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Abstract

We use a spatial heterogeneous agent model of family formation to study the role
of geography in shaping trends in marriage and inequality in the US. The United
States has undergone dramatic shifts in household and family structures since the
1980s. Married female labor force participation increased significantly, marriage
has declined, and positive assortative mating has risen. Along with a rising skill
premium and a declining gender gap, income inequality among households has
also widened. We document that these changes had an important geographic di-
mension: the decline in marriage was much more significant in smaller cities, and
marital sorting declined in smaller cities but increased in larger ones. We inter-
pret these facts within a model where households decide where to live, whether
or not to get married, and with whom. The framework allows us to quantify the
importance of each channel in shaping trends in marriage and inequality.
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1 Introduction

US households today look very different from how they were decades ago. Rising
returns to skills and declining employment in manufacturing increased the earnings
dispersion between individuals with and without a college degree. At the same time,
the share of the married population declined significantly, and much more so for less-
educated individuals. There has also been a rise in assortative mating as couples are
much more likely to have the same educational levels. All these forces generated a
growing income inequality among households. Those with less education either re-
main single or match with other less educated individuals, while college graduates
are more likely to be married to others like themselves. A countervailing force to these
trends has been the growing labor force participation of married females and the de-
clining gender wage gap, which reduced household-level income inequality.

There has also been a geographical dimension to all these changes. Since the 1980s,
the share of college-educated individuals has become much more concentrated in big-
ger cities. Inequality also increased more in bigger cities. While these trends are well
known, we document that changes in marriage patterns also differ significantly across
cities.

The decline in marriage has been much more significant in smaller cities, and,
in particular, the share of non-college graduates who are single in small cities more
than doubled between 1980 and 2019. Furthermore, the increase was much more pro-
nounced in larger cities. In 1980, assortative mating was lower in larger cities than in
smaller ones. Today, it is much higher in larger cities. Finally, housing price dispersion
across US cities increased, with prices rising much more rapidly in bigger cities.

In this paper, we use a spatial heterogeneous agent model of family formation to
study the role of geography in shaping trends in marriage and inequality in the US.
In the model, individuals who differ by innate ability first choose whether or not to
obtain a college degree and where to live. Locations (cities) differ in their amenities,
which are exogenous. They also differ in the wages they offer workers with differ-
ent skills and genders, which reflects both exogenous differences in technology and
the endogenous distribution of population across space. Once in a city, singles meet
at a marriage market and form married couple households. Some marriages end in
divorce, and individuals can remarry. Households, married or single, decide how
much market goods and housing to consume. Married couples also make labor force
participation decisions for both partners. Finally, housing prices are determined by
city-specific housing supply elasticities, which are exogenous in the model, and en-
dogenous housing demand.

We estimate the model parameters by targeting several aggregate and cross-sectional
moments from the 2019 US data. We match wages by skills and gender as well as hous-



ing prices across cities. Furthermore, the model can generate the observed population
distribution by skill and marital status across US cities. The degree of marital sorting
and labor force participation by city size in the model is also consistent with what we
observe in the data. At the aggregate level, the share of the skilled population, the ex-
tent of earnings inequality, and the share of housing expenditure by household income
are targeted.

We next use the model economy to study how household and location decisions
changed in the US between 1980 and 2019. To this end, we conduct two counterfactual
experiments. First, we change the technology parameters so that the model economy
matches the observed level of wages, skill premium, and gender wage gap in 1980.
Second, we change the elasticity of the housing supply in each city and set them to
their 1980 values. The housing supply elasticities in 1980 were much higher, in partic-
ular in smaller cities.

Changes in wage structure between 1980 and 2019 generate a much larger share
of individuals with a college degree and a significant increase in married female la-
bor force participation. In the model, as in the data, the share of college graduates
increases more in bigger cities. The share of the population who choose to get married
declines. The assortative mating increases significantly, and much more so in bigger
cities, as we observed in the data. These changes also affect the housing market. House
prices increase everywhere, but the increase is much larger in bigger cities. This gen-
erates a greater dispersion of house prices across cities, which is also consistent with
what has happened in the US.

The decline in the housing supply elasticities between 1980 and 2019 generate a
significant increase in house prices. In the model, this increase affects household deci-
sions. On the one hand, with higher housing prices, labor force participation of mar-
ried females increases as households try to cover a higher expenditure on housing.
The increase in married female labor force participation is larger in bigger cities with
higher housing prices. At the same time, higher housing prices in 2019 also gener-
ate more assortative mating, particularly in bigger cities. With higher housing prices,
skilled individuals are more likely to form households with two skilled wages.

The paper builds on two strands of literature. Our analysis is related to a large
number of papers that study changes in US marriage patterns, building and estimating
equilibrium matching models of household formation and dissolution. Greenwood
et al. (2016), Goussé, Jacquemet and Robin (2017), and Blasutto (2023) are examples
in this literature. We also build on papers that study spatial changes in the US labor
markets, such as Diamond (2016), Eckert, Ganapati and Walsh (2022), and Giannone
(2022). A set of recent papers shares our focus on how household decisions interact
with the location choices of households. Moreno-Maldonado (2023) studies labor force

participation of married women with children across cities, focusing on why it is lower



in bigger cities. Moreno-Maldonado and Santamaria (2022) study how delayed fertil-
ity has contributed to the gentrification of city centers in the US by delaying move-
ments of couples to suburbs. More directly related to the current paper, Alonzo (2022)
and Fan and Zou (2022) build models of marriage with location decisions. Alonzo
(2022) studies how location-specific returns to occupations affect marriage and loca-
tion decisions, while Fan and Zou (2022) focus on how joint marriage and location

decisions affect the spatial dispersion of economic activity.

2 U.S. Households across Time and Space

Three key trends have been shaping the US society since the 1980s. First, there has
been a significant increase in inequality, which has been extensively documented and
discussed in the literature — see, among others, Acemoglu and Autor (2011), Heath-
cote, Perri and Violante (2010), and Heathcote et al. (2023). Whatever measure one
looks at, whether it is the skill premium or the share of income received by top per-
centiles of the income distribution or more broad measure such as the Gini coefficient,
the inequality increased significantly between 1980 and 2010 and has been relatively
stable since then.

