years and have historically been higher for individuals without a
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college degree, a gap that has been widening over time. Figure 35 shows that the model fits
the age profile of separation risk extremely well in all periods. In particular, it replicates the
rise of separation rates at different ages; rates for the 30-year-old increased from 6% to 10%,
while for the 50-year-old, they increased from only 1% to 5%. Finally, Figure 36 shows that a
higher husband’s wage is associated with a lower separation rate both in the fitted model and
the data. On the other hand, the wife’s wage profiles of separation rates are comparatively flat
in the 1970s and the 1980s. In more recent decades, separation rates are instead decreasing in

the wife’s wage.
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Figure 10: Separation rates by gender and education; model vs data

Notes: Solid blue lines correspond to data moments, dashed red lines to simulated moments. Separation rates are calculated as

the ratio of the number of separations over the number of matched working-age individuals.

At the same time, match rates have also declined in the aggregate, as shown in Figure 12.
Differences between individuals with and without a college degree are small, suggesting that
separation rates are more important in explaining the differences in stocks across educational
groups. Figure 38 shows that women have higher match rates than men when very young, while
men have slightly higher match rates starting from their early 30s. The figure also clarifies that
the aggregate decline is mainly due to a decrease in match rates among the youth. On the

other hand, the gender gap in match rates among elder individuals has shrunk.
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Figure 12: Match rates by gender and education; model vs data

Notes: Solid blue lines correspond to data moments, dashed red lines to simulated moments. Match rates are calculated as the

ratio of the number of new matches over the number of working-age singles.

Figure 14 compares between the factual and predicted evolution of the share of matched
individuals by gender and education. The share of individuals living with a partner has de-
creased, with the decrease being much steadier and stronger among both men and women
without a college degree. Although these moments are not targeted in the estimation, the
model’s fit is excellent in more recent decades, suggesting that the marriage market outcome is
well represented by the steady-state search equilibrium defined in Section 2. The fit is slightly
worse for the 1970s, but Figure 40 shows that the model’s fit of the age profiles of the share
of matched individuals is good also in earlier decades. The only feature that the model strug-
gles to replicate in the 1970s and 1980s is the rapid decline in the share of matched women
after the age of 50. This could be explained by specific non-stationary demographic patterns
characterizing those periods, such as higher male mortality among older cohorts due to the
mid-century wars and the baby boom. In Figure 14, we also see that the estimated model
tends to predict a higher share of matched college graduates in the 1970s. Yet, Figures 37 and
39 show that the age profiles of the transition rates are very well fitted in both the 1970s and
in the 2010s. The data vs model mismatch in the shares of matched college graduates is thus
likely due to non-stationary dynamics of the population composition, such as stark differences
in the monetary and non-monetary cost of college across cohorts. In Appendix, we present

another comparison to validate our model. Figure 42 shows that, when the model is fitted with
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data on legal marriages only,?” we are able to replicate the age profiles of men’s and women’s
marital histories, and the model correctly predicts the share of never married, married-once

and remarried individuals by age.

Figure 16 shows that the model can replicate sorting patterns with respect to partners’
education. Couples where both partners are college graduates more than doubled in 50 years,
and couples where only the wife holds a college degree more than tripled. The model also
replicates the very high correlation rate between partners’ ages. On the other hand, while it
can replicate the increase in the correlation between partners’ wages across decades, it predicts
a lower level in all periods. Blundell et al. (2016b) find that partners’ wage shocks might display
a low positive correlation (in the 1999-2009 period), a feature that we rule out in our model,

but could potentially explain why our predicted wage correlation is lower than the observed.
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Figure 14: Share of matched individuals by gender and education; model vs data

Notes: Solid blue lines correspond to data moments, dashed red lines to simulated moments. The shares of matched individuals
are calculated as the ratio of the number of matches involving a person of a given type over the total number of people of the same

type in the population.

25Gtarting from 1985, the PSID survey has collected retrospective information on marital histories; these data
do not cover cohabiting relationships, but only legal marriages. Therefore, we are not able to determine the

number of past relationships of an individual, but only the number of her past legal marriages.
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Figure 16: Sorting patterns with respect to education, age and wages; model vs data

Notes: Solid blue lines correspond to data moments, dashed red lines to simulated moments. Panels (a) to (d) report the proportion
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(e) and (f) report the age and wage correlation rates respectively.

