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Using administrative data for the population of Danish men and women, we develop an empirical model
which accounts for the joint earnings dynamics of siblings and youth community peers. We provide the first
decomposition of the sibling correlation of permanent earnings into family and community effects allowing
for life-cycle dynamics and extending the analysis to consider other outcomes. We find that family is the
most important factor influencing sibling correlations of earnings, education and unemployment. Community
background matters for shaping the sibling correlation of earnings and unemployment early in the working
life, but its importance quickly diminishes.

Socio-economic background is a key factor influencing individual outcomes. Parents, by trans-
mitting abilities, preferences and resources, determine the accumulation of human capital and
economic success (Becker and Tomes, 1979). Economic success, however, may not only be
influenced by traits transmitted by parents within the family but also by interactions outside
the family at the level of communities, neighbourhoods and schools, taking the form of peer
effects, role models, norms of behaviour, or exposure to unemployment and crime (Benabou,
1996; Durlauf, 1996). Several studies from various countries measure the overall importance of
socio-economic background based on the sibling correlation, an omnibus measure of the con-
tribution to inequality of all factors (observed and unobserved) that siblings share in the family
and in the community—for reviews, see Solon (1999), Bjorklund and Jantti (2011), Black and
Devereux (2011). However, still little is known about the relative importance of families versus
communities in shaping the inequality of earnings and other outcomes. Understanding how much
families and communities contribute to inequality is crucial for public policies aiming to provide
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alevel playing field of equal opportunities, but measuring their relative importance is complicated
because the two sources of influence tend to reinforce each other through segregation and sorting
of families into communities.

In this paper, using administrative registers for the population of Danish men and women, we
provide the first decomposition of the sibling correlation of life-cycle labour earnings into family
and community effects. The decomposition is based on estimates from an empirical model which
accounts for the joint earnings dynamics of siblings and youth community peers (neighbours and
schoolmates). The model extends the framework developed in Bingley and Cappellari (2019) for
life-cycle earnings dynamics within a three-person family to the case of dynamics for community
groups of arbitrary size. The model also accounts for heterogeneous human capital investments
and returns by including individual specific levels and growth rates of earnings (similar to Baker
and Solon, 2003; Magnac et al., 2018), which depend on heterogeneity among families and
communities, and allows for permanent and transitory shocks to individual earnings trajectories.
We also adapt this general framework to time-invariant or censored outcomes with applications
to education and life-cycle unemployment, which are two important dimensions of long-term
success that, in addition to life-cycle earnings, may be influenced by families and communities.

Our study contributes to the literature on social background and long-term inequalities in sev-
eral ways. First, by modelling jointly the outcomes of siblings and peers we identify family effects
net of any community influences. Second, by exploiting within-family community variation we
show that it is possible to identify community influences separately from sorting of families into
communities. Third, we define communities using both neighbourhoods and schools, so we can
investigate any differential influences between the two factors. Fourth, by observing earnings tra-
jectories up to age 45 we trace the relative influence of these attributes on earnings for a relevant
part of the life cycle. With long earnings histories, we can assess the importance of families and
communities in shaping permanent earnings inequality while avoiding measurement error and
life-cycle biases. Finally, we develop a Tobit version of the dynamic variance components model
to analyse unemployment, which is novel in the literature.

The focus on long-term outcomes, such as lifetime earnings, is in line with recent research
which has shifted attention away from current outcomes as the appropriate measure to capture the
economic effects of human capital investments (e.g., Bhuller et al., 2017; Nybom, 2017). In the
context of youth communities, taking the long-term perspective seems particularly appropriate
since some early influences may be longer lasting than others, and their relative impacts may
depend on the specific part of the life cycle considered.

We analyse the inequality of individual life-cycle earnings, instead of total household income
inequality, for the following four reasons. First, persistent inequality of earnings is the main
component of the intergenerational correlation of welfare (Piketty, 2000). Second, labour earnings
provide a broad measure for the market value of individual human capital, whose investments
and returns may be affected by families and communities. Third, household incomes between
the mid-twenties and early thirties (when our life-cycle analysis starts) may change for other
reasons, such as household formation, and we want to abstract from such mechanisms in our
assessment of family and community effects in life-cycle inequality. Analysing total household
inequality requires modelling changes in family composition, assortative mating and the tax and
welfare-benefit system, which are beyond the scope of this paper." Fourth, while total income
from all sources is relevant for the distribution of welfare, for many individuals, labour earnings

! For an analysis of household income inequality and its relationship with inequality in labour earnings, see Blundell
et al. (2018).
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are the only source of income throughout their working lives, and earnings play a leading role
in shaping income inequality (Hammar and Waldenstrom, 2017). Positive associations between
individual earnings and subjective well-being are well documented (Clark, 2018).

We show that for both genders the sibling correlation of earnings is U-shaped in age, which
is consistent with human capital theory suggesting that heterogeneous investments in human
capital induce an inverse relationship between initial earnings and earnings growth rates (e.g.,
Bhuller ez al., 2017; Magnac et al., 2018). We also find a similar pattern for the sibling correlation
of the unemployment process for women, which is consistent with the idea that human capital
investments, although reducing labour market experience of young investors, eventually pays off
later in life through better employment opportunities. For men, we find a positive association
between initial unemployment and life-cycle unemployment across sibling pairs, which points
towards the prevalence of state dependence in family-specific unemployment shocks. These sib-
ling correlation patterns in earnings and unemployment highlight the relevance of heterogeneity
between sibling pairs.