Second, a much smaller fraction of the population is married today than in the past.
The decline in marriage has been much more pronounced among the less educated in-
dividuals. In 1980, 67% and 71% of females between ages 25 and 54 with and without a
college degree were married, respectively. Today, only 62% and 50% of them are. With
the decline of the married population, who is married with whom also changed. There
has been an increase in assortative mating, as it is more likely for people with similar
educational attainment to form marriages — Greenwood et al. (2014), Chiappori, Dias
and Meghir (2020).

Finally, there has been a significant decline in the labor force participation of less
educated men. In 1980, 92% of men without a college degree between ages 25 and
54 were in the labor force. Today, only 72% of them are in the labor force. Krueger
(2017) and Charles, Hurst and Schwartz (2019) analyze the decline in work among
less educated men.

These changes, however, did not take place uniformly across the US geography.
Since the 1980s, the share of the US population with a college degree and the skill
(college) premium have increased significantly. At the same time, as shown in Figure 1,
the relation between city size and the share of college-educated population has become
increasingly positive (the so-called great divergence, Berry and Glaeser, 2005). In 1980,
there was no clear relation between city size and skill premium. Since then, a positive

relation between city size and the skill premium has emerged, as shown in Figure 1b.



A positive relation between city size and inequality has also emerged since the 1980s,
as already highlighted by Baum-Snow and Pavan (2013) and Baum-Snow, Freedman
and Pavan (2018). Figure 2 shows these patterns for the 50-10 and 90-10 earnings

ratios.
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Figure 1: The figures plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.
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Figure 2: The figures plot MSA outcomes by year. Sample: 25-54 years old, full-time workers em-
ployed for more than 48 weeks. Wage is residualized by gender and marital status (interacted), race,
education level, and experience (linear and squared). Data: Census 1980, 2000, ACS 5-years 2015-2019.

Changes in employment levels were also not uniform across cities. While the share
of men with full-time employment declined since the 1980s, a positive relation be-
tween city size and employment emerged in recent decades, mainly due to a decline
in jobs in smaller cities (Figure 3). An important factor behind the decrease in overall
employment has been the reduction in manufacturing jobs (Figure 4).

In contrast to the decline in employment among men, there has been a significant
increase in the share of women who are employed full-time, with no clear relation
with city size (Figure 5). Along with higher employment opportunities for women,
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the gender wage gap has declined since 1980. While the relationship between city size
and the gender gap was negative in 1980, it became less negative in 2000 and was flat
in 2019.
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Figure 3: The figures plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.
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Figure 4: The figures plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.

Moreover, housing price dispersion across US cities increased since the 1980s, with
prices rising much more rapidly in bigger cities (Van Nieuwerburgh and Weill, 2010).
As shown in Figure 6, the positive relationship between prices and city size has be-
come steeper in recent decades.

Between 1980 and 2019, the fraction of the population between ages 25 and 54
who are married declined significantly. But the decline has been more pronounced
in smaller cities. As a result, while the relation between city size and marriage was
negative in 1980, i.e., the number of singles was higher in bigger cities, it became flat
in 2019 (Figures 7a and 7b). The pattern is similar for college and non-college, but the

5



(a) Share employed females, college (b) Share employed females, non-college

0.6

© 1980 + 2000 - 2019 . © 1980 -+ 2000 - 2019
12 13 14 15 16 17 12 13 14 15 16 17
Log Population Log Population
(c) Gender wage gap, college (d) Gender wage gap, non-college

© 1980 © 2000 - 2019 ’ . © 1980 © 2000 - 2019
12 13 14 15 16 17 12 13 14 15 16 17
Log Population Log Population

Figure 5: The figures plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.
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Figure 6: The figure plot MSA outcomes by year. Annual rents are adjusted for dwelling character-
istics using a hedonic regression (see Appendix A). Sample: 25-54 years old. Data: 1980, 2000, ACS

5-years 2015-2019.



decline in marriage has been much more significant for non-college. At the same time,
the number of divorced people increased, and the rise was more significant in smaller
cities. Indeed, the relationship between city size and divorce was positive in 1980 and
became negative in 2019. The pattern is similar for college and non-college, but again,
the rise in divorce is more significant for non-college (Figures 7c and 7d).
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Figure 7: The figures plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.

Finally, there was no relation between marital sorting (the correlation between the
educational attainments of couples) and the city size in 1980. Since then, the relation-
ship has become positive, and there is now a higher degree of assortative mating in
larger cities, as marital sorting declined in smaller cities and increased in larger ones
(Figure 8). The increase in the number of couples with two college graduates, the so-
called power couples, has already been documented by Costa and Kahn (2000) and
Compton and Pollak (2007).



(a) Marital sorting by education (correlation)
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Figure 8: The figure plot MSA outcomes by year. Sample: 25-54 years old. Data: 1980, 2000, ACS
5-years 2015-2019.

3 Model

The economy is populated by infinitely-lived individuals who differ in gender, g €
{m, f}. Individuals are born with an innate ability level, denoted by a,. We assume
that Ina, ~ N (0,0,). At the start of their lives, individuals decide whether to get a
college education, denoted by e € {N, E'}. Obtaining a college education implies a
utility cost that is declining in innate ability. After the education decision, individuals
decide where to live. There are J cities, indexed by j € {1,2, ..., J}. Cities differ in the
amenities they offer. Wages for individuals of different genders and education also
differ across cities. These wages depend on exogenous productivity differences across
cities and endogenous education and location decisions. Labor incomes are a product
of wages and innate ability levels.

Finally, once individuals choose a city, they enter a local marriage market, meet
other singles, and form households. In each period, single and married households
decide how much market goods and housing to consume. Married households also
decide whether or not their members participate in the labor market, while single
households are assumed always to participate. Marriages can also break, and if that
happens, divorcees reenter the marriage market. We assume that education and lo-
cation decisions are made once at the start of life, while marriage and household
decisions are made continuously. Each period, individuals can die at an exogenous

Poisson arrival rate of 7, and are replaced by newborns.



