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Abstract

The authors use Current Population Survey 2016 to 2021 quarterly data to analyze changes in household joblessness
across metropolitan areas in the United States during the coronavirus disease 2019 pandemic. The authors first use
shift-share analysis to decompose the change in household joblessness into changes in individual joblessness, household
compositions, and polarization. The focus is on polarization, which is the result of the unequal distribution of individual
joblessness across households. The authors find that the rise in household joblessness during the pandemic varies
strongly across U.S. metropolitan areas. The initial stark increase and subsequent recovery are due largely to changes
in individual joblessness. Polarization contributes notably to household joblessness but to varying degree. Second, the
authors use metropolitan area—level fixed-effects regressions to test whether the educational profile of the population
is a helpful predictor of changes in household joblessness and polarization. They measure three distinct features:
educational levels, educational heterogeneity, and educational homogamy. Although much of the variance remains
unexplained, household joblessness increased less in areas with higher educational levels. The authors show that how
polarization contributes to household joblessness is shaped by educational heterogeneity and educational homogamy.
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In this study we analyze how household joblessness devel- ~ The link between labor market outcomes and families and

oped across metropolitan areas during the coronavirus dis-
ease 2019 (COVID-19) pandemic in the United States. There
is long-standing interest in sociology in the spatial concen-
tration of economic disadvantages in the United States.
Many scholars have documented that poverty has become
more spatially concentrated in metropolitan areas since the
1970s (e.g., Iceland and Hernandez 2017; Jargowsky 1996;
Kneebone, Nadeau, and Berube 2011; Krivo et al. 1998;
Massey and Eggers 1990, 1993; Quillian 2012). Wilson’s
(1987, 1997) seminal work identified the spatial concentra-
tion of joblessness, particularly among men in African
American neighborhoods, as critical to understanding urban
poverty and its far-reaching consequences (for quantitative
confirmation of this concentration, see, ¢.g., Quillian 2003;
Wagmiller 2007).

This study shifts the focus from male joblessness to the
spatial concentration of joblessness of entire households.

households has been widely studied in sociology. For
instance, research has paid particular attention to Wilson’s
(1987, 1997) prediction that one of the far-reaching conse-
quences of the spatial concentration of male joblessness in
U.S. metropolitan areas is the disruption of family formation
processes (e.g., Fossett and Kiecolt 1993; Massey and
Shibuya 1995; Sampson 1987; South and Crowder 1999,
2010; South and Lloyd 1992). Another strand of literature
highlights educational matching as a main reason for the
accumulation of economic disadvantages in households
(e.g., Blossfeld and Buchholz 2009; Breen and Salazar 2011;
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Eika, Mogstad, and Zafar 2019; Schwartz 2010; Ultee,
Dessens, and Jansen 1988). Despite the vast attention paid by
sociologists to the link between family formation processes
in local marriage markets and spatial concentration of job-
lessness, there is surprisingly little research on how these
two dimensions of the accumulation of disadvantage com-
bine (i.e., the spatial concentration of accumulated jobless-
ness in households).

Household joblessness is the phenomenon when no work-
ing-age household member is in employment. Existing
research shows that household joblessness has detrimental
outcomes for all household members including children. The
likelihood of poverty and material deprivation is particularly
high when entire households become jobless because one or
more members lose their jobs (de Graaf-Zijl and Nolan 2011;
Scutella and Wooden 2004; see also our discussion in our
concluding section). Furthermore, the experience of living in
a household in which no parent is working detrimentally
affects children’s education and labor market outcomes over
and above the impact of poverty (Curry, Mooi-Reci, and
Wooden 2019, 2022; Ermisch, Francesconi, and Pevalin
2004; Mooi-Reci, Wooden, and Curry 2020). Thus, house-
hold joblessness has immediate adverse effects on household
members, and it entrenches social inequalities in the long
term. Our first contribution is to analyze whether the COVID-
19 economic crisis has exacerbated household joblessness
across U.S. metropolitan areas.

Our second contribution is to assess whether the develop-
ment of household joblessness across U.S. metropolitan
areas during the pandemic results from an accumulation of
disadvantages in some households. One reason for the dearth
of research on household joblessness might be the assump-
tion that individual joblessness and household joblessness
move in lockstep. However, previous work shows a decou-
pling between rising individual employment rates and stag-
nant or increasing rates of household joblessness in many
advanced economies over the past several decades (Corluy
and Vandenbroucke 2017; Gregg, Scutella, and Wadsworth
2008). Gregg et al. (2008) and Gregg and Wadsworth (2001)
called this process polarization, defined as the deviation in
household joblessness from a counterfactual that emerges if
joblessness is randomly distributed across households.
Polarization emerges because households accumulate
employment risks, most visible in the rise of dual-earner
households on one side and completely jobless households
on the other. Polarization implies that assessing individual
labor market outcomes cannot accurately capture develop-
ments in household joblessness and thus misses an essential
dimension of social inequality. Our particular interest is in
how this accumulation of disadvantages in households is
spatially concentrated in some metropolitan areas.

As our third contribution, we propose that focusing on the
educational profile of the population provides a starting point
to explaining the stark differences in household joblessness
and polarization across metropolitan areas. Drawing on

sociological studies of the wider geographical distribution of
income segregation, income inequality, skill-based wage
premia, and mobility across the United States, we argue that
inequality in economic outcomes such as in the likelihood of
job loss in a labor market is an outcome of its human capital
profile as reflected in the population’s educational levels and
educational heterogeneity (Moller, Alderson, and Nielsen
2009; Nielsen and Alderson 1997; VanHeuvelen and Copas
2019). How this translates into household joblessness
depends on how education is clustered in households, which
can be traced to dynamics of household formation, especially
educational homogamy (Greenwood et al. 2014; Raymo and
Xie 2000; Schwartz and Mare 2005). Education is thus a key
link between individual risks for joblessness and their accu-
mulation in households. The educational stratification in
household and labor market formation (e.g., in the shape of
greater homogamy at different levels of education and edu-
cational heterogeneity) means that labor markets with differ-
ent educational profiles shape household joblessness and
polarization risks.

Our analysis uses quarterly data from the Current
Population Survey (CPS) for 2016 to 2021 (Flood et al.
2021). Quarterly data allow us to follow the developments of
the pandemic closely. Like previous work on the spatial con-
centration of economic disadvantage we focus on metropoli-
tan areas in the United States (e.g., Jargowsky 1996; Massey
and Eggers 1990, 1993; Reardon and Bischoff 2011;
Wagmiller 2007). The analysis proceeds in two steps. First,
we use shift-share analysis to decompose changes in house-
hold joblessness since the onset of the pandemic (Biegert and
Ebbinghaus 2022; Gregg et al. 2008; Gregg and Wadsworth
2001). Beyond describing metropolitan area trends in house-
hold joblessness, the decomposition enables us to assess how
much of the change in household joblessness can be attrib-
uted to polarization, i.e., the unequal distribution of jobless-
ness across households. Second, we use panel fixed-effects
models at the level of metropolitan areas to assess whether
educational profiles of labor markets ameliorated or exacer-
bated the increase in household joblessness and the contribu-
tion from polarization during the pandemic. Before
discussing details of our data and analysis, presenting results,
and concluding, we provide the theoretical framework and
contextual information on the COVID-19 pandemic.

Background

Polarization in Household Joblessness Because of
Accumulation and Absorption

When people lose their jobs in economic downturns, an
increase in households in which no one is working is almost
unavoidable. But the extent to which individual job loss trans-
lates to household joblessness depends on how job loss is dis-
tributed. We use a framework proposed by Gregg et al. (2008)
and Gregg and Wadsworth (2001) that describes the unequal
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distribution of individual joblessness across households as
polarization. Importantly, the benchmark against which we
measure polarization is a random distribution of joblessness
across households. The accumulation scenario comes into
play when job loss disproportionately affects households that
are more likely to be thrown into household joblessness. This
could be the case if many single earner households are hit or
if job loss is so concentrated that both earners in dual-earner
households lose their job. These households would thus accu-
mulate joblessness while other dual-earner households remain
unscathed and keep both jobs. In Gregg et al.’s (2008) and
Gregg and Wadsworth’s (2001) framework, accumulation of
individual joblessness in households means positive polariza-
tion (Biegert and Ebbinghaus 2022). By contrast, in the
absorption scenario job loss is concentrated so that house-
holds with only one earner keep their jobs and dual-earner
households lose one job but keep one household member in
employment. Households would thus absorb the job loss of
single members, leading to negative polarization. In the accu-
mulation scenario, there is a greater increase in household
joblessness compared with a random distribution of job loss.
In the absorption scenario, there is less.

The few existing explanations of why some labor markets
foster household joblessness and accumulation, whereas oth-
ers show absorption have received only mixed empirical sup-
port. Previous research applying the polarization framework
describes national trends since the 1970s and changes during
the 2008 economic crisis (Biegert and Ebbinghaus 2022;
Corluy and Vandenbroucke 2017; Gregg et al. 2008; Gregg
and Wadsworth 2001). To explain variation in household job-
lessness and polarization across economies, these studies
invoke typical household structures and welfare regimes. By
and large, there is evidence that countries with more tradi-
tional household structures in which single breadwinners work
in protected insider jobs are more negatively polarized. By
contrast, countries with individualized family structures and
liberal or universal welfare support show more positive polar-
ization (Gregg et al. 2008; Gregg and Wadsworth 2001).
However, there are exceptions. For instance, given its residual
welfare state and prevalence of nontraditional household
structures, the United States showed surprisingly low levels of
polarization in the decades leading up to the 2008 economic
and financial crisis (Gregg et al. 2008). Moreover, the observed
secular trends do not hold in times of economic crisis. During
the 2008 economic and financial crisis and thereafter, tradi-
tional male breadwinner countries in the European South
showed especially large increases in polarization (Biegert and
Ebbinghaus 2022; Corluy and Vandenbroucke 2017). From a
sociological perspective, there is of course a wealth of research
to draw on when interested in why households and labor mar-
kets might differ in their proclivity to accumulate employment
risks. Arguing from a micro perspective of employment risks
and their clustering in households, in the following section we
propose that educational profiles of labor markets can help
explain household joblessness and polarization.