Our decomposition result for earnings shows that family is the most important factor explain-
ing sibling correlations throughout the life cycle for both men and women. On average, between
ages 24 to 45, community background accounts for less than one-tenth of the sibling correlation
of labour earnings. However, we find that community matters most early in the working life,
accounting for as much as one-fifth of the sibling correlation at age 25, but its importance quickly
diminishes and becomes negligible after age 30. These findings hold both when we define com-
munity solely on the basis of the neighbourhood or the school, although neighbourhood effects
are slightly larger than school effects; and these findings are robust to the age we measure youth
communities and to various sample selection choices. The diminishing community influence
over the life cycle highlights the importance of observing long earnings histories beyond the
first years of the working life; measuring earnings only at relatively young ages overstates the
long-term relevance of community effects in explaining earnings variation. Finally, extending
our analysis to education and unemployment, we also find that family accounts for most of the
sibling correlation of these outcomes for both men and women. For women, we find a larger
community influence on unemployment than for men, while for both genders community effects
decline over the life cycle.

Our paper relates to the approach in the literature which aims to separate the influence of
family from the influence of community by comparing the correlation of sibling outcomes with
the correlation of outcomes among unrelated neighbours (e.g., Solon et al., 2000 on educational
attainment for the USA; Page and Solon, 2003a,b, on earnings for the USA; Raaum et al., 20006,
on education and earnings for Norway). The main idea of this approach is that while siblings share
both the family and the neighbourhood, unrelated neighbours share only the neighbourhood but
not the family. Findings from these studies suggest that the neighbourhood of residence during
childhood is an important factor in explaining the resemblance in adult outcomes among siblings,
accounting for a substantial portion of the sibling correlation, which for earnings can be as much
as half in the US case.

However, these estimated neighbourhood effects are recognised to be upper bounds because
of non-random sorting of families into communities, which leads to positive correlation between
the two factors. Exploiting quasi-random assignment of families to public housing projects in
Toronto, which eliminates sorting, Oreopoulos (2003) finds instead zero influence of neighbour-
hood quality in the total variance of income and wages. Within our proposed framework we can
estimate family and community effects net of sorting. Our paper also complements the analysis
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of Bingley and Cappellari (2019) who use brothers and their fathers to investigate the impact
of father—son transmission on the brother correlations of earnings and education, showing that
sibling similarities are largely a reflection of intergenerational effects. Our findings on the lim-
ited importance of communities relative to families in shaping sibling correlations are consistent
with the findings in Bingley and Cappellari (2019) regarding the prevalence of intergenerational
transmission.

Outside the sibling correlation literature, our paper relates to the large and growing literatures
on the impact of schools and youth neighbourhoods on adult outcomes. Some recent examples
include Chetty and Hendren (2018) and Chetty et al. (2016) on the impact of age of moving to a
higher income neighbourhood during childhood, in observational and experimental frameworks
respectively; Chetty et al. (2011) and Fredriksson et al. (2013) on the impact of class size and
school peers, also in observational and experimental frameworks. Evidence emerging from these
studies supports the view that environmental circumstances during youth may have impacts when
adult. With our approach, communities encompass schools and neighbourhoods enabling us to
speak to both literatures.

While our study has to be placed in the Danish context of extensive redistribution between
municipalities (Pedersen, 2008), distribution of resources between schools (Nusche et al., 2016)
and universal family-based interventions such as nurse visiting for infants (Hjort ez al., 2017), our
robust finding that family is the most important factor in explaining inequality of socio-economic
outcomes suggests that family-based interventions may offer the prospect of further reducing
inequality. Our findings also suggest that the effectiveness of community-based policies may
be enhanced by fine-tuning them based on the characteristics of the families that sort into a
particular neighbourhood or school. The importance of sorting calls for a more complex set of
policies that takes into consideration that youths are members of families, who, in turn, belong
in communities.

The paper is structured as follows. In Section 1 we describe the data and contrast our community
definition with that used in comparable studies. In Section 2 we present descriptive statistics on
earnings of siblings and youth community peers over the life cycle. In Section 3 we develop the
econometric model based on the joint analysis of life-cycle earnings for siblings and youth peers.
In Section 4 we present the main results for the earnings process, discuss a series of robustness
checks and compare our findings to the previous sibling correlation literature. In Section 5 we
extend the analysis to education and unemployment. We conclude in the last section.

1. Data

1.1. Sample Selection

We use data from administrative registers of the Danish population. The civil registration system
was established in 1968 and everyone resident in Denmark then and since has been registered
with a unique personal identification number, which has subsequently been used in all national
registers enabling accurate linkage. In our analysis, we consider men and women separately and
we construct our data sets as follows. First, for each gender we create a sample of siblings by
sampling fathers and finding their first and second children born in the years 1965-85 who share
both legal parents from registration at birth and are not adopted. The year of birth selection
starts in 1965 to allow use of address information from age 11 in 1976, and stops in 1985 to
allow observation of individual earnings up to the late twenties for younger cohorts (earnings
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data described below are available until 2014).> We exclude from the sample children who are
also observed as parents of children born 1965-85, siblings born less than 12 months apart and
siblings born more than 12 years apart.

