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Abstract

This paper examines how marriage market prospects influence decisions related to
labor supply. Using U.S. microdata, we construct a novel and granular measure of
marriage-market tightness. To address endogeneity from demographic mobility or
labor-market shocks, we implement a Bartik-style instrument, approximating local
population changes with national demographic shifts. We show that competition has
sizable effects across gender and education groups. For single men, greater competition
decreases non-participation and hours for those without a bachelor’s degree, and in-
creases income and hours for those with a bachelor’s degree. For single women without
a bachelor’s degree, greater competition increases non-participation.
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1 Introduction

Labor supply is one of the key indicators used by economists to assess an economy’s state of

well-being. The past several decades have seen a noticeable downward trend in labor supply

among young men in the United States, and this trend has continued recently. According to

data from the American Community Survey (ACS), the non-participation rate – the fraction

of a population not in the labor force – for 18-24-year-old men has increased 34% from 2005

to 2019. While a significant portion of that change can be explained by increased uptake of

tertiary education, that is likely not an exhaustive explanation. For 25-39-year-old men, who

are less likely to be in school, non-participation rates increased 31% over the same period.

The situation is not unique to the United States, with rates exhibiting similar trends in, for

instance, the United Kingdom and many other countries across the developed world.

A potentially important and understudied explanatory variable in this trend is the

prospect of marriage and family formation. Supporting a family requires a significant in-

vestment of resources.1 Therefore, not starting a family could remove a significant impetus

for earning. Existing literature documents a substantial effect of diminishing work prospects

on men’s ability to form a family (Autor et al. 2019; Giuntella et al. 2022). Conversely, it is

then plausible that changes in one’s actual or perceived likelihood of forming a family could

affect the motivation to earn and work. This is a particularly relevant concern given the

sentiment and perception of the marriage market. For example, approximately two-thirds of

men under the age of 30 in the United States have identified themselves as single, while the

corresponding share for young women is closer to one-third (PRC 2023). Moreover, the share

of never-married men between 25 and 39 increased by almost half between 2005 and 2019, ac-

cording to the ACS. This increase in never-married men and the increased non-participation

of those men can account for the entire 34% increase in rates mentioned above.2 If family

1According to a 2015 estimate from the U.S. Department of Agriculture, raising a child from birth through
age 17 costs $233,610 (in 2015 dollars, for a middle-income married-couple family with two children) (Lino
et al. 2017).

2All else held equal, the increase in never-married men raises rates because they do not participate as
frequently. Also, while the non-participation rate for never-married men increased by 29% over this period,
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formation is an important determinant of labor supply and younger individuals perceive

substantial changes in its likelihood, one could expect a noticeable effect on labor-related

decisions.

In this paper, we examine whether changes in one’s marriage prospects indeed have a

direct effect on labor supply decisions. More specifically, we study whether increases in local

marriage competition affect one’s likelihood of non-participation in the labor force, hours

worked, income, and likelihood of being idle – i.e., not participating in the labor market or

education. Our analysis finds statistically significant results that vary across sex, age, and

education. Despite less concerning participation trends, we examine young women alongside

young men who also have skyrocketing never-married rates.3

The competition index – a measure of local marriage market tightness – uses national

data on marriage patterns of 18-45-year-olds and local population data. We consider two

specific implementations of this measure in the empirical analysis, although it is initially

presented generally. The first provides a specific index value to each sex-age combination in

a particular year and location. The second further incorporates a binary education metric,

splitting observations into “high school” and “college” based on whether the individual has

a bachelor’s degree at the time.

To address potential endogeneity, we instrument local demographic composition changes

using the initial local population and national-level population changes. This Bartik-style

approach should address concerns related to endogenous movements of individuals across

different areas of the country, among other threats. The identifying assumption is that –

conditional on age-location and location time fixed effects – initial demographic composition

is unrelated to subsequent trends in local labor market outcomes except through its inter-

action with national demographic changes. Given the fixed effects, the identifying variation

comes from differential changes over time across age groups within the same location

it actually decreased slightly for those married before.
3In the 2005-2019 ACS data, female non-participation increased 6% among 18-24-year-olds and decreased

20% for 25-39-year-olds. Never-married rates for 25-29-year-olds increased 53%.
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We do not find evidence of increased non-participation in the labor market among men.

If anything, it somewhat decreases for men without a college education. On the intensive

margin, we find a clear differentiation by educational background. While the number of hours

worked decreases for high school men, it is actually the other way around for college men.

For this latter group, we also find a sizable increase in earnings. This appears consistent

with men of higher socioeconomic standing increasing their economic activity to improve

their prospects. At the lower end, decreased hours may reflect a compositional change (since

there is a concomitant decrease in non-participation). At the same time, we find an increased

likelihood of non-participation among non-college-educated single women of the same age.

However, this does not translate into lower earnings.

Our findings contribute to two main strands of literature. The first one broadly encom-

passes family formation and decisions pertinent to earnings and labor supply. Thus, existing

literature indicates the presence of a ‘marriage premium’ for men, suggesting they earn more

than their unmarried counterparts (de Linde Leonard and Stanley 2015; Ludwig and Brüderl

2018; Korenman and Neumark 1991). However, further evidence suggests that controlling

for selection and productivity substantially reduces the size of the premium (McDonald 2020;

Schechtl and Kapelle 2024). At the same time, increased economic opportunities appear to

increase the number of births in affected men, even in the absence of an effect on marriages

(Kearney and Wilson 2018). This literature also suggests a disparate child wage premium,

with fathers earning more than childless men and mothers earning less than childless women

(Kleven et al. 2019; Lundborg et al. 2017). However, more recent findings suggest that the

“child penalty” tends to decline over time (Lundborg et al. 2024; Fischer et al. 2025). We

contribute to this literature by exploiting plausibly exogenous changes in the composition of

the marriage market and observing the induced response in labor market decisions.

The second strand focuses more specifically on how economic conditions and earnings/wealth

affect family formation. Cesarini et al. (2023) find that men who experience large positive

wealth shocks through winning a lottery are more likely to get married and less likely to get
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divorced. Also, several studies indicate that external shocks to employment and earnings re-

duce marriage and fertility among males (Autor et al. 2019; Giuntella et al. 2022). Moreover,

there is growing literature suggesting that the wife out-earning the husband can affect mental

health in the couple (Getik 2024; Pierce et al. 2013; Johnston et al. 2023) and potentially

increase the likelihood of divorce (Bertrand et al. 2015). It has also been associated with a

higher quality of mates for women (Shenhav 2021), even if unmarried women seemingly have

the opposite perception (Bursztyn et al. 2017). We contribute to this strand of literature by

examining the opposite directionality of the effect, namely the impact of marriage prospects

on one’s labor supply and earnings. We therefore contribute to a better understanding of

how labor market decisions might be affected by marriage and family prospects.

The paper is structured as follows. In Section 2, we overview the data and methodology

used in the empirical analysis. In particular, we construct a general version of the marriage

competition measure. Then, in Section 3, we present our results, and in Section 4, we offer

a discussion. Finally, in Section 5, we conclude.

2 Methodology

This section details our empirical methodology. First, we overview our data source and

explain the construction of our outcome variables. Then, we describe the construction of

our marriage competition measure.

The measure is presented for an arbitrary set of characteristics, x, at the sex-location-year

level. In our analysis, we use two specifications of this measure: a baseline specification with

age only, and a second with age and education. We refer to these as the baseline measure and

the measure with education, respectively. Both measures separate observations into single

age bins from 18-45, and the latter measure uses a binary education measure where college

indicates at least a bachelor’s degree and high school indicates any other education level.

We offer a brief justification of these two measures in Appendix A.1, but certainly, other
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specifications are possible and likely interesting. We leave such specifications for future work.

Next, we give a general formulation of our OLS regression and explain why it might be

biased. This potential bias motivates the use of an IV approach. To this end, we construct a

Bartik-style instrument and present a 2SLS regression. Finally, we summarize a descriptive

analysis of the competition measures given in Appendix A.3.

2.1 Data

The analysis relies on American Community Survey (ACS) microdata from 2005-2021 avail-

able through the Integrated Public Use Microdata Series (IPUMS 2025). The ACS is an

annual survey conducted by the U.S. Census Bureau, collecting demographic information

from 3-3.5 million households each year during our sample. We use individual-level data on

respondents’ sex, age, employment status, marital status and history, educational attain-

ment, and geographic location, among other things.

One advantage of the ACS – relative to other publicly available surveys we could use, like

the Current Population Survey (CPS) – is its granular geography. In particular, it provides

the PUMA (Public Use Microdata Area) of each respondent. PUMAs divide each state

into non-overlapping units containing at least 100,000 people. Since PUMAs change for

each decennial Census, the ACS provides “consistent PUMAs” that are comparable across

a larger number of years. The variable we use provides comparable values from 2005-2021.4

Ultimately, this dictates our analysis period, but note that we excluded a base year (the

first year, 2005) since the competition measure and its approximation are the same in that

year. In the end, we use 1,078 geographical areas (i.e., consistent PUMAs). We refer to

“consistent PUMAs” as “PUMAs” for convenience.

In the causal analysis, we review four outcome variables, each taken as an average in the

4In particular, we use the CPUMA0010 variable. On the variable description page, they describe its
construction as such: “we applied an aggregation algorithm that groups together 2010 PUMAs iteratively
until the total population mismatch between each set of 2010 PUMAs and its closest matching set of 2000
PUMAs falls below 1% for both the 2000 and 2010 populations” (IPUMS 2025).
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corresponding cell.5 To start, we remove those who do not report educational attainment or

a labor force status. The first outcome is the rate at which respondents are not in the labor

force (NILF). So for this outcome, ysa,ℓ,t is the fraction of sex-s, age-a respondents in location

ℓ and year t who are out of the labor force (i.e., the NILF rate of the population). The

second and third outcomes are hours worked (weekly) and income (annual), respectively.

The fourth outcome is the rate of idleness – not being in school or working.

For these first three variables, we isolate those from age 25-39 who report not being in

school at the time. For hours worked and income, we additionally remove those who earned

less than $1,000 in 2017 U.S. dollars, and those who reported working less than 5 hours and

more than 99 hours (who are top-coded) per week. For the fourth outcome, we isolate those

aged 18-24 who report a school attendance status. Like others (e.g., Autor et al. 2019), we

focus on this age range for idleness because it approximately covers the transition between

school and work.

2.2 Construction of competition measure

Consider x to be a vector of individual characteristics. In the description that follows, we

will use the baseline measure (i.e., x = {age}) as a running example to help build intuition.

DefineMx,ℓ,t to be the number of single men with characteristics x in location ℓ and year t.

Let Wx,ℓ,t be the analogous number of single women. Next, define Pm
x,x′ to be the probability

of a single man with characteristics x – henceforth, a x-man – marrying a single woman with

characteristics x′ (i.e., a x′-woman) in the next year. It will be convenient to split this into

the overall probability of an x-man getting married to a woman (of any characteristics) in

the next year, γm
x , and the probability of them marrying a x′-woman conditional on them

getting married, Pm
x,x′ :6

Pm
x,x′ = γm

x · Pm
x,x′ . (1)

5Sex-age-location-year cell for the baseline measure and education-sex-age-location-year cell for the mea-
sure with education.

6It would be ideal to make these measures location specific, and perhaps time-specific as well. However,
in the specifications of x we consider, we do not due to data limitations.
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Figure 1: Conditional marriage probability distribution for 30-year-olds

Notes: For newlywed 30-year-old men, the red line gives the density of their spouses’ ages. For example,
around 4% of newlywed 30-year-old men marry a 32-year-old woman (we only consider heterosexual marriages
here). The blue line gives the analogous density for 30-year-old women. Note that the density is “rescaled
for availability” (see text for details).

Let Pw
x,x′ , γw

x , and Pw
x,x′ be the analogous objects for women with Pw

x,x′ = γw
x · Pw

x,x′ .

As an illustration of these distributions for the baseline measure, consider the distribu-

tions for 30-year-old men and women in Figure 1. While both distributions have a mode

of 30, a 30-year-old newlywed man is more likely to have a younger wife, and a 30-year-old

newlywed woman is more likely to have an older husband.

Now, consider a measure of competition that any single man faces for an x′-woman:

cmx′,ℓ,t =
∑
x′′

Pw
x′,x′′Mx′′,ℓ,t

/
Wx′,ℓ,t (2)

First, note that this measure will be “close to 1” in the following sense. Using x = {age}

as an example, consider the measure for an age-a′ woman (i.e., x′ = a′). If populations are

uniform across age and sex (Ma1,ℓ,t = Wa2,ℓ,t for all ages a1 and a2) and the relative marriage
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probabilities are uniformly distributed (Pw
a′,a′′ = 1/(# of ages) for every a′′), then cma′,ℓ,t = 1.

Of course, these conditions are not true in general, and the measure and its average will

vary.

This age-based measure has the flavor of a sex ratio but accounts for the fact that

(heterosexual) marriage pairings of certain ages are more likely than others. For example,

say we are talking about competition for women of age a′ = 35. A relatively large population

of 25-year-old men does not increase competition much since marriages between 35-year-old

women and 25-year-old men are not very common. However, a relatively large population

of 35-year-old men would (since marriages between 35-year-old women and 35-year-old men

are more common).

With this “x′-specific” competition measure (cmx′,ℓ,t) in hand and its intuition, we now build

up to the overall competition measure faced by an x-man, Cm
x,ℓ,t. For simpler interpretation,

it will be useful to define population shares. Let mx,ℓ,t be the share of the population in

location ℓ at time t that are x-men: mx,ℓ,t = Mx,ℓ,t/popℓ,t, where popℓ,t =
∑

x′(Mx′,ℓ,t+Wx′,ℓ,t).

Note that popℓ,t only includes the groups we are considering, so
∑

x′(mx′,ℓ,t + wx′,ℓ,t) = 1 by

construction. Let wx,ℓ,t be the analogously defined share for x-woman

Consider a proxy measure of the number of eligible women available to an x-man (in his

location at a particular time):

eligiblesmx,ℓ,t =
∑
x′

Pm
x,x′ wx′,ℓ,t. (3)

Here, we again incorporate the fact that the marriage likelihood between two people depends

on their characteristics. Going back to the age example, for a 25-year-old man, a relatively

large population of 35-year-old single women does not significantly improve his marriage

prospects (in particular, the women “eligible” to him), while a relatively large population

of 25-year-old single women does. Unlike the x′-specific competition measure, this eligibles

measure is not “close to 1.”7 Further, it uses the overall probability (Pm
x,x′) instead of the

7Indeed, in our empirical analysis, we will inform population measures (e.g., the value Wx′,ℓ,t) using a
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relative probability (Pm
x,x′). That is, the man’s eligibles depend on his likelihood of getting

married in the first place (γm
x ).

Next, define a proxy measure of the number of competitors faced by an x-man:

competitorsmx,ℓ,t =
∑
x′

Pm
x,x′ eligibleswx′,ℓ,t =

∑
x′

Pm
x,x′

∑
x′′

Pw
x′,x′′ mx′′,ℓ,t.

For intuition, think of the man as competing in different markets. For example, considering

x = {age}, the man competes in the market for 27-year-old women, 28-year-old women,

29-year-old women, etc. The “competitors” the x-man faces in the market for x′-women are

the “eligibles” those women have: eligibleswx′,ℓ,t. To get an overall measure of competitors, we

weight these eligibles in the x′-market by the man’s relative probability of marriage success

in that market, Pm
x,x′ .