Educational Profiles of Labor Markets

Why does the share of jobless houscholds vary across local
labor markets? Why does household joblessness increase
more strongly in some local labor markets during an eco-
nomic downturn? The sociological literature highlights racial
and educational differences underlying the spatial concentra-
tion of economic disadvantages. Most prominently, Wilson’s
(1987, 1997) seminal work has inspired a wealth of research
on how racial divisions underlie agglomerations of economic
disadvantage, such as joblessness and poverty (e.g.,
Jargowsky 1996; Massey and Eggers 1990, 1993; Quillian
2003; Reardon and Bischoft 2011; Wagmiller 2007). Linking
the spatial concentration of individual disadvantages to the
concentration of disadvantages in households, the literature
detects structural differences in how these racial disparities
in economic outcomes connect to family formation pro-
cesses. For instance, a decline in marriageable men in an area
because of increased joblessness is associated with decreased
marriage rates (e.g., Massey and Shibuya 1995), increased
nonstandard family structures (e.g., Fossett and Kiecolt
1993), and teenage and nonmarital fertility (e.g., South and
Crowder 1999, 2010; South and Lloyd 1992). Another strand
of literature highlights the important connections between
education and skills, sectoral transformations, and geo-
graphic location. Since the 1970s, sectoral and spatial shifts
in the leading industries in U.S. metropolitan areas, as well
as spatial restructuring of work, and labor markets (i.e., “spa-
tialization” of employment), have increased the importance
of geography and led to concentration of high-skill and low-
skill jobs in large urban areas (Glaeser and Saiz 2004;
Mulligan, Reid, and Moore 2014; Sassen 1990; Wallace and
Brady 2001; Wilson 1997). The educational makeup of geo-
graphical areas has been shown to be strongly associated
with income inequality (Moller et al. 2009; Nielsen and
Alderson 1997; VanHeuvelen and Copas 2019). Building on
these arguments, we focus on education as the central vari-
able to explain geographical concentration of individual dis-
advantages and how they accumulate in households. We
argue that how economic crises affect different local labor
markets largely depends on their sectoral and occupational
structures. To explain how shocks affect spatial inequality,
we thus need to consider the distribution of jobs with differ-
ent degrees of vulnerability across local labor markets. We
furthermore need to understand how jobs of varying risk are
clustered within households. We propose that the educational
profile of the population in a local labor market provides a
parsimonious way of combining considerations about labor
market structures and household compositions. Our argu-
ment relies primarily on individuals, their education, and
how they cluster in households. But because the educational
composition of a labor market’s population yields externali-
ties, we need to look at the aggregate educational profile of a
local labor market to fully understand variation in household
joblessness and polarization between them. We focus on
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three aspects of the education profile of the population in a
metropolitan area: educational level, educational heteroge-
neity, and educational homogamy.

It is well established that workers with higher educational
attainment experience fewer job losses during economic
downturns, whereas lower education increases the likelihood
of job loss (Farber 2005, 2015; Kesler and Bash 2021). For
instance, Farber (2015) found that although there is a cycli-
cal pattern in job loss for all educational groups in the United
States between 1981 and 2013, job loss rates are dramati-
cally higher for less educated workers. Kesler and Bash
(2021) found that having low educational attainment at least
doubled the risk for job loss during the COVID-19 crisis.
Furthermore, more educated workers find new employment
more quickly after job loss, shortening unemployment spells
(Farber 2015; Gesthuizen, Solga, and Kiinster 2011; Klein
2015; Riddell and Song 2011). Educational levels are thus
important to understand varying levels of job loss during
economic downturns across labor markets. Overall educa-
tional levels are also essential for how joblessness is distrib-
uted across the labor market and households. For instance,
lower educated individuals profit from living in areas with
higher educational levels. Areas with high stocks of human
capital deal better with economic shocks and yield positive
externalities for their lower educated occupants (Glaeser and
Saiz 2004). Winters (2013), for instance, found that human
capital externalities significantly decrease their probability
to become unemployed. By extension of individual jobless-
ness, we thus expect household joblessness to rise more
strongly in labor markets with lower levels of education.

Beyond educational levels, the relative position of indi-
viduals in the educational distribution of a labor market will
affect their chances to lose their job in an economic down-
turn. The distribution of human capital among the population
is the main determinant of inequality in a labor market
(Mincer 1970). Studies of U.S. labor markets show that edu-
cational heterogeneity is one of the central drivers of within
labor market inequality in economic outcomes (Moller et al.
2009; Nielsen and Alderson 1997; VanHeuvelen and Copas
2019). During an economic downturn, greater educational
inequality might lead to a concentration of job loss among
the lower educated. Educational heterogeneity thus should
affect the inequality in the likelihood of individual job loss.
This might be reflected in polarization of household jobless-
ness as well to the degree that households accumulate indi-
vidual job loss risks.

How much educational levels and heterogeneity affect
household joblessness and polarization depends on how edu-
cation is clustered in households. Educational clustering in
households is driven by assortative mating. Highly educated
couples are more likely to be dual earners in secure jobs,
lower educated households are more likely to be in precari-
ous employment or jobless (Blossfeld and Buchholz 2009;
Breen and Salazar 2011; Schwartz 2010; Ultee et al. 1988).
Educational homogamy thus increases the likelihood of

positive polarization. The United States has comparatively
high levels of educational homogamy (Greenwood et al.
2014; Schwartz and Mare 2005). But labor markets differ in
how much they attract homogamous households. So-called
superstar cities and large metropolitan areas, for instance,
house significant shares of highly educated power couples
because they offer them rewarding job opportunities (Costa
and Kahn 2000).

We derive some guiding expectations: first, higher educa-
tional levels should prohibit stark increases in household
joblessness. Second, whether household joblessness is exac-
erbated by positive polarization depends on how unequally
education is distributed and how it is clustered in households.
When low educational levels are combined with greater edu-
cational heterogeneity and high homogamy, we can expect
higher household joblessness because of higher individual
joblessness but also because higher polarization leads to dis-
proportionate household joblessness at a given level of indi-
vidual joblessness because households accumulate risks. By
contrast, an economic downturn should increase household
joblessness less in labor markets that combine high educa-
tional levels and low heterogeneity with lower levels of
homogamy. That is because of lower numbers of jobs lost but
also because these labor markets should have lower polariza-
tion, and they might even show negative polarization (i.e.,
absorption).

Context: The COVID-19 Economic Crisis in U.S.
Metropolitan Areas

We assess the development of household joblessness during
economic downturns, the role of polarization, and the
explanatory power of educational profiles of local labor mar-
kets by analyzing the COVID-19 pandemic in U.S. metro-
politan areas. The COVID-19 pandemic caused job loss in
the United States on a scale not seen since the 2008 Great
Recession. The existing evidence also shows large spatial
variation in the employment impacts across U.S. labor mar-
kets (Dalton 2020; Mulligan 2023).

Several specificities of the COVID-19 crisis compared
with other economic downturns are worth noting. First, job
loss during the pandemic was concentrated around particular
subgroups of the population. For instance, an unfavorable
distribution in occupations widened the white-nonwhite
(Couch, Fairlie, and Xu 2020; Dias 2021) and gender (Alon
et al. 2020; Collins et al. 2021) gaps in unemployment. In
terms of occupations, areas with large hospitality sectors saw
the steepest initial increases in unemployment, whereas areas
with higher shares in finance and insurance were less affected
(Dalton 2020). The COVID-19 crisis also incited the so-
called great resignation: the massive number of workers who
voluntarily left their jobs. In 2021, monthly resignation rates
across all industries in the United States were the highest in
the past 20years, while job openings were higher than the
number of hires (Faccini, Melosi, and Miles 2022). How job



Biegert et al.

loss was concentrated across occupations and where it was
located geographically might therefore differ from other eco-
nomic downturns.

Second, the U.S. welfare state traditionally compensates
for the loss of earnings with only meager unemployment
benefits. Household joblessness is therefore a particularly
problematic situation. Yet the U.S. government amended
payments during the initial phase of the pandemic via the
Coronavirus Aid, Relief, and Economic Security Act. Still,
the termination of the emergency unemployment compen-
sation puts a significant share of the population at risk for
poverty. Third, lockdown and isolation rules might have
affected how households reacted to job loss compared with
previous economic downturns. For instance, there is mixed
evidence that households “doubled up” during previous cri-
ses to cope with income loss and, especially during the
Great Recession, to cope with housing debt with the col-
lapse of the housing market (Bitler and Hoynes 2015;
Wiemers 2014). Although changes in household composi-
tion during previous crises such as the Great Recession
were more persistent, during the COVID-19 pandemic,
there is evidence that headship rates decreased early in the
pandemic but returned to prepandemic levels within few
months (Garcia and Paciorek 2022).