Finally, our estimated model can be used to derive predictions about the sharing rule, which
can be calculated using expression (2.6). Since we do not estimate the bargaining parameter
0, but we set it to 0.5 beforehand, we use time-use data from the PSID in order to show that
this calibration does not produce implausible predictions for the sharing rule. From the PSID
survey, we compute the average number of leisure hours for the head and his/her partner as the
difference between the total hours in a week and the sum of hours worked outside and inside
the household.?® We then compute the monetary value of leisure time by multiplying idle hours
by the hourly wage. In Figure 18, we compare the distribution of the sharing rule among the
married population as predicted by the model with the empirical distribution of the ratio of
the male partner’s monetary value of leisure time to the sum of the total monetary value of
leisure time in the household. The model tends to predict a distribution of the sharing rule
that is more skewed in favor of men, particularly in the 1970s and the 1980s, while in more
recent waves, the predicted distribution is remarkably close to the empirical, with extremely

well fitted first-order moments. On one hand, the discrepancies between the two distributions

Z6Information on hours spent on domestic chores is available yearly for the head and the partner for all waves
except for 1975. Leisure time is the only assignable private consumption item that can be consistently measured
across all waves. Starting from 1997, consumption data provide a detailed description of household expenditure

but do not assign consumption to family members.

39



in earlier decades suggest that 6 could actually be slightly lower than 0.5; i.e., women might
have had more bargaining power than men. On the other hand, alternative empirical measures
of the sharing rule accounting for other private consumption items (clothing, personal hobbies,
smoking, etc.) could also explain the discrepancy.
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Figure 18: Sharing rule; model vs data

Notes: The blue histogram depicts the distribution of the sharing rule among married couples observed in the data, while the
orange histogram depicts the distribution implied by the fitted model steady-state equilibrium. The solid black line corresponds to
the average observed sharing rule in a data period, while the dashed black line corresponds to the average sharing rule predicted

by the model.

5.6. Returns to college

In this section, we take advantage of the life-cycle dimension present in our model to quantify
changes in lifetime consumption value between the 1970s and the 2010s. Worse marriage
prospects can entail welfare losses due to foregone economies of scale. Moreover, risk-averse
agents will dread a higher separation risk. This aspect is particularly critical because low-wage
men typically experience more unstable relationships. While they wish to be insured against
wage risk through marriage, some large wage shocks will be particularly hard to insure and will

lead to their partners quitting the match.

Figure 20 shows how the present discounted value of expected lifetime log-consumption for
agents aged 17 has changed between the 1970s and the 2010s for different educational groups.
Female college graduates are the only group that has experienced welfare gains (+8.5%). Male

college graduates and female non-graduates have experienced relatively small losses (-2% and

40



-4.5%, respectively), while men without a college degree have suffered from large losses (-10%).
The difference in lifetime consumption between educational groups yields the overall returns
to college, also defined in equation (2.17). Figure 21 shows that, on average, returns to college

have increased by 82% for men and 138% for women.

We decompose these welfare changes into two components and compute the present dis-
counted value of being single throughout the entire life-cycle, conditionally on family back-
ground x and educational level h, as follows:

84

Z 5a—19 log w,

a=19

E

h,x] (5.1)

where w, denotes the wage at age a. Changes in this welfare component reflect changes in
the wage structure and mortality rates and are represented by the red bars in Figure 20. All
groups have experienced improvements, except for men without a college degree, whose wage

prospects have worsened dramatically between the two periods.?”

At the same time, the expected welfare from matching on marriage markets, represented
by the blue bars in Figure 20, has decreased for all categories. Individuals without a college
degree have experienced the largest marriage market losses due to delayed household formation
and increased marital instability. These foregone gains from marriage have compounded men’s
worsened wage prospects and resulted in men suffering from large overall welfare losses. Their
impoverishment also has important implications for women without a college degree, whose
typical match will be a man from the lower part of the wage distribution, since meetings are
positive assortative (also with respect to wages) and traits that positively correlate with wages
(age and education) are complements in the surplus function. On one hand, in the 2010s, better
wages allow less educated women to be better insured against separation risk, demand a more
favorable sharing rule within their household, and stabilize their relationships where they are
now more likely to be the primary earner. On the other hand, many of these women will live
in households where the economies of scale can hardly justify the high income risk associated
with their male partners’ worsened wage prospects. In many cases, the husband’s low wage
levels and the threat of a future negative wage shock will scare women away from the current

match.