The overall measure of competition faced by an x-man is simply the competitors they

face divided by their eligibles:

Cm
x,ℓ,t = competitorsmx,ℓ,t

/
eligiblesmx,ℓ,t. (4)

Just as for the x′-specific measure in (2), this overall measure accounts for certain pairings

being more likely than others. Further, it adjusts for the fact that certain groups are more

likely to get married. For example, a 30-year-old single woman is more likely to get married

in the next year than a 45-year-old single man. To see this, we rewrite the competition

measure as such:8

Cm
x,ℓ,t =

∑
x′

Pm
x,x′ wx′,ℓ,t

(γw
x′

γm
x

)
cmx′,ℓ,t

/ ∑
x′

Pm
x,x′ wx′,ℓ,t. (5)

Here, the competition measure is expressed as the average x′-specific competition measure

sum of observation weights.
8Again, all relevant objects are defined analogously for women: cwx′,ℓ,t, eligibles

m
x,ℓ,t, competitorsmx,ℓ,t, and

Cw
x,ℓ,t.
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Figure 2: marriage probabilities by sex and education

Notes: For each sex-education group, we plot marriage probabilities (in the next year) of never-married
individuals by age. Probabilities for 18-21-year-old college individuals are omitted because of sparsity.

(cmx′,ℓ,t) adjusted by the marriage probability ratio (γw
x′/γm

x ) and weighted by the share of

women in that market (wx′,ℓ,t) times the man’s relative probability of success in that market

(Pm
x,x′). Further, one can see that Cm

x,ℓ,t will be “close to 1” in the same sense that cmx,ℓ,t

is. However, as described in Appendix A.3, its average value deviates from 1 notably for

different specifications of x. This is unsurprising as the measure is not designed to enforce

symmetry.

The formulation in (5) also makes it clear that marriage probabilities (γm
x , γw

x′) are im-

portant for the competition measure. Figure 2 plots marriage probabilities by age (from

18 to 45) for the four sex-education combinations (used in the measure with education,

x = {age, education}). Younger high school women are more likely to get married than high

school men, up until age 30, when the likelihoods flip. The same pattern holds for college

individuals. So not only are women more likely to get married than men, but they also get

married younger. This is in part because women marry men older than them on average
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(e.g., see Figure 1).

2.3 Empirical design

Now consider an outcome ysx,ℓ,t for all single individuals of sex s ∈ {m,w} and characteristics

x in location ℓ and year t. To assess the effect of competition on this outcome, we run the

following OLS regression:

ysx,ℓ,t = β0 + β log(Cs
x,ℓ,t) + λage,ℓ + τℓ,t + ϵx,ℓ,t (6)

The main coefficient of interest is β. If we are considering the non-participation rate (for

example) and interpreting causally, β is the effect of a 1% increase in the competition measure

on the non-participation rate in percentage points. λage,ℓ is an age-location fixed effect

and τℓ,t is a location-time fixed effect, which we consider in all of our main specifications.9

The purpose of the age-location fixed effect is to net out time-invariant differences in the

age-location-specific behavior. For example, location-specific culture can drive the age at

which people typically get married and gender-specific work expectations. The purpose of

the location-time fixed effect is to net out time-varying forces that vary by location. For

example, gender-biased local labor demand shocks can drive changes in competition and

labor market outcomes simultaneously. Decisions about fixed effects are discussed further in

Section 4. We cluster standard errors at the location level because local shocks (like policy,

demographic, labor demand, health, etc.) may affect all ages within a location and persist

over time.

Using OLS, it is likely that the regressor, log(Cs
x,ℓ,t), is endogenous and the estimate of β

is biased. For one, while we expect competition to affect the labor market outcome variables

of interest, the reverse could be true as well. In particular, local population composition

likely responds to local labor market outcomes. Also, an unspecified variable could be

9Note that this implicitly assumes age in one of the characteristics in x, which it is in the two measures
we consider.
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driving movements in the regressor and outcome simultaneously. For example, a negative

labor demand shock could simultaneously increase male non-participation and skew the

competition measure (e.g., if women are more likely to migrate out for education).10

To address this possible endogeneity problem, we employ an IV approach to complement

the standard OLS approach. For an instrument to be valid, it must be correlated with the

competition measure, and it must affect the outcome variable only through its effect on the

competition measure.

Recall the competition measure relies on time- and location-invariant marriage probabil-

ities, and location-specific populations for each characteristic group in a given year. In what

follows, we propose a Bartik-style instrument that approximates the competition measure

by approximating the location-specific populations. To do so, we use base year populations

from the location of interest and national-level population growth for each group. Since

population patterns are likely to persist over time, at least to some extent, the instrument

should be highly predictive of the actual competition measure.

This approach corresponds to a pooled exposure research design (the “shares view” of

Goldsmith-Pinkham et al. (2020)): locations with different initial demographic compositions

are differentially exposed to common national demographic trends over time. The identifying

assumption is that, conditional on fixed effects, initial demographic composition is unrelated

to subsequent trends in local labor market outcomes except through its interaction with

national demographic changes, which shift subsequent local demographic composition. This

structure isolates variation in competition driven by national demographic trends rather than

by local shocks, migration, or other idiosyncratic forces. We return to the plausibility of this

identifying assumption and provide several supporting diagnostics and robustness checks in

Section 4.

10A few other possible endogeneity threats are worth mentioning. First, in locations with strong norms
about marriage, gender roles, and family formation, culture may influence both labor supply decisions and
the competition measure (through the single population). Second, health-related shocks can also affect
both. For example, the opioid crisis likely affected labor supply decisions and population distributions via
migration patterns and premature deaths.
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To define the instrument, some context is necessary. The growth of x-men in location ℓ

and year t relative to a base year (t0) – which we call gmx,ℓ,t – satisfies

Mx,ℓ,t = (1 + gmx,ℓ,t) Mx,ℓ,t0 .

Note that this growth, gmx,ℓ,t, is the sum of national-level growth, gmx,t, and idiosyncratic

growth, ḡmx,ℓ,t:

gmx,ℓ,t = gmx,t + ḡmx,ℓ,t.

Similarly, the growth of the whole population in location ℓ and year t relative to a base year

– call it gℓ,t – satisfies

popℓ,t = (1 + gℓ,t) popℓ,t0 ,

where gℓ,t is the sum of national-level growth, gt, and idiosyncratic growth, ḡℓ,t:

gℓ,t = gt + ḡℓ,t.

Define m̃x,ℓ,t to be an approximation of mx,ℓ,t (the share of x-men in location ℓ and time

t) using base-year populations and national-level growth figures:

m̃x,ℓ,t =
(1 + gmx′′,t)Mx′′,ℓ,t0

(1 + gt) popℓ,t0
.

Recalling that mx,ℓ,t = Mx,ℓ,t/popℓ,t, we are using (1 + gmx′′,t)Mx′′,ℓ,t0 to approximate the

numerator, Mx,ℓ,t, and (1 + gt) popℓ,t0 to approximate the denominator, popℓ,t.

With these, we can now define the approximation of Cm
x,ℓ,t as

Cm
x,ℓ,t =

∑
x′

Pm
x,x′

∑
x′′

Pw
x′,x′′ m̃x′′,ℓ,t︸ ︷︷ ︸

approximation of competitorsmx,ℓ,t

/ ∑
x′

Pm
x,x′ w̃x′,ℓ,t︸ ︷︷ ︸

approximation of eligiblesmx,ℓ,t

. (7)

All objects are again defined analogously for women: gwx,ℓ,t, g
w
x,t, ḡ

w
x,ℓ,t, w̃x,ℓ,t, and Cw

x,ℓ,t.
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The idea is that Cs
x,ℓ,t will only affect the outcome variables of interest through Cs

x,ℓ,t but

is uncorrelated with the “idiosyncratic component” of Cs
x,ℓ,t (i.e., Cs

x,ℓ,t is uncorrelated with

Cs
x,ℓ,t − Cs

x,ℓ,t).

Now, consider the following two-stage least squares (2SLS) regression:

ysx,ℓ,t = β0 + β ˆlog(Cs
x,ℓ,t) + λage,ℓ + τℓ,t + ϵx,ℓ,t, (8)

log(Cs
x,ℓ,t) = γ0 + γ log(Cs

x,ℓ,t) + λage,ℓ + τℓ,t + νx,ℓ,t. (9)

In our results, we consider 2SLS estimates alongside the OLS estimates.

2.4 Descriptive analysis of the competition measures

Appendix A.3 offers a descriptive analysis of the competition measures. We summarize that

analysis here. Figure A.1a plots the average baseline measure for men and women by age.

At each age, men experience higher competition. This is what we would expect since men

get married later on average, and so there are relatively more single men than single women

at any given age. Averaging over all ages 18-45, the measure is 1.27, 1.54 for men, and 1.01

for women. Deviation from unity is expected since the measure is not designed to enforce

symmetry. We also plot the proxy measures of competitors (the numerator) and eligibles

(the denominator) in Figures A.1b and A.1c, respectively, and offer a further explanation

of trends. Then we give analogous plots and explanations of trends for the measure with

education in Figure A.2.

Next, following Goldsmith-Pinkham et al. (2020), Tables A.2 and A.3 report cross-

sectional regressions from the base year (2005) of competition on covariates. While initially

high- and low-competition areas differ on some dimensions, this is not problematic since our

empirical strategy relies on within-area changes over time, absorbing these baseline differ-

ences via fixed effects. Lastly, Figures A.3 and A.4 offer a heat map of the competition

measure and its change over time, respectively.
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3 Results

This section details our empirical results. We start with first stage results before turning to

results on each of our outcome variables. As mentioned, for 25-39-year-olds, we evaluate three

outcome variables: the NILF rate, hours worked, and income (for the latter two, we consider

the log). For each combination of outcome and sex, we consider four specifications. In the

first two, we use the baseline competition measure on the high school and college populations

separately.11 For these two, the competition measure from (4) does not vary across education

within a sex-age-location-year cell. This changes when we add education into the competition

measure, which computes measures for high school and college populations separately. For

18-24-year-olds, we consider a single outcome variable, the idleness rate, for those with a high

school education. For each sex, we consider a specification with the baseline competition

measure and another with education in the competition measure.

3.1 First stage results

For our IV approach to be valid, our instrument – the approximation of the competition

measure – must be correlated to the actual competition measure. To evaluate whether this

is true, we look at first-stage results. Tables C.1 and C.2 in Appendix C show these for our

25-39 single populations (male and female, respectively), and Table C.3 shows these for our

18-24 single populations.12 First-stage F and Wald statistics are given in these tables (along

with the main results tables).

Across competition measures, education levels, and populations, the coefficient on the

approximation is large and highly significant. Further, F and Wald statistics are large.

11In this first (second) specification, the outcome variable, ysa,ℓ,t, is the average outcome for all high school
(college) individuals of sex s and age a in PUMA ℓ and year t (e.g., the average log income of all age-33
college women in a particular location and year).

12First-stage results may differ slightly across outcome variables because data subsets make slightly dif-
ferent restrictions. For brevity, among outcome variables for 25-39-year-olds, we only report the first stage
results from the NILF rate. This is the outcome variable that imposes the fewest data restrictions. For
18-24-year-olds, we only consider one outcome variable (the idleness rate), so we report first-stage results for
that variable.
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This evidence suggests that the competition approximation is highly predictive of the actual

competition measure across the board.13

For our IV approach to be necessary relative to OLS, the regressor (i.e., the competition

measure) must be endogenous. In our main result tables, we evaluate this for each spec-

ification using a Wu-Hausman test. For low p-values (e.g., below 0.05), the test provides

evidence that the regressor is endogenous, and so the 2SLS estimate is preferred. For higher

p-values, the test provides no such evidence (either in favor or against endogeneity), and so

the OLS estimate is preferred.

In our results that follow, OLS estimates are consistently statistically close to zero, while

2SLS estimates can be large and statistically significant. This pattern suggests that OLS

may suffer from attenuation or omitted-variable bias, consistent with endogeneity of the

competition measure. Attenuation bias seems likely since the competition measure is con-

structed from small and noisy sex-age-location-year (or sex-education-age-location-year) cells

that fluctuate idiosyncratically. Since OLS uses all variation in the competition measure to

inform estimates, this noise dilutes the relationship between competition and the outcome

variable, driving estimates toward zero. In other words, OLS likely suffers from attenuation

bias because of classical measurement error in the competition measure.

In contrast, our instrument only uses the part of competition that would have occurred if

the location experienced no local shocks at all. In particular, the instrument is constructed

from base-year populations and national demographic growth, so it is mechanically orthogo-

nal to the idiosyncratic cell-level noise that generates measurement error in the competition

measure. Thus, the 2SLS estimates should not suffer from attenuation bias.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) -0.0049 0.0238∗ 0.0060 0.0154∗ -0.0096 0.0232 0.0027 0.0122∗

(0.0108) (0.0135) (0.0102) (0.0085) (0.0118) (0.0143) (0.0067) (0.0067)

2SLS
Competition (log) -0.0991∗∗ 0.1076∗∗ -0.0803∗ 0.0178 -0.0956∗ 0.1552∗∗ -0.0814∗ -0.0018

(0.0455) (0.0465) (0.0415) (0.0273) (0.0505) (0.0633) (0.0482) (0.0193)

Fit statistics
Observations 215,378 183,229 133,564 135,788 215,378 183,229 133,564 135,788
F-test (1st stage) 12,161.4 19,491.5 7,931.8 15,380.9 12,859.5 11,115.5 2,791.9 18,177.4
Wald (1st stage) 765.7 1,174.9 534.5 1,145.5 712.8 714.9 270.2 1,240.4
Wu-Hausman, p-value 0.0194 0.0233 0.0131 0.9156 0.0482 0.0105 0.0376 0.4021

(a) NILF rate

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competition (log) -0.0044 -0.0113 0.0011 -0.0084

(0.0046) (0.0070) (0.0046) (0.0065)

2SLS
Competition (log) -0.1419∗∗∗ -0.0439∗ -0.0762∗∗ -0.0206

(0.0274) (0.0265) (0.0299) (0.0405)

Fit statistics
Observations 119,504 117,652 119,504 117,652
F-test (1st stage), Competition (log) 4,475.3 8,167.8 4,044.7 2,822.6
Wald (1st stage), Competition (log) 696.1 932.7 748.2 402.1

Wu-Hausman, p-value 1.01 × 10−9 0.1730 0.0014 0.7480

(b) idleness rate

Table 1: Effects of marriage competition: non-participation and idleness

Notes: This table gives OLS and 2SLS results for two extensive margin outcomes. The top panel is the NILF
rate (i.e., the non-participation rate) for single adults not in school, aged 25-39. The bottom panel is the
idleness rate (i.e., the fraction of individuals not working and not in school) among single 18-24-year-olds with
less than a bachelor’s degree. Both panels give results for both the baseline measure and the measure with
education, and for both men and women. The top panel further splits the results by education. Significance
codes: ***: 0.01, **: 0.05, *: 0.1.