We analyze metropolitan areas as local labor markets.
Recent literature on U.S. local labor markets prefers looking
at commuting zones (e.g., Autor and Dorn 2013; VanHeuvelen
and Copas 2019). Commuting zones more clearly outline
local labor markets as they are constituted to represent the
geographic area that clusters individuals” work travels. For
analyzing variation across local labor markets an added
advantage of commuting zones is their greater case number
(>700). However, no data set that allows for the creation of
commuting zones offers timely data on the COVID-19 pan-
demic. There are several good reasons for analyzing metro-
politan areas. First, because more than 80 percent of
Americans live in metropolitan areas, their analysis provides
an important insight into a large proportion of the U.S. popu-
lation (U.S. Census Bureau 2022). There is a rich literature
on spatial economic inequality in the United States that we
can connect to. Metropolitan areas in the United States serve
as key spatial units to study joblessness, economic segrega-
tion, poverty, and income inequality (e.g., Iceland and
Hernandez 2017; Jargowsky 1996; Kneebone et al. 2011;
Krivo et al. 1998; Massey and Eggers 1990, 1993; Quillian
2003, 2012; Reardon and Bischoff 2011). This is because,
second, metropolitan areas are a good approximation of local
labor markets as they are made up of a large population cen-
ter with dense economic activity, and adjacent communities
that economically and socially interact with the center
(Fowler and Jensen 2020). However, variations between
metropolitan labor markets lead to significant inequalities
between U.S. cities (Mulligan et al. 2014). Part of the expla-
nation for variation between metropolitan areas is that third,
they have different educational profiles. A higher demand

and “premium” pay in some metropolitan areas lead to the
concentration of skills (Li, Wallace, and Hyde 2019; Liu and
Grusky 2013). Essletzbichler (2015) found that metropolitan
areas with large shares of the top 1 percent are characterized
by higher levels of skill polarization, higher labor force par-
ticipation and lower unemployment for those with little for-
mal education. Metropolitan areas also vary in their
attractiveness to different household compositions (e.g.,
homogamous power couples) (Costa and Kahn 2000).
Processes of household formation are strongly concentrated
within metropolitan areas (Liao and Ozcan 2013). Finally,
the COVID-19 pandemic’s impact was strongest in metro-
politan areas. The higher early infection rates of COVID-19
in more densely populated urban areas caused severe employ-
ment losses early on. Compared with rural residents, urban
adults were more often unpaid for missed hours, inability to
work or to look for work (Brooks, Mueller, and Thiede
2021). These losses could have longer term effects on persis-
tent job reductions in metropolitan areas (Cho, Lee, and
Winters 2021).

CPS 2016 to 2021'
Data and Sample

We use repeated monthly cross-sectional data (pooled in
quarters) from the CPS 2016 to 2021 as provided by IPUMS
(Flood et al. 2021). Our analysis proceeds in two steps. First,
we conduct a shift-share decomposition of the change in
household joblessness across metropolitan areas from before
the pandemic to since its onset (Gregg et al. 2008; Gregg and
Wadsworth 2001). The decomposition enables us to separate
the contribution of polarization to changes in household job-
lessness from the contributions of changes in individual job-
lessness and changes in household size. Second, we use our
measures of overall changes in household joblessness and
the contribution of polarization at the metropolitan area level
as derived from the decompositions as dependent variables.
We use panel fixed-effects regressions to investigate their
variation between metropolitan areas with different educa-
tional profiles during the pandemic.

Monthly CPS data offer large sample sizes of about
125,000 individuals in 50,000 households and a rich set of
variables describing employment, sociodemographics, and
family-structure status of these households. Sample sizes
vary widely for metropolitan areas. Some areas have fewer
than 10 observations in some months, whereas others consis-
tently have many thousands. To achieve robust estimates, we
pool data in quarters. Our data includes 24 quarters starting
with Q1 2016 and ending in Q4 2021. We include all house-
holds with at least one working-age member (16—64 years).
Both the shift-share analysis and the panel fixed effects

'Replication files can be found at DOI 10.17605/OSF.IO/6CR3N.
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analyses operate at the (aggregate) level of metropolitan
areas. To ensure that we estimate all our metropolitan area—
level indicators robustly, we exclude metropolitan areas with
less than 50 households in any quarter. That leaves us with
204 of the original 261 metropolitan areas. Aggregate-level
variables are constructed on the basis of, on average, 786
working-age individuals in 409 households per quarter and
metropolitan area. We use survey weights included in CPS
throughout to calculate aggregate level indicators. Our met-
ropolitan area—level data set contains 4,896 cases (204 met-
ropolitan areas over 24 quarters). Our multivariate models
use the information from before the pandemic only as the
benchmark for which to calculate changes, so the effective
sample is reduced to 1,428 (204 metropolitan areas over 7
quarters).

Variables

Our two main outcomes of interest are household joblessness
and polarization of household joblessness. To construct our
measure of household joblessness, we consider every indi-
vidual as employed (0) who indicates being employed at
time of interview. We also code them as employed when they
are in the armed forces or when they were not at work last
week but indicate that they have a job. We use this inclusive
coding as not to overestimate joblessness. We code as jobless
(1) every other employment status: unemployed or not in the
labor force, including housework, education, inability to
work, early retirement, and unpaid work. We then code every
household as jobless (1) if no working-age member is
employed. Every household with at least one member in
employment is assigned not jobless (0). Thus, our conception
of a household is based on residency rather than family rela-
tions. As our underlying interest is in the pooling of resources
in households, our measures will thus be conservative esti-
mates of deprivation because some households who are not
composed of families might not pool. We calculate the
household joblessness rate at the level of metropolitan areas
as the rate of working-age individuals who live in entirely
jobless households.

Our measure of polarization captures the inequality in the
distribution of joblessness across households. We follow
Gregg and Wadsworth (2001), who measured polarization as
the difference between the actual rate of household jobless-
ness and a counterfactual household jobless rate. The coun-
terfactual household joblessness rate is what would emerge if
the distribution of joblessness across individuals were ran-
dom, i.e., every individual had the same probability of being
jobless, with
wi =n", (1)
where wy is the counterfactual household joblessness rate
for a household of & working-age household members and
n is the individual joblessness rate in a metropolitan area.

This counterfactual household joblessness rate does not
entail any inequality in the likelihood of different households
being jobless. It can be calculated using the individual job-
lessness rate of a metropolitan area and information about
household sizes as defined by the number of working-age
members. A household with only one working-age member
has the same counterfactual rate as the overall individual job-
lessness rate in a given metropolitan area at a given time. The
counterfactual household joblessness rate gets lower for
households with more working-age members. It is calculated
as the individual joblessness rate to the power of n, with n
being the number of working-age household members. On
the aggregate level of metropolitan areas, the counterfactual
household joblessness rate is then given by the individual
joblessness rate weighted by the distribution of working-age
individuals across households of different sizes with

. K
W=ZSkwk =ZS,(nk, )
k=1 1

k=

where S, is a weight that indicates the proportion of the
population living in households of size k. A metropolitan
area with a disproportional number of single households, for
instance, would have a relatively higher counterfactual
household joblessness rate at a given individual joblessness
rate.

Polarization is the difference between this counterfactual
and the actual rate of household joblessness (i.e., the propor-
tion of working-age individuals living in households without
any employment):

K K K
P=W-W=ZSka_ZSka=sz(Wk_"k)- 3)
=1 k=1 k=1

If joblessness is distributed randomly, the counterfactual
and actual household joblessness rates become identical;
thus, polarization becomes 0 (neutral). Negative polariza-
tion indicates that work is distributed so that fewer house-
holds are without work than predicted by random
distribution. We could imagine this to be the case in con-
texts with strong male breadwinner models where the typi-
cal family model entails one earner with several dependents.
Polarization turns positive when there are more jobless
households than expected. We could imagine this in con-
texts with many multiple-earner households on the one side
and many households with no one working on the other.
Positive polarization conforms to our understanding of risk
accumulation in precarious jobless households that contrast
with others that are more fortunate.

The information on individual and household joblessness,
polarization, and household sizes are all we need for the
shift-share analysis. For our metropolitan area—level panel
analysis, we create additional measures that capture the
makeup of metropolitan area labor markets and their demo-
graphic composition.
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We base the measures for our educational profiles on
years of schooling of all 25- to 64-year-old individuals (as
transformed from detailed information on educational attain-
ment following Jaeger 1997). We measure educational levels
as the average number of years of schooling in a metropoli-
tan area—quarter. Our measure of educational heterogeneity
is a Theil index of years of schooling. The index provides a
measure of educational dividedness that takes a high value
when individuals have varying numbers of years in educa-
tion and a low value when most individuals have similar
numbers of years in education. Finally, we measure the prev-
alence of educational homogamy as the correlation between
the higher educated partner and the lower (or equally) edu-
cated partner in partner households (married and cohabiting).
Partnership status is defined in reference to the household
head in the CPS.

To be able to separate the predictive power of educa-
tional profiles for our dependent variables, we include a
host of other sociodemographic measures and indicators for
labor market structures, which we construct as shares at the
metropolitan area level. Our choices follow literature on
spatial income inequality in the United States (Moller et al.
2009; VanHeuvelen and Copas 2019). To measure the eth-
nic composition of a metropolitan area, we calculate the
share of the Black (% Black) and the Hispanic (% Hispanic)
population. We measure the share of migrants as percentage
of the working-age population (% migrants). We measure
the prevalence of older people by calculating the share of
individuals 65 years and older of the total population (%
older). We measure the prevalence of single households by
calculating the share of households without a partner as a
percentage of the total number of households (% single).
We measure the population size of metropolitan areas as the
total population in absolute numbers (population size).
Finally, we measure the distribution of the population
across the center and periphery of the metropolitan area (%
living in the central city).

To measure the economic prosperity of a metropolitan
area, we use the median household income (medianinc)
equivalized by household size (Organisation for Economic
Co-operation and Development equivalence scale).
Income data is not available in the monthly CPS data. We
calculate annual median household incomes using the
CPS Annual Social and Economic Supplement. To model
labor market sectoral structures, we calculate four indica-
tors. First, we measure the size of the government sector
by the share of workers in public administration (% gov).
We measure the size of the manufacturing sector by the
share of workers in manufacturing (% manu). Third, we
measure the size of the finance, insurance, and real estate
(FIRE) sector by the share of workers in finance, insur-
ance, and real estate service jobs (% FIRE). Finally, we
measure the size of the service sector as the share of work-
ers in all other service jobs (% service). Table Al in the
Appendix shows mean and standard deviation for all vari-
ables in our models.