In contrast, both male and female college graduates have suffered from relatively smaller
marriage market losses. While they have futher delayed household formation, most of them

eventually engage in long-lasting relationships also in more recent periods, as their separation

27 As we move from the 1970s to the 2010s, a better life expectancy had a positive impact on the welfare of
all agents. However, it does not differ across educational groups in our calibration, so we rarely mention it in

the discussion.
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risk has stayed relatively low. In the case of female college graduates, improved wage prospects
have generated welfare gains that are sufficiently large to exceed losses due to foregone marriage
gains. Single women with a college degree are now better prepared to deal with singlehood, both
before the first match and following a separation. Moreover, weaker gender asymmetries also
mean that women can actively increase their families’ consumption opportunities and provide
insurance against income risk through labor market participation. Hence, investments in human
capital pay off on marriage markets in the form of more stable and productive matches. As a
result, in Figure 21, a non-negligible part of the increase is explained by higher marriage market

returns to college for both men (19 out of a total 82pp increase) and women (24 out of 138pp).
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6. Counterfactuals

6.1. Isolating the impact of changing wages

After estimating the model with samples from different periods, we perform several com-
parative statics exercises in order to understand how the marriage market and the returns to
college education react to changes in parameters that are exogenous in our model. We start by
isolating the impact of changes in the parameters of the wage process between the 1970s to the
2010s. We simulate a counterfactual steady-state equilibrium where all parameters are taken
from our estimates for the 1970s except for those of the wage process, which are taken from
the 2010s.

Table 4: Counterfactual experiment, the 1970s steady-state equilibrium with wages from the 2010s

Men Women
Changes in... All NC CG All NC CG
(1) (2) (3) (4) (5) (6)

Share college graduates (pp) 21.42 20.31

Share matched (pp) -2.38 -3.70 -1.24 -2.12 0.65 -6.17
Share matched, aged 21 to 30 (pp)  -6.10 -6.01 -3.41 -4.03 -2.04 -3.06
Share matched, aged 31 to 40 (pp)  -0.67 -3.26 -0.18 -0.47 0.36 -4.64
Share matched, aged 41 to 50 (pp)  -0.69 -2.87 -0.49 -0.83 2.04 -7.94
Share matched, aged 51 to 60 (pp)  -1.07 -2.62 -1.07 -1.19 2.97 -9.84
Separation rate (pp) -0.15 0.47 -0.05 -0.15 -0.06 0.69
Match rate (pp) -4.32 -4.55 -2.15 -3.40 1.30 -5.24

Notes: We report changes in different moments of the matching distribution and educational achievements between two steady-state
equilibria. The first steady-state is the one implied by the parameters estimated with data from the 1971-1975 period. The second
is the counterfactual steady-state equilibrium implied by all the parameters for the 1971-1975 period, except for those of the wage
process, which take on the values estimated with data from the 2011-2015 period. NC means “no college”’, “CG” means “college

graduates”.

Table 4 shows that changes in wages induce a large expansion of college education, although,
contrarily to the data, the increase is of similar size for both men and women (resp. 21.42 and
20.31 percentage points). While women have enjoyed a larger increase in the labor market
returns to college, changes in wages alone cannot explain why women’s college graduation
rates have outpaced men’s. Figure 22 shows that changes in wages would result in decreasing
women’s marriage market returns to college when isolated from changes in parameters capturing
household technology, gender norms, and marriage market frictions. In other words, as long as
higher wages do not pay off on marriage markets, women face a strong trade-off between family

and career, and female college graduation rates cannot grow as fast as observed in the data.
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Figure 22: Counterfactual experiment, the 1970s steady-state equilibrium with wages from the 2010s

In the counterfactual, female college graduates face stronger competition on marriage mar-
kets, as their numbers grow while their typical profile becomes less attractive due to their
increased wages. Table 4 shows that their match rates drop while their separation risk in-
creases. Meanwhile, the correlation between partners’ wages increases by 11 percentage points.
Changes in the marginal distributions lead to more meetings (and matches) among people
with similar wages, thus amplifying the relative importance of the mutual insurance aspect of
marriage. On the other hand, these more “egalitarian” matches are not as attractive as the
“traditional” specialized ones (i.e., with a male breadwinner) due to the gender asymmetries
discussed in Section 5.4. Men still seek women with a wage lower than theirs and often “marry
down”; as a result, the share of couples where the husband is more educated than the wife

increases from 12.2% to 16.6% of all couples, even though non-graduate women are scarcer.”®