3.1 Preferences

The instantaneous utility function for a single individual in city j is given by
u? (e, h) = alog(c) + (1 — a)log(h — h) + BB,

where c and h are the consumption of market goods and housing. There is a minimum
housing consumption, denoted by h, which captures the fact that poorer households
spend a larger share of their resources on housing. Finally, B; represents the amenities
that city-j offers.

For a married couple, the instantaneous utility from consumption and housing of

living in city j is

where [; and [,,, are labor supply decisions, i.e., [, € {0,1} and ¢; and g¢,, are utility
gains from choosing not to work. A married couple also enjoys an additive match
quality, denoted by £ such that the total instantaneous utility is uj” (e, hylp, L) + M.

3.2 Production

The output in location j is given by

Y= X0 L+ (- 01
where Xj is city-specific productivity, 67 is the share of non-college educated workers
in production and p is the elasticity of substitution between college and non-college
workers. The total efficiency units supplied in city j by education group e, L;., is
an endogenous aggregate that depends on how individuals of different ability and
education levels are distributed across space. These efficiency units aggregate male
and female labor supply, i.e.,

E
Lip=Ljgm+K;Ljgf,

and

N
L]7N = Lj7N7m + KZ] Lj’N7f7

where & is the relative efficiency of females with respect to males, a parameter that
can help us to match the observed gender wage gaps.

Labor and product markets are competitive and there is a representative firm in
each location. As a result, the wages in each location are given by the following first-
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order conditions for unskilled

N e N[ Y e
wiNm = X; 0! ( ) , wing = X 00 K (_J> ,
JN,m JYj Lj,N NS 3 Y5y Lj,N

and skilled workers

N Y} e N\ E Y; e
W pm = X;/(1=0;") ( — , wip,r =X (1 =05 )K; , :
L],E L.77E

In each location, housing supply is given by

Hy = wlp”
j = WPt

where p; is the price per unit of housing 5, w; is the elasticity of housing supply, and w?
is a city-specific scaling parameter that will allow us to exactly reproduce the housing
prices observed in the data.

3.3 Marriage Matching

As a result of education and location decisions, and the formation and dissolution of
households, in each period there will be a mass of single males and single females in
each location. Let ji., ., denote the mass of single females of education level e and
innate ability a in city j, and p;e,, ., be the corresponding number for males. Then,
the total number of singles of gender g in city j is given by

Hj.g = Z Z Hjeqaq-

€g Qg

The number of meetings among singles of particular education and ability per unit

of time, I';(ef, ay, €m, an,), is determined by a Cobb-Douglas matching function,

- lLL'7 k) M'v m M
Lj(ef, ap, em, am) = V(em, ef) (Mﬁfﬂ;,mﬁ> P TRt
Hif  Him

Y

where
Y1+ ¢;), if e, = ey
¥(1 — ¢;), otherwise

w<em? ef) = {

The parameter v represents the efficiency of the matching function, and ¢, captures

the fact individuals with similar education levels are more likely to meet each other.
Given the number of matches formed, the probability (Poisson rate) that a single

woman of skill ey an ability a; matches with a single man of skill e, an ability a,, is
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given by

F' (& 7a ’e ’a
&irler,ar, em, an) = iy 0, ém m)
’U/jvef,af

3.4 Taxes and Transfers

Households face a progressive Federal income tax schedule. Following Bénabou (2002),
Heathcote, Storesletten and Violante (2014), and others, we use a simple tax function

to represent effective average tax rates in the data given by
) =1=(1=m) ™, M)

where I is the income of a household relative to the mean income in the economy. The
parameter 7, defines the “level” of the tax rate, whereas the parameter 7; governs the
curvature or progressivity of the system. If 7, = 0, then taxes are proportional and
given by 7. If 7 is positive, taxes are progressive and higher-income households face
a higher average tax rate.

Households also receive means-tested transfers. Following Guner, Lopez-Daneri
and Ventura (2023), we assume that the effective transfer function takes the following
form
TR<[~>:{%,ifi=o N

exp(y1) exp(y)I, if I >0

where [ again is household income relative to the mean income. This formulation
implies that transfers are positive if household income is zero and accommodates a
smooth decline as household income increases. Below, we use function 7'(7) to denote

total tax and transfer payments households pay or receive.

3.5 Household Decisions

We first define the dynamic programming problem of single and married households
after they make their location decisions. The structure of the value functions closely

follows the continuous-time marriage model by Goussé, Jacquemet and Robin (2017).

3.5.1 Single households

After choosing a city to live in, a single female continuously chooses how much market
goods and housing to consume. With some probability (Poisson rate) &; ¢(em, am, ey, af),
a single female of type (e, as) is matched with a type-(e;,, a,,) man in the marriage
market. Upon matching, the marriage quality parameter e ~ N(u v, 0.1 is drawn,

and, after observing it, the couple decides whether to marry. Let V! (4, €, ay, e, €M)
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and V5 (ay, ¢,) denote the value of being married and single, respectively. A marriage
takes place if
‘/}{g(a’maeﬁwafaefaEM) Z ‘/ji](@g,eg) fOI'g c {f, m}, (2)

i.e., both parties agree.

Since Vf‘g is strictly increasing in £V, this implies a threshold rule for marriage. Let
E(am, €m, ay, er) be this threshold such that a marriage occurs if e > Z(a,,, e, ay, ef).
As a result, upon matching, marriage happens with probability

1_®(5—[1,8]M)7
OM

where ®(-) is the CDF of the normal distribution.
Given a rate of time preference r and Poisson arrival rate for death =, the value

function for a single female is given by

(r + W)‘/}‘?f(af,ef) = rnaxuf(c, h) + Z i p(€ms m, €5, ay)

c,h
N M = S é: — ILL M
/( ) (Vi (@ms em, ap e, €) = Viy(ag, e)] dP (T;> 3)
glam,em,ay,em

S.t. c + pjh == wj,eg,gag + T(wjzegvgag>

Consumption and housing decisions are static, the allocations are independent of
the continuation value. Then we can define the per-period maximized value function

as

V;-*’gg(ag, eg) = ngf}lx uf(c, h)