For sampled individuals we obtain pre-tax annual labour earnings between 1990 and 2014 from
the Statistics Denmark Income Register, measured in 2012 prices; see Baadsgaard and Quitzau
(2011) for a detailed description of the earnings data.® We select all valid observations on
earnings and exclude zero-earnings observations. Assuming that earnings are missing at random,
the exclusion of zero-earnings observations is common with most of the earnings dynamics
literature and is also applied in the sibling correlation literature (for instance, see Bjorklund
etal.,2009). We ‘trim’ one-quarter of a percentile from each tail of the annual earnings distribution
and require at least three consecutive earnings observations for an individual to be included in the
sample. This selection rule is intermediate between the one used by Baker and Solon (2003), that
is, continuous earnings strings for each individual within a cohort, and the approach of Haider
(2001), who allows individuals to move in and out of the sample only requiring two positive but
not necessarily consecutive valid observations on earnings. Overall, we obtain 97,596 (88,050)
brother (sister) pairs. We keep singletons—children without a younger sibling—in the sample;
there are 315,325 singleton sons (308,178 singleton daughters) giving a total of 510,517 men
(484,278 women) who meet the selection criteria above and are either a first or second brother
(sister), or a singleton.

Next, for each gender we match individuals from the selected birth cohorts depending on
whether they are born in the same year and share their youth communities by either being
neighbours, schoolmates or both. To match every person in the sample to members of their
community of the same gender we choose either a specific age or an age interval within which
the persons share their community. In contrast to our treatment of siblings, peers are included in
the analysis irrespective of birth order and age spacing from their own siblings. This adds 68,956
men (61,881 women), giving a total sample of 579,473 men (546,159 women). Note that the vast
majority of peers appears also in the sibling sample, either as singletons, sibling 1 or sibling 2.
In substance, the two samples largely overlap in terms of individuals, but the pairwise matches
that are used to estimate correlations are unique to each case.

Using information on individual addresses from the central person register we define neigh-
bourhoods as the parish of residence.* Given data constraints, we can measure neighbours at any
age level or age interval starting at age 11. For the descriptive analysis presented in Section 2, and
for the baseline estimates reported in Section 4 for earnings and in Section 5 for education and
unemployment, we link persons to neighbours on 31 October of the calendar year they turn 15.
There are 2,123 parishes in our sample containing on average 14 males (2,124 parishes containing
on average 12 females) turning 15 in the same year.

To characterise the degree of heterogeneity in socio-economic background between neigh-
bours, Figure 1 presents a map of Danish parishes shaded according to mean level of fathers’
gross annual labour earnings (in 2012 prices) when the child is age 15. Highest earnings are

2 Subsequent sons (daughters) beyond the first two are only 4% (4%) and are not considered in the analysis. Including
third-born siblings in the analysis produced results entirely consistent with those presented. The son (daughter) birth
order is determined irrespective of daughters (sons) present in the family.

3 In Section 5, we broaden the analysis and also take into account the impacts of families and communities on other
relevant outcomes, namely education and unemployment; we provide there a description of the specific data sources.

4 Complete information on municipality of residence is available from 1970 and full addresses are complete from
1976 (see Pedersen et al., 2006 for details). We use an intermediate aggregation of locality as our neighbourhood
indicator—parish of residence. Individuals are required to report changes of address to the municipality within five days.

© 2021 Royal Economic Society.
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Fig. 1. Mean Fathers’ Earnings When Child Is Age 15.
Notes: Paternal annual labour earnings (DKK 2012 prices) across Danish parishes when son (Panel A)
or daughter (Panel B) is age 15. Shading indicates different mean earnings with groupings approximately
corresponding to earnings quartiles. The scale of the map is 300 km from east to west and 200 km from
south to north.
Source. Various registers from Statistics Denmark.

concentrated in the biggest towns, but otherwise there is substantial paternal earnings dispersion
around the country.

Using information from the educational register we link pupils to schoolmates on 31 October
of the calendar year they turn 15, which is in the academic year they would normally attend
9th grade; the last year of compulsory education.> School enrolment rules were such that pupils
should start in first grade in the August of the calendar year they turn 7. The national pupil
database was established to monitor compliance with the 1972 school reform, which made 8th
and 9th grade schooling compulsory in 1972/3 and 1973/4, respectively. Beginning in August
1973, the database links pupils to the schools they are enrolled from 8th grade and above.®
School identifiers are consistent over time and schools are classified according to whether they
are publicly run (77% of schools and 89% of pupils in our estimation sample) or privately run,
and whether they are exclusively for pupils with special educational needs (10% of schools and
1% of pupils that we exclude from the estimation sample). Our sample contains 1,821 schools
with males (1,789 with females) aged 15; within each school there are on average 19 males (18
females) born in the same calendar year.

During our sample period, pupils were assigned to public schools on a catchment area basis
according to place of residence. Primary and lower secondary education usually takes place in
the same school and most pupils attend the same school for all grades. From 2007 we can see
that 92% of pupils in grades 1-8 were enrolled in the same school the following year. Due to the
organisation of primary and lower secondary schools largely into a single unit, there is likely to
be less pupil mobility between schools than in other countries. This institutional setting makes

3 In 1990, 95% of pupils began 9th grade during the year they turned 15. In recent years delays have been more
common—in 2007, 13% of pupils delayed their school start by a year and 4% repeated the same grade the following
year. See Jensen and Rasmussen (2011) for a description on the Statistics Denmark education register.

6 The national pupil database was first extended to cover grades K-7 from August 2007. Hence, we are unable to
match pupils to schoolmates in earlier grades to look at long-run outcomes.