Changes in wages lead to a 2.4pp increase in the share of adult singles, corresponding to
about 17% of the total increase observed between the 1970s and the 2010s. The increase in the
share of singles is concentrated among the youth and household formation is delayed. While
this can partly be explained by steeper wage profiles, agents also have incentives to search
longer due to fewer opportunities for “traditional” household specialization. Similarly to what

was suggested by Stevenson and Wolfers (2007), when the economic motives for marriage are

28We conduct additional counterfactual exercises where we shift only some parameters of the wage process;
these findings are available on request. Consistent with the mechanism explained in the main text, changes in
men’s mean wages result in better match prospects for male and female college graduates, but worse prospects
for the less educated. On the other hand, changes in women’s mean wages result in much worse match prospects
for female college graduates, whose improved wages constitute a hindrance to marriage. The implications of
increased wage dispersion are more nuanced; it leads to higher separation rates as wage shocks are more sizable,
but also to higher match rates as agents are more willing to insure themselves against income risk. Finally, we

do not find that changes in wage mobility, as measured by the Spearman’s wage (rank) autocorrelation, had

any large impact.

44



weaker, more couples will match based on love and companionship only; finding a good match
(i.e., drawing a high match quality z) can take time. Our results are also qualitatively similar
to those of Greenwood et al. (2016), who find that, in absence of any change in household
technology, changes in wage structure can partly explain the decline of marriage and the increase
in cross-sectional income inequality. However, without changes in the nature of the gains from
marriage, they cannot explain why college graduation rates have increased faster for women

and specialized couples have become less frequent.

6.2. From the 1970s to the 2010s

Table 5: Counterfactual experiment, decomposition of changes between the 1970s and the 2010s

1970s Counterfactuals (see notes) 2010s
(1) (2) 3) (4) (5) (6)

% college graduates (men) 27.37 48.79 29.31 32.35 31.10 36.62
% college graduates (women)  20.57 40.88 21.82 23.46 32.35 42.53
% matched (men) 81.92 79.54 80.31 81.51 80.93 68.12
% matched (women) 80.01 77.89 78.63 81.71 79.96 67.27
% matched (men, NC) 81.77 78.07 79.92 81.19 81.16 65.00
% matched (men, CG) 82.32 81.08 81.25 82.18 80.41 73.50
% matched (women, NC) 79.99 80.64 80.48 83.40 81.29 63.06
% matched (women, CG) 80.07 73.90 72.00 76.18 77.19 72.96
Separation rate (men) 3.77 3.62 3.84 3.27 2.34 6.60
Separation rate (women) 3.56 3.41 3.62 3.06 2.23 6.27
Match rate (men) 34.43 30.11 31.97 31.68 27.68 23.13
Match rate (women) 30.20 26.80 28.39 30.69 25.48 21.45

Notes: We report different moments of the matching distribution and educational achievements for different steady-state equilibria.
Column (1) is the steady-state equilibrium implied by the parameters estimated with data from the 1971-1975 period. Column
(2) corresponds to the counterfactual steady-state equilibrium implied by the parameters for the 1971-1975 period with wages
from the 2011-2015 period (details in Table 5). Column (3) corresponds to the steady-state equilibrium implied by the parameters
for the 1971-1975 period with wages and the distribution of the cost of college education from the 2011-2015 period. Column
(4) corresponds to the steady-state equilibrium implied by the parameters for the 1971-1975 period with wages, college costs and
mortality rates from the 2011-2015 period. Column (5) corresponds to the steady-state equilibrium implied by the parameters
for the 1971-1975 period with wages, college costs, mortality rates and search frictions from the 2011-2015 period. Column (6)
corresponds to the steady-state equilibrium implied by the parameters estimated with data from the 2011-2015 period. Residuals

changes between columns (5) and (6) are due to changes in the shape of the Pareto frontier (log H; ;). NC means “no college”’,

“CG” means “college graduates”.