Analytical Strategy

Shift-Share Decomposition

Shift-share decomposition of changes in housechold jobless-
ness uses data on individuals in households to assess changes
in joblessness at the individual level and the household level
(Gregg et al. 2008; Gregg and Wadsworth 2001). The decom-
position determines which part of the change in housechold
joblessness can be attributed to changes in individual job-
lessness, changes in household sizes, and changes in polar-
ization. We want to analyze changes in household joblessness
since the onset of the pandemic. We calculate changes in
household joblessness and changes in the contributing fac-
tors for each quarter starting from Q2 2020. Our comparison
is the average of the respectively same quarter for the years
2016 to 2019. By comparing the same quarter, we parse out
seasonality effects. Using the three-year average as a bench-
mark helps us estimate changes that were induced by the
pandemic rather than expressing a predetermined trend.

The change in household joblessness can be broken down
into the change in the counterfactual household joblessness
rate and the change in the actual household joblessness rate
subtracting the counterfactual household joblessness rate
(equation 4):

Aw:AvAv+A(w—vAv). 4)

Following from equation 3, the two terms can be calculated
using information on the change in the individual joblessness
rate n for households of size & weighted by the change in
the share S of individuals living in households of size &
and information on the change in household joblessness of
households of size £ (equation 5):

K K
AW:ZA(Sknk)+ZA(Sk(Wk—nk)). (5)
k=1 -

k=1

Eventually, the decomposition breaks down over-time shifts
in household joblessness into fluctuations in individual job-
lessness, structural changes in household sizes, and polariza-
tion (equation 6):

K
Aw="Y"AS, (0.5n +0.5n, )
k=1
K
+ ZAnk (0.55,,+0.55, ,.,)
k=1
- (6)
£ AS, (050w =), +0.5(w, —n*),., )
k=1
K
+ZA(wk ~n*)(0.58,, +0.5S, ;) -
k=1

First, household joblessness changes because of struc-
tural changes in household size (first right-hand sum term in
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equation 6). Households can pursue different strategies to
buffer job loss of individuals. For instance, they might “dou-
ble up” (i.e., merge households, to pool resources) (Bitler
and Hoynes 2015; Wiemers 2014). Unemployment might
also cause households to split up (Brand 2015). Such devel-
opments on a larger scale would affect a metropolitan area’s
household jobless rate. In our decomposition, we can show
how much such developments contribute to the overall
change in household joblessness.

Second, change in individual employment (second right-
hand sum term in equation 6) during the pandemic, will nec-
essarily affect the expected probabilities of household
joblessness. More individuals without a job means more
households entirely without work when job loss is distrib-
uted randomly. In the shift-share analysis, we attribute the
observed changes in household joblessness to changes in
individual joblessness for each household size (calculated as
the change in the individual joblessness rate to the power of
the number of working-age members in the respective quar-
ter). When decomposing the change in household jobless-
ness, we thus attribute that part to the fluctuations in
individual joblessness that equals the change in counterfac-
tual household joblessness.

The third component contributing to the overall change
in household joblessness is the change in polarization.
The decomposition breaks down changes in polarization
into a between household-type and a within household-
type component. Between-polarization (third right-hand
sum term equation 6) changes when job loss is unequally
allocated across households of different sizes. For
instance, between-polarization would rise if more single
households lost their jobs and become household jobless,
whereas couple households keep their jobs. Within-
polarization (fourth right-hand sum term in equation 6)
changes when joblessness is unequally distributed among
households of the same size. This might result from house-
holds’ facing different risks for job loss because of educa-
tional differences. In our presentation of the decomposition,
we will not focus on the two components of polarization.
Instead, we present figures on polarization in total, which
we obtain by simply adding the two components up. We
conduct the shift-share decomposition for the merged
sample of all 204 U.S. metropolitan areas and for all met-
ropolitan areas separately.

Metropolitan Area—Level Panel Fixed-Effects
Models

In our multivariate analysis, we estimate how the develop-
ment of household joblessness and the contribution of polar-
ization to changes in household joblessness differed between
metropolitan areas with different educational profiles. Our
baseline model specification is as follows:

Y, =¢;+Bo0y +BrEy +BorQiEiy +B2Zy + 9+, (7)

where Y, is the change in household joblessness or the con-
tribution of polarization to changes in household joblessness
in a metropolitan area i in quarter ¢ compared with the pre-
pandemic benchmark of the respective variable. On the
right-hand side, ¢; is the metropolitan area time-constant
intercept. O, is an indicator of the quarter. E,, represents
our three measures of education (i.e., levels, heterogeneity,
and homogamy). O, E,, is the interaction term of the quarter
and the educational measures. We use these interactions (up
to four-way) to estimate differences between the metropoli-
tan areas in the most flexible way and to capture all combina-
tions of education measures, which generate different
“education profiles.” Z, represents our battery of time-vary-
ing metropolitan area—level covariates (% Black, % Hispanic,
% migrants, population size, % single, % older, median
equivalized income, % public sector, % manufacturing, %
FIRE, % other services, % living in central city). We include
them as one quarter lags, as these variables are plausibly
endogenous to our educational variables and/or outcomes.
9, and ¢, are the time-constant and the time-varying com-
ponent of the error term. We use fixed-effects models to
eliminate bias from time-constant unobserved heterogeneity
between the metropolitan areas (Allison 2009). The fixed-
effects transformation eliminates the time-constant error
term 9, as well as the time-constant intercept. We cluster
standard errors at the metropolitan area level.

The fixed-effects model estimates coefficients for the
association between deviations from the mean of metropoli-
tan areas’ change in household joblessness or the mean con-
tribution of polarization to changes in household joblessness
and the deviations from the mean of the right-hand side vari-
ables. We do not report the estimated regression coefficients
from these specifications because of the complexity of inter-
preting them and because our quarter dummies and their
two-way, three-way, and up to four-way interactions with our
three key education measures generate numerous coeffi-
cients (but see Tables A2 and A3 for the full models). Instead,
we show and discuss the predicted values from these regres-
sions as profile plots. The profile plots allow us to illustrate
changes in household joblessness and the contribution from
polarization to these changes for metropolitan areas with
select combinations of education measures that describe spe-
cific education profiles.

Results

Household Joblessness and Its Decomposition in
All U.S. Metropolitan Areas Combined

We first show overall trends in individual and household job-
lessness and polarization in all U.S. metropolitan areas com-
bined. Figure 1 illustrates the clear rise in joblessness both
for individuals and households during the pandemic (left-
hand y-axis). Although the rate of household joblessness is
naturally lower, an average 10 percent of the working-age
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Figure |. Individual and household joblessness rates and
polarization in metropolitan area United States, 2016 to 2021.
Source: Current Population Survey 2016 to 2021, authors’ own
calculations.

Note: “Metropolitan area United States” is the population-weighted
average of all 204 metropolitan areas in our sample. The left-hand
y-axis indicates the joblessness rate, and the right-hand y-axis indicates
polarization. The vertical dashed line marks the onset of the pandemic
before Q2 2020. hh = household; ind. = individual.

population lives in entirely jobless households even before
the pandemic hit. With the onset of the crisis, we see an
uptick of about 5 percentage points. In 2021, both individual
and household joblessness are trending toward prepandemic
levels, although household joblessness plateaus slightly.
That is because polarization increases too (right-hand y-axis).
Polarization hovers around 0.4 percentage points before the
pandemic but increases to 0.8 percentage points at its pan-
demic peak. At this point, therefore, household joblessness is
0.8 percentage points higher than we would expect for a ran-
dom distribution of individual joblessness across house-
holds. Polarization also shows some seasonal variance, with
comparatively low levels in Q2 in the years before the pan-
demic. In subsequent analyses all figures are always com-
pared with the respective quarter before the pandemic, thus
seasonality should not bias our findings. Before and since the
pandemic, polarization is always positive, which indicates
accumulation of employment risks in households.

In our shift-share analysis we use the respective average
quarters 2016 to 2019 as the prepandemic baseline. We
decompose changes relative to this baseline for each quarter
from Q2 2020 until Q4 2021. Figure 2 displays the decompo-
sition for the entire metropolitan area United States (i.e., the
population-weighted average of the 204 metropolitan areas in
our sample). The dashed line indicates the total change in
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Figure 2. Decomposition of change in household joblessness in
metropolitan area United States (Q2 2020 to Q4 2021).

Source: Current Population Survey 2016 to 2021, authors’ own
calculations.

Note: Changes are calculated as difference to quarter-specific average
over 2016 to 2019. “Metropolitan area United States” represents the
population-weighted average of all 204 metropolitan areas in our sample.
The vertical dashed line marks the onset of the pandemic before Q2
2020. HH = household; ind. = individual; pre-pand. = prepandemic.

household jobless compared with the 2016-2019 average
(note that the line and bars do not show the change from quar-
ter to quarter but always in reference to the prepandemic
period). The bars in order from left to right represent the
amount of the household jobless change for each quarter
compared with 2016 to 2019 that is due to changes in indi-
vidual joblessness, houschold sizes, and polarization. The
three bars added together make up the total change in house-
hold joblessness compared with 2016 to 2019 (i.e., the dashed
line). The horizontal line marks the onset of the pandemic.

Figure 2 shows an initial increase in household jobless-
ness of about 5 percentage points across metropolitan area
United States. This rise can be attributed to a large part to
the increase in individual joblessness. Housechold jobless-
ness decreases over the subsequent quarters as the contribu-
tion of individual joblessness diminishes. Household size’s
minimally negative contribution turns to a small positive
contribution. Whereas household joblessness decreases with
the lowering of individual joblessness, the contribution of
polarization is increasing housechold joblessness by about
0.5 percentage points in most quarters until the fourth quar-
ter of 2021.