S.t. C + pjh/ = wj,eg,gag + T<w.j’eg’gag>‘

The housing demand associated with this maximization problem is given by

1—a
h = —p (wj@g?gag + T(wj7€g79ag)) —+ ah‘
J

3.5.2 Married households

Like singles, married households choose housing and consumption continuously. They
also decide whether household members should participate in the labor market. Each
period, at an arrival rate of J, married households receive a shock to their marriage
quality, and they take a new draw from ™. When this shock occurs the marriage
survives if the condition in Equation (2) still holds. Otherwise, the marriage ends in
divorce. We assume that there are no utility cost or side payments associated with
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a divorce. As a result, divorce follows the same threshold rule that is used for new
marriages, and the probability of divorce is given by

(w<il&ﬁ).
O-M
The value of being married for a female is then given by

(7’+7T)Vj{\f(am,em,af,ef,gM) = c,hﬁ?ggég}uy(c’h’lf’lm)+8M+ 4)

&(am,em,af,ef) ~ ’
5/ (V;-ic(af,ef) — ‘/jf‘]{(am,em,af,ef,é))dé (5 'MEM) ,

—00 OcM

subject to
c+pih =T + T(IM), with I = w; ., mmln + wj., sasly.

As we did for singles, we can define the per-period maximized indirect value from
consumption and housing as V" (a, em, as, e5) with the associated housing demand

given by
-«

bj

h= (IM +T(IM)) + ah.

3.5.3 Solving for the value functions

In Appendix B, we show that the value of being married is given by

VM (@, e, ay,ep) eM
V}M(am,em,af,ef,EM) = ’ E—p M T4+ (5)
r+m+ 0P <—‘75M )

€ — UM g JIsY OcM € — UM
o P V: — .
+ |: ( O:-M ) ( J (af’ef) 7’+7T)+7”+7T¢( T-M )}

The value of being married has two parts. The first is the sum of the discounted
indirect utility from consumption and housing and the marriage match quality, which
households enjoy as long as the marriage lasts. The second line represents the value
associated with the end of the marriage and captures the value of returning to single-
hood.
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Similarly, the value of being single can be written as

1
E(ay, ey)

T §irlag, eram, ey) (1 3 (6_— ,uaM)) Viu(ag, epam, ey) e

(af,ef) O-M T+7T—|—(5CI) <EUM M)

M

r+m14+9 OcM € — WM
<z>( a ) . (6)
r+7r+5<1>( >T+7T OeM

E]\/I

V:(ay,ep) = Vo(ayer)+

am,em

where

1o ()
E(af,er) =(r+m) |1+ Eirlag, efam, er) T
2" By oy

o.M

Again, the value of being single has two components. The first term is the discounted
sum of static utilities of being single. Discounting now depends on how quickly an
individual matches and forms a marriage and how long such marriage lasts, which is
determined by the marriage and divorce probabilities defined above. Upon marriage,
households also obtain a utility gain, summarized by the second term in V,*(ay, ey).

Given these value function, the threshold match quality £,(ay, ey, ap, €,,) can be
obtained as a solution to

V;‘M(aﬁef»am?emaég(af’ef’amvem)) = V;‘S(ameg) for g € {f,m}.

which allows us to obtain the threshold match quality as the solution of the following

non-linear equation

E(tm, emyag,e5) = (r+m) (1 — 5 <5 — “)) VS(ay, ey)

OcM

S = _ =
<U€M¢ (M) " <€_M))
r+m OcM OcM

VM(am,em,af,ef)

7"+7r+(5<I>(5 ““)I

o.M

So far we have defined value functions and the associated thresholds for females.
The problems for males can be defined similarly. Since a marriage occurs when both
spouses profit from it, the match-specific marriage threshold is the maximum of thresh-
olds for each gender

E(ay,ef, am,em) = max{En(ay, ef, am, €m), Ef(ar, ef, am, em)}. (7)
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3.6 Stationary distributions

In a stationary equilibrium, flows into and out of marriage has to balance each other
in each city. Then if ,uf,eg’ag is the mass of single households of gender g is city j and
u%ﬁahefﬂf that of married households, in a stationary equilibrium flows into marriage
must be equal to flow into divorce for each type of marriages, i.e.,

€ — UM € — UM
M‘}-S:ef7af§j7f(af, €flm, €f) (1 - & (—)) = (7T +09 (—)) /"L%Bm,am,ef,af' (8)

OcM OcM

To measure the fraction of singles who have been married at least once in the past,
i.e., the mass of divorced individuals, we can also define a similar condition that
equates flows into divorce with outflows from the divorce states. This condition is
given by

M E—peMm\  p € — HeM
Z /“Lj,Em,CLm,efﬂf(sq) (_O'aM ) - ,uj@f’af <7T + Z gj,f(af7efam>ef) (1 - (_0'61\4 ))) )

€m,am E€m,,am

where ufeg,% is the mass of gender g individuals of type (e, a) who are divorced.

3.7 Location and Education Decisions

Individuals start their lives as singles and decide in which city to live. Each city offers
a discounted lifetime utility of being single there, V;(eys,ay) for women, as defined
above. The location choices also depend on an idiosyncratic preferences for each city,
denoted by ¢/. We assume that e/ ~ Gumbel(0, 0.) and, thus, its distribution is common
across cities. Then, the location choice of a female with education e; and ability a; is

determined by the following maximization problem.

Vi(eg,ay) :je{ngf]} Vjs(af,ef) + €. 9)
We define V,, (e, a,,) similarly. Let the associated location decision be given by J,(e, a).
Given V,(e,, a,), an individual decides whether to get a college education. Recall
that all individual are born with some innate ability a, distributed with some function
F,. Also suppose the cost of education is distributed according to a logistic distribu-
tion with mean 2 where a is ability. Hence, individuals with a higher ability face on
average a lower utility costs of obtaining a college degree. Then, an agent will get an
education if

Vy(1,a,) - (1 - ) > V, (0, ay). (10)

Qg

where € is drawn from a logistic distribution with mean zero and scale parameter o..
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Let the associated education decision be denoted by E,(a).