In Table 5, we progressively shift all primitive factors from their 1970s to their 2010s levels.
Column (2) describes the counterfactual equilibrium seen in the previous section. In column
(3), the rising cost of college balances the increased labor market college premium and leads

to a slight increase in the number of marriages by curbing graduation rates. The mechanism

45



is exactly the opposite of what discussed in the previous section. In column (4), longer life
expectancy results in higher college graduation rates and more marriages. The number of
couples dissolved due to the death of a partner sharply decreases, which particularly benefits
women, who often became widows before turning 60 in the 1970s. In summary, changes in the
wage process, cost of college, and mortality rates can jointly explain about 53% of the rise of

men’s college graduation rates, but only 13% of the rise of women’s rates.

In column (5), we show that the changes in marriage market frictions observed between the
1970s and the 2010s have led to lower match rates, higher separation rates, and a lower number
of matches overall. In other words, frictions have become stronger, which might sound counter-
intuitive given the rise of cohabitation and technological progress in matchmaking technology
thanks to the Internet (e.g., online platforms and dating apps). Decreased match rates are
partly due to a change in the age structure of frictions. In Figure 31, we have shown that
search frictions have become weaker for older individuals, which relieves the pressure on the
search of young individuals, who can now take their time before making a decision. A second
explanation is that changes in frictions could reflect an increase in the sunk cost associated
with starting a family. This interpretation, in line with the analysis of Lundberg et al. (2016)
and Chiappori et al. (2017), suggests that the relative importance of static gains (e.g., sharing
the rent and domestic chores) might have decreased, while the relative importance of match-
specific investments (e.g., starting a relationship to have a child together) might have increased.
In Table 1, we show that female college graduates face stronger frictions in more recent periods:
an explanation is that they demand a higher commitment and let coincide household formation
with an initial match-specific investment, such as a costly wedding, the birth of a child or the

purchase of real estate.?”

Finally, the last column of Table 5 shows that changes in household technology and norms,
captured by the shape of the household Pareto frontier log H; ;, explain the remaining differences
in outcomes between the two periods. The diffuse decrease in the value of marriage leads to
lower match rates, higher separation rates, and a decrease in the number of overall matches.
While changes in log H; j negatively affect the marriage market outcomes of all categories, their
consequences are particularly strong for both men and women without a college degree. The
interaction between the changes in the wage structure and in log H;; are partly responsible
for both these marriage patterns and the increased marriage market returns to college. As
we move from a matching based on gender-asymmetric household specialization to a matching

motivated by love, companionship, mutual insurance, the relative importance of wages (and

PLafortune and Low (2017) stress that sharing assets, including real estate, through a legal marriage contract
imply a strong commitment. Laws regulating the division of property upon divorce can change the incentives

to commit.
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wage expectations) increases, leading agents, particularly women, to invest more on human

capital.

7. Conclusion

In this paper, we present a new search-and-matching model of marriage and divorce over
the life-cycle with endogenous education decisions. Our work is motivated by the increasing
differences in marriage market outcomes between human capital groups. On one hand, highly
educated individuals delay household formation to search for a good match, but eventually
engage in long-lasting relationships. On the other hand, individuals with low human capital

are exposed to a higher separation risk and more often engage in short-term relationships.

Our empirical investigation aims to understand the determinants of marriage, divorce, and
educational choices in the U.S. over the last 50 years. In our model, we let marriage and divorce
patterns be determined by both economies of scale in household production and consumption,
as well as search frictions. We discuss the identification of both objects with panel data on
marriages and divorces: our identification strategy can be seen as an extension of Choo and
Siow (2006), Choo (2015), and Galichon and Salanié (2015). Our empirical findings show that
assortative mating is partly explained by search frictions being weaker among likes. We also em-
phasize that economies of scale are stronger for specialized couples, although the joint presence
of two high-wage partners is still beneficial because of the mutual insurance mechanism implied
by the marriage contract. We also find that gender roles in the household are asymmetric;
couples where the husband is the primary earner tend to be more productive. Since the 1970s,
the college wage premium has increased, driving up labor market returns to college. At the
same time, women’s human capital investments have started paying off on marriage markets in
the form of more stable relationships and high-wage partners. While wage inequality between
genders has decreased and gender asymmetries in household production have been slowly fad-
ing away, fewer couples rely on specialization. On the other hand, more couples benefit from
mutual insurance. Women are more often the primary earner and can sustain household con-
sumption in case of negative income shocks. As a result, marriage market returns to college

have increased.