3.2 Non-participation and idleness

We now turn to our main results, starting with non-participation. Table 1a shows NILF

rate results for single adults not in school age 25-39. Consider the estimates from the first

column that use the baseline competition measure on high school men. The OLS estimate is

small and insignificant, but the low Wu-Hausman p-value (i.e., below 0.05) suggests that the

2SLS estimate is more reliable; the same pattern holds for the other three male estimates.

13Note that the number of observations differs across the high school and college samples. This is because
not every sex-age-location-year combination has both high school and college observations. If they did, the
number of observations would be consistent.
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Interpreted causally, this 2SLS estimate suggests that a 1% increase in the competition mea-

sure decreases non-participation by -0.10 percentage points (pp) on average; 95% confidence

interval (CI): -0.19 to -0.01 pp. The college estimate (third column) is slightly smaller in

magnitude and is only statistically significant at the 10% level. When education is added to

the competition measure (fifth and seventh columns), estimates are very similar (to the first

and third columns, respectively), but they are only significant at the 10% level.

The second, fourth, sixth, and eighth columns detail the analogous estimates for single

women (not in school, age 25-39). Recall that the competition measure for women, Cw
a,ℓ,t, is

distinct from that for men, Cm
a,ℓ,t. While higher values of Cm

a,ℓ,t indicate that men face more

competition, higher values of Cw
a,ℓ,t indicate that women face more competition.

In contrast to the corresponding male estimate, the female estimates are mostly positive.

For high school women, the 2SLS estimates for the baseline measure and the measure with

education are 0.11 pp (95% CI: 0.02 to 0.20 pp) and 0.16 pp (95% CI: 0.03 to 0.28 pp),

respectively, both of which are significant at the 95% level. These are preferred to the OLS

estimates since the Wu-Hausman p-values are low. For college women, these p-values are

high, so OLS is preferred. The OLS estimates are also positive, but relatively small and only

significant at the 10% level.

Next, we look at the idleness rate – the fraction of individuals not working and not in

school – among single 18-24-year-olds with less than a bachelor’s degree (i.e., “high school”).

Table 1b details the results. Estimates for men are significantly negative: the estimate for

the baseline measure suggests that a 1% increase in competition decreases the idleness rate

by 0.14 pp (95% CI: -0.20 to -0.09 pp), and that for the measure with education suggests

that a 1% increase in competition decreases it by 0.08 pp (95% CI: -0.14 to -0.02 pp). The

2SLS estimates are preferred here because the Wu-Hausman p-values are small. However,

for women, these p-values are big, so OLS estimates are preferred. Both OLS estimates are

small and statistically close to zero.

19



competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0109 0.0135 0.0022 -0.0104 0.0141 0.0185 -0.0003 -0.0088

(0.0092) (0.0119) (0.0107) (0.0103) (0.0103) (0.0127) (0.0076) (0.0086)

2SLS
Competition (log) -0.1011∗∗ -0.0081 0.1139∗∗ -0.0083 -0.1217∗∗∗ -0.0115 0.1273∗∗ -0.0233

(0.0393) (0.0332) (0.0458) (0.0293) (0.0431) (0.0466) (0.0519) (0.0223)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 10,121.1 16,454.4 7,417.7 14,524.9 10,447.1 9,177.3 2,668.0 17,276.9
Wald (1st stage) 687.4 1,076.8 493.9 1,105.4 631.9 631.1 250.4 1,197.1
Wu-Hausman, p-value 0.0010 0.4855 0.0048 0.9397 0.0003 0.4926 0.0051 0.4593

(a) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0185 0.0369 0.0382 -0.0126 0.0082 0.0222 0.0104 -0.0158

(0.0239) (0.0289) (0.0347) (0.0300) (0.0274) (0.0312) (0.0231) (0.0237)

2SLS
Competition (log) -0.0297 -0.1027 1.119∗∗∗ 0.1284 -0.0406 -0.1368 1.118∗∗∗ 0.0551

(0.1189) (0.1036) (0.1494) (0.0919) (0.1353) (0.1363) (0.1684) (0.0705)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 10,121.1 16,454.4 7,417.7 14,524.9 10,447.1 9,177.3 2,668.0 17,276.9
Wald (1st stage) 687.4 1,076.8 493.9 1,105.4 631.9 631.1 250.4 1,197.1

Wu-Hausman, p-value 0.6012 0.0776 4.73 × 10−20 0.0516 0.6293 0.1542 3.21 × 10−16 0.1835

(b) log income

Table 2: Effects of marriage competition: hours worked and income

Notes: These two subtables have the same structure as Table 1a and are for the same population (i.e., single
adults not in school age 25-39), but detail results for log hours worked and log income, respectively. results
for two extensive margin outcomes. The top panel is the NILF rate (i.e., the non-participation rate) for
single adults not in school age 25-39. Significance codes: ***: 0.01, **: 0.05, *: 0.1.

3.3 Hours worked and income

Next, we turn to log hours worked (per week) and log income for the same demographics

as non-participation – single men and women not in school age 25-39 – but for those with

a job. Table 2a details the hours worked results for men and women, respectively. For

men, the results are polarized by education. For high school men, estimates are negative and

significant at the 5% level: the estimate from the baseline measure (measure with education)

suggests a 1% increase in competition decreases hours worked by 0.10% (0.11%). For college

men, estimates are positive and significant, again, at the 5% level: the estimate from the

baseline measure (measure with education) suggests a 1% increase in competition increases
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hours worked by 0.12% (0.13%). For all four specifications, 2SLS is preferred to OLS because

of low Wu-Hausman values. On the other hand, for women, all four specifications have high

Wu-Hausman values, so OLS is preferred, and each of the estimates is statistically close to

zero.

Table 2b details income results. For college men, 2SLS estimates (which are preferred) are

large and highly significant: both the estimate from the baseline measure and the measure

with education suggest that a 1% increase in competition increases income by 1.12% (95%

CIs: 0.82 to 1.42% and 0.78 to 1.45%, respectively). The estimates for high school men and

both high school and college women are statistically close to zero.

4 Discussion

This section offers a discussion of important methodological decisions and robustness, fol-

lowed by a summary and interpretation of the results. The complete robustness analysis is

in Appendix B, and all referenced tables and figures are in Appendix C.

4.1 Fixed effects

Recall our identifying assumption: conditional on the included fixed effects, the initial

sex–age composition14 of a PUMA is unrelated to subsequent local labor market outcomes

except through its interaction with national demographic trends, which differentially shift

future local sex–age composition across locations. In this subsection, we argue that our

particular choice of fixed effects helps make this assumption plausible. The exposition that

follows uses the baseline competition measure.

Age-location fixed effects remove permanent differences across places and ages. For ex-

ample, it nets out any time-invariant differences between the behavior of 30-year-old men in

Charleston and that of 30-year-old men in Los Angeles. In particular, cultural differences

14Sex–age composition for the baseline measure, and sex–age–education composition for the measure with
education.
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can drive marriage activity and labor market behavior that varies across sex and age within

a location. For example, in certain areas, women will be expected to marry younger and have

less labor market attachment, while in other areas, women are less likely to marry altogether

and have strong labor market attachment. These cultural differences will impact the com-

petition measure and outcome variables, such as non-participation and hours worked. Note

that separate age and location fixed effects do not capture these important trends, whereas

an age-location fixed effect does.

Location-time fixed effects remove the impact of local shocks. For example, they absorb

any shock in Orlando in 2015 that affects all ages and both sexes. Such shocks can take

different forms. For instance, gender-biased local labor demand shocks can drive changes

in competition and labor market outcomes simultaneously (e.g., men sorting into resource

extractive jobs like mining, increasing their relative wages and the marriage competition they

face simultaneously). Another example is the opioid epidemic. Opioid exposure timing and

intensity varied over locations, which likely affected labor market outcomes and the marriage

market.

The variation that remains is within an age-location cell over time. It comes from dif-

ferential exposure to national demographic trends, which is dictated by initial populations.

The larger an initial sex-age population in a particular location, the greater the exposure

to national-level population trends for that sex-age. For example, the larger the initial pop-

ulation of 32-year-old women in Charlotte, the more exposed Charlotte is to the national

growth of 32-year-old women.

Since the identifying variation comes from differences across age-location cells over time,

age-time fixed effects would be inappropriate. Since the instrument uses national age-time-

specific information to predict age-location-specific populations, adding age-year fixed effects

would take much of the predictive power from the instrument in the first stage. For example,

age-time fixed effects would absorb any national change that is common to all 26-year-old

women. But the instrument relies on the national growth of 26-year-old women. As expected,
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when we include them (results unreported), first-stage coefficients weaken, and 2SLS estimate

standard errors increase substantially. In summary, age-time fixed effects would absorb the

national demographic trends that generate differential exposure across locations, eliminating

the variation used for identification.

Table C.4 in Appendix C considers different fixed-effect combinations for the high school

men NILF rate regression. These results highlight the importance of the age-location fixed

effect. Further, the instrument is strong across specifications, and there is consistency be-

tween estimates with age-location and location-time fixed effects, and age-location and time

fixed effects. Figure C.1 in Appendix C plots the residuals from several of these specifications

to gauge whether adding certain fixed effects eliminates too much variation. While residual

variation visually decreases as fixed effects are added, there is still notable variation in the

most saturated model – our model with age-location and location-time fixed effects.

4.2 Instrument validity

To understand what would invalidate our instrument, consider what must be true for the

identifying assumption to fail. The instrument relies on initial sex–age composition to gen-

erate differential exposure to national demographic trends. It would therefore be invalid if

places with different initial demographic compositions were already on systematically differ-

ent trajectories of labor market outcomes for reasons unrelated to marriage market compe-

tition. For example, locations with relatively many 33-year-old women in the initial year

might also be places undergoing cultural shifts away from female labor force participation

and toward family specialization. Similarly, locations with relatively many 29-year-old men

in the initial year might be places experiencing declines in male labor demand.

Put differently, the instrument fails if initial demographic structure proxies for latent

forces that directly drive future labor market outcomes. Our fixed-effects structure is de-

signed to mitigate these concerns: age–location fixed effects absorb time-invariant differences

across places and ages, while location–time fixed effects absorb shocks that vary across loca-
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tions over time. The remaining variation comes from differences in how locations are exposed

to common national demographic trends through their initial demographic composition.

In many environments with Bartik-style instruments, Rotemberg weights provide useful

diagnostics. They can allow researchers to see which industries, groups, shocks, etc., are

actually driving identification and to assess whether the design is relying heavily on a small

or potentially problematic subset of variation. In the canonical example of Goldsmith-

Pinkham et al. (2020), which considers a linear shift-share instrument, the 2SLS estimator

can be decomposed in a straightforward way using these weights.

However, in our setting, the competition measure (and its instrument) is a nonlinear

function of demographic cell counts with probability weights that enter both the numerator

and denominator (and, in our baseline specification, through a log transformation). Because

our instrument is more complicated, the construction of Rotemberg weights or something

similar would not be straightforward. Even if they were constructed, they would be less

interpretable and, thus, likely less useful.

Instead of Rotemberg weight diagnostics, we assess the identifying assumption by ex-

amining whether the instrument predicts pre-existing trends in labor market outcomes. In

Appendix B, we consider a few relevant tests, most significantly, an augmented specification

with age–location–specific linear time trends, which allow each age group within each PUMA

to follow its own gradual trajectory over time. Identification is, thus, restricted to shorter-run

deviations from those trends, and standard errors are notably higher. Because demographic

composition evolves gradually over time, this specification is particularly demanding and

absorbs much of the variation used to identify the baseline effects.

The results of this exercise suggest that the non-participation effect for high school women

remains broadly robust. The estimates remain significantly positive (despite the loss in

precision), indicating that the effect is not driven solely by slow demographic shifts in local

marriage markets. In contrast, the college male hours and income results lose significance

and become negative. The significance of the high school male hours and idleness results also
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disappear. This pattern suggests that these estimates may rely more heavily on longer-run

demographic variation in local marriage markets. However, given the substantial reduction

in identifying variation, these results should be interpreted as inconclusive rather than as

evidence against the baseline findings or a violation of the identifying assumption.

4.3 Other robustness

To some extent, analyzing estimates from two competition measures (the baseline measure

and the measure with education) is a gauge of robustness. For some education-sex-outcome

combinations, estimates from the two competition measures differ meaningfully. For exam-

ple, when looking at the idleness rate for single high school men between 18-24, the estimate

is -0.14 pp when using the baseline measure, but is only -0.08 pp when using the measure

with education. However, for most education-sex-outcome combinations, estimates are close

across measures.

Recall that our instrument uses an approximation of local populations using national-

level growth. Mechanical endogeneity is a common concern for Bartik-style instruments like

this; in our case, the location’s population could influence national figures. Since we want

the instrument to reflect exogenous national trends and not local shocks, this is potentially

problematic. Because we use many locations (1,078 PUMAs) mostly around the same size,

such mechanical endogeneity is less of a concern. To be safe, we recompute the results using

a leave-one-out (LOO) Bartik construction. The results (in Table C.8) are very close to those

from Section 3, which gives us confidence that mechanical endogeneity plays a negligible role.

A potential problem or bias is that the competition measure is not forward-looking. For

an age-a single man (woman), the measure uses the age distribution of marriages for an age-a

man (woman). In reality, if the person is actually “single” – never married and no boyfriend

or girlfriend – and looking for a marriage partner, they are likely thinking about marriage

a few years in the future rather than the current year (at least on average). To account

for this, we adjust the competition measure by replacing Ps
x,x′ and P s

x,x′ with Ps
a+c,a′+c and
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P s
a+c,a′+c, respectively, where c stands for “courtship.” The recomputed results are in Table

C.9. Estimates are again close to those in Section 3.

For further robustness, we consider a “long difference” approach. Instead of using the log

competition value as the endogenous regressor (and the log of the approximated competition

value as the instrument), we use the change in competition from a base year (and the change

in the approximated competition). The results are reported in Table C.10. Estimates are

generally similar to those in the main analysis.15

4.4 Summary and interpretation

Overall, it appears that local marriage markets have sizable effects on labor market outcomes.

While the effects vary across sex and education, estimates are generally similar across the

two competition measures we consider.

With some caveats, a common thread is that competition appears to improve the aver-

age economic attractiveness of men at the local level, assuming one takes higher hours and

income, and lower non-participation and idleness to indicate improved economic attractive-

ness. This is especially the case for college men (single and not in school between age 25-39).

First, competition increases their hours worked. The relevant estimates from the baseline

measure and the measure with education suggest that a 10% rise in competition increases

hours by 1.1% and 1.3%, respectively. Second, competition increases their income: for a

10% rise in competition, the two measures suggest income increases by 11.2%!

For high school men – also single and not in school between ages 25-39 – the picture is

different. On one hand, competition appears to decrease non-participation. For a 10% rise in

15We further consider two extensions. First, we use “unmarried” individuals – not currently married,
but perhaps married before – instead of singles (in both the competition measure construction and the
regressions). Those results are in Table C.13. Since this is a different population, we expect some differences
in results, and we find some modest differences. Second, we consider regressions with “competitors” and
“eligibles” separated; recall competition is the ratio of competitors to eligibles. Generally, when there is a
significantly positive (negative) coefficient on competition in the main results, there is a significantly positive
(negative) coefficient on competitors and a significantly negative (positive) coefficient on eligibles, although
there are some deviations from this.
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competition, the NILF rate decreases by 1.0 pp according to the baseline measure.16 On the

other hand, competition also appears to decrease hours worked. For a 10% rise in competi-

tion, the two measures suggest that hours worked decrease 1.0% and 1.2%, respectively. A

simultaneous increase in the extensive margin and decrease in the intensive margin suggests

a compositional change could be at play. Perhaps heightened competition encourages some

non-participating workers to join the labor force, but they work fewer hours than the aver-

age worker. Also, for younger high school men (age 18-24), competition appears to decrease

idleness. For a 10% rise in competition, the idleness rate decreases by 1.4 and 0.8 pp for the

respective measures.