© 2021 Royal Economic Society.
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Table 1. Cohorts Included in the Sample.
)] @ 3 ) 5) (6) (7 ®)

Birth First year No. years Last age Earnings
cohorts observed observed observed observations Persons Schools  Parishes
Men Women Men Women

1965-7 1990 25 48 2,234,572 2,130,928 103,774 98,200 1,484 2,112
1968-70 1993 22 45 1,748,750 1,639,951 91,297 85460 1,497 2,108
1971-3 1996 19 42 1,566,608 1,474,656 93,529 87,887 1,539 2,105
1974-6 1999 16 39 1,245,362 1,181,062 87,498 82,887 1,540 2,103
1977-9 2002 13 36 888,691 840,269 76,228 71,968 1,514 2,100
1980-2 2005 10 33 606,580 570,021 66,752 62,897 1,530 2,091
1983-5 2008 7 30 393,008 369,135 60,395 56,860 1,550 2,092

1965-85 1990-2008  7-25 30-48 8,683,571 8,206,022 579,473 546,159 1,821 2,123

Notes: The table reports sample characteristics by birth cohort for men and women born 1965-85. Schools are defined
using school of enrolment at age 15; neighbourhoods are defined using the parish of residence at age 15. Columns 7 and
8 report the number of schools and number of parishes within each group of male birth cohorts. Counts for females are
very similar, totalling 1,789 schools and 2,124 parishes.

Source. Various registers from Statistics Denmark.

Denmark a good place to look for school effects, because of the coherence of the schoolmate
group.

An important Danish institutional feature is that parishes and public-school catchment areas
do not completely overlap. As a consequence, neighbours may attend different schools, and
schoolmates may come from different neighbourhoods. Among school-birth—cohort clusters,
94% have men (93% have women) from more than one parish, and among parish-birth—cohort
clusters 87% have men (85% have women) from more than one school.

Because communities are defined on the basis of individual year of birth, not all siblings will
share the community at a given age, mainly because of family mobility. That is, neighbours
of sibling 1 at a given age will be drawn from a different neighbourhood than neighbours of
sibling 2 at that same age if there is family mobility. Similarly, schoolmates of sibling 1 will be
drawn from a different school than schoolmates of sibling 2 if they attend different schools. For
example, among our brother (sister) pairs, 72 (72)% share both school and neighbourhood at age
15, 4 (5)% share only the school, 16 (15)% share only the neighbourhood, while the remaining
8 (8)% do not share either of the two community affiliations.

Table 1 presents the cohorts we include in the sample, the years for which we observe earnings
and sample sizes in various dimensions. We group data in three-year birth cohorts, as shown
in column 1, and we compute age by imputing each cohort with its central year of birth.” The
selection of birth cohorts and time window ensures that we observe each cohort starting at age 24
(23-5) for at least seven years (last cohort 1983-5) and for as long as 25 years (first cohort 1965—
7) up to age 48 (47-9). Columns 5 and 6 show the number of earnings observations and number of
men (women) used in estimation. The number of communities into which we group men (women)
is shown in columns 7 and 8, totalling 1,821 (1,789) schools and 2,123 (2,124) parishes. The
number of parishes and schools is quite stable, which reflects an absence of administrative unit
reform during the exposure period.® The falling number of earnings observations by birth year is
due to later cohorts having less time to accumulate earnings histories.

7 We could form only few sibling matches within the first birth cohort (1965-8), therefore we exclude families in which
both siblings belong to this cohort. As a consequence, the first birth cohort contains only elder brothers or singletons.

8 A 2007 reform changed the number of municipalities from 273 to 95. Responsibility for primary and lower secondary
schools changed accordingly. This reform comes after the last year of youth community affiliation in our data—2002.

© 2021 Royal Economic Society.
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Table 2. Neighbourhood and Long-Run Earnings—Key Study Characteristics.

(14+2) (3) ()] (5)
Page and Solon Raaum et al. Oreopoulos Our
(2003a, b) (2006) (2003) study
Location United States Norway Toronto, Canada Denmark
Neighbourhood PSID cluster Census tract Housing project Parish
Proximity 20-30 dwellings 44 km? 20 buildings 20 km?
No. clusters 120 (137) 7,996 81 41,748 (41,430)
No. men (women) 443 (516) 228,700 (195,889) 4,060 579,473 (546,149)
Persons/cluster 4(4) 28 (24) 50 14 (13)
Others/cluster 86 430 1,036 2,671 (2,672)
Exposures
Birth cohorts 1952-62 1946-65 1963-70 1965-85
Years 1968 1960 and 1970 1978-86 1976-2002
Ages 6-16 5-15 8-16 11-15
Duration snapshot snapshot 1-9 years 1-6 years
Outcomes
Measure Earnings Residual earn., Income Residual earn., education,
education unemployment
Duration (years) 5 6 3 3-25 (mean 15)
Transformation Total mean Total mean Total mean Untransformed
Years observed 1987-91 1990-5 1997-9 Earn. 1990-2014
UIB 1990-2009
Ages observed 25-39 25-50 27-36 23-49

Notes: The table reports the key study characteristics of this study and compares the community definition with that used
in comparable studies such as Page and Solon (2003a, b), Raaum et al. (2006) and Oreopoulos (2003).