While our model helps us distinguish between the different sources of assortative mating on
marriage markets, our analysis does not directly look into the microeconomic household behav-
ior behind our results. In particular, there are few if any works analyzing patterns of partner

search behavior and providing direct empirical evidence of marriage market segmentation.®’

30Big data produced by dating apps are certainly an interesting pathway to explore (Hitsch et al., 2010;

Belot and Francesconi, 2013), although there are likely many steps between selecting a first date on an app and
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On the other hand, our findings on search frictions can partly reflect systematic differences in
match-specific investment across population groups. Economists have long been interested in
human capital accumulation patterns resulting from household specialization, and Shephard
(2018) is the first to combine this analysis with a dynamic marriage market equilibrium frame-
work. However, there can be additional reasons explaining why some individuals - typically
those with higher human capital - succeed in committing to long-term relationships, while
others are not as deeply invested or do not even try to start a family. Match-specific capital
is arguably the key factor to understand these patterns. Concretely, such investments could
take the form of joint savings, home ownership (Lafortune and Low, 2017), childbearing, and
child-rearing (Lundberg et al., 2016; Chiappori et al., 2017).
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A. Technical appendix

A.1. Recovering the Pareto frontier

After estimating both the surplus function S;; and the meeting function M, ;, we aim to
decompose the static component of the surplus, as represented by the household Pareto frontier
level H;;, and its dynamic component. A Bellman equation for the surplus function S; ;(z)
is obtained by combining the Bellman equations for husbands and wives: (2.13) and (2.14),
respectively. We can link the match surplus with the household Pareto frontier level H; ; using
the Pareto frontier equation (2.5). Under the specific restrictions we put on utility functions
in our parameterization, namely 19(.) = exp(.), we can actually derive a closed-form recursive

formulation of S; ;:*!
Si,j = IOg Hi,j + ﬁEi’,j’ﬁ,jgi’,j’_'—

(A.1)
— 2log (exp (Vzm — BEﬂiVi%) + exp (VJf — BEJ"IJ‘V;‘];p)) :

We first recover V; o and Vp ; for any ¢ and j using the Bellman equations (2.15) and (2.16).

At terminal age a, the reservation values correspond to the per-period payoffs of single agents.
Solving backwards starting from @, one can recover the reservation values for all types given
the estimated surplus function S;; and meeting probabilities from M; ;. Once the reservation

values are solved for, it is straightforward to recover H, ; from the Bellman equation (A.1) for

any {i,j}.
A.2. Plackett’s copula and transition matrices

The AR(1) wage process is modeled through a copula that links the wage rank of an indi-
vidual across two consecutive periods. The joint CDF of an agent’s current wage rank r and
future wage rank r’ is given by the Plackett’s copula:

1+ plh, a)(u +v) — [1+ p(h, a) (u+0)? — 4p(h, a) (p(h, @) + 1)uv]""?

(A.2)

where the parameter p(h, a) is such that the higher p(h, a), the lower the mobility. In particular,

Nelsen (2007, Chapter 5) shows that p is a monotonically increasing function of the Spearman’s

rank correlation coefficient. Dropping the arguments (h, a) for the sake of clarity, the two are

related as follows,

2p+p* = 2(1 + p)log(p + 1)
2

31Under assumption the Transferable Utility 2, S always exists and is unique. However, a closed-form recursive

. (A.3)

SpearmanCorr Rate =

formulation of S can only be derived under specific assumptions on the curvature of the utility functions; e.g.,

if 49 is linear or exponential.
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A.3. Meeting process

In section 4.4, we assume the meeting function takes the form M, ;(n) = exp(\;; + ¢;(n) +
dj(n)). Galichon and Salanié (2015) show that this function is the unique solution of the

following optimal transport problem:

M

min {— Z M; i\ + E(M)} s.t. (2.7) holds for any i and (2.8) holds for any j  (A.4)
irj

where —); ; can be interpreted as the cost of setting up a meeting between two singles 7 and j.
The second term of the objective function, £(M), is the entropy associated with the optimal
transport problem; we use E(M) = >, M;;log M;;, as per Choo and Siow (2006). This
characterization allows us to calculate M;; quickly by finding two vectors ¢ and d so that
the marginal constraints (2.7) and (2.8) are respected. As suggested by Galichon and Salanié
(2015), we use an Iterative Projection Fitting Procedure (IPFP) to calculate ¢ and d.