3.8 Equilibrium

An equilibrium is a set of value function for married and single individuals, VjM (af,ef, am,em, M)
and V5 (ay, ¢,), threshold match quality levels for each type of marriage, £(ay, ey, am, €m),

the location and education decisions given by J, (e, a) and E,(a), the share (mass) of the
population of each gender, skill and ability in each city, {/s;..4}, share of population

of each gender, skill and ability in each city who is married and single, { “‘%m,am,ef,af}

and {;3, , ,}, wages in each city, {w; .4}, and housing prices in each city {p;} such that:

1. The value function V;M (af,ef,am,em,e™) and V;S (a4, e4) are given by equations
(5) and (6).

2. The match quality threshold is given by equation (7).
3. Location decisions are given by (9).

4. Education decisions are determined by equation (10).
5. Wages are determined by firms” FOCs with

S M
L]'»Ef»f = Z ar (ll’j,ejc,af,f + Z luj,em,am,ef,aflf(em7 Am; €f, af))

af

€m,am

_ E S § : M
Lj76m7m - am /‘Lj,em,am,m + /“Lj,em,am,ef,aflm(em’ Qm, ef’ af)

am ef,af

6. Aggregate share of skilled and unskilled individuals is consistent with education
decisions.

7. {Mje,aq} are determined by individuals’ location choice decisions, with ). ttjc.ag =
pg = 1.

8. {130, e s, and {1504} are determined by individuals’ marriage decisions,
with

_ E M S
Mj7ef7af7f — Mj,emﬂmyefﬂf +’ujvef7af’f

€m,am

_ E M S
:uj,em,am,m - :uj,em,am,ef,af + :uj,em,am,m
ef,af
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9. Housing market clear, i.e.,

1
0,% _ 2 : S S S }: M M M
w]pj o ijezaugh (p]7 Ij,ﬁ,@,g) + ijeM7am7€f7afh (pJ’ [j7em7amvef7af)7

€,a,9 €f,af,€m,0m

where 7., and 1M are the net incomes of single and married house-

J,€,a,9 2,€m,am,ef,af

holds and %* and h* are the corresponding housing demand functions.

10. Marriage market is in equilibrium, i.e., equation (8) holds.

4 Benchmark Economy

We calibrate the model to the US economy in 2019. The first step in simulating the
model economy is to define an empirical counterpart for the locations (cities) in the
model. Our approach is to map US population living in MSAs into a small number
of representative cities. In particular, we group MSAs into five cities based on their
population in 2019. Since MSAs do not cover the entire US population, we define a
residual rural location that groups counties that are not part of any metropolitan area.
This implies that when an individual chooses a location (equation (9) in section 3.7),
they consider six alternatives. We abstract from marriage and household decisions in
the rural area, and calibrate the present expected value of living in the rural area for
an individual of gender g and education e, V4", to match the fraction of individuals
who live in rural areas in 2019.

Figure 9 plots the log population rank of MSAs in 2019 (vertical axis) and their
corresponding log population (horizontal axis). The solid grey horizontal lines define
the population thresholds that are used to group MSAs into five cities. Those lines,
which coincide with breaks in the rank-population relationship, are defined as follows.
Let thr; be the log population rank of the smallest MSA in 2019. This log rank, which
in the data is given by thr; = 5.537 (population threshold 106,000), coincides with
the lower rank threshold for the smallest city in the model (city 1). The bottom grey
horizontal line, representing the lower rank threshold of the largest city (city 5), is
instead given by thr; = %1 x 2 (population threshold 5,000,000). The rest of the lines
are chosen to obtain four equally spaced groups, in terms of log population ranks,
between thr; and thrs. Therefore, the lower rank threshold for the second largest
city (city 4) is given by thry = thr; + #7125 corresponding to population threshold
2,665,500. The lower rank threshold for the middle-sized city (city 3) is given by thr; =
thrs + % x 2 (population threshold 1,455,000). The lower rank threshold for the
second smallest city (city 2) is given by thry = thrs + 211175 % 3 (population threshold
506,000).
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Figure 9: Log population rank of MSAs, 2019
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Hence, city 1 in the model corresponds to all MSAs between thr; and thrs, city 2
corresponds to all MSAs between thry and thrs, etc. Any model input or target we
construct for a model city represents an average value across MSAs between the cor-
responding thresholds. Crucially, this procedure allows us to obtain 5 synthetic cities
that can capture the empirical relationships between city-size and the other variables
of interest.

Next, for each city in the model, we construct several data model inputs and data
targets. The housing supply elasticities, w;, are borrowed from Baum-Snow and Han
(2023). Saiz (2010) provides housing supply elasticity estimates using data from 1970
to 2000 for 237 metropolitan areas (MSAs). Baum-Snow and Han (2023) update Saiz
(2010) estimation for the 2000-2010 period. For the benchmark economy, wjl- values are
set to their average values for the 2000-2010 period. Figure 10 (left panel) shows the
relation between the city size and housing supply elasticities. In 2019, supply is less
elastic in larger cities. The relation between city size and housing supply elasticity was
similar in 2000. However, it was much more negative in 1980, when the elasticity in
smaller cities tended to be substantially higher.

We measure amenities at the location-year level, B;, following Diamond (2016).
The amenities are constructed using MSA-level information on the extent and quality
of the retail sector, the quality of the transportation network, the number of patents,
crime rate, environmental quality, and schooling quality in 2019." A single amenity

index for each location and year is constructed using a principal component analysis.

Data is based on the US Census, the County Business Patterns, the FBI Uniform Crime Reports, the
EPA air quality monitors, the Census of Governments, the NBER Patent Database, the US Patent and
Trademark Office, and Duranton and Turner (2011). Appendix A contains more details on the amenities
used.
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The right panel in Figure 10 shows how amenities differ across cities in the data. Not
surprisingly, there is a very strong positive correlation between city size and estimated

amenities.