A caveat to these results is that when we add time trends to the age-location fixed effects,

the estimates are no longer significant. However, this does not nullify the results since much

of the identifying variation is removed. In contrast, the only significant result for women

– an increase in high school female non-participation – holds up to the inclusion of these

trends.

Possible interpretations of male results: As mentioned, competition may be a

motivator for men to become more economically attractive. This mechanism has support

in the relevant theoretical and empirical literature. We give some examples here. In Gary

Becker’s foundation models of the marriage market (Becker 1973; Becker 1974), traits that

increase a single man’s expected household output (like earnings potential), increase match-

ing value, making them a more desirable (or economically attractive) spouse. Exploiting a

major migration episode in the U.S., Angrist (2002) finds that higher sex ratios increase male

earnings.17 Using data from an online dating site, Hitsch et al. (2010) find that on average,

marriage-seeking women place significant importance on income and have a strong preference

for an educated partner. Further analysis supports the idea that observable preferences in

dating markets can generalize to marriage outcomes.

16The estimate is the same for the measure with education, but it is only significant at the 10% level.
17He further finds that higher sex ratios increase the earnings of men with young children. While these

results are not specifically for single men, he concludes they may reflect greater investment in education or
on-the-job training when the marriage market became more competitive.
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An alternative explanation is that men may be self-insuring against income volatility,

since they could marry a spouse who brings in income. The empirical literature is clear that

marriage often functions as an economic risk-sharing institution (Blundell et al. 2016; Pierre-

André Chiappori et al. 2018). So if a man perceives he is less likely to get married or will

get married later – and, thus, not have someone to share risk with – he may hedge against

economic risk by increasing labor supply and income. Also, putting income volatility aside,

a man may adjust to lower expected future household income by earning more himself in

the present. These mechanisms seem especially plausible among men competing for women

likely to work while married. Since within-education-group marriages are more common

and college women have more labor force attachment, the college male income and hours

increase may reflect these mechanisms. Unfortunately, we are unaware of any direct empirical

support.

Possible interpretations of female results: For a 10% rise in competition, the

non-participation rate of high school women increases by 1.1 and 1.6 pp for the respective

measures. This increase for high school women is worth comparing to the opposing result

for high school men – a decrease in non-participation.

At first glance, increased non-participation for women may seem counterintuitive: if a

woman is less likely to marry because of heightened competition, one may expect that they

insure themselves through stronger labor force attachment. While this is possibly the case for

some women, the estimates suggest it is overcome by an opposing mechanism. One possible

opposing mechanism supposes that men’s and women’s labor market effort serves different

signaling roles in the marriage market.

For men, labor market participation and employment stability may be positive marriage

market signals, as discussed above. Thus, it is plausible that when competition faced by men

rises, some non-participating men are more likely to join the labor force, and some partici-

pating men are less likely to leave. On the other hand, for women, labor market participation

may be a substitute for traits valued by some men in marriage. Thus, when competition
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faced by women rises, some women may shift time toward traditional specialization norms;

in particular, some participating women may become more likely to leave the labor force,

and some non-participating women may become less likely to join. This mechanism is most

plausible for less-educated women – the group for which we find the significant increase in

non-participation – because they have less labor market attachment on average.

Much of the relevant literature focuses on female participation after marriage, not before

marriage (Grossbard-Shechtman and Neuman 1988; Pierre-Andre Chiappori et al. 2002;

Amuedo-Dorantes and Grossbard 2007; Rapoport et al. 2011; Macunovich 2012; Bertrand

et al. 2015). For example, using CPS data from 1965-2005, Amuedo-Dorantes and Grossbard

(2007) find that sex ratios are inversely related to participation for married women. Note that

this is the opposite direction of our finding: a lower sex ratio (i.e., higher marriage market

competition faced by women) is associated with greater participation (less non-participation).

Our focus on single women is part of our contribution.

Tangentially related is the work of Bursztyn et al. (2017), who study questionnaire data

from newly admitted students to an elite MBA program. The questionnaire surveyed job

preferences and personality traits to be used in internship placement decisions. When re-

spondents believed their classmates would not see their responses, single and non-single

women gave similar responses. When respondents believed their classmates would see their

responses, non-single women answered similarly. However, single women reported lower de-

sired yearly compensation, lower willingness to travel, a willingness to work fewer hours,

less professional ambition, and less tendency for leadership. This result suggests some single

women may try to appear less career-oriented to prospective marriage partners.18

18However, connecting it to our result may be a stretch since it is from a unique context. Our finding is
for high school women, not college women, let alone women pursuing a graduate degree. Also, our findings
are on actual labor force attachment, not stated career ambitions.
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5 Conclusion

In this study, we examine the effect of increased marriage competition on labor supply. To

that end, we develop tightness measures for local marriage markets that use national data

on marriage patterns of 18-45-year-olds and local population data. We find that increased

competition in the marriage market exerts nontrivial and heterogeneous effects on individual

labor supply and related outcomes.

For men with higher educational attainment, greater local competition is associated with

increased hours worked and higher earnings, consistent with at least two interpretations.

First, intensified competition strengthens incentives to enhance economic attractiveness in

the marriage market. Second, some men self-insure against being in a single-income house-

hold, which may become more likely as marriage becomes less likely or more distant.

On the other hand, men without a college education experience a reduction in hours

worked (although not income). This intensive margin decrease may reflect a compositional

change, as non-participation estimates are positive and marginally significant. That is,

competition could bring new high school men into the labor force who are less career-

focused, reducing average hours. Among single women, we find an increased likelihood

of non-participation among the non-college-educated, although it does not seem to trans-

late into an effect on hours earned or income. This may reflect time reallocation toward

traditional specialization norms, but relevant evidence is limited.
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Appendices

A Robustness

A.1 Justifying our two measures

When choosing specifications for x, there are two primary concerns. On one hand, we want

x to capture characteristics relevant to absolute and conditional marriage probabilities (i.e.,

γs
x and P s

x,x′ , respectively). On the other hand, our data is limited, so a rich specification of

x could lead to sparsity problems when computing P s
x,x′ .

A first variable that is crucial to these probabilities is age. This importance is made clear

by Figures 1 and 2 (in the body); the former shows the conditional marriage probabilities

of 30-year-old men and women, and the latter shows how the absolute marriage probability

varies by age in our sample. In a baseline measure, we consider x to include age alone.

A second variable is education. To demonstrate its importance, consider Table A.1, which

reports marriage probabilities by education and sex for never-married 25-39-year-olds in the

high school college
men women men women

prob. of marriage in next
year by spouse’s educ.

overall 4.5% 4.7% 8% 8.7%
high school 3.3% 3.9% 1.6% 2.9%
college 1.2% 0.8% 6.4% 5.9%

cond. prob. of spouse’s educ.
high school 73.1% 82.9% 20.1% 32.6%
college 26.9% 17.1% 79.9% 67.4%

Table A.1: Marriage probabilities by education and sex (25-39-year-olds)

Notes: The first row shows the overall probability of a never-married individual becoming married to anyone
in the next year. For example, the entry in the first column indicates that a high school man (never-married,
age 25-39) has a 4.5% probability of becoming married in the next year. The second and third rows split
this percentage based on the education of their marriage partner: high school or college, respectively. The
fourth and fifth columns report conditional probabilities. For example, the first entry of the fourth column
indicates that a newly married high school man marries a high school woman 73.1% of the time. “High
school” and “college” refer to less than and at least a bachelor’s degree, respectively. Note that homosexual
marriages are excluded from these statistics. Data is from the ACS.
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ACS. While high school individuals have around a 4-5% chance of being married in the next

year, college individuals have an 8-9% chance. Here, “high school” and “college” refer to less

than and at least a bachelor’s degree, respectively. Also, note that women are more likely to

get married than men. Furthermore, individuals are more likely to marry partners in their

own education group. The rest of Table A.1 shows this clearly. For example, high school

men marry high school women 73.1% of the time, and college men marry college women

79.9% of the time. To account for these differences, we consider a second specification where

x includes both sex and education, the measure with education.

A.2 Construction of the competition measure

As mentioned, we use two specifications of x in the analysis: a baseline specification with age

only, and a second with age and education. In what follows, we only describe the construction

and application of the baseline measure for brevity, replacing the subscript x (for vector of

characteristics) with a (for age). The construction of the second measure is analogous.

We build the measure at the PUMA level over the age range 18-45. There are three types

of objects in the measure: (1) single populations at the age-location-year level (Ma,l,t and

Wa,l,t); (2) marriage probabilities by age (γm
a and γw

a ); (3) conditional marriage probability

distributions at each age (Pm
a,· and Pw

a,·). The first is taken to be the sum of person weights

for single men and women in each age-location-year cell.1 We consider someone as “single”

if they have never been married and are not cohabitating with an unmarried partner. The

second is the fraction of all observations (of a particular age and sex from the entire data

sample) who were never married the previous year, but became married for the first time.

This is isolated using variables for whether an individual was married in the last 12 months

and how many times they have been married. The computation of the third is more involved.

We consider the set of newlyweds to be observations: (1) that married in the last 12

1This is appropriate since the ACS (with the appropriate weights) is designed to be representative of the
U.S. population. Also note that we use these populations to compute the national growth figures, gma,t and
gwa,t, used in the competition measure approximation.
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months; (2) for which we have information on their spouses’ sex, age, and education; (3) that

have a spouse of the opposite sex. For each age a between 18 and 45, Pm
a,a′ is the fraction

of newlywed age-a men who married an age-a′ woman. Similarly, Pw
a,a′ is the fraction of

newlywed age-a women who married an age-a′ man. We adjust raw densities from the data

by rescaling for availability. The idea is that these raw probabilities are dependent on the

age distributions of available (i.e., single) men and women.2 For example, in a counterfactual

with more single older men, there would be more marriages of younger women to older men

(ceteris paribus).

As an illustration of these distributions, consider the distributions for 30-year-old men

and women in Figure 1 (in the body). While both distributions have a mode of 30, that for

men is left-skewed and that for women is right-skewed. For example, a 30-year-old woman

is just as likely to marry a 40-year-old man as a 25-year-old man, while a 30-year-old man is

much more likely to marry a 25-year-old woman than a 40-year-old woman. In summary, a

30-year-old newlywed man is more likely to have a younger wife, and a 30-year-old newlywed

woman is more likely to have an older husband.

A.3 Descriptive analysis of the competition measures

Because men get married later, there are relatively more single men than single women at a

given age. Naturally, we would expect men to experience more competition (as we measure

it) than women. This is what we find in Figure A.1a. Here, we plot the average baseline

competition measure for men and women by age. At every age, the average value for men

2When rescaling, assume that if you change the number of single women (men) of age a′, this will increase
the relative probability of an age a man (woman) marrying an age a′ woman (man) by approximately the
same amount. In particular, assume {qsa,a′}s,a,a′ are the raw probabilities for each sex s and ages a and a′.
The rescaled probabilities are {Qs

a,a′}s,a,a′ which satisfy

Qs
a,a′ = (qsa,a′ / Ss′

a′)
/∑

a′′

(qsa,a′′ / Ss′

a′′),

and Ss′

a′ is the national level fraction of age a′ individuals of the opposite sex (s′ ̸= s) who are single. For
example, if 1/3 of age-35 women are single, Sw

35 = 1/3, then the probability a newlywed age-30 man marries
an age-35 woman increases by around 3 times. But this does not account for the denominator, which is
necessarily greater than 1, so the increase will be by less than a factor of 3.
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(a) Baseline competition measure

(b) Competitors (numerator)

(c) Eligibles (denominator)

Figure A.1: Baseline competition measure, competitors, and eligibles by sex and age

Notes: See equation (4) for the relevant breakdown: competition = competitors / eligibles.
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is well above that for women. Alongside the competition measure, we also plot the proxy

measures of competitors (the numerator) and eligibles (the denominator) in Figures A.1b

and A.1c, respectively.

In addition to the sex disparity, several points are worth noting. First, the age profile

of eligibles is an upside-down-U shape with a long right tail. This roughly mirrors the

marriage probability age-profile, which is expected since marriage probability appears in the

eligibles equation, i.e., (3). Similarly, the age-profile of competitors follows the same pattern

since individuals generally compete for partners around their age (i.e., have relatively high

P s
x,x′ values for a close to a′) and the marriage probabilities of these eligibles appears in the

competitors equation, i.e., (4). Further, the longer right tails are due to single populations

dwindling as age increases (since people are less likely to be never married as they get older).

Second, competition follows the opposite pattern: a U shape that is right-skewed. Younger

individuals face higher competition since their eligibles are disproportionately older than they

are and have higher marriage probabilities (see equation (5)). Moreover, younger men face

especially high competition because their female eligibles disproportionately marry older

men. After their mid-20’s, individuals face increasing competition as they age. Indeed, for

higher ages, as single populations dwindle, more and more of an individual’s eligibles become

younger than them. This individual is then competing (on average) with a population that

is younger than them, which is relatively larger. For example, for a 40-year-old single man,

there are more 35-year-old single women than 40-year-old single women (since 40-year-old

women are more likely to be married). Each of these 35-year-old women, in turn, has many

more male eligibles than the 40-year-old man has female eligibles.

Third, for a similar reason, men face more competitors across the age distribution. Even

as eligibles approximately equalize for men and women around age 31, competitors for men

remain well above that of women. Compared to women, men are competing for a relatively

younger population, for which there are more individuals. In turn, these eligibles for men

have more eligibles of their own, driving up the number of competitors a man faces.
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Fourth, the overall competition measure average is not 1, but instead, it is 1.27 (1.54 for

men and 1.01 for women, for all ages 18-45).3 This is not unexpected, as the measure is not

designed to enforce symmetry. One should think of the competition measure as a sex-age-

location-time-specific tightness in the marriage market, not as a relative success probability

centered around 1. If individuals of different ages chase similar partner-types on average,

this will push the average competition measure up.4

Next, consider Figure A.2, which is analogous to Figure A.1 but with education in the

competition measure. Further, we consider the measure broken down by education in ad-

dition to sex. Similar to the baseline measure, the age profile for competition is a U shape

with a right skew, and that for competitors and eligibles is an upside-down-U shape with a

right skew. Also similar to the baseline measure, men face more competition than women.

The breakdown by education introduces interesting dynamics. At young ages, college

men face more competition than high school men. However, as the marriage probability of

college men rises considerably above that of high school men, their eligibles increase, and

their competition measure falls well below that of high school men. This is true despite

college men facing more competitors than high school men. A different pattern emerges

for women. While college women start with a higher competition measure, they converge

around age 27, and stay approximately the same until college women are slightly larger in

the late 30’s. Competition and eligibles are greater for college women after age 25.

Following Goldsmith-Pinkham et al. (2020), Tables A.2 and A.3 report cross-sectional

regressions from the base year (2005) of competition on covariates. For competition measure

3The overall average is slightly skewed toward men because there are more never-married men than
never-married women. Also, note that these statistics are not reported in a table elsewhere.