A.4. Matching moment estimator

The matching moment estimator can be thought of as the global minimum of the following

program:
K

min ((X, @) — fur)* (A.5)
7a k

where (A, ) is a vector of K moment predictions obtained with parameters (\,«) and fi is
the vector of corresponding empirical moments. As detailed in Section 4.4, the number of
moments is equal to the number of parameters to estimate, so that the First Order Conditions
yield p(A, @) = & and the global minimum, if it exists, is zero. More precisely, the number of
moments of the distribution M F' is equal to the number of parameters in A\, while the number
of moments of the distribution DF is equal to the number of parameters in . The way the

moments are constructed is given by equations (4.9) and (4.10) in the main text.

Under the specific parameterization used in this paper, we could derive the Jacobian matrix
J(A, @) analytically. The popular Limited-memory Broyden—Fletcher—Goldfarb—Shanno algo-
rithm (LBFGS) always converges to the same global minimum - where the objective function is
zero - as long as the initial values are not too far from it. The objective function is clearly not
convex everywhere, and the LBFGS can get stuck in local minima; although this is impractical,
these local minima can be easily ruled out if the objective function is still greater than zero.
In practice, we run a derivative-free optimization algorithm to look for the initial values over
a vast region and then run the LBFGS algorithm to obtain the global minimum. For a given
sample, we have never found more than one global minimum so that the objective function is
zero (i.e., so that all First Order Conditions hold).
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After obtaining estimates (5\,@), we compute the Jacobian matrix J* = J (;\,d). The

covariance matrix of (A, &) corresponds to:
(J)'SJ* (A.6)

where Y is the covariance matrix of fi; > is computed with 5,000 bootstrap replications from

the relevant PSID sample.

B. Additional Tables

Table 6: Average cost of college

Population group 1971-1975 1981-1985 1991-1995 2001-2015 2011-2015
(1) (2) (3) (4) ()
Men (L) 1.91 0.37 5.54 2.42 7.21
Men (H) 7.30 5.35 14.93 5.53 10.37
Women (L) 15.42 12.06 23.15 11.61 16.49
Women (H) 18.53 16.21 30.92 15.78 18.93
Ave. monetary fees (log) 7.93 6.73 6.79 7.05 7.34

Notes: The table reports point estimates of the average total cost of college, whose expression is given by (4.11). The notation (L)
indicates agents with a less favorable family background (i.e., less educated parents and worse socioeconomic background), whereas
(H) indicates agents with a more favorable background. In the last line, we report the average in-state undergraduate log-fees at

public college institutions.

C. Additional Figures
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Figure 23: Changes in gender ratio over time.

Notes: The gender ratios are calcualted as the overall number of women over the overall number of men. They are implied by the
mortality rates estimated with Center for Disease Control and Prevention. The gender ratio at the age of 19 is calibrated to match

the overall gender ratio in the PSID sample.
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Figure 27: Changes in the gender wage gap by wage percentile.
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Figure 31: Estimated meeting rates \ as a function of partners’ ages

Notes: The figure shows how the estimated j\i,j, the exogenous parameter of the meeting function M; ; that measures the strength
of search frictions, changes with agents’ ages. The higher 5\1',]‘, the more likely a pair of single agents {7,j} is to meet on the
marriage market, all else constant. In white areas, meetings are ruled out by assumption. The average levels of 5% j are normalized

to compare the two data periods.
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Figure 29: Estimated surplus S* as a function of partners’ ages

Notes: The figure shows how the estimated S’i,j, the deterministic component of the surplus function common to all pairs {4, 5},
changes with agents’ ages. The higher SA'i’ j, the larger the average gains from marriage for a couple {7,j} (and the more stable the

relationship). The average levels of SA'i, j are normalized to compare the two data periods.
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Figure 33: Estimated household production @i’j as a function of partners’ ages
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the deterministic component of the household Pareto frontier log-level for a

i,j the better the consumption opportunities for a couple {i,7}. The

average levels of log H; ; are normalized to compare the two data periods.
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Figure 42: Share of married and remarried individuals by gender, age, and period; model vs data

Notes: The simulated moments in this figure are obtained with parameters estimated with an alternative sample, where we define
matches as legal marriages and treat cohabiting individuals as singles. It is only possible to build these samples starting from the
1990s, while no difference was made between legal marriage and cohabitation earlier. The empirical moments in the figure are
calculated using the retrospective marital history data collected from 1985; these data allow us to calculate the number of legal
marriages of a respondent up to a certain date. Not all respondents filed the marital history questionnaire; marital histories are

missing for about 25% of observations in our sample.
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