1.2. Sample Comparison to Other Studies

It is informative to contrast our community definition with that used in comparable studies such as
Oreopoulos (2003), Page and Solon (2003a, b) and Raaum et al. (2006), which in what follows we
refer to as studies (1 + 2), (3) and (4), respectively. We focus the comparison on neighbourhoods
because this is the community definition used in these studies. Table 2 characterises ours alongside
these four other studies according to characteristics of the different types of neighbourhoods and
exposures considered, and outcomes observed. Neighbourhood geography and exposure group—
an area and an age range—together define the cluster of individuals within which later outcomes
are correlated. Neighbours in study (4) have the closest proximity because of the medium-to-high
density of housing projects, followed by studies (1 + 2) because of the clustered sampling frame
of the Panel Study of Income Dynamics (PSID). Interestingly, studies (1 + 2) find neighbourhood
effects only for urban areas, where neighbours are in closest proximity. Our Danish parishes cover
a wider area than the neighbourhoods used in studies (1 4 2) and (4) but are only about half the
size of Norwegian census tracts used in study (3). For Denmark in the year 2000 we can calculate
the distribution of distances between the different residences of neighbours within parish: 25%
of distances are within 0.5 km, 50% within 1.1 km, and 75% within 1.9 km.

The other four studies pool neighbours together of different ages—with up to 9- and 11-year
age differences—to form neighbourhood clusters. In the main part of the analysis we consider
neighbours at 15 years of age as belonging to the same cluster. Neighbourhood affiliation at age
15 is at the upper end of the 5-16 age range together considered in the other studies. All else
equal, if neighbours of the same age are more likely to interact than neighbours of different ages,
then we would expect to find stronger neighbour correlations with our definition. In sensitivity

© 2021 Royal Economic Society.
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Fig. 2. Sibling Correlation of Annual Earnings.
Notes: The figure shows raw sibling correlations of earnings over the life cycle based on 89,738 brother
pairs in Panel A and 79,785 sister pairs in Panel B born between 1965 and 1985. The solid line shows the
sibling correlation when the siblings are at the same point in their life cycle, while the dashed line shows
the sibling correlation when we fix the age of the elder sibling at 35.
Source. Various registers from Statistics Denmark.

checks we show robustness of results to neighbourhood definitions based on affiliation down to
age 11 or using age ranges between 11 and 15 rather than a single age.

The number of persons in each of our neighbourhood clusters is in the middle of the range
for the other studies. The estimation sample in studies 1-4 comprises a similar percentage of the
total population of individuals in each cluster with 4.6, 3.1 and 4.8% respectively. Due to our
narrower age range for clustering neighbours for Denmark the estimation sample covers only
0.5% of the cluster population. Although our neighbours are more homogeneous in terms of age,
they represent only between one-eighth and one-fifth of the within-cluster sampling density of
the other studies. However, this sparser sampling should reduce precision rather than introduce
any bias.

2. Descriptive Statistics on Earnings of Siblings and Community Peers

To motivate the model, which we present in the next section, we first provide a description of the
interpersonal covariance structure of earnings in our sample. There are two types of cross-person
relationships that are of interest for the analysis: (i) between siblings and (ii) between community
peers.

Figure 2 (solid line)—for men in Panel A and for women in Panel B—shows that the sib-
ling correlation of earnings—when siblings are at the same point in their life cycle—is high
at the beginning of the working life at age 24, declines until age 30 and remains relatively
stable thereafter with a slight increase up to about age 40. This U-shaped pattern of earnings
correlation suggests that the sources of initial earnings heterogeneity that siblings share are

© 2021 Royal Economic Society.
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Fig. 3. Sibling Correlation of Annual Earnings by Siblings’ Age Gap.
Notes: The figure shows raw sibling correlations of earnings over the life cycle when siblings are at the
same point in their life cycle and refer to sibling pairs with an age gap of 3, 6 and 9 years born between
1965 and 1985.
Source. Various registers from Statistics Denmark.

negatively correlated with heterogeneity in earnings growth. As we discuss in the next section,
human capital theory predicts that investments in education or training induce such a negative
correlation.

In Figure 2 (dashed line) we also report the sibling correlation of earnings by age of the younger
sibling (brother in Panel A and sister in Panel B) after we fix the age of the elder sibling at 35.
We find that the earnings correlation starts close to zero when the younger sibling is age 24 and it
increases sharply, so that by the early thirties it matches the ‘same age’ correlation. This pattern
illustrates that the earnings correlation between siblings at different ages is an underestimate of
the actual correlation when they are at the same point in their life cycle. This pattern is a form
of life-cycle bias similar to that highlighted by Haider and Solon (2006), which we can detect in
the data and control for in estimation.

Besides human capital investments, the large contemporaneous associations at the early stage
of the life cycle depicted in Figure 2 may also reflect the correlation of transitory shocks. It is
well known that earnings instability is large in the beginning of the working life (for instance,
see Baker and Solon, 2003). It is also plausible that siblings may be subject to common shocks,
for example, due to similar local economic conditions at labour market entry. To assess if the
relatively large sibling correlation at labour market entry is driven by differences in permanent
earnings or transitory fluctuations, we compute the earnings correlation for not-closely-spaced
siblings. The larger the age-spacing between siblings, the less likely that they enter the labour
market at the same time and are influenced by common transitory fluctuations. Figure 3 shows
that the declining pattern of the sibling correlation between the mid-twenties and the early
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Fig. 4. Correlation of Annual Earnings among Community Peers.

Notes: The figure shows raw correlations of earnings for community peers (boys in Panel A and girls in
Panel B) born between 1965 and 1985 over the life cycle. Community peers are defined as neighbours
who reside in the same parish at age 15, or schoolmates who attend the same school at age 15. Unrelated
individuals share neither the family nor the community. We compute this correlation by randomly matching
each individual in the sample with 1,000 same gender individuals born in the same year, regardless of family
and community.