(a) Housing supply elasticity (b) Amenities (PCA)

0.0

© 1980 + 2000 + 2019° S < 1980 * 2000 - 2019
12 13 14 15 16 17 12 13 14 15 16 17
Log Population Log Population

Figure 10: The figures plot MSA outcomes by year. Sources: Baum-Snow and Han (2023), and Saiz
(2010) (left panel); Diamond (2016) and data sources referenced in footnote 1 (right panel).

A few parameters are set directly to their data counterparts or taken from the litera-
ture. The death probability, 7, is chosen so that an average individual lives for 40 years,
roughly the time spent in the labor market in the data. The rate of time preference, r,
is set to 2%, which corresponds to an annual discount rate of 0.98. Since we cannot
separately identify the average idiosyncratic value of marriage from the frequency of
matches, we set the average efficiency of the matching function, v, to 0.151, a value
estimated by Goussé, Jacquemet and Robin (2017). In a balanced marriage market,
this value implies a median waiting time between two matches of 4.5 years. Finally,
following Acemoglu and Autor (2011), we set the elasticity of substitution between
skilled and unskilled labor, 1/(1 — p), to 1.68.

Several parameters are chosen to exactly match certain targets in equilibrium. In
particular, we choose X, the aggregate total factor productivity in city j, to match the
average labor income in city j, and #) and s to match the skill premium and the
gender wage gap in each city in 2019. Data on labor income is from the 2019 American
Community Survey (ACS), where we define two educational groups, e € {N, E'}, cor-
responding to individuals with and without a college degree. Finally, the scaling terms
for housing supply, w}, are chosen so that in equilibrium we match average housing
price in each city. In order to facilitate comparisons of housing prices across cities,
we compute a city-level hedonic price index by adjusting for dwelling characteristics
(details are given in Appendix A). All the targeted moments for a model city are calcu-
lated as the simple average of the corresponding moments for the MSAs that compose

that particular city, as described above. The calibrated values for these parameters are
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reported in Table C1 in Appendix C.

City size Skilled fraction
04 ‘ ‘ '
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Figure 11: Benchmark Economy, Model vs. Data.

Moment Model Data
Population, skilled male, fraction 0.35 0.33
Population, skilled female, fraction 0.36 0.38

Housing, share total cost, 1st tercile of inc. distr. 0.46 0.42
Housing, share total cost, 2nd tercile of inc. distr. ~ 0.35 0.37
Housing, share total cost, 3rd tercile of inc. distr. 0.30 0.33
Population, divorced fraction 0.08 0.10
Inequality, 90-10 perc. ratio 355 337

Table 1: Benchmark Economy, Model vs. Data.

We are then left with 21 parameters to determine, for g € {f,m}, and J = 5: i)
variance of the ability distribution, o,, ii) the average cost of education, x, and hetero-
geneity in cost of education, o, iii) variance of preference shocks for locations, o., iv)
cost of work, ¢4, v) utility weight on consumption, o, vi) minimum housing consump-

tion, h, vii) marriage match quality, ;1.» and o.u, viii) divorce shock, 4, viii) additional
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probability of matching with your own education type, ¢;, ix) the utility weight on
amenities, 3, and x) value of living in a rural area, nggml.

To estimate these parameters, we use a set of 37 targets:

1. Share of population in each city (5 targets)

2. Fraction of skilled population in each city (5 targets)

3. Labor force participation of men and women in each city (10 targets)
4. Fraction of population married in each city (5 targets)

5. Marital sorting, correlation of husbands and wives educations, in each city (5
targets)

6. Fraction of males and females with a college degree (2 targets)

7. Housing expenditure as a share of household total expenditure by terciles of
income distribution (3 targets)

8. Fraction of population who are divorced (1 target)
9. Earnings inequality, 90-10 ratio (1 target).

Figure 11 and Table 1 shows model fit. Table 2 shows the estimated parameters.

5 Coming Apart

We next exploit the benchmark model to understand changes in US households. To
this end, we conduct two counterfactual experiments. First, we change the parameters
of the production function, X, ij and K5, SO that average income, skill premium, and
the gender wage gap in each city are equal to their 1980 values in the data. In both
cases, we recalibrate the value of living in rural areas to match the shares of urban
population observed in 1980. We keep all other parameters at their benchmark values.
Table C2 in Appendix C shows the parameters of the production function for the 1980
economy. The counterfactual economy is characterized by lower skill premiums and a
larger gender wage gaps. Moreover, in contrast to the benchmark economy, the gradi-
ent between city sizes and skill premium is lower. Second, we change the elasticity of
the housing supply parameter, wj, to their 1980 values, as illustrated in Figure 12. In
1980, the housing supply elasticities were significantly higher in smaller cities. From
1980 to 2019, they have declined sharply in smaller cities and only so slightly in larger
cities, such that by 2019 elasticities across cities are much similar than they were four
decades earlier
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Parameter Value Moments

Marriage, match quality, mean (¢") -0.04 Fraction married by city
Marriage, match quality, std (o) 0.27

Marriage, match quality, shock prob (§)  0.01 Divorced fraction

Match. fun. bias, city 1 (v;) 0.40

Match. fun. bias, city 2 (v;) 0.38

Match. fun. bias, city 3 (v;) 0.33 Assortative mating by city
Match. fun. bias, city 4 (v;) 0.28

Match. fun. bias, city 5 (v;) 0.29

Cost of Education () 15.72 Share with college education

Cost of work, male (¢,,) 0.61 LFP by gender

Cost of work, female (gy) 0.43

Ability distr., variance parameter (o) 0.20 Aggregate income inequality
Utility weight on consumption (o) 0.74 Housing expenditure by income quintile
Minimum housing (h) 0.57

Amenities coefficient (/3) 0.47  Correlation between amenities and city size
City pref., scale parameter (o.) 871  Correlation between income and city size
Education shock, scale parameter (o) 8.23 Gender gap in education

Value rural, unskilled male 48.40

Value rural, unskilled female 42.05 Share of rural population

Value rural, skilled male 52.25

Value rural, skilled female 48.22

Table 2: Estimated parameters.