In robustness checks, we run the same decomposition for
a sample that contains only households with at least one
member aged 25 to 59 years. This is to test whether younger
or older households drive our findings, for instance, because
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Figure 3. Changes in household joblessness (top) and contribution from polarization to changes in household joblessness (bottom)

across metropolitan areas in Q1 2021.
Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Changes are calculated as difference to quarter-specific (Q1) average over 2016 to 2019.

they defer entering the labor market or because they prefer
early retirement over searching for new, possibly worse jobs
as implied in arguments about the “great resignation.” The
development of the components looks very similar for the
restricted subsample. Yet although overall levels of house-
hold joblessness are lower than for the full working age sam-
ple (increase of 4 percentage points in Q2 2020), the
contribution of polarization is much larger (up to 1.8 percent-
age points in Q2 2020) (see Figure A1 in the Appendix).

Variation across Metropolitan Areas

Even though the contribution of polarization is not negligible
and household joblessness increases initially, looking at the
U.S. average might indicate that the issue is resolved by the
end of 2021. However, this ignores the dramatic variation in

household joblessness and the contribution of polarization
across metropolitan areas. Figure 2 showed that by Q1 2021
household joblessness was on average about 1.5 percentage
points higher than before the pandemic and that the average
contribution of the change in polarization meant that house-
hold joblessness was 0.5 percentage points higher than if job
loss was randomly distributed across households. Figure 3
maps the metropolitan areas in our sample and indicates the
overall change in household joblessness (top panel) and the
contribution of polarization to changes in household jobless-
ness (bottom panel) for the first quarter in 2021 (compared
with the 2016-2019 Q1 average). Across metropolitan areas,
the change in household joblessness ranged from —16 per-
centage points to 17 percentage points. The contribution of
polarization varied between less than —13 percentage points
and more than 15 percentage points. As a reminder, a
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positive contribution signifies how much larger the change in
household joblessness is than expected by a random distribu-
tion of individual joblessness. A negative contribution signi-
fies how much smaller the change in household joblessness
is than expected.

The first thing the maps tell us is that both the change in
household joblessness and the contribution from polarization
varied widely across metropolitan areas. There are many
areas, in which polarization reinforces the overall change. In
Arizona, for example, Phoenix has low negative contribution
of polarization and negative household joblessness. The
neighboring Prescott Valley and Tucson have high positive
contributions to very high increases in household joblessness.
Yuma, in the west, shows a strong negative contribution to
moderate household joblessness. But there are also areas in
which polarization contributions and overall household job-
lessness diverge. Several areas in Wisconsin and Minnesota,
for instance, have negative polarization contributions but still
increases in household joblessness. This is not unexpected, as
overall increases in individual joblessness can account for ris-
ing household joblessness. Yet there are also single areas with
positive polarization contributions but overall decreases in
household joblessness (e.g., Provo-Orem in Utah).

Figure 4 shows how changes in household joblessness
(left-hand panels) and the contribution of polarization to
these changes (right-hand panels) in Q1 2021 correlate with
our three educational variables (measured as the prepan-
demic average of these variables in the respective metropoli-
tan area). Overall, two things are noteworthy. First, as shown
in Figure 3, there is ample variation across metropolitan
areas in changes in household joblessness and the contribu-
tion of polarization. Second, correlations with educational
variables are weak but indicative (in fact, correlations with
any other sociodemographic variables in our data are weak).
Correlations tend to be positive, except for educational levels
showing a slight negative correlation with changes in house-
hold joblessness. Metropolitan areas with higher educational
levels on average suffered slightly smaller increases in
household joblessness. At the same time, the association
with the contribution from polarization is positive, indicating
that inequality in the distribution of jobs across households
increased. For both educational heterogeneity and educa-
tional homogamy, we observe slight positive correlations
with the contribution of polarization and slightly stronger
positive correlations with changes in household joblessness.
Thus, both educational factors are associated with an overall
larger increase in household joblessness and greater inequal-
ity in the distribution of jobs as a cause of the larger increase.

Overall, the decompositions illustrate a large increase in
household joblessness compared with prepandemic levels in
many metropolitan areas. By the end of 2021, household job-
lessness is close to prepandemic levels in many areas.
Developments and the role of polarization varied strongly
across areas. Correlations with educational variables indicate
mostly weak associations that mostly align with our consid-
erations of the moderating role of educational profiles. For a

more systematic test of the expected moderating role of edu-
cational profiles of metropolitan areas, the following section
shows the results from our panel regression models.

Fixed-Effects Panel Regressions of Household
Joblessness and Polarization

In our multivariate models, we regress the change in house-
hold joblessness and the contribution from polarization to
changes in household joblessness on our educational pro-
files fully interacted with a quarter indicator and adjusting
for a battery of lagged covariates. In Figure 5 we display the
predicted changes in household joblessness (left-hand
panel) and the predicted contribution from polarization
(right-hand panel) for all quarters since the onset of the pan-
demic for metropolitan areas with different educational pro-
files from our model. Our models include the educational
profiles as time-variant variables (full models can be found
in Tables A2 and A3 in the Appendix; figures are based on
model 3, respectively). For the figures, we group areas by
their prepandemic profiles so that the displayed predictions
contain a fixed set of metropolitan areas. We choose combi-
nations that show high or low levels of the three indicators
as defined as being in the lowest third or the highest third of
the distribution of the respective indicator before the pan-
demic (average over all quarters, 2016-2019). Two theoreti-
cally possible combinations do not exist empirically (low
levels combined with low heterogeneity and high homog-
amy and high levels combined with high heterogeneity and
low homogamy) and another two are evident in only few
metropolitan areas: we show the results for areas with low
levels, high heterogeneity, and low homogamy (n=5) but
omit areas with high levels combined with low heterogene-
ity and high homogamy (n=1).?

The first clear pattern is that metropolitan areas with low
educational levels show larger increases in household job-
lessness (left-hand panel). Immediately after the onset of the
pandemic, areas with low educational levels see increases in
household joblessness of about 5 percentage points, whereas
areas with high levels see smaller increases of about 4 per-
centage points or even less than 3 percentage points.
Whereas all areas see household joblessness decrease over
the subsequent quarters, trajectories differ. Areas with high
educational levels arrive at prepandemic levels of household
joblessness by the end of 2021 when they combine high lev-
els with low heterogeneity and low homogamy (17 metro-
politan areas representing about 7.6 percent of the population
in our sample) and at about a 1 percentage point increase
when they have high heterogeneity and high homogamy (12
metropolitan areas representing about 18.5 percent of the
population in our sample). Areas that combine low levels

“Figure A2 in the Appendix shows the distribution of metropoli-
tan areas over educational profiles, plotting the correlation between
educational heterogeneity and educational homogamy for three
educational levels.
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Figure 4. Bivariate correlations between changes in household joblessness (left-hand panels) and contribution from polarization to
changes in household joblessness in QI 2021 with educational levels, heterogeneity, and homogamy across metropolitan areas.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Changes are calculated as difference to quarter-specific (Q1) average over 2016 to 2019. Educational variables are measured as prepandemic
averages for metropolitan areas. Marker size indicates population size of metropolitan area. contrib. = contribution; HH = household.
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Figure 5. Predicted changes in household joblessness and contribution from polarization to changes in household joblessness across

educational profiles.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Predictions from panel fixed-effects regressions of changes in household (HH) joblessness and contribution (contrib.) from polarization to changes
in HH joblessness on fully interacted combinations of quarter, educational level (lev), educational heterogeneity (het), and educational homogamy
(hom) (full models in Tables A2 and A3 in the Appendix, model 3). Predictions are based on prepandemic (pre-pand.) averages of educational variables
for metropolitan areas. “Low” denotes the lowest third in the distribution, and “high” denotes the highest third in the distribution. Represented
combinations are selected on the basis of case numbers. Lagged covariates are % Black, % Hispanic, % migrants, population size, % single-headed HHs,
% older, median equivalized income, % public sector, % manufacturing, % finance, insurance, and real estate sector, % other services, and % living in the
central city. The vertical dashed lines mark the onset of the pandemic before Q2 2020. pred. = predicted.

with low heterogeneity and low homogamy show the most
distinct reduction in elevated household joblessness, arriv-
ing below 1 percentage points by Q4 2021 (11 metropolitan
areas representing about 2.1 percent of our sample). Areas
that combine low levels with high heterogeneity and high
homogamy show a slightly delayed reduction, arriving at
slightly above 1.5 percentage points by Q4 2021 (24 metro-
politan areas representing 10.5 percent of the population in
our sample). Areas with low levels, high heterogeneity, and
low homogamy show a similar development except for a
notable uptick in Q4 2021, which leaves them at an increase
in household joblessness of almost 3 percentage points (5
metropolitan areas representing about 2.4 percent of the
population in our sample).

The picture is more varied when inspecting how much
changes in polarization contribute to the increase and sub-
sequent decline in household joblessness across areas
(right-hand panel). Given their low levels of household
joblessness, polarization plays an outsize role in areas with
high educational levels, high heterogeneity, and high
homogamy, adding about 0.6 percentage points at the
beginning of the pandemic and closing at a contribution of
about 0.7 percentage points by the end of 2021. This posi-
tive contribution from changes in polarization counters
higher individual employment levels compared with before
the pandemic. Areas with high levels but low heterogene-
ity and homogamy fluctuate around a zero contribution

from changes in polarization after an initial negative con-
tribution. Compared with the overall changes in household
joblessness, the standout finding for polarization is that in
areas with low levels and low heterogeneity and homog-
amy the contribution from polarization is small and even
negative in single instances. By contrast, in areas that com-
bine low levels with either high heterogeneity and low
homogamy or high heterogeneity and high homogamy,
changes in polarization contribute notably more and are a
central reason why overall increases in household jobless-
ness do not return to prepandemic levels. Thus, although
educational levels seem to make the largest difference
when it comes to overall changes in household jobless,
educational heterogeneity and homogamy play an impor-
tant role when it comes to levels and change of polariza-
tion. On balance, there is some evidence indicating that
lower heterogeneity and lower homogamy correlate with
less (increase in) polarization.