Source. Various registers from Statistics Denmark.

thirties persists for brothers (Panel A) and sisters (Panel B) born at least three, six or nine years
apart. This pattern suggests that the source of convex evolution of sibling correlations in Figures 2
and 3 is in the long-term component of earnings.

Figure 4 shows the correlation of earnings for community peers who are neighbours residing
in the same parish, or schoolmates who attend the same school. To obtain the between-peers
correlation of earnings (at each relevant age), we first compute the within-community correla-
tion and then we average between communities using the weighting scheme of Page and Solon
(2003a, p. 841), which gives greater importance to more populous communities and makes in-
ference person-representative. These empirical correlations pick up all sources of peer similarity,
which include correlated family effects within communities and influences independent of the
family. The magnitude of the earnings correlation of community peers is roughly one-tenth of
the correlation of sibling earnings, though higher at the beginning of the life cycle (up to age
30) and negligible thereafter. Figure 4 also shows that the correlation of earnings for ‘unre-
lated’ individuals—who are neither siblings nor community peers—is zero for all ages.” This
contrast suggests that the evolution of sibling and community peer correlations over the life
cycle is not simply an artefact of ageing, but is picking up factors attributable to families and
communities.

9 We compute this correlation by randomly matching each individual in the sample with 1,000 individuals born in the
same year who do not share family and/or community.
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3. Econometric Model

We develop a model to assess the relative influence of family and community background on
earnings inequality over the life cycle. Motivated by the empirical facts presented in Section 2,
we exploit the linked earnings records of siblings and community peers within a model of multi-
person earnings dynamics where we distinguish permanent from transitory earnings and allow
for heterogeneous earnings growth. The model extends the joint earnings dynamics model of
Bingley and Cappellari (2019) for three persons (a father and two sons) to multi-person groups.
We use the parameter estimates from this extended model to decompose the sibling correlation
of life-cycle earnings into family and community influences.

3.1. The Model of Earnings Dynamics

To separate life-cycle effects from calendar-time trends, we consider the distribution of earnings
within three-year birth cohorts. In particular, we assume that residual log earnings (w)—after
regressing log real gross annual labour earnings on year dummies and a quadratic age trend by
birth cohort group—are the sum of two components: (i) a permanent component (y) and (ii) a
transitory component (v), which are orthogonal by definition and we write as

Wifea = Yifca + Vifca (D
E (VigeaVifea) = 0

where the indices i, f, ¢ and a stand for individual, family, community and age, respectively. We
measure age in deviation from 24, which we set as the life-cycle starting point.

Since our model allows for a transitory component in earnings and life-cycle effects, we can
tackle the two well-known biases in the estimation of correlations in permanent earnings between
persons due to measurement error. The first source of bias is related to transitory income shocks,
which make current earnings a poor measure of permanent earnings (Solon, 1992; Mazumder,
2005). Separate identification of permanent and transitory earnings is granted by the availability
of individual-level longitudinal data. The second source of bias is related to life-cycle bias
due to age differences between family members and the heterogeneous earnings variation over
individual life cycles (Jenkins, 1987; Bohlmark and Lindquist, 2006; Haider and Solon, 2006;
Nybom and Stuhler, 2016).

3.2. Specification of Permanent Earnings

We allow the permanent component of earnings (y) in equation (1) to depend on both shared
and idiosyncratic factors. Shared factors capture the determinants of permanent earnings that are
common between siblings and community peers. The idiosyncratic factors represent individual-
specific sources of variation in permanent earnings.

We model life-cycle dynamics of shared factors using a specification based on heterogeneous
income profiles (HIP); also known as a random growth model. The HIP specification for the
shared factors is consistent with human capital theory suggesting that differential investments
generate heterogeneity of initial earnings and earnings growth (Mincer, 1958; Ben-Porath, 1967,
Baker and Solon, 2003; Magnac et al., 2018). In the model of Becker and Tomes (1979), parents
influence the human capital of their offspring by transmitting abilities, preferences and resources,
and thereby affecting offspring earnings. Community background can also influence individual
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outcomes through institutions such as the school and its quality (Hanushek, 2006), or through the
quality of neighbourhood, or peer influences, social norms and role models in the neighbourhood
(Wilson, 1987; Benabou, 1996; Durlauf, 1996).

Differences between families in the availability of these traits, resources and exposure to the
community environment would lead to differences in human capital accumulation. Human capital
theory predicts that these heterogeneous investments induce an inverse relationship between initial
earnings and earnings growth rates, because investors trade off initial earnings against earnings
growth throughout the life cycle. For example, in the Ben-Porath (1967) model, initial earnings
of investors are lower because they are devoting much of their time to education rather than to
work, while non-investors are fully participating in the labour market.

Such heterogeneity in earnings due to differences in work experience is one of the mechanisms
we want to capture with our model. Another mechanism arises if one considers only full-time
workers at a given early age. Among them, those who stayed longer in school had less time to
accumulate experience, which lowers their earnings compared to early school leavers who, at
that age, will have already accumulated some years of labour market experience (Bhuller ef al.,
2017). In both cases, due to their greater human capital, investors will experience faster earnings
growth.

The resulting negative covariance of initial earnings and growth rates generates a U-shaped
evolution of earnings dispersion by age due to the ‘Mincerian cross-over’ of earnings profiles.
These observations motivate the specification for the determinants of shared earnings, which
reflects the idea that cross-person resemblance of earnings stems from similarities in social
background and human capital investments. The life-cycle patterns of earnings correlations
between siblings and community peers shown in Section 2 are consistent with these mechanisms.