4As an extreme example, assume that men of all ages almost exclusively married women of age 30. Each
man would have relatively few eligibles (since there are only so many 30-year-old women) and relatively many
competitors (since all the other men want to marry 30-year-old women too). Furthermore, every woman
who was not 30 would also have relatively few eligibles (since few men want to marry them, their marriage
probability would be low), driving their competition measure up. Thus, on average, competition measures
would be high for both sexes.
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(a) Competition measure with education

(b) Competitors (numerator)

(c) Eligibles (denominator)

Figure A.2: Comp. measure with education, competitors, & eligibles by ed., sex, & age

Notes: Values for 18-21-year-old college individuals are omitted because of sparsity.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
non-participation rate 0.0135 0.0612∗∗∗ 0.0282∗∗ 0.0317∗∗ 0.0180∗ 0.0297∗∗∗ 0.0551∗∗∗ 0.0337∗∗

(0.0086) (0.0097) (0.0141) (0.0160) (0.0104) (0.0101) (0.0173) (0.0170)

Fit statistics
Observations 12,188 10,381 7,125 7,295 12,188 10,381 7,125 7,295

R2 0.0003 0.0063 0.0008 0.0007 0.0004 0.0013 0.0017 0.0007

(a) regressor: base year value of NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
log hours -0.0052 0.0072 -0.0373∗∗ 0.0546∗∗ 0.0085 0.0445∗∗∗ -0.1430∗∗∗ 0.0381∗

(0.0115) (0.0140) (0.0149) (0.0216) (0.0135) (0.0146) (0.0230) (0.0219)

Fit statistics
Observations 10,391 8,384 6,474 6,807 10,391 8,384 6,474 6,807

R2 2.7 × 10−5 4.62 × 10−5 0.0015 0.0018 4.92 × 10−5 0.0015 0.0120 0.0009

(b) regressor: base year value of log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
log income 0.0343∗∗∗ 0.0220∗∗∗ 0.0553∗∗∗ 0.0664∗∗∗ 0.0682∗∗∗ 0.0644∗∗∗ -0.0597∗∗∗ 0.0561∗∗∗

(0.0039) (0.0049) (0.0050) (0.0064) (0.0048) (0.0057) (0.0073) (0.0065)

Fit statistics
Observations 10,391 8,384 6,474 6,807 10,391 8,384 6,474 6,807

R2 0.0106 0.0034 0.0342 0.0280 0.0282 0.0252 0.0211 0.0195

(c) regressor: base year value of log income

competition measure baseline with education
subset men women men women
Model: (1) (2) (3) (4)

Base year variable
idleness rate -0.4350∗∗∗ -0.3381∗∗∗ -0.3712∗∗∗ -0.3405∗∗∗

(0.0651) (0.0333) (0.0618) (0.0325)

Fit statistics
Observations 7,430 7,299 7,430 7,299

R2 0.0068 0.0151 0.0054 0.0163

(d) regressor: base year value of idleness rate

Table A.2: Regressing initial competition measure on covariates (outcome variables)

Notes: For each competition-measure-education-sex combination and for each outcome, we regress the initial
competition measure in 2005 on the base year value of the outcome. This sheds light on how high competition
locations compared to low competition locations in the base year for different populations (i.e., education-sex
combinations). The populations follow those in the main regressions (in Tables 1 and 2). Heteroskedasticity-
robust standard errors in parentheses. Significance codes: ***: 0.01, **: 0.05, *: 0.1.

Cs
x,ℓ,t and covariate zsx,ℓ,t, the cross-sectional regression is simply

log(Cs
x,ℓ,t0

) = α0 + αzsx,ℓ,t0 + ηx,ℓ,t.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
marriage rate 0.1384∗∗∗ 0.0004 0.0999∗∗∗ 0.1151∗∗∗ 0.2384∗∗∗ -0.0402∗∗ -0.0658∗∗∗ 0.0365∗∗∗

(0.0096) (0.0157) (0.0098) (0.0130) (0.0110) (0.0159) (0.0136) (0.0139)

Fit statistics
Observations 12,188 10,381 7,125 7,295 12,188 10,381 7,125 7,295

R2 0.0312 1.84 × 10−7 0.0237 0.0199 0.0623 0.0014 0.0055 0.0019

(a) regressor: base year value of marriage rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
share with bach. deg. 0.2285∗∗∗ -0.2020∗∗∗ 0.0596∗∗ -0.0101 0.6449∗∗∗ 0.8274∗∗∗ -0.7716∗∗∗ 0.0686∗∗∗

(0.0169) (0.0259) (0.0241) (0.0241) (0.0204) (0.0274) (0.0221) (0.0252)

Fit statistics
Observations 12,188 10,381 7,125 7,295 12,188 10,381 7,125 7,295

R2 0.0227 0.0111 0.0033 7.42 × 10−5 0.1219 0.1646 0.2946 0.0033

(b) regressor: base year value of share with a bachelor’s degree

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
share in metro area 0.0247∗∗∗ 0.0065 0.0332∗∗∗ -0.0076 0.0677∗∗∗ 0.1110∗∗∗ -0.1651∗∗∗ -0.0040

(0.0052) (0.0075) (0.0075) (0.0092) (0.0065) (0.0077) (0.0109) (0.0098)

Fit statistics
Observations 12,188 10,381 7,125 7,295 12,188 10,381 7,125 7,295

R2 0.0027 0.0001 0.0026 9.02 × 10−5 0.0139 0.0288 0.0348 2.43 × 10−5

(c) regressor: base year value of share of population in a metro area

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
non metro -0.0267∗∗∗ -0.0047 -0.0356∗∗∗ 0.0122 -0.0746∗∗∗ -0.1206∗∗∗ 0.2037∗∗∗ 0.0007

(0.0062) (0.0090) (0.0095) (0.0112) (0.0078) (0.0091) (0.0133) (0.0129)

Fit statistics
Observations 12,188 10,381 7,125 7,295 12,188 10,381 7,125 7,295

R2 0.0022 4.08 × 10−5 0.0018 0.0002 0.0118 0.0235 0.0320 5.28 × 10−7

(d) regressor: base year value of share of population in a non-metro area

Table A.3: Regressing initial competition measure on covariates (non-outcome variables)

Notes: This table is the same as Table A.2, but for non-outcome variables. The share of the population with
a bachelor’s degree is necessarily at the age-sex-year-location level (as opposed to the education-age-sex-
year-location level). The difference between the metro and non-metro panels is meaningful because there is
a large third category where the metro status is indeterminable. Heteroskedasticity-robust standard errors
in parentheses. Significance codes: ***: 0.01, **: 0.05, *: 0.1.

This exercise is descriptive and intended to document which types of places have high initial

competition. For most variables, we offer this calculation for each combination of competition

9



measure (baseline and with education), education level (high school and college), and sex.

The estimates reveal that areas with initially high competition have slightly higher non-

participation rates for all education-sex groups but high school men, lower hours for college

men, and higher income for all adults (25-39-year-old and single). One exception is that the

college male income estimate flips parity for the measure with education. Idleness is lower

across the board (for 18-24-year-old single adults). High school men and college women in

these areas have higher marriage rates. Also, for high school men, high-competition areas

are more likely to have higher shares of college graduates and less likely to be metro areas.

Although initially high- and low-competition areas differ on some dimensions, our em-

pirical strategy relies on within-area changes over time, absorbing these baseline differences

via fixed effects.

Figure A.3 offers a heat map of the baseline competition measure for men and women

separately, where the measure at each location is the population-weighted average over ages

and years. For men, there is no strong pattern geographically, although the western U.S.

appears to experience slightly more competition on average. For women, the high- and low-

competition areas appear to be inverted relative to the men, which is unsurprising given

the construction of the competition measure. Additionally, Figure A.4 gives the change in

competition over our analysis period 2006-2021.
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(a) single men 25-39

(b) single women 25-39

Figure A.3: Heat map of baseline competition measure

Notes: First, average competition measures at the sex-age-location-year level are taken from all observations
of age 25-39-year-olds who report not being in school at the time. Then, one value is assigned to each PUMA
and sex by taking the population-weighted average over all ages and years considered.
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(a) single men 25-39

(b) single women 25-39

Figure A.4: Heat map of change in baseline competition measure (2021 value minus 2006
value)

Notes: Positive values are places where competition increased more: higher 2021 values than 2006 values.
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B Robustness

Next, we turn to a robustness analysis of our main results. This analysis is summarized in

Section 4 of the body.

Differing fixed effects: To evaluate the role of fixed effects, we consider different

combinations and measure the effect on the NILF rate estimates for men from Table 1a. For

each of the four male specifications in Table 1a – baseline for HS men, baseline for college

men, measure with education for HS men, and measure with education for college men –

Table C.4 in Appendix C offers four different fixed-effect combinations: no fixed effects; age,

location, and year; age-location and year; age-location and location-year. Note that the

fourth combination is what we use in the main specification, so these estimates line up with

those from Table 1a.

For all four specifications, the third and fourth combinations (age-location and year, and

age-location and location-year, respectively) yield similar 2SLS estimates. However, the first

and second combinations (none and age, location, and year, respectively) yield estimates that

often differ substantially from the latter two combinations. Further, estimates from these

first two combinations often differ from each other. Across all 16 estimates, the instrument

is quite strong.

The move from the first combination to the second shows the importance of accounting

for consistencies in non-participation across age, location, and time. The move from the

second to the third shows the importance of replacing the separate age and location fixed

effects with age-location fixed effects. The move from the third to the fourth (i.e., replacing

time fixed effects with location-time fixed effects) does not change estimates much.

To gauge whether the added fixed effects remove too much variation, we plot the residuals

from 6 of the 16 models from Table C.4 in Figure C.1. In particular, the second, third,

and fourth fixed effect combinations for high school men, both for the baseline competition

measure and the measure with education. As we increase fixed effects from (2) to (3) to (4),

residual variation decreases as expected, i.e., the density becomes more concentrated around
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zero. However, significant variation remains in the richest model (Figures C.1e and C.1f) –

with age-location and location-year fixed effects, which is the combination used in the main

results.

Pre-existing trends: It is possible that cells (at the sex-age-location level or education-

sex-age-location level) with high and low initial competition levels were on different trends

before our analysis period. In that case, it is possible that our main estimates are picking

up these trends. We first gauge this possibility with the following simple regression:

υs
x,ℓ,t = α0 + αCx,ℓ,t0 + ηx,ℓ,t,

where υs
x,ℓ,t1

= yx,ℓ,t1 − yx,ℓ,t0 is a long difference, t1 is 2019, and t0 is 2005. 2019 is chosen to

omit the effects of COVID-19 on the long difference. The results are in Table C.5.

There are three sets of significant results worth mentioning. First, the high school female

non-participation estimates are significantly positive. This suggests that cells where high

school women initially faced high marriage competition were already experiencing a positive

trend in non-participation (relative to cells initially facing low competition). Second, hours

and income estimates for all education-sex combinations except college men are positive,

suggesting a preexisting positive trend for these groups in high-competition areas.5 Magni-

tudes are quite large. Finally, idleness estimates for men are significantly negative, although

magnitudes are relatively small.

To further investigate initial trends, we use a stronger specification to allow for flexible

time paths. Considering all years in our analysis period (2006-2021, not just 2019), we

interact the initial competition measure with time:

ysx,ℓ,t = α0 + ατ (t× Cx,ℓ,t0) + ηx,ℓ,t.

5Curiously, the college-male estimates flip from significantly negative for the baseline competition measure
to significantly positive for the competition measure with education for both hours and income.
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The results of this specification are in Table C.6. For several of our main results, the

corresponding estimates of ατ are statistically significant and in the same direction, which

suggests the corresponding results from Tables 1 and 2 may reflect long-term trends. For the

increase in high school female non-participation and college male hours, the estimates are

positive and statistically significant, but only for the competition measure with education.

For the college male hours increase, the estimate for the baseline measure is significantly

positive, but that for the measure with education is not (at the 5% level). Lastly, for the

male idleness decrease, the estimate for both measures is significantly negative.

While Tables C.5 and C.6 show that initial competition predicts subsequent changes for

certain outcomes, they only rely on cross-sectional variation in the base-year competition

measure. In contrast, our main specifications identify effects from within-location changes

in competition over time while absorbing age-location and location-time fixed effects. To

further gauge the role of pre-existing trends in our main estimates, we add a time trends to

the age-location fixed effects in our main regression. In particular, the 2SLS regression in

equations (8) and (9) becomes

ysx,ℓ,t = β0 + β ˆlog(Cs
x,ℓ,t) + t× τage,ℓ + λage,ℓ + τℓ,t + ϵx,ℓ,t,

log(Cs
x,ℓ,t) = γ0 + γ log(Cs

x,ℓ,t) + t× τage,ℓ + λage,ℓ + τℓ,t + νx,ℓ,t.

The results are in Table C.7.

The significantly positive result remains for female non-participation (even with larger

standard errors). This suggests that the relevant estimates from Table 1 are not fully driven

by differential age–location trends. Further, it provides strong evidence that the main es-

timates reflect competition effects as opposed to just slow underlying trends. However, the

positive results disappear for college male hours and income, and actually become negative.

The significance of the high school male hours and idleness results also disappear.
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This disappearance of positive results does not necessarily nullify the main estimates.

Without age–location trends, identification comes from long-run demographic shifts – i.e.,

gradual changes in the local population composition – and short-run fluctuations – i.e.,

year-to-year changes in local demographic composition. When we add trends, gradual de-

mographic evolution within each age–location cell is absorbed, and the remaining identifying

variation comes only from the short-run fluctuations around those trends. Because most of

the variation generated by your Bartik-style demographic instrument occurs through slow-

moving population changes, adding trends removes much of the variation identifying the

effect. This makes estimates less precise, which can result in a loss of statistical significance,

even if the underlying relationship is still present. This is what we see, as standard errors

increase sizably.

Leave-one-out (LOO): Recall that our instrument uses an approximation of local

populations using national-level growth. A common concern for Bartik-style instruments

like this is that the location’s population can mechanically influence national figures (since

the location makes up part of the nation). This is potentially problematic since we want the

instrument to reflect exogenous national trends as opposed to local shocks.

Since we use many locations (1,078 PUMAs) mostly around the same size, such mechan-

ical endogeneity is less of a concern in our case. However, to be safe, we recompute the

results using a leave-one-out (LOO) Bartik construction.6 The recomputed estimates are in

Table C.8. The results are very close to those from Section 3, which gives us confidence that

mechanical endogeneity plays a negligible role.

Courtship: The goal of the competition measure is to capture how easy it is for men

6The true national-level growth used in Section 2.3, gmx,t for men, is set according to the following equation:∑
ℓ

Mx,ℓ,t = (1 + gmx,t)
∑
ℓ

Mx,ℓ,t0 .

The LOO construction for location ℓ′ uses γm
x,ℓ,t, which is set according to:∑

ℓ ̸=ℓ′

Mx,ℓ,t = (1 + γm
x,ℓ,t)

∑
ℓ ̸=ℓ′

Mx,ℓ,t0 .
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(women) of a particular age in a particular place to find a woman (man) to marry, relative to

other places with different population distributions. A potential problem with the measure

as presented is that it is not forward-looking. For an age-a single man (woman), the measure

uses the age distribution of marriages for an age-a man (woman). In reality, if the person is

actually “single” – never married and no boyfriend or girlfriend – and looking for a marriage

partner, they are likely not thinking about getting married in the current year (at least on

average). They are thinking about marriage a few years in the future.