We conduct several additional analyses to assess the
robustness of our findings. First, we use alternative thresh-
olds of our education measures to represent the educational
profiles of metropolitan areas. Using the median to deter-
mine low and high values enables a look at all metropolitan
areas (see Figure A3 in the Appendix). The overall changes
and patterns resemble the ones presented here but, unsurpris-
ingly, are generally more moderate and differences between
combinations are smaller. Using values in the lowest and
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highest quartile reduces the number of represented areas and
leads to more extreme differences (see Figure A4 in the
Appendix). We also test how reducing the sample to house-
holds with at least one member aged 25 to 54 years changes
our results (see Figure AS in the Appendix). The main differ-
ence here is that polarization patterns follow more closely
the development of overall household joblessness. Finally,
we show how using alternative educational measures changes
the results (see Figure A6 in the Appendix). Instead of years
of schooling, here we use three levels of educational attain-
ment to measure average educational levels, educational het-
erogeneity, and educational homogamy (for details, see note
for Figure A6). Using alternative educational measures leads
to different allocations of areas to educational profiles. For
instance, some of the metropolitan areas we group as high
educational level, high educational heterogeneity, and high
educational homogamy in the main analysis are grouped as
having high educational levels, high educational homogamy,
but low educational heterogeneity when using educational
attainment. As they represent different metropolitan areas,
the results show some different patterns. But they confirm
that changes in household joblessness differ strongly for edu-
cational levels, whereas the development of polarization is
affected by heterogeneity and homogamy as well. We prefer
the measures based on years in education because attainment
measures mean a loss of information.

Conclusions

In this article, we set out to answer three questions. First,
how did household joblessness develop in U.S. metropolitan
areas during the COVID-19 economic crisis and how did it
vary across local labor markets? Second, how much of this
development and cross—labor market variation was simply
due to rising numbers in individual joblessness, and how
much was due to the unequal distribution of job loss across
households (i.e., polarization)? Third, can we explain cross—
labor market variation in changes in household joblessness
and polarization with the educational profiles of these labor
markets? We used monthly CPS data pooled in quarters for
204 metropolitan areas from 2016 to 2021. To answer the
first two questions, we used a shift-share decomposition that
broke down changes in household joblessness since the start
of the pandemic into the contribution from individual job-
lessness, changes in household sizes, and polarization. We
found a large increase in household joblessness during the
pandemic. This moved largely in step with individual job-
lessness but positive polarization added a nontrivial amount.
Moreover, variance across metropolitan areas was large in
the initial increase in household joblessness, its subsequent
development, and in the contribution from polarization. We
used fixed-effects panel regressions on the level of metro-
politan areas to answer our third question. Partly, the devel-
opment of household joblessness and polarization aligned
with our expectations about the educational profiles of met-
ropolitan areas. Areas with low educational levels generally

showed larger increases in household joblessness. Although
overall household joblessness approximated prepandemic
levels by the end 0of 2021, the contributions from polarization
were more stable, indicating that the new equilibrium con-
centrated individual joblessness more strongly in house-
holds. Overall, areas with low educational levels, high
educational heterogeneity, and low homogamy saw the larg-
est contribution from higher polarization. But positive polar-
ization also steadily contributed to elevated household
joblessness in areas with high heterogeneity and high
homogamy, be they combined with high or low levels. By
contrast, areas with low or high educational levels combined
with low heterogeneity and low homogamy saw almost no
contributions from polarization, in some quarters even nega-
tive contributions (i.e., absorption of individual joblessness
in households). Although these patterns align with our expec-
tations, it has to be pointed out that much of the changes in
household joblessness and polarization remain unexplained.
No single variable in our battery of sociodemographic and
economic covariates showed strong correlations with our
outcomes either (compare Tables A2 and A3 in the Appendix).

Our analysis has some important limitations. First, we
used CPS data and metropolitan areas because the CPS is the
only available data source for analyzing household jobless-
ness during the pandemic, as it publishes new data monthly.
Metropolitan areas are the spatial unit to analyze local labor
markets in the CPS with sufficient case numbers, but smaller
case numbers for some metropolitan areas could lead to less
robust findings. Although looking at metropolitan areas
allowed us to extend existing research on U.S. geographic
economic inequality, we intend to explore long-term trends
in U.S. household joblessness using U.S. census and
American Community Survey data in future work. Studies
analyzing commuting zones usually use U.S. census and
American Community Survey data, meaning that case num-
bers per spatial unit are also notably larger (e.g., Autor and
Dorn 2013; VanHeuvelen and Copas 2019).

Second, because we analyzed metropolitan areas, we had to
work with a very limited case number in our multivariate anal-
ysis. Our models included up to four-way interactions and a
battery of covariates for which a sample of 204 metropolitan
areas arguably yields not enough power. We were therefore
able to cautiously describe differences in trends, but statistical
tests of differences will have to be conducted in future work
with larger samples. Again, analyzing commuting zones would
provide a larger sample size of more than 700.

Third, our focus was on the level of metropolitan areas
because polarization is intuitively a macro concept and
because it enabled us to consider externalities of educational
measures. However, future work analyzing individual level
data could help us illustrate differences between households
that accumulate employment risks more clearly. Finally, ana-
lyzing household joblessness during the COVID-19 pan-
demic might have limited generalizability because of the
occupational distribution of job loss and idiosyncratic
impacts on household dynamics. Future work might test our
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education-based explanation for prior economic downturns
as well as long-term trends.

Overall, we might look at the development of household
joblessness and interpret the return to prepandemic levels by
the end of 2021 as good news. Although changes in polariza-
tion proved stickier in some areas, they are still relatively low
in international comparison (Biegert and Ebbinghaus 2022;
Gregg et al. 2008; Gregg and Wadsworth 2001). However, it
took almost two years to arrive at prepandemic levels, mean-
ing that an increased number of individuals experienced the
hardships connected to living in a jobless household. Also, we
need to remember that prepandemic levels still mean that
about 10 percent of working-age adults in metropolitan areas
live in households with no one working. Moreover, both
household joblessness and polarization are markedly above
the national average in some metropolitan areas. Because
household joblessness increased by up to 5 percentage points
nationally and by more than 15 percentage points in some met-
ropolitan areas, an increased share of the population lived at a
higher risk for poverty. In our sample, jobless households
without children showed a poverty risk of about 65 percent,
and almost 75 percent of jobless households with children
were at risk for poverty (compared with about 15 percent for
employed households without children and 28 percent of
employed households with children) (see Figure A7 in the
Appendix). Notably, poverty risks of jobless households with
children increased in 2021 after a brief drop in 2019 and 2020.
Thus, even though state support was generous in the first
phase of the pandemic, it was cut down soon again, leaving
jobless households and particularly those with children highly
vulnerable to immediate adverse impacts of poverty. That the
accumulation of individual employment risks that shows in
household joblessness and especially in the polarization of
household joblessness is concentrated in some metropolitan
areas is important for understanding the concentration of pov-
erty in geographical pockets of the United States (Jargowsky
1996; Kneebone et al. 2011; Wilson 1997).

Experiencing household joblessness during the pandemic
and after is also likely to leave household members with scars
that transcend the impact of poverty (Curry et al. 2022;
Ermisch et al. 2004; Mooi-Reci et al. 2020). Besides docu-
menting the challenge of household joblessness in the United
States, our study provided an explanation of variation in
household joblessness and polarization across labor markets
that went beyond coarse models of welfare regimes and domi-
nant family models (Biegert and Ebbinghaus 2022; Corluy
and Vandenbroucke 2017; Gregg et al. 2008). It connects work
that highlights skills divides to explain growing economic
inequality in the United States with the literature focusing on
racial divides to explain the concentration of urban poverty
(Jargowsky 1996; Moller et al. 2009; Reardon and Bischoff
2011; VanHeuvelen and Copas 2019; Wilson 1987). Because
high household joblessness implies an additional dimension of
accumulated risks, further developing the education-based
model might prove helpful in identifying geographic pockets

of entrenched spatial economic disadvantage.
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Figure Al. Decomposition of change in household joblessness in
metropolitan area United States (Q2 2020 to Q4 2021) for sample
of households with at least one member 25 to 54 years of age.
Source: Current Population Survey 2016 to 2021, authors’ own calculations.
Note: Changes are calculated as difference to quarter-specific average
over 2016 to 2019. “Metropolitan area United States” represents the
population-weighted average of all 204 metropolitan areas in our sample.
The vertical dashed line marks the onset of the pandemic before Q2
2020. HH = household; ind. = individual; pre-pand. = prepandemic.
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Figure A2. Empirical distribution of educational profiles before
the pandemic.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.
Note: The figure correlates prepandemic averages of educational
heterogeneity and educational homogamy. Colors indicate different average
educational levels. “Low” denotes the lowest third in the distribution,
“medium” denotes the middle third in the distribution, and “high” denotes
the highest third in the distribution. Lines are fitted for correlation between
educational heterogeneity and homogamy at three levels of average
education (lev). Marker size indicates population size of metropolitan area.
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Figure A3. Predicted changes in household joblessness and contribution from polarization to changes in household joblessness across
educational profiles using median thresholds to indicate low and high values on educational variables.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Predictions from panel fixed-effects regressions of changes in household (HH) joblessness and contribution (contrib.) from polarization to changes