Besides the earnings profile shared by siblings and peers, we allow for idiosyncratic permanent
shocks (w;,) to capture persistent individual deviations from the shared profile. To model these
permanent shocks, we add a random walk process starting at age 24 (a restricted income profile—
RIP—model).

Overall, our permanent earnings model is specified as follows:

Vi =1 [(1y 4+ pe) + (Vr +ve) a + ®ia]  0ia = 0ia—1y +&a 1=b+24+a ()

where b is the birth cohort of person i and 7, is a calendar-time shifter that allows for aggregate
changes of the permanent earnings process over time.'!” We factor the intercept and the slope
of the individual-specific linear profile of earnings into two zero-mean components, where their
variances capture family (f) and community (c) heterogeneity in initial earnings (denoted by
M, M) and life-cycle earnings growth (denoted by yr, ye).
To summarise, the assumptions on the variance—covariance structure of permanent earnings
are the following:
(win4. &ia) ~ (0,050, 07,) s=1,2 (3.a)

:

10 We integrate out cohort effects in mean earnings via flexible first stage regressions (described in Subsection 3.1)
and we do not include cohort effects in the earnings dynamics model which already includes age and time effects in
both permanent and transitory earnings. Robustness checks that included cohort shifters on the earnings components
of equation (1) produced results entirely in line with the ones obtained from the model without cohort shifters. Similarly,
estimating the baseline model only on older cohorts in our data, namely 1975 or earlier who reach at least age 38 in the
sample period, did not change the substance of our findings.
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(s, vr) ~ (0,0; Gip, G,%p, OyuyF) (3.b)

(e Ye) ~ (Oa 0; Uica O'fc’ O—M/C) (3.0

where we denote the specific dimensions of heterogeneity of the variance—covariance parameters
by F (for family) and C (for community). Assumption (3.a) allows the idiosyncratic parameters to
vary by sibling birth order, denoted by s, to increase model flexibility, and we include singletons
among the first born. Assumptions (3.b) and (3.c) specify the distribution of shared factors and
allow for an unrestricted covariance of initial earnings and earnings growth heterogeneity within
each factor, which we denote by o,,,r and 0, c, respectively. ‘Mincerian cross-over’ of earnings
profiles would result in negative estimates for these covariances. We also model the sorting of
families across communities by allowing for the covariance between family and community
effects through the intercept of the individual-specific profiles:

cov (,uf, [,LC) = OFC. 3.d)

The covariance in equation (3.d) is non-zero if families sort themselves across communities.!!

3.3. Specification of Transitory Earnings

To capture any serial correlation of transitory shocks we model transitory earnings (v) in equation
(1) using an AR(1) process. We allow siblings to draw shocks from sibling-specific distributions
and we account for age effects in the variance of these shocks through an exponential spline in
age. The model for transitory earnings can be summarised as follows:

Vifeca = NMillifea Uifea = PsUifca—1) + Eifca (4)
gz'fca ~ (0, 0525 €xXp (gs (Cl))) Ujfera ™ (07 03245)

where 7, is a time loading factor and uz, is the sibling-specific AR(1) process. The autoregressive
process begins at age 24 and we specify the variance of the initial condition (ouz24 s)- The process
evolves through the arrival of white noise shocks (&;1,) whose variance is age-and-sibling-specific
(UEZS exp(gs(a))), where g,(a) denotes a linear spline in age for sibling s with knots at 28, 33, 38
and 43.

We also allow for cross-person correlation of transitory shocks because they may be correlated
not only across time but also between individuals. For siblings, the sibling-specific distribution
of shocks enables identification of the contemporaneous correlation of AR(1) innovations. For
two individuals i and i’, the sibling covariance of AR(1) innovations is specified as follows:

E(Sifcagi’fc’u’) =0y Ve,d,a=d + ’b - b,‘ ®)

where b’ is the birth cohort of i’. That is, for siblings observed in the same time period (at
different ages) the innovations of transitory earnings are allowed to co-vary with parameter o s.

' In preliminary analyses we experimented with a specification that allowed for correlation between the family
and community components of the HIP slopes, obtaining a positive and non-significant estimate of their covariance and
virtually unaffected estimates of remaining model parameters. Also, estimating a more general model with heterogeneous
quadratic profiles yields results very similar to the ones of the linear HIP. We focus our analysis on the linear HIP for
simplicity and ease of parameter interpretation.
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This covariance of shocks between siblings is transmitted over time through the autoregressive
structure of the model.

For community peers, we follow a different approach to that used for pairs of siblings due to
the high dimensionality that would result from parameterising the covariance of transitory shocks
between numerous peers belonging to different families (f and f”). Specifically, we allow for a
catch-all ‘mass-point’ covariance (1) collapsing all the parameters of the underlying stochastic
processes and allow the covariance to fade away over time. For any two (not necessarily different)
ages a and a’, the covariance of transitory shocks across community peers is specified as follows:

E(tifea Wirprea’) = A=A < 1. (6)

3.4. Identification of Permanent Earnings Decomposition

Identification of the parameters determining permanent earnings relies on three sets of moment
restrictions: for a given individual over time, and cross-person moment restrictions for siblings
and for community peers. Compared to previous studies in the sibling literature which consider
separately sibling and peer correlations, the modelling approach we propose has two advantages.
First, we can identify family effects net of any community influences because we exploit jointly
the moment restrictions for siblings and community peers. Second, we show that it is possible
to separately identify sorting from community and family effects by exploiting between-sibling
community variation.'?