To account for this, we adjust the competition measure by replacing Ps
x,x′ and P s

x,x′ with

Ps
a+c,a′+c and P s

a+c,a′+c, respectively, where c stands for “courtship.”7 The idea is that if an

individual meets a potential marriage partner this year, they expect it to take c years before

marriage. In practice, we take c to be 3.8 The results from this exercise are in Table C.9.

They are generally consistent with the main results in Section 3, although standard errors

are generally slightly bigger.

Long difference: For further robustness, we consider a “long difference” approach.

Instead of using the log competition value as the endogenous regressor (and the log of the

approximated competition value as the instrument) in the 2SLS setup, we use the change

in competition from a base year (and the change in the approximated competition). The

outcome variable also becomes a difference. In particular, take υs
x,ℓ,t to be the change in NILF

rate from a base year t0, i.e., the “long difference” in the NILF rate. So if ysx,ℓ,t is the NILF

7The new competition measure for men is

Cm
a,ℓ,t =

∑
a′

Pm
a+c,a′+c

∑
a′′

Pw
a′+c,a′′+c Ma′′,ℓ,t

/ ∑
a′

Pm
a+c,a′+c Wa′,ℓ,t,

and the new approximation is

Cm
a,ℓ,t =

∑
a′

Pm
a+c,a′+c

∑
a′′

Pw
a′+c,a′′+c(1 + gma′′,t)Ma′′,ℓ,t0

/ ∑
a′

Pm
a+c,a′+c(1 + gwa′,t)Wa′,ℓ,t0 .

Those for women are analogously defined. Note that the individual is considering the stock of men and
women from the current year.

8Note two caveats. First, we could not find data to inform the value of c in a principled way. Second,
in the data, we cannot see whether someone who is “single” (never married and not cohabitating with an
unmarried partner) is already dating someone seriously or engaged. This is a problem whether or not we
adjust for courtship. However, as mentioned, we do remove cohabitants from the single population.
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rate, then υs
x,ℓ,t = ysx,ℓ,t − ysx,ℓ,t0 . Also, take ∆

s
x,ℓ,t to be the long difference in the competition

measure (∆s
x,ℓ,t = Cs

x,ℓ,t − Cs
x,ℓ,t0

) and δsx,ℓ,t to be the long difference in the approximation

(δsx,ℓ,t = Cs
x,ℓ,t − Cs

x,ℓ,t0
).

With this notation in place, consider the following two-stage least squares (2SLS) regres-

sion:

υs
x,ℓ,t = β0 + β ∆s

x,ℓ,t + λage,ℓ + τℓ,t + ϵx,ℓ,t,

∆s
x,ℓ,t = γ0 + γ δsx,ℓ,t + λage,ℓ + τℓ,t + νx,ℓ,t.

β (if interpreted causally) would be the effect of a 0.01 increase in the competition measure

on the change in the NILF rate.

The results are reported in Table C.10. Patterns in estimates match the main analysis,

and coefficients are generally similar despite a slightly different interpretation.9

Unmarried: Next, we use unmarried individuals as opposed to “single” individuals (i.e.,

never married and not cohabitating with an unmarried partner). “Unmarried” individuals

include those who have been married before, but are separated, divorced, or widowed, and

those who are cohabitating with an unmarried partner. Since this is a different population,

we expect some differences in results.

The results are in Table C.13. Estimates are broadly consistent, but a few things are

worth noting. First, estimates for high school female non-participation and male idleness are

notably bigger and remain significant. Second, high school male hours estimates are smaller

and no longer significant. Third, high school female income estimates are now significantly

negative. Fourth, college male income estimates are attenuated, but still significant.

Splitting competition into competitors and eligibles: Recall that the competition

9For example, in Table 1a, the female non-participation 2SLS estimate using the baseline competition
measure (0.11) has the following interpretation: a 1% increase in the competition measure decreases non-
participation by 0.11 pp on average. In contrast, the corresponding 2SLS coefficient (0.10 pp) from Table
C.10a has the following interpretation: a 0.01 increase in the competition measure decreases non-participation
by 0.10 pp on average. Since the competition measure has an average greater than 1, 1% is generally bigger
than 0.01, so we would expect long-difference coefficients to be slightly attenuated.
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measure is a ratio of competitors to eligibles: from equation (4),

Cm
x,ℓ,t = competitorsmx,ℓ,t

/
eligiblesmx,ℓ,t.

As an extension to the 2SLS specification in (8) and (9), we consider regressions with com-

petitors and eligibles separated:

ysx,ℓ,t = β0 + β ˆlog(competitorssx,ℓ,t) +
ˆlog(eligiblessx,ℓ,t) + λage,ℓ + τℓ,t + ϵx,ℓ,t,

log(competitorssx,ℓ,t) = γ0 + γ log(competitors
s

x,ℓ,t) + log(eligibles
s

x,ℓ,t) + λage,ℓ + τℓ,t + νx,ℓ,t.

log(eligiblessx,ℓ,t) = δ0 + δ log(competitors
s

x,ℓ,t) + log(eligibles
s

x,ℓ,t) + λage,ℓ + τℓ,t + ηx,ℓ,t,

where competitors
s

x,ℓ,t and eligibles
s

x,ℓ,t are the approximations of competitorssx,ℓ,t and

eligiblessx,ℓ,t (respectively) defined in the numerator and denominator (respectively) of (7).

Note that since population shares are used to construct the competitor and eligible terms

(and their approximations), the values are comparable across locations with different popu-

lation sizes.

The results of these regressions are reported in Tables C.11 and C.12. Generally, when

there is a significantly positive (negative) coefficient on competition in the main results

(Tables 1 and 2), there is a significantly positive (negative) coefficient on competitors and a

significantly negative (positive) coefficient on eligibles. This is what we would expect since

competition is the ratio of competitors to eligibles. For example, for college male income, the

coefficients on competitors and eligibles are significantly positive and negative, respectively,

coinciding with the significantly positive estimate on competition. However, this is not

the case for college male hours. Further, significant estimates on competitors and eligibles

sometimes show up when the estimate on competition is not significant (for example, college

female income). For male idleness, there is a significantly positive estimate on eligibles, but

not a significantly negative estimate on competitors, suggesting that the negative estimate
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on competition is likely driven by eligibles rather than competitors.
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C Additional tables and figures

C.1 First stage tables

competition measure baseline with education
subset HS college HS college

(1) (2) (3) (4)

First stage
Competition approximation (log) 0.9665∗∗∗ 0.9892∗∗∗ 0.9270∗∗∗ 0.8197∗∗∗

(0.0349) (0.0428) (0.0347) (0.0499)

Fit statistics
Observations 215,378 133,564 215,378 133,564
Adjusted R2 0.9008 0.8999 0.9402 0.9021
F-test 12,161.4 7,931.8 12,859.5 2,791.9
Wald 765.7 534.5 712.8 270.2

Table C.1: First stage results for single men 25-39
Notes: As mentioned in footnote 12, these first stage results are from the sample used for the NILF rate, the
outcome variable for 25-39-year-olds that imposes the fewest data restrictions. Each of the five specifications
is described at the beginning of Section 3. Sig. codes: ***: 0.01, **: 0.05, *: 0.1.

competition measure baseline with education
subset HS college HS college

(1) (2) (3) (4)

First stage
Competition approximation (log) 0.9946∗∗∗ 1.137∗∗∗ 1.005∗∗∗ 1.075∗∗∗

(0.0290) (0.0336) (0.0376) (0.0305)

Fit statistics
Observations 183,229 135,788 183,229 135,788
Adjusted R2 0.9454 0.9391 0.9569 0.9073
F-test 19,491.5 15,380.9 11,115.5 18,177.4
Wald 1,174.9 1,145.5 714.9 1,240.4

Table C.2: First stage results for single women 25-39
Notes: This table is analogous to Table C.1 but for women. Sig. codes: ***: 0.01, **: 0.05, *: 0.1.

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

First stage
Competition approximation (log) 0.9810∗∗∗ 0.9972∗∗∗ 0.9424∗∗∗ 0.9697∗∗∗

(0.0372) (0.0326) (0.0345) (0.0484)

Fit statistics
Observations 119,504 117,652 119,504 117,652
Adjusted R2 0.9802 0.9781 0.9789 0.9721
F-test 4,475.3 8,167.8 4,044.7 2,822.6
Wald 696.1 932.7 748.2 402.1

Table C.3: First stage results for single men and women 18-24
Notes: As mentioned in footnote 12, these first stage results are from the idleness rate. Sig. codes: ***:
0.01, **: 0.05, *: 0.1.
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C.2 Alternative fixed effect specifications

education HS college
(1) (2) (3) (4) (5) (6) (7) (8)

First stage
Comp. approx. (log) 0.5754∗∗∗ 0.1269∗∗∗ 0.8931∗∗∗ 0.9665∗∗∗ 0.5624∗∗∗ 0.1665∗∗∗ 0.9786∗∗∗ 0.9892∗∗∗

(0.0141) (0.0093) (0.0373) (0.0349) (0.0157) (0.0128) (0.0464) (0.0428)

OLS
Competition (log) 0.1678∗∗∗ 0.0002 -0.0065 -0.0049 0.0425∗∗∗ 0.0057 0.0080 0.0060

(0.0174) (0.0070) (0.0070) (0.0108) (0.0039) (0.0057) (0.0057) (0.0102)

2SLS
Competition (log) -0.0399∗ 0.2970∗∗∗ -0.0887∗ -0.0991∗∗ 0.0333∗∗∗ -0.0401 -0.0442 -0.0803∗

(0.0225) (0.0875) (0.0477) (0.0455) (0.0079) (0.0494) (0.0387) (0.0415)

Fixed-effects
age Yes Yes
puma Yes Yes
year Yes Yes Yes Yes
age-puma Yes Yes Yes Yes
puma-year Yes Yes

Fit statistics
Observations 215,378 215,378 215,378 215,378 133,564 133,564 133,564 133,564

Adj. R2 (first stage) 0.3673 0.7080 0.7220 0.9008 0.3558 0.6731 0.6937 0.8999

R2 (OLS) 0.0127 0.1833 0.2566 0.3360 0.0021 0.0300 0.1784 0.3154

R2 (2SLS) -0.0068 0.1716 0.2558 0.3357 0.0020 0.0291 0.1775 0.3147
F-test (1st stage) 125,018.3 1,675.2 3,925.4 12,161.4 73,756.3 1,790.1 2,649.0 7,931.8
Wald (1st stage) 1,669.7 186.6 573.9 765.7 1,287.7 170.1 444.7 534.5
Wu-Hausman p-value 0.0000 0.0000 0.0486 0.0194 0.0066 0.2219 0.1120 0.0131

(a) baseline measure

education HS college
(1) (2) (3) (4) (5) (6) (7) (8)

First stage
Comp. approx. (log) 0.6887∗∗∗ 0.1652∗∗∗ 0.7957∗∗∗ 0.9270∗∗∗ 0.6600∗∗∗ 0.1360∗∗∗ 0.7344∗∗∗ 0.8197∗∗∗

(0.0130) (0.0120) (0.0384) (0.0347) (0.0170) (0.0141) (0.0629) (0.0499)

OLS
Competition (log) 0.1290∗∗∗ -0.0087 -0.0115∗ -0.0096 0.0363∗∗∗ -0.0010 0.0037 0.0027

(0.0135) (0.0069) (0.0069) (0.0118) (0.0025) (0.0041) (0.0042) (0.0067)

2SLS
Competition (log) 0.0008 0.2552∗∗∗ -0.0724 -0.0956∗ 0.0419∗∗∗ -0.0487 -0.0263 -0.0814∗

(0.0163) (0.0751) (0.0527) (0.0505) (0.0038) (0.0414) (0.0422) (0.0482)

Fixed-effects
age Yes Yes
puma Yes Yes
year Yes Yes Yes Yes
age-puma Yes Yes Yes Yes
puma-year Yes Yes

Fit statistics
Observations 215,378 215,378 215,378 215,378 133,564 133,564 133,564 133,564

Adj. R2 (first stage) 0.5026 0.7821 0.7959 0.9402 0.4681 0.7384 0.7568 0.9021

R2 (OLS) 0.0100 0.1833 0.2566 0.3360 0.0035 0.0300 0.1784 0.3154

R2 (2SLS) 0.0001 0.1741 0.2562 0.3358 0.0034 0.0284 0.1779 0.3140
F-test (1st stage) 217,602.5 2,414.9 3,472.7 12,859.5 117,554.9 1,394.8 1,317.8 2,791.9
Wald (1st stage) 2,812.0 188.5 428.3 712.8 1,513.0 92.51 136.4 270.2
Wu-Hausman p-value 0.0000 0.0000 0.1740 0.0482 0.0017 0.1324 0.3933 0.0376

(b) measure with education

Table C.4: Differing fixed effects: male NILF rate

Notes: This table consider different combinations of fixed effect for each of the four male specifications in Table 1a. The first four columns in the
top panel are for high school men using the baseline measure. The adjacent four columns are for college men. The bottom panel does the same
eight columns for the measure with education. Each group of four columns considers four combinations of fixed effects: none; age, location, and
year; age-location and year; age-location and location-year. The fourth is our primary specification, so estimates and standard errors from these
columns match those in Table ??. Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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(a) baseline, model (2) (b) with education, model (2)

(c) baseline, model (3) (d) with education, model (3)

(e) baseline, model (4) (f) with education, model (4)

Figure C.1: Residual histogram plots for HS men NILF rate

Notes: Consider Table C.4 that differs fixed effects (FE) used in the male NILF rate. These six plots corre-
spond to the 2SLS regression results from this table for models (2), (3), and (4) for the baseline competition
measure and the measure with education. Recall the different FE mixes: model (2) is age, PUMA, and year;
model (3) is age-PUMA and year; model (4) is age-PUMA and PUMA-year. Each histogram shows the
density of the residual distribution for the corresponding model and competition measure. The plots have
the same scale for comparability.
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C.3 Pre-existing trends

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
Competition (log) -0.0371∗∗∗ 0.0421∗∗ -0.0009 0.0239∗∗ -0.0131 0.0449∗∗ 0.0147∗ 0.0188∗

(0.0142) (0.0187) (0.0110) (0.0114) (0.0111) (0.0180) (0.0083) (0.0114)

Fit statistics
Observations 13,978 12,103 9,438 9,504 13,978 12,103 9,438 9,504

R2 0.0005 0.0004 6.86 × 10−7 0.0005 9.91 × 10−5 0.0005 0.0003 0.0003

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
Competition (log) 0.3013∗∗∗ 0.7875∗∗∗ -0.2951∗∗∗ 1.445∗∗∗ 0.6043∗∗∗ 1.021∗∗∗ 0.3326∗∗∗ 1.025∗∗∗

(0.0692) (0.0891) (0.0955) (0.0995) (0.0535) (0.0849) (0.0720) (0.1000)