As the wage structure changes between 1980 and 2019, the model generates a sig-
nificant increase in the population share with a college degree, which increases from
20% in the 1980 counterfactual to 35% in 2019. The growth happens in all cities. But, as
Figure 13 (left panel) shows, the largest city in the model, which already had the high-
est share of the skilled population in the 1980 counterfactual, experiences the largest
increase in skilled population, consistent with great divergence observed in the data.
With the decline in the gender wage gap and overall wage increase, the female la-
bor force increases significantly between 1980 and 2019, as shown in Figure 13 (right
panel). Again, consistent with the data, the increase is uniform across city size. While
women enter the labor force, the labor force participation of less educated men de-
clines (Figure 14).

Changes in wage structure have also affected the marital status of the population.
The number of married people declines between 1980 and 2019, and more so in smaller
cities, as shown in Figure 15 (left panel). As we observe in the data, there is also a
significant increase in assortative mating, and more so in larger cities (Figure 15, right
panel).

Finally, the higher geographic dispersion of productivity along with the higher
skill premium, the higher concentration of skilled individuals, and the higher concen-
tration of couples with two college graduates, generate a significant rise in the overall

concentration of population in bigger cities which is accompanied by an increase in
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Figure 12: Elasticities of housing supply in 1980 and 2019.
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Figure 13: Skilled population share and married women labor force participation.
Benchmark economy versus 1980 technology counterfactual.

housing prices (Figure 16). This causes more dispersion of house prices across space,
in line with what has been observed in the US.

Next, we turn to the effects of changes in housing supply elasticities. Overall, as
housing supply elasticities decline between 1980 and 2019, the house prices increase
in all locations (Figure 17, right panel). Despite the uniformity of these changes the
population shares increase more in bigger cities. These patterns are driven by signifi-
cant changes in the composition of the population. Changes in housing prices, in fact,
have implications for household structure. Higher housing prices cause an increase
in female labor force participation, and the effect is larger in bigger cities, as shown
in the left panel of Figure 18. Furthermore, for college graduates, higher house prices
in larger cities make marrying another college graduate more attractive, making the
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Figure 14: Labor force participation of men by skill level. Benchmark economy versus
1980 technology counterfactual.
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Figure 15: Marriage share and marital sorting. Benchmark economy versus 1980 tech-
nology counterfactual.

relation between city size and assortative mating more positive in the 2019 economy

compared to the 1980 counterfactual (Figure 18, right panel).
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Figure 16: Population shares and housing prices. Benchmark economy versus 1980
technology counterfactual.
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Figure 17: Population shares and housing prices. Benchmark economy versus 1980
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Figure 18: Married women labor force participation and marital sorting. Benchmark
economy versus 1980 elasticities of housing supply counterfactual.
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6 Conclusion

US households are much more segregated across space today than they were decades
ago. Since the 1980s, there has been a significant concentration of college-educated in-
dividuals, particularly in larger cities where inequality has also risen. Smaller cities ex-
perienced a more substantial decline in marriage rates, especially among non-college
graduates, leading to a doubling of single non-college graduates from 1980 to 2019.
Assortative mating has notably increased in larger cities, contributing to higher in-
equality. Simultaneously, house price disparities across US cities have expanded. This
societal shift is characterized by educational, marital, and geographical divisions.

To explore these trends, we employ a spatial heterogeneous agent model of fam-
ily formation. The model reveals that changes in the wage structure between 1980
and 2019 concentrate more college graduates in larger cities, intensifying assortative
mating. This also contributes to housing price disparities, with prices rising more sig-
nificantly in larger cities. Additionally, the housing market changes, with a less elastic
housing supply between 1980 and 2019, further fueling assortative mating in larger
cities, as higher housing prices incentivize college graduates to marry individuals with

similar educational backgrounds.
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Appendix

This Appendix is organized as follows. Section A provides details about the data.
Section B presents further details about the model. Section C contains additional tables

referenced in the main text.

A Data [Back]

Data on marital status, employment, wages, housing cost, and education, comes
from the 5 percent samples of the US Census 1980, 2000, and the ACS 5-year 2015-
2019 sample. We focus on individuals aged 25 to 54. We group them by educational
attainment “college degree” versus “no college degree”.

The local inverse housing supply elasticities for the years 1960 and 1980 are sourced
from Saiz (2010), while those for the more recent decades (2000 and 2019) come from
Baum-Snow and Han (2023). Saiz (2010) reports elasticity estimates using data from
1970 to 2000 for 237 metropolitan areas (MSAs), whereas Baum-Snow and Han (2023)
replicate Saiz” estimation for the 2000-2010 period. Elasticity estimates within MSAs
are fixed to their 1970-2000 values in 1960 and 1980, and to their 2000-2010 values in
2000 and 2019.

We measure amenities at the location-year level following Diamond (2016). Infor-
mation on amenities related to retail, transportation, patents, crime, environmental
quality, and schooling quality is collected from multiple data sources: The US Census,
the County Business Patterns, the FBI Uniform Crime Reports, the EPA air quality
monitors, the Census of Governments, the NBER Patent Database, the US Patent and
Trademark Office, and Duranton and Turner (2011). Retail amenities reflect the vari-
ety of shops and entertainment options in cities, and are measured by the per capita
number of clothing stores, eating and drinking places, and cinemas. Transportation
amenities assess the quality of public transit and road infrastructure, including data
on buses per person, an overall public transit rating, and average daily traffic on major
roads. Patents per capita are also measured in the data. Crime data cover both violent
and property crimes per person. Environmental amenities include per capita govern-
ment spending on parks and recreation, as well as the EPA’s air quality index. School
quality measures include government spending per student in K-12 education and
the number of students enrolled in private schools relative to those in public schools.

A single amenity index for each location and year is constructed using a principal
component analysis, as in Diamond (2016). Relative to Diamond, our index is also
computed for the year 2019. Due to the unavailability of transportation data for that
year, we rely on data from 2010 to measure transportation amenities.
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Hedonic Price Index In order to facilitate comparisons of housing prices across cities,
we calculate a hedonic price index for each MSA in the sample. Our approach involves
regressing the log gross annual rent paid by each renter i on a set of location-specific
tixed effects and housing characteristics for each year ¢t. The housing characteristics
include the number of bedrooms, rooms, household members per room, and the total
number of units in the structure in which the individual resides.