in HH joblessness on fully interacted combinations of quarter, educational level (lev), educational heterogeneity (het), and educational homogamy (hom)
(full models in Tables A2 and A3, model 3). Predictions are based on prepandemic (pre-pand.) averages of educational variables for metropolitan areas.
“Low” denotes below the median in the distribution, and “high” denotes above the median in the distribution. Lagged covariates are % Black, % Hispanic, %
migrants, population size, % single-headed HHs, % older, median equivalized income, % public sector, % manufacturing, % finance, insurance, and real estate
sector, % other services, and % living in the central city. The vertical dashed lines mark the onset of the pandemic before Q2 2020. pred. = predicted.
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Figure A4. Predicted changes in household joblessness and contribution from polarization to changes in household joblessness across
educational profiles using lowest and highest quartile thresholds to indicate low and high values on educational variables.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Predictions from panel fixed-effects regressions of changes in household (HH) joblessness and contribution (contrib.) from polarization to changes
in HH joblessness on fully interacted combinations of quarter, educational level (lev), educational heterogeneity (het), and educational homogamy (hom)
(full models in Tables A2 and A3, model 3). Predictions are based on prepandemic (pre-pand.) averages of educational variables for metropolitan areas.
“Low” denotes the lowest quartile in the distribution, and “high” denotes the highest quartile in the distribution. Represented combinations are selected
on the basis of case numbers. Lagged covariates are % Black, % Hispanic, % migrants, population size, % single-headed HHs, % older, median equivalized
income, % public sector, % manufacturing, % finance, insurance, and real estate sector, % other services, and % living in the central city. The vertical
dashed lines mark the onset of the pandemic before Q2 2020. pred. = predicted.
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Figure A5. Predicted changes in household joblessness and contribution from polarization to changes in household joblessness across
educational profiles using sample of households with at least one member 25 to 54 years of age.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Predictions from panel fixed-effects regressions of changes in household (HH) joblessness and contribution (contrib.) from polarization to changes

in HH joblessness on fully interacted combinations of quarter, educational level (lev), educational heterogeneity (het), and educational homogamy
(hom). Predictions are based on prepandemic (pre-pand.) averages of educational variables for metropolitan areas. “Low” denotes the lowest third
in the distribution, and “high” denotes the highest third in the distribution. Represented combinations are selected on the basis of case numbers.
Lagged covariates are % Black, % Hispanic, % migrants, population size, % single-headed HHs, % older, median equivalized income, % public sector, %

manufacturing, % fire, insurance, and real estate sector, % other services, and % living in the central city. The vertical dashed lines mark the onset of the

pandemic before Q2 2020.

8 |
|
| &
|
|
|
2 97 |
2
2 |
c
@
2 |
3 |
2 e
z |
H I
g8 4
3 |
< I« A
£ o i,
° I ‘A
S |
5 | . A
32 ! = i
& | Y 4 -
\ LI
I s N | N :
1 g, 5 x BN
| e - ‘x_'- ______ H
o |
|
|
pre- Q2 Q3 Q4 Q1 Q2 Q3 Q4
pand. 2020 2021
© - low lev, low het, low hom (18)
% high lev, high het, low hom (6)

pred. contrib. of polarization to change in HH joblessness

25

|
|
|
|
I
I
|
| A
| A, s
| ;
| A A &
|
|
! PLIN 3
I e P K
I o x r a #
: % rwT
I H s
|
|
|
| ¥
| :
pre- Q2 a3 Q4 a1 Q2 a3 Q4
pand. 2020 2021

+#k-low lev, low het, high hom (12)
= high lev, low het, high hom (719)

Figure A6. Predicted changes in in household joblessness and contribution from polarization to changes in household joblessness

across educational profiles using educational attainment variables.
Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: Predictions from panel fixed-effects regressions of changes in household (HH) joblessness and contribution (contrib.) from polarization to changes
in HH joblessness on fully interacted combinations of quarter, educational level (lev), educational heterogeneity (het), and educational homogamy (hom).
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Figure A6. (continued)

Educational measures are based on three levels of educational attainment (I = up to high school diploma, 2 = some college, 3 = college degree or more).
Educational level is measured as the share of individuals with some college. Educational heterogeneity is based on Theil’s entropy formula as proposed by
Nielsen and Alderson (1997). Educational homogamy is calculated as the share of couples (married and cohabiting) with the same educational degree as

a percentage of all couples. Predictions are based on prepandemic (pre-pand.) averages of educational variables for metropolitan areas. “Low” denotes

the lowest third in the distribution, and “high” denotes the highest third in the distribution. Represented combinations are selected on the basis of case
numbers. Lagged covariates are % Black, % Hispanic, % migrants, population size, % single-headed HHs, % older, median equivalized income, % public
sector, % manufacturing, % fire, insurance, and real estate sector, % other services, and % living in the central city. The vertical dashed lines mark the onset
of the pandemic before Q2 2020. pred. = predicted.
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Figure A7. Poverty rates for jobless households and households in employment, with and without children in metropolitan area
United States, 2016 to 2021.

Source: Current Population Survey 2016 to 2021, authors’ own calculations.

Note: “Metropolitan area United States” is the population-weighted average of all 204 metropolitan areas in our sample. The vertical dashed line marks
the onset of the pandemic before Q2 2020. HH = household; w = with; w/o = without.

Table Al. Descriptive Statistics, Q2 2020 to Q4 2021.

Variable Mean SD
Change in HH joblessness 1.571 4.850
Contribution from polarization to change in HH joblessness .248 2.841
Contribution from individual joblessness to change in HH joblessness 1.296 3.358
Contribution from HH composition to change in HH joblessness .072 1.398
Average years of schooling of population aged 25-64 years 13.893 .662
Theil index of years in schooling (25-64 years) 018 .008
Correlation between partners’ years of schooling 732 .108
Total population aged |16-64 years 2,353,163 4,076,537
Share of Black population 115 12
Share of Hispanic population .155 .168
Share of migrants in working-age population 219 155
Share of single HH heads 395 .078
Share of population aged =65 years .183 .053
Share of people living in central city 264 223
Median equivalized HH income 43315 9,872

(continued)
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Table Al. (continued)

Variable Mean SD
Share of workers in public administration .051 .036
Share of workers in manufacturing 102 .060
Share of workers in FIRE .066 .033
Share of workers in other services 480 .073
Observations 1,428

Note: FIRE = finance, insurance, and real estate; HH = household.

Table A2. Panel Fixed-Effects Regression Models of Changes in Household Joblessness.

Model 2 (Two-Way

Model | (No Interactions) Interactions) Model 3 (Four-Way Interactions)
B SE b B SE p B SE b

Edu. lev. -10.696 2.929 .000 -17.411 4.506 .000 356.607 338.727 294
Edu. het. -4.358 4.240 .305 —-16.247 8.126 .047 173.063 252.319 494
Edu. hom. -.549 1.699 747 3.355 4.222 428 350.454 363.231 336
Q2 2020 (ref.)
Q3 2020 -1.459 .383 .000 —-11.051 10.660 .301 315.191 316.910 321
Q4 2020 -2.161 447 .000 -10.273 15.829 517 423.156 355411 .235
Ql 2021 -2.641 465 .000 -16.133 11.877 176 32.162 309.034 917
Q2 2021 -2.476 441 .000 -20.595 11.607 .078 174.790 293.781 .553
Q3 2021 -3.220 458 .000 -28.426 12.173 .021 —46.781 284.602 .870
Q42021 -3.066 498 .000 -16.383 11.796 166 —-15.848 270.395 .953
% Black (lagged) —.494 4.068 .903 -.197 4.047 961 296 3.882 .939
% Hispanic (lagged) 1.197 3.909 .760 1.095 4.176 794 1.802 4.194 .668
% migrants (lagged) -1.272 2.862 .657 -1.845 2.972 .535 -2.003 3.149 .525
% single HH heads (lagged) 3.608 2232 .108 3.436 2.186 118 2519 2.130 .238
% =65 (lagged) 3.186 4.636 493 3.961 4.478 377 3.160 4.566 490
Median eq. HH income (lagged) .000 .000 .570 .000 .000 .645 .000 .000 734
% pub. admin. (lagged) 4.866 5.587 .385 4.151 5.738 470 4.527 5.843 439
% manufacturing (lagged) -8.974 4811 .064 -9.072 4.879 .064 -8.764 4.972 .079
% FIRE (lagged) -7.424 5.949 213 -6.790 6.035 262 -9.830 6.014 .104
% other services —-6.673 2.936 .024 —-6.538 2.943 .027 -6.817 2.906 .020
% city dwellers 2401 2.155 266 2.402 2.104 .255 2.159 2.186 .325
Total population size .000 .000 .553 .000 .000 444 .000 .000 551
Q2 2020 X edu. lev. (ref.)
Q32020 X edu. lev. 4.895 4.399 267 —587.656 472.381 215
Q4 2020 X edu. lev. 7913 5.275 135 —493.601 528.295 351
QI 2021 X edu. lev. 7.284 5.122 157 -172.903 455.470 .705
Q22021 X edu. lev. 9.410 4.844 .053 —374.813 390.273 .338
Q32021 X edu. lev. 10.871 4.969 .030 —85.283 380.815 .823
Q42021 X edu. lev. 8.654 5.336 .106 —225.623 399.473 .573
Q2 2020 X edu. het. (ref.)
Q3 2020 X edu. het. 9.595 7.812 221 —302.596 318.272 .343
Q4 2020 X edu. het. 7.434 13.039 .569 -419.807 349.014 230
QI 2021 X edu. het. 10.323 9.774 292 -73.395 310.579 813
Q2 2021 X edu. het. 11.730 8.962 192 —189.145 293.989 521
Q3 2021 X edu. het. 18.924 8.695 .031 53.682 286.265 .851
Q42021 X edu. het. 12.403 9.101 174 24.925 275.385 928
Q2 2020 X edu. hom. (ref.)
Q3 2020 X edu. hom. —6.041 4.984 227 -500.711 466.282 284
Q4 2020 X edu. hom. -7.961 6.472 220 —637.602 555.713 253

(continued)
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Table A2. (continued)