Fit statistics
Observations 12,026 10,173 8,800 9,064 12,026 10,173 8,800 9,064

R2 0.0016 0.0076 0.0011 0.0227 0.0105 0.0140 0.0024 0.0114

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
Competition (log) 0.8321∗∗∗ 2.197∗∗∗ -0.8446∗∗∗ 4.204∗∗∗ 1.654∗∗∗ 2.861∗∗∗ 0.8327∗∗∗ 3.027∗∗∗

(0.1919) (0.2476) (0.2732) (0.2844) (0.1485) (0.2358) (0.2059) (0.2858)

Fit statistics
Observations 12,026 10,173 8,800 9,064 12,026 10,173 8,800 9,064

R2 0.0016 0.0077 0.0011 0.0235 0.0102 0.0143 0.0019 0.0122

(c) income

competition measure baseline with education
subset men women men women
Model: (1) (2) (3) (4)

Base year variable
Competition (log) -0.0076∗∗∗ -0.0040 -0.0094∗∗∗ -0.0039

(0.0012) (0.0042) (0.0015) (0.0050)

Fit statistics
Observations 7,458 7,350 7,458 7,350

R2 0.0055 0.0001 0.0051 8.15 × 10−5

(d) idleness rate

Table C.5: Regressing change in outcomes on base year competition measure (no controls)

Notes: For each competition-measure-education-sex combination and for each outcome, we regress the change
in outcome between the base year (2005) and 2019 on the base year competition measure. This helps us
understand whether high- and low-competition areas were initially following different trends. Significance
codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
Competition (log) × year 0.002045∗∗ 0.000784 0.000390 -0.000319 0.002329∗∗∗ 0.002972∗∗∗ 0.000293 -0.000104

(0.000862) (0.001039) (0.000641) (0.000695) (0.000661) (0.001082) (0.000532) (0.000685)

Fit statistics
Observations 169,079 129,125 76,724 79,208 169,079 129,125 76,724 79,208

R2 0.260257 0.139368 0.140776 0.136055 0.260318 0.139459 0.140776 0.136052

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable

Competition (log) × year 0.001151∗ -0.001219 0.001353 −3.1 × 10−5 0.001025∗ -0.001347 0.001833∗∗∗ -0.000110
(0.000656) (0.000827) (0.000865) (0.000874) (0.000523) (0.000838) (0.000681) (0.000860)

Fit statistics
Observations 126,216 91,526 66,894 71,802 126,216 91,526 66,894 71,802

R2 0.136175 0.145866 0.205628 0.201032 0.136187 0.145873 0.205741 0.201032

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Base year variable
Competition (log) × year 0.003461∗ -0.006723∗∗∗ 0.009755∗∗∗ -0.006551∗∗ 0.002669 -0.010139∗∗∗ 0.004851∗ -0.004143

(0.002033) (0.002542) (0.003571) (0.002854) (0.001622) (0.002488) (0.002659) (0.002744)

Fit statistics
Observations 126,216 91,526 66,894 71,802 126,216 91,526 66,894 71,802

R2 0.197424 0.216582 0.411886 0.419850 0.197425 0.216745 0.411750 0.419791

(c) income

competition measure baseline with education
subset men women men women
Model: (1) (2) (3) (4)

Base year variable
Competition (log) × year -0.000226∗∗∗ -0.000285∗ -0.000275∗∗∗ -0.000248

(4.58 × 10−5) (0.000151) (6.01 × 10−5) (0.000185)

Fit statistics
Observations 117,784 114,183 117,784 114,183

R2 0.263640 0.214440 0.263618 0.214427

(d) idleness rate

Table C.6: Regressing outcomes on base year competition measure interacted with time

Notes: Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0016 0.0269 0.0124 0.0175 -0.0032 0.0310 0.0049 0.0155

(0.0150) (0.0209) (0.0152) (0.0134) (0.0169) (0.0216) (0.0101) (0.0106)

2SLS
Competition (log) -0.1515 0.2516∗∗ -0.0292 0.1364∗ -0.1287 0.3350∗∗ -0.0308 0.0657

(0.1222) (0.1233) (0.1117) (0.0699) (0.1441) (0.1531) (0.0891) (0.0519)

Fit statistics
Observations 157,972 133,798 96,778 99,096 157,972 133,798 96,778 99,096
F-test (1st stage) 2,359.8 4,001.6 1,525.1 4,346.9 2,233.7 2,793.3 1,032.6 4,976.9
Wald (1st stage) 325.2 390.6 180.8 391.6 225.1 344.0 128.2 382.7
Wu-Hausman, p-value 0.1331 0.0189 0.6642 0.0206 0.2868 0.0111 0.6479 0.1917

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0224 0.0179 0.0163 -0.0062 0.0235 0.0116 0.0086 -0.0079

(0.0145) (0.0209) (0.0202) (0.0183) (0.0167) (0.0220) (0.0139) (0.0141)

2SLS
Competition (log) 0.0250 0.0874 -0.0950 0.0671 0.0500 0.0789 -0.0750 0.0190

(0.1045) (0.0981) (0.1283) (0.0810) (0.1289) (0.1230) (0.1103) (0.0601)

Fit statistics
Observations 116,147 96,920 78,344 82,452 116,147 96,920 78,344 82,452
F-test (1st stage) 1,857.7 3,004.7 1,178.7 3,456.4 1,579.8 2,080.6 861.1 3,995.5
Wald (1st stage) 269.8 306.0 130.8 329.7 170.4 269.8 99.24 341.2
Wu-Hausman, p-value 0.9777 0.4453 0.3905 0.2984 0.8169 0.5556 0.4119 0.6080

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) -0.0095 0.0965∗ 0.0308 0.0440 -0.0471 0.0323 0.0102 0.0213

(0.0409) (0.0503) (0.0638) (0.0547) (0.0460) (0.0531) (0.0395) (0.0452)

2SLS
Competition (log) 0.4340 0.1388 -0.3622 0.7051∗∗∗ 0.6052 -0.0353 -0.6605∗ 0.6267∗∗∗

(0.2911) (0.2845) (0.4355) (0.2430) (0.3684) (0.3609) (0.3372) (0.1898)

Fit statistics
Observations 116,147 96,920 78,344 82,452 116,147 96,920 78,344 82,452
F-test (1st stage) 1,857.7 3,004.7 1,178.7 3,456.4 1,579.8 2,080.6 861.1 3,995.5
Wald (1st stage) 269.8 306.0 130.8 329.7 170.4 269.8 99.24 341.2

Wu-Hausman, p-value 0.0816 0.8576 0.3141 0.0006 0.0364 0.8192 0.0287 2.38 × 10−5

(c) income

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competition (log) 0.0121 -0.0118 0.0143 -0.0013

(0.0162) (0.0241) (0.0163) (0.0223)

2SLS
Competition (log) -0.0075 -0.5613 0.0012 -0.4210

(0.1757) (0.4919) (0.1562) (0.4306)

Fit statistics
Observations 86,612 84,890 86,612 84,890
F-test (1st stage), Competition (log) 2,161.1 735.2 2,903.0 794.0
Wald (1st stage), Competition (log) 330.1 162.0 475.0 185.7
Wu-Hausman, p-value 0.8301 0.0167 0.8702 0.0381

(d) idleness rate

Table C.7: Adding a time trend to the age-location fixed effects

Notes: Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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C.4 Other robustness tests
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) -0.0049 0.0238∗ 0.0060 0.0154∗ -0.0096 0.0232 0.0027 0.0122∗

(0.0108) (0.0135) (0.0102) (0.0085) (0.0118) (0.0143) (0.0067) (0.0067)

2SLS
Competition (log) -0.1014∗∗ 0.1084∗∗ -0.0819∗ 0.0177 -0.0979∗ 0.1574∗∗ -0.0858∗ -0.0021

(0.0464) (0.0469) (0.0423) (0.0275) (0.0514) (0.0644) (0.0510) (0.0195)

Fit statistics
Observations 215,378 183,229 133,564 135,788 215,378 183,229 133,564 135,788
F-test (1st stage) 11,735.6 19,095.9 7,638.6 15,033.1 12,438.0 10,730.0 2,494.5 17,717.5
Wald (1st stage) 734.2 1,145.0 515.1 1,116.5 686.0 681.6 242.1 1,211.1
Wu-Hausman, p-value 0.0186 0.0234 0.0132 0.9215 0.0461 0.0106 0.0385 0.3986

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0109 0.0135 0.0022 -0.0104 0.0141 0.0185 -0.0003 -0.0088

(0.0092) (0.0119) (0.0107) (0.0103) (0.0103) (0.0127) (0.0076) (0.0086)

2SLS
Competition (log) -0.1029∗∗ -0.0085 0.1165∗∗ -0.0083 -0.1239∗∗∗ -0.0126 0.1354∗∗ -0.0234

(0.0400) (0.0335) (0.0467) (0.0296) (0.0438) (0.0474) (0.0549) (0.0226)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 9,763.1 16,117.1 7,142.7 14,192.8 10,101.0 8,854.3 2,381.5 16,834.6
Wald (1st stage) 658.7 1,048.7 476.0 1,076.8 607.6 601.1 224.3 1,167.7
Wu-Hausman, p-value 0.0010 0.4825 0.0046 0.9389 0.0003 0.4851 0.0049 0.4644

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0185 0.0369 0.0382 -0.0126 0.0082 0.0222 0.0104 -0.0158

(0.0239) (0.0289) (0.0347) (0.0300) (0.0274) (0.0312) (0.0231) (0.0237)

2SLS
Competition (log) -0.0316 -0.1051 1.142∗∗∗ 0.1298 -0.0422 -0.1420 1.186∗∗∗ 0.0564

(0.1213) (0.1046) (0.1524) (0.0927) (0.1379) (0.1388) (0.1805) (0.0712)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 9,763.1 16,117.1 7,142.7 14,192.8 10,101.0 8,854.3 2,381.5 16,834.6
Wald (1st stage) 658.7 1,048.7 476.0 1,076.8 607.6 601.1 224.3 1,167.7

Wu-Hausman, p-value 0.5937 0.0757 4.15 × 10−20 0.0518 0.6239 0.1484 2.75 × 10−16 0.1815

(c) income

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competition (log) -0.0044 -0.0113 0.0011 -0.0084

(0.0046) (0.0070) (0.0046) (0.0065)

2SLS
Competition (log) -0.1453∗∗∗ -0.0442∗ -0.0783∗∗ -0.0208

(0.0281) (0.0268) (0.0307) (0.0421)

Fit statistics
Observations 119,504 117,652 119,504 117,652
F-test (1st stage), Competition (log) 4,254.4 7,929.6 3,836.4 2,611.5
Wald (1st stage), Competition (log) 657.5 903.6 706.5 371.1

Wu-Hausman, p-value 1.03 × 10−9 0.1752 0.0014 0.7527

(d) idleness rate

Table C.8: Leave-one-out (LOO) Bartik construction robustness test

Notes: This table replicates the main estimates using a slightly different instrument. Recall that in the Bartik-style instrument, local populations
are approximated using base year populations and national-level growth rates. In the LOO specification, when constructing the instrument for
a particular PUMA, the national-level growth rate is computed without population from that PUMA are computed by leaving out that PUMA.
Then, the growth rate used in the approximation will be independent of the idiosyncrasies of the PUMA. Significance codes: ***: 0.01, **: 0.05,
*: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) -0.0003 0.0288∗ 0.0053 0.0134 -0.0100 0.0299∗ 0.0054 0.0087

(0.0136) (0.0149) (0.0129) (0.0092) (0.0143) (0.0158) (0.0084) (0.0072)

2SLS
Competition (log) -0.1215∗∗ 0.1243∗∗ -0.0901∗ 0.0281 -0.0981 0.1651∗∗ -0.0524 0.0071

(0.0600) (0.0495) (0.0526) (0.0284) (0.0643) (0.0680) (0.0695) (0.0196)

Fit statistics
Observations 215,378 183,229 133,564 135,788 215,378 183,229 133,564 135,788
F-test (1st stage) 11,245.6 20,227.5 7,741.6 17,428.6 12,018.5 11,380.9 1,975.8 20,463.6
Wald (1st stage) 664.6 1,002.5 438.7 1,049.7 692.8 949.9 149.4 957.3
Wu-Hausman, p-value 0.0224 0.0158 0.0321 0.5224 0.1125 0.0138 0.3366 0.9246

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0119 0.0115 0.0027 -0.0106 0.0127 0.0168 0.0002 -0.0055

(0.0117) (0.0130) (0.0134) (0.0112) (0.0129) (0.0140) (0.0093) (0.0090)

2SLS
Competition (log) -0.1308∗∗ 0.0155 0.1452∗∗ -0.0074 -0.1689∗∗∗ 0.0394 0.1740∗∗ -0.0193

(0.0520) (0.0354) (0.0590) (0.0295) (0.0552) (0.0504) (0.0752) (0.0218)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 9,489.6 17,271.7 7,301.4 16,455.9 10,078.2 9,509.1 1,967.8 19,629.6
Wald (1st stage) 605.1 933.2 408.6 1,012.9 634.0 856.9 143.3 918.9
Wu-Hausman, p-value 0.0014 0.9038 0.0048 0.9063 0.0001 0.6256 0.0092 0.4823

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0118 0.0244 0.0282 -0.0083 0.0016 0.0208 0.0024 -0.0168

(0.0306) (0.0329) (0.0451) (0.0335) (0.0340) (0.0351) (0.0294) (0.0250)

2SLS
Competition (log) -0.0515 -0.0837 1.426∗∗∗ 0.1516 -0.1630 0.0163 1.407∗∗∗ 0.0915

(0.1571) (0.1109) (0.1943) (0.0937) (0.1688) (0.1442) (0.2480) (0.0716)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage) 9,489.6 17,271.7 7,301.4 16,455.9 10,078.2 9,509.1 1,967.8 19,629.6
Wald (1st stage) 605.1 933.2 408.6 1,012.9 634.0 856.9 143.3 918.9

Wu-Hausman, p-value 0.6009 0.1994 1.56 × 10−20 0.0303 0.1960 0.9696 1.58 × 10−12 0.0410

(c) income

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competition (log) -0.0039 -0.0095 0.0029 -0.0085

(0.0046) (0.0075) (0.0051) (0.0076)

2SLS
Competition (log) -0.1478∗∗∗ -0.0530∗ -0.0630∗ -0.0230

(0.0314) (0.0305) (0.0369) (0.0472)

Fit statistics
Observations 119,504 117,652 119,504 117,652
F-test (1st stage), Competition (log) 3,429.2 6,909.3 3,276.6 2,762.3
Wald (1st stage), Competition (log) 579.6 855.0 510.8 363.4

Wu-Hausman, p-value 5.28 × 10−8 0.1115 0.0304 0.7434

(d) idleness rate

Table C.9: “Courtship” robustness test

Notes: In this table we adjust for “courtship” by replacing Ps
x,x′ and Ps

x,x′ with Ps
a+c,a′+c

and Ps
a+c,a′+c

, respectively, in the competition

meausure (where c stands for courtship). The idea is that if an individual meets a potential marriage partner this year, they expect it to take c
years before marriage. That is, “courtship” takes time. In practice, we take c to be 3. Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
d.c -0.0051 0.0299∗ 0.0040 0.0146 -0.0123 0.0295∗ -0.0003 0.0121

(0.0089) (0.0153) (0.0088) (0.0100) (0.0092) (0.0159) (0.0059) (0.0078)