Our regression equation for individual ¢ and given year ¢ is expressed as follows:

log(pi) = amsa() + @1Rooms; + a,Units; + asBedrooms; + a4 (M> €

rooms;
The reference groups for each cathegorical variable is given by the median value at the
national level for each year.

The hedonic price index for each MSA is given by the fixed-effect aysa(;) obtained
from this regression. The final prices used in the model, p;, are expressed in thousand
of euros, and are obtained by taking the exponential of amsag), dividing by 1,000,
and averaging within city groups. Given the way the regression is estimated, one
unit of housing refers to a dwelling having the median number of rooms, units in the

structure, bedrooms, and members per room observed in the U.S. for that specific year.

B Solving for the Value Functions [Back]

In this appendix, we derive equations (5) and (6). In the derivations, to enhance leg-
ibility, we omit all the indexes regarding abilities and education whenever possible
(e.g. VY (am, em, ag, ef,e") becomes V' (™)). First, we notice that (4) can be rewritten
as

M \ 5 € s
M .M € j s Mo/~ € — M
, — = SV W) 11
Vire™) r+m r—|—7r+r—|—7r/_oo<vj’f Vis(€)d ( O ) ’ (b
which implies that
VM (M) e = VMg - £

for any €. Using this result, we can rewrite the continuation value in (11) as

c S _yM(z P 5—IU,EM :/8 S _ Mz € . € ) é—MEM
/_OO(V;’f V;’f (8))d O.M 00 V;’f ‘/J’f <€> + T+ r+m d OcM

_ V-S —V~M ~ 5 . € AP {;:—/LEM
/Oo<j’f J’f(€)+r+7r r+7 O.M




For ¢ = e and since

g I~ = =
/ £ (—5 “) — 0 (5 “€M> et — & (—5 “6””) oo
— 0o O-M O-M O:M

we have

[ - v (1) -

O-M

— M —
E — UM T — Ugm M E — UeMm
() (e o =55) + e ()

OeM r+7 T+ 7 OcM

Replacing the latter in the value function for married female and rearranging gives

VM eM
‘/;M<EM) — J _ +
r4 7+ 0 (H_M> r+m
UEM

15 {Q) (8_M8M>(V;S— MM )+ O-M ¢(€—M€M>:|
OcM r+m r+m OcM

which is equation (5) in the main text. To derive equation (6), first notice that using the

latter equation we can rewrite the integral term in the continuation value of equation
(3) as

[ e - vjae () -

O:M
1-@ (g;u—EM> _ 5 = = _
E;VI— |“CM - (T + 7T-)‘/js - <:U’€M(I) (6 M€M> - 0-5M¢ (8 MEM)>:| +
7’—1—7?—1—(5(1)( #EM) r+m OcM OcM

O'EM

Since
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32



we have

[ e - viyae (24 -

1—®(i&ﬂ> +T46 3
7 VM + pers — (r+ m)VI ]+ T 7en (E MaM)
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Finally, using the latter in the value function for singles and rearranging gives

V_s:1175+25%f (1_¢(5—MEM)) Vir +pe

E

r+m+9 O.M € — UM
r+7r+5q>(€“M>T+7T Oom
where
1—@(8 MEM>
E=r+m) |1+ §f UEJ_M
age:m r+m7+0P (E;“EM)

which is equation (6).

[Back]

C Additional Tables

33



Parameter Value Moments

Prod. fun., TFP, city 1 (X}) 12.67

Prod. fun., TFP, city 2 (X}) 13.69

Prod. fun., TFP, city 3 (X}) 14.15 Average income by city
Prod. fun., TFP, city 4 (X}) 15.33

Prod. fun., TFP, city 5 (X}) 16.96

Prod. fun., skill share, city 1 (1 — 6}") 0.53

Prod. fun., skill share, city 2 (1 — 6}) 0.54

Prod. fun., skill share, city 3 (1 — 6}) 0.56 Skill premium by city
Prod. fun., skill share, city 4 (1 — 6}) 0.58

Prod. fun., skill share, city 5 (1 — 6}) 0.64

Prod. fun., skilled gender gap, city 1 (1) 0.79

Prod. fun., skilled gender gap, city 2 (s} 0.72

Prod. fun., skilled gender gap, city 3 (s} 0.70 Gender wage gap by city, skilled
Prod. fun., skilled gender gap, city 4 (x}’) 0.73

Prod. fun., skilled gender gap, city 5 (x}’) 0.71

Prod. fun., unskilled gender gap, city 1 ()  0.80

Prod. fun., unskilled gender gap, city 2 (x})  0.76

Prod. fun., unskilled gender gap, city 3 (x}')  0.77  Gender wage gap by city, unskilled
Prod. fun., unskilled gender gap, city 4 (x})  0.78

Prod. fun., unskilled gender gap, city 5 (x}’)  0.78

Housing supply intercept, city 1 0.14

Housing supply intercept, city 2 0.35

Housing supply intercept, city 3 0.85 Housing prices by city
Housing supply intercept, city 4 1.74

Housing supply intercept, city 5 2.52

Table C1: Production parameters. [Back]
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TFP
Year Cityl City2 City3 City4 Cityb
2019 (baseline) 12.67 13.69 14.15 1533 16.96
1980 (counterfactual) 10.73 11.12 11.25 11.76 12.56

Share skilled in production 1 — 0§V

Year Cityl City2 City3 City4 City5b
2019 (baseline) 053 054 056 058 0.64
1980 (counterfactual) 0.33 0.36 0.39 0.39 0.42
Gender gap skilled
Year Cityl City2 City3 City4 Cityb
2019 (baseline) 079 072 070 073 071
1980 (counterfactual)  0.48 0.59 0.56 0.58 0.59
Gender gap unskilled
Year Cityl City2 City3 City4 Cityb
2019 (baseline) 0.80 0.76 0.77 0.78 0.78

1980 (counterfactual) 0.58 0.57 0.59 0.59 0.61

Table C2: Production parameters: baseline and 1980 technology counterfactual. [Back]
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