Model 2 (Two-Way

Model | (No Interactions) Interactions) Model 3 (Four-Way Interactions)
B SE p B SE p B SE p
QI 2021 X edu. hom. —3411 5.275 519 -252.904 428.994 556
Q22021 X edu. hom. -.529 5.006 916 -321.398 433.257 459
Q32021 X edu. hom. -2.733 5.277 .605 —44.269 415.258 915
Q42021 X edu. hom. -8.769 5.976 144 -6.710 395.429 986
Edu. lev. X edu. het. —345.196 344.747 318
Q2 2020 X edu. lev. X edu. het.
(ref.)
Q3 2020 X edu. lev. X edu. het. 566.244 474.755 234
Q4 2020 X edu. lev. X edu. het. 500.425 515.717 333
QI 2021 X edu. lev. X edu. het. 230.628 457.773 615
Q22021 X edu. lev. X edu. het. 389.748 396.509 327
Q32021 X edu. lev. X edu. het. 63.643 386.973 .870
Q42021 X edu. lev. X edu. het. 202.605 406.340 619
Edu. lev. X edu. hom. -618.018 500.847 219
Q2 2020 X edu. lev. X edu. hom.
(ref.)
Q32020 X edu. lev. X edu. hom. 895.284 696.112 .200
Q42020 X edu. lev. X edu. hom. 701.657 822.633 .395
QI 2021 X edu. lev. X edu. hom. 544279 638.745 395
Q22021 X edu. lev. X edu. hom. 617.662 586.630 294
Q32021 X edu. lev. X edu. hom. 243.742 559.948 664
Q42021 X edu. lev. X edu. hom. 346.057 591.999 559
Edu. het. X edu. hom. -321.449 369.107 .385
Q2 2020 X edu. het. X edu. hom.
(ref)
Q3 2020 X edu. het. X edu. hom. 474.351 471.254 315
Q4 2020 X edu. het. X edu. hom. 622.724 547.355 257
QI 2021 X edu. het. X edu. hom. 304518 435.815 486
Q2 2021 X edu. het. X edu. hom. 330.541 436.823 450
Q32021 X edu. het. X edu. hom. 15.988 420.661 970
Q42021 X edu. het. X edu. hom. -22.113 407.151 957
Edu. lev. X edu. het. X edu. hom. 574.220 513.377 265
Q2 2020 X edu. lev. X edu. het.
X edu. hom. (ref.)
Q32020 X edu. lev. X edu. het. -857.516 704.102 225
X edu. hom.
Q4 2020 X edu. lev. X edu. het. —-704.360 807.066 .384
X edu. hom.
QI 2021 X edu. lev. X edu. het. -623.400 649.581 .338
X edu. hom.
Q22021 X edu. lev. X edu. het. —-628.746 600.762 297
X edu. hom.
Q32021 X edu. lev. X edu. het. -194.261 573.867 .735
X edu. hom.
Q42021 X edu. lev. X edu. het. -298.742 608.695 .624
X edu. hom.
Constant 15.462 5.831 .009 29912 11.056 .007 -174.915 249.858 485
n 1,428 1,428 1,428
N 204 204 204

Note: edu. het. = educational heterogeneity; edu. hom. = educational homogamy; edu. lev. = educational level; eq. = equivalent; FIRE = finance,
insurance, and real estate; HH = household; pub. admin. = public administration; ref. = reference.
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Table A3. Panel Fixed-Effects Regression Models of Contribution from Polarization to Changes in Household Joblessness.

Model | (No Model 2 (Two-Way Model 3 (Four-Way
Interactions) Interactions) Interactions)
B SE p § SE p § SE p

Edu. lev. -3.087 1.566  .050 =7.713 2549 .003 430.009  216.387 .048
Edu. het. -.366 2677 892 -9.798 5438 .073 269.931 159.123 .091
Edu. hom. .185 959 847 -449 2326 .847 408.119 22835l .075
Q2 2020 (ref.)
Q32020 .199 238 403 -8.746  6.665 191 442.793 203.929 .031
Q42020 .004 269 989  —13.060 8.126 1o 315.999  223.08I .158
QI 2021 -.112 283 692 -17.968  8.18] .029 93.537  216.806 667
Q2 2021 293 258 257 -21.051 7.239 .004 103.568 167.879 .538
Q32021 .149 257 562 -—13.108  6.873 .058 149.692 162.142 357
Q42021 .002 288 995 -8.076  7.782 .301 155.571 167.417 354
% Black (lagged) -1.379 2524 585 -1.273 246l .606 =715 2.428 769
% Hispanic (lagged) 1.872 2232 403 2026  2.294 .378 2.667 2.367 261
% migrants (lagged) -.081 1.804 964 -.598 1.784 .738 -1.056 1.862 571
% single HH heads (lagged) A4l6 1.522 785 460 1.502 .760 -.044 1.484 976
% =65 (lagged) 1.545 2990 .606 1.636  3.031 .590 1.920 3.015 .525
Median eq. HH income (lagged) .000 .000 .677 .000 .000 .698 .000 .000 .687
% pub. admin. (lagged) 2.351 4416 595 1.651 4.504 714 1.244 4.626 .788
% manufacturing (lagged) -6.965  3.167 .029 =-7.177  3.109 .022 -6.740 3.173 .035
% FIRE (lagged) -6423 3963  .107 -5.934  3.940 .134 -7.637 3918 .053
% other services -3.073 1.909  .109 -3.127 1.904 .102 -3.594 1.911 061
% city dwellers 2.251 1.628  .168 2.275 1.616 .16l 2.381 1.512 117
Total population size .000 .000 .770 .000 .000 764 .000 .000 .938
Q2 2020 X edu. lev. (ref.)
Q32020 X edu. lev. 5.092 2707 061 -684.554  307.671 .027
Q42020 X edu. lev. 5832 3322 .081 -441.866  314.573 162
QI 2021 X edu. lev. 8.154  3.390 017 -180.713 309.391 .560
Q22021 X edu. lev. 6.986  2.79%4 013  -222.128  228.184 331
Q32021 X edu. lev. 2875 2632 276 -279.514 224510 215
Q42021 X edu. lev. 5817  3.183 069  -329.697  253.873 .196
Q2 2020 X edu. het. (ref.)
Q32020 X edu. het. 6.229  5.06l 220 -431.461 204.358 .036
Q42020 X edu. het. 8262 7.2% 259 -312.870  221.112 .159
QI 2021 X edu. het. 10236  6.294 105 -126.032 214937 .558
Q22021 X edu. het. 14957  5.694 009  -112.628 169.105 .506
Q32021 X edu. het. 10.644 5415 .051 -136.502 163.856 406
Q42021 X edu. het. 4.162  6.458 520 -145.671 169.312 391
Q2 2020 X edu. hom. (ref.)
Q32020 X edu. hom. -1.484  3.268 .650  -620.754  302.835 .042
Q42020 X edu. hom. 1.041 2.806 Al -432.990  359.564 230
QI 2021 X edu. hom. 3.008  3.323 367  -245.602  297.015 409
Q2 2021 X edu. hom. 1.900 2.798 498  -161.340  243.723 .509
Q32021 X edu. hom. 353 2.820 901 -211.624  237.422 374
Q42021 X edu. hom. -.108  3.268 974  -181.768  243.747 457
Edu. lev. X edu. het. -425.715 219419 .054
Q2 2020 X edu. lev. X edu. het. (ref.)
Q32020 X edu. lev. X edu. het. 668.736  307.909 .031
Q42020 X edu. lev. X edu. het. 438.897  313.141 163
QI 2021 X edu. lev. X edu. het. 227.471 306.958 460
Q22021 X edu. lev. X edu. het. 232342 232.637 319
Q32021 X edu. lev. X edu. het. 255.761 228.071 263
Q42021 X edu. lev. X edu. het. 310.472 255.570 226

(continued)
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Table A3. (continued)

Model | (No Model 2 (Two-Way Model 3 (Four-Way
Interactions) Interactions) Interactions)
B SE p B SE p B SE p
Edu. lev. X edu. hom. -628.008 319.819 .051
Q22020 X edu. lev. X edu. hom. (ref.)
Q3 2020 X edu. lev. X edu. hom. 952.083 462.313 .041
Q4 2020 X edu. lev. X edu. hom. 583.956  512.872 256
QI 2021 X edu. lev. X edu. hom. 418.879  431.045 332
Q2 2021 X edu. lev. X edu. hom. 313.140 339.282 357
Q3 2021 X edu. lev. X edu. hom. 379.664 332.720 .255
Q4 2021 X edu. lev. X edu. hom. 411.628 373.347 272
Edu. het. X edu. hom. -397.727 232.001 .088
Q2 2020 X edu. het. X edu. hom. (ref.)
Q32020 X edu. het. X edu. hom. 599.980 305.892 .051
Q42020 X edu. het. X edu. hom. 423.971 357.504 237
QI 2021 X edu. het. X edu. hom. 287.549 298.853 337
Q2 2021 X edu. het. X edu. hom. 169.395 248.033 495
Q3 2021 X edu. het. X edu. hom. 188.348  242.775 439
Q4 2021 X edu. het. X edu. hom. 161.000  249.417 519
Edu. lev. X edu. het. X edu. hom. 612.072 326.629 .062
Q2 2020 X edu. lev. X edu. het. X edu.
hom. (ref.)
Q32020 X edu. lev. X edu. het. X edu. —922.708  465.800 .049
hom.
Q4 2020 X edu. lev. X edu. het. X edu. -573.318 512332 264
hom.
Q1 2021 X edu. lev. X edu. het. X edu. —-479.286  434.065 271
hom.
Q2 2021 X edu. lev. X edu. het. X edu. —320.463 349.105 .360
hom.
Q3 2021 X edu. lev. X edu. het. X edu. -339.223 342.072 .323
hom.
Q42021 X edu. lev. X edu. het. X edu. -374.222 380.004 326
hom.
Constant 2.995 3.667 4I5S 16.392  6.888 .018  -271.070 158.135 .088
n 1,428 1,428 1,428
N 204 204 204

Note: edu. het. = educational heterogeneity; edu. hom. = educational homogamy; edu. lev. = educational level; eq. = equivalent; FIRE = finance,
insurance, and real estate; HH = household; pub. admin. = public administration; ref. = reference.
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