2SLS
d.c -0.0708∗ 0.1041∗∗ -0.0740∗∗ 0.0193 -0.0481 0.1548∗∗∗ -0.1099∗∗ 0.0061

(0.0382) (0.0415) (0.0358) (0.0252) (0.0434) (0.0525) (0.0514) (0.0175)

Fit statistics
Observations 215,378 183,229 133,564 135,788 215,378 183,229 133,564 135,788
F-test (1st stage), d.c 11,698.0 32,497.8 7,617.9 26,991.7 10,329.7 19,408.1 2,111.8 30,184.2
Wald (1st stage), d.c 660.7 1,304.0 413.3 1,225.2 685.4 925.9 192.4 1,463.8
Wu-Hausman, p-value 0.0567 0.0229 0.0098 0.8146 0.3517 0.0036 0.0071 0.6786

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
d.c 0.0074 0.0158 0.0011 -0.0166 0.0071 0.0257∗ -0.0016 -0.0123

(0.0077) (0.0137) (0.0091) (0.0118) (0.0083) (0.0149) (0.0067) (0.0094)

2SLS
d.c -0.0958∗∗∗ 0.0126 0.0908∗∗ -0.0108 -0.1191∗∗∗ 0.0055 0.1081∗∗ -0.0199

(0.0336) (0.0298) (0.0396) (0.0265) (0.0370) (0.0404) (0.0531) (0.0200)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage), d.c 9,775.3 27,648.1 7,220.1 25,629.0 8,668.2 16,239.3 2,026.0 28,665.9
Wald (1st stage), d.c 589.5 1,227.4 378.5 1,214.7 630.0 829.4 184.7 1,383.7
Wu-Hausman, p-value 0.0004 0.9084 0.0089 0.8043 0.0001 0.5801 0.0176 0.6583

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
d.c 0.0164 0.0366 0.0389 -0.0029 -0.0048 0.0295 0.0110 -0.0122

(0.0203) (0.0338) (0.0295) (0.0354) (0.0221) (0.0367) (0.0202) (0.0272)

2SLS
d.c -0.0208 -0.0797 0.9307∗∗∗ 0.1599∗∗ -0.1050 -0.1375 1.083∗∗∗ 0.0555

(0.1024) (0.0901) (0.1317) (0.0813) (0.1176) (0.1141) (0.1843) (0.0639)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (1st stage), d.c 9,775.3 27,648.1 7,220.1 25,629.0 8,668.2 16,239.3 2,026.0 28,665.9
Wald (1st stage), d.c 589.5 1,227.4 378.5 1,214.7 630.0 829.4 184.7 1,383.7

Wu-Hausman, p-value 0.6390 0.0960 2.27 × 10−18 0.0100 0.2559 0.0724 6.58 × 10−15 0.1433

(c) income

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
d.c -0.0014 -0.0078∗ -0.0003 -0.0059

(0.0012) (0.0041) (0.0014) (0.0047)

2SLS
d.c -0.0264∗∗∗ -0.0219∗∗ -0.0465∗∗∗ -0.0383∗∗

(0.0047) (0.0098) (0.0092) (0.0184)

Fit statistics
Observations 119,504 117,652 119,504 117,652
F-test (1st stage), d.c 8,743.1 21,206.4 3,336.1 5,813.4
Wald (1st stage), d.c 486.6 1,428.9 253.5 86.94

Wu-Hausman, p-value 2.46 × 10−8 0.1329 1.01 × 10−7 0.1076

(d) idleness rate

Table C.10: Long difference robustness test

Notes: For this robustness test, instead of using the log competition value as the endogenous regressor (and the log of the approximated
competition value as the instrument) in the 2SLS setup, we use the change in competition from a base year (and the change in the approximated
competition). Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competitors (log) -0.0630∗∗∗ -0.0431 -0.0214 0.0368∗∗ -0.0449∗∗ -0.0281 -0.0164 0.0277∗∗

(0.0211) (0.0296) (0.0185) (0.0182) (0.0216) (0.0313) (0.0139) (0.0139)
Eligibles (log) 0.0008 -0.0249∗ -0.0077 -0.0155∗ 0.0072 -0.0247∗ -0.0037 -0.0118∗

(0.0110) (0.0135) (0.0103) (0.0085) (0.0120) (0.0143) (0.0067) (0.0067)

2SLS
Competitors (log) 0.0026 0.2238∗ -0.2336∗∗∗ -0.1710∗∗ 0.0096 0.2671∗∗ -0.1462∗∗ -0.1486∗∗

(0.1140) (0.1259) (0.0871) (0.0831) (0.1315) (0.1161) (0.0714) (0.0650)
Eligibles (log) 0.0610 -0.1380∗∗ 0.1337∗∗ 0.0419 0.0475 -0.1865∗∗∗ 0.0993∗ 0.0492∗

(0.0608) (0.0562) (0.0521) (0.0361) (0.0788) (0.0694) (0.0532) (0.0280)

Fit statistics
Observations 215,378 183,229 133,564 135,788 215,378 183,229 133,564 135,788
F-test (competitors) 21,340.3 18,141.6 16,625.6 15,166.2 36,884.4 30,570.4 22,641.8 16,906.5
F-test (eligibles) 18,696.7 18,834.1 13,208.2 16,280.6 29,115.5 15,217.1 8,299.8 21,128.9
Wald (competitors) 888.4 691.8 631.6 577.8 1,246.3 1,064.8 749.8 605.5
Wald (eligibles) 839.3 771.5 567.0 715.2 1,007.8 812.6 451.7 778.6

Wu-Hausman, p-value 1.99 × 10−5 0.0239 0.0047 0.0012 0.0001 0.0062 0.0657 0.0021

(a) NILF rate

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competitors (log) 0.0167 0.0193 0.0215∗ 0.0201

(0.0134) (0.0177) (0.0124) (0.0144)
Eligibles (log) 0.0054 0.0115∗ 0.0007 0.0102

(0.0047) (0.0070) (0.0047) (0.0065)

2SLS
Competitors (log) -0.0877 -0.1351 0.0373 0.3902∗∗

(0.0582) (0.1854) (0.0399) (0.1552)
Eligibles (log) 0.1255∗∗∗ 0.0836 0.0777∗∗∗ -0.2156∗∗

(0.0321) (0.0839) (0.0299) (0.0968)

Fit statistics
Observations 119,504 117,652 119,504 117,652

R2 (OLS) 0.3858 0.3441 0.3886 0.3332
F-test (1st stage), Competitors (log) 17,340.1 20,750.3 19,442.2 22,442.2
F-test (1st stage), Eligibles (log) 6,286.3 13,311.9 4,626.7 9,600.4
Wald (1st stage), Competitors (log) 1,294.5 896.2 1,287.9 1,054.8
Wald (1st stage), Eligibles (log) 682.6 862.8 584.1 768.0

Wu-Hausman, p-value 1.1 × 10−8 0.7026 5.57 × 10−8 0.0304

(b) idleness rate

Table C.11: Splitting competition measure into competitors and eligibles

Notes: Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS

Competitors (log) 0.0442∗∗ 0.0240 −9.06 × 10−5 -0.0114 0.0537∗∗∗ 0.0136 -0.0006 0.0015
(0.0183) (0.0239) (0.0192) (0.0232) (0.0186) (0.0251) (0.0146) (0.0167)

Eligibles (log) -0.0087 -0.0134 -0.0024 0.0104 -0.0116 -0.0186 0.0003 0.0090
(0.0092) (0.0119) (0.0108) (0.0104) (0.0103) (0.0128) (0.0077) (0.0086)

2SLS
Competitors (log) -0.2444∗∗∗ -0.2820∗∗∗ -0.1116 -0.1057 -0.2309∗∗ -0.1906∗∗ 0.0141 -0.1405∗

(0.0861) (0.0905) (0.0915) (0.0979) (0.1015) (0.0852) (0.0779) (0.0780)
Eligibles (log) 0.1542∗∗∗ 0.0812∗∗ -0.0366 0.0391 0.1719∗∗∗ 0.0627 -0.0973∗ 0.0610∗

(0.0483) (0.0392) (0.0540) (0.0415) (0.0622) (0.0511) (0.0564) (0.0341)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (competitors) 18,656.7 15,457.0 15,521.5 14,322.1 31,830.1 25,746.0 21,200.4 15,960.9
F-test (eligibles) 15,786.0 16,113.1 12,204.2 15,394.2 24,254.5 12,885.2 7,727.8 20,060.6
Wald (competitors) 881.7 659.7 610.9 570.2 1,227.6 994.5 720.2 595.0
Wald (eligibles) 782.8 759.9 546.2 705.9 917.3 793.9 436.3 765.7

Wu-Hausman, p-value 0.0011 0.0006 1.11 × 10−6 0.4233 0.0034 0.0144 4.12 × 10−7 0.0733

(a) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competitors (log) 0.1295∗∗∗ 0.1860∗∗∗ 0.0122 -0.1148∗ 0.1071∗∗ 0.0649 0.0476 -0.0604

(0.0486) (0.0653) (0.0679) (0.0624) (0.0507) (0.0700) (0.0529) (0.0476)
Eligibles (log) -0.0111 -0.0350 -0.0398 0.0129 -0.0018 -0.0210 -0.0082 0.0148

(0.0241) (0.0290) (0.0355) (0.0299) (0.0276) (0.0314) (0.0235) (0.0239)

2SLS
Competitors (log) -0.4512∗ -0.9792∗∗∗ 1.013∗∗∗ -1.395∗∗∗ -0.4255 -0.9103∗∗∗ 1.004∗∗∗ -1.130∗∗∗

(0.2564) (0.2612) (0.2962) (0.2912) (0.2943) (0.2454) (0.2549) (0.2178)
Eligibles (log) 0.1859 0.3365∗∗∗ -1.083∗∗∗ 0.3534∗∗∗ 0.2174 0.3578∗∗ -1.088∗∗∗ 0.3260∗∗∗

(0.1492) (0.1236) (0.1769) (0.1324) (0.1890) (0.1514) (0.1816) (0.1018)

Fit statistics
Observations 178,640 149,872 122,626 128,069 178,640 149,872 122,626 128,069
F-test (competitors) 18,656.7 15,457.0 15,521.5 14,322.1 31,830.1 25,746.0 21,200.4 15,960.9
F-test (eligibles) 15,786.0 16,113.1 12,204.2 15,394.2 24,254.5 12,885.2 7,727.8 20,060.6
Wald (competitors) 881.7 659.7 610.9 570.2 1,227.6 994.5 720.2 595.0
Wald (eligibles) 782.8 759.9 546.2 705.9 917.3 793.9 436.3 765.7

Wu-Hausman, p-value 0.0022 9.85 × 10−8 2.75 × 10−21 5.99 × 10−12 0.0029 2.28 × 10−7 1.67 × 10−21 6.42 × 10−13

(b) income

Table C.12: Splitting competition measure into competitors and eligibles

Notes: Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0082 0.0399∗∗∗ 0.0084 0.0077 0.0063 0.0297∗∗∗ 0.0058 0.0050

(0.0084) (0.0106) (0.0078) (0.0073) (0.0092) (0.0109) (0.0053) (0.0058)

2SLS
Competition (log) -0.0891∗ 0.2526∗∗∗ -0.0003 -0.0122 -0.1134 0.3528∗∗∗ -0.0083 -0.0252

(0.0510) (0.0427) (0.0429) (0.0278) (0.0746) (0.0752) (0.0435) (0.0184)

Fit statistics
Observations 238,284 225,222 159,106 171,704 238,284 225,222 159,106 171,704
F-test (1st stage) 6,903.4 17,717.1 5,820.9 14,507.9 3,989.3 6,274.7 2,640.0 19,746.0
Wald (1st stage) 807.9 872.5 638.0 838.0 485.8 372.5 309.4 1,108.6

Wu-Hausman, p-value 0.0287 4.15 × 10−10 0.8076 0.3750 0.0620 4.31 × 10−8 0.7017 0.0527

(a) NILF rate

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) 0.0014 0.0102 -0.0045 -0.0162∗ 0.0070 0.0137 -0.0041 -0.0164∗∗

(0.0071) (0.0087) (0.0094) (0.0086) (0.0079) (0.0089) (0.0067) (0.0071)

2SLS
Competition (log) -0.0195 -0.0364 0.1060∗∗ -0.0011 -0.0173 -0.0436 0.1483∗∗∗ -0.0105

(0.0394) (0.0291) (0.0483) (0.0290) (0.0560) (0.0488) (0.0484) (0.0210)

Fit statistics
Observations 216,367 200,190 148,452 163,447 216,367 200,190 148,452 163,447
F-test (1st stage) 6,415.7 16,123.4 5,450.2 13,744.9 3,695.5 5,640.5 2,506.9 18,861.5
Wald (1st stage) 789.1 838.7 609.6 817.0 480.5 349.3 286.9 1,093.7
Wu-Hausman, p-value 0.5588 0.0819 0.0074 0.5500 0.6359 0.2182 0.0003 0.7349

(b) log hours

competition measure baseline with education
education HS college HS college
sex men women men women men women men women

(1) (2) (3) (4) (5) (6) (7) (8)

OLS
Competition (log) -0.0348∗ 0.0061 -0.0316 -0.0367 -0.0347∗ -0.0023 -0.0289 -0.0474∗∗

(0.0184) (0.0228) (0.0289) (0.0237) (0.0207) (0.0237) (0.0201) (0.0187)

2SLS
Competition (log) -0.0024 -0.2669∗∗∗ 0.5262∗∗∗ 0.0562 0.0797 -0.2799∗∗ 0.7935∗∗∗ -0.0186

(0.1191) (0.0858) (0.1570) (0.0815) (0.1699) (0.1398) (0.1474) (0.0617)

Fit statistics
Observations 216,367 200,190 148,452 163,447 216,367 200,190 148,452 163,447
F-test (1st stage) 6,415.7 16,123.4 5,450.2 13,744.9 3,695.5 5,640.5 2,506.9 18,861.5
Wald (1st stage) 789.1 838.7 609.6 817.0 480.5 349.3 286.9 1,093.7

Wu-Hausman, p-value 0.7441 8.98 × 10−5 5.86 × 10−6 0.1808 0.4243 0.0220 7.88 × 10−11 0.5475

(c) income

competition measure baseline with education
subset men women men women

(1) (2) (3) (4)

OLS
Competition (log) -0.0022 -0.0032 0.0035 -0.0024

(0.0046) (0.0072) (0.0046) (0.0065)

2SLS
Competition (log) -0.1716∗∗∗ -0.0047 -0.1017∗∗∗ 0.0272

(0.0310) (0.0288) (0.0331) (0.0498)

Fit statistics
Observations 119,832 118,938 119,832 118,938
F-test (1st stage), Competition (log) 3,704.1 7,900.4 3,140.5 1,979.9
Wald (1st stage), Competition (log) 563.4 858.0 586.7 294.1

Wu-Hausman, p-value 9.5 × 10−12 0.9512 0.0001 0.5258

(d) idleness rate

Table C.13: “Unmarried” robustness test

Notes: The main analysis is repeated except with the “unmarried” population instead of the “single” populations. “Single” individuals have
never been married and are not cohabitating with a partner they are not married to. “Unmarried” individuals may have been married before and
may be cohabitating with a partner they are not married to. Significance codes: ***: 0.01, **: 0.05, *: 0.1.
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