Earnings covariances for an individual are a function of all sources of earnings heterogeneity
which include: (i) family influences, (ii) community influences, (iii) the sorting of families into
communities and (iv) the idiosyncratic component. Individual moment restrictions for two (not
necessarily different) ages, a and @’, can be written as follows:

E(yifc‘av yifca’)
= {GjF + Ulfc + (UfF + 0§C) ad’ + (0uyr + opyc) (a +a') + 20rc 0

+ 02, +oZmin (a, a')} w7,

Cross-person moments, such as those between siblings and between community peers, do not
depend on idiosyncratic heterogeneity. Moment restrictions for siblings (different i but same f)
depend on family, community and sorting effects and can be written as follows:

E(Yifear Yirfea) = {G/EF +opad + ok (a+d) +

I(c =¢) [aﬁc + aﬁcaa/ + ouyc (a + a/)] + 20pc) Ty

®)

where /(.) is the indicator function. For community peers the covariance function depends
only on community and sorting effects, but not on family effects, and can be written as follows:

E()’gfca, y,vffw/) = [Uic + chaa’ + opyc (a + a’) + ZUFC] . 9)

Combining the moment restrictions defined in equations (7)—(9), we can identify community
effects including sorting from equation (9), family effects from equation (8) and idiosyncratic

12 In Page and Solon (2003a, b), due to the sampling design in the PSID, siblings always share the community. Raaum
et al. (2006) use a linear projection of earnings on neighbourhood characteristics and neighbourhood fixed effects to
derive an approximation for the contextual term. Oreopoulos (2003) accounts for sorting of families into neighbourhoods
by using quasi-random assignment of neighbours.
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effects from equation (7). Because we exploit sibling and peer moments jointly in the model, we
can identify family effects net of any community and sorting effects.

However, because families sort into communities, the estimated community influences will be
upward biased according to the extent of sorting. Although this bias does not affect the estimated
family effects, to identify separately the sorting parameter (opc) from community effects we need
an additional moment restriction. One possible source for the additional moment restriction is to
consider community variation between siblings. Equation (8) nests moment restrictions for two
types of siblings: (i) those who share the community, that is, /(¢ = ¢’) = 1 and (ii) those who
do not share the community, that is, /(¢ = ¢’) = 0. Unlike the previous discussion, where we
considered siblings who only share the community, with between-sibling community variation
the additional moment restriction permits the identification of community effects separately from
sorting.

To illustrate this identification argument, consider the covariance function for siblings sharing
the community, which depends on family, sorting and community effects. Whereas, for siblings
who do not share the community, the covariance function depends only on family and sorting
effects. The difference in the covariance functions between these two types of siblings identifies
the community influences. Because community effects are identified by the moment restrictions
for siblings, moment restrictions in (9) effectively identify sorting of families across communities.
Finally, we can identify family effects by combining the moment restrictions of equations (8)
and (9).

Siblings can be exposed to different communities at any given age because of family mobility.
For example, when we measure community at age 15, family mobility after sibling 1 turns 15 (but
before sibling 2 turns 15) generates between-sibling community variation because, at that age,
the siblings reside in different neighbourhoods or attend different schools. Instead, for immobile
families, the two siblings share the community at that age. This between-sibling community
variation identifies the sorting parameter separately from community effects.

The between-sibling community variation based on family mobility rests on the assumption
that families who move are comparable to immobile families. However, these two types of fami-
lies may be different due to underlying unobserved characteristics that may also affect earnings.
To address possible biases coming from the comparison of moving families with stayer families,
we also estimate the model using only moving families and exploit the timing of family mobility
as a source of between-sibling community variation. These are all families who move, so it
is only the difference in the timing of mobility that exposes siblings to different environments
at that specific age. We argue that this source of between-sibling community variation is less
prone to selection than contrasting movers and stayers. The main findings we present in Sec-
tion 4 are unchanged when we restrict the analysis to movers and exploit the timing of family
mobility.

3.5. Estimation and Decomposition of the Sibling Correlation

We estimate parameters by Minimum Distance where we match moment restrictions implied
by the model to the empirical moments derived from the data, using empirical moments based
on at least 100 observations.!? There are three types of empirical moments entering into the

13 Moment restrictions for transitory earnings are given in the Online Appendix A. The orthogonality assumption
between permanent and transitory earnings in equation (1) implies that moment restrictions of the full model are the sum
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estimation. First, there are individual moments, which include the variances and intertemporal
covariances of individual earnings. Second, there are sibling moments, which are defined in
our sample only for the first two siblings in a family. This second set of moments implies that
each family contributes at most once in the estimation of sibling empirical moments, while
families with singletons do not contribute. To match the two different moment restrictions nested
in equation (8) we estimate separate empirical moments for siblings depending on whether they
share the community. Finally, there are empirical moments for community peers who by definition
share the community. In contrast to families, the number of peers varies over communities.
We account for the varying size of communities using the weighting scheme we described in
Section 2.

Using parameter estimates from the model we predict the contributions of family and commu-
nity to the sibling correlation of permanent earnings over the life cycle. Specifically, we use the
moment conditions of equations (8) and (9) and attribute the sorting parameter in equal parts to
family and to community as follows:

E(Yifear Yirfea) — Ty (0FC)

E(Yigeas Yifea)

(10

E(yifcaa yi’f’ca) — T Ty (GFC)

E (yifcay y;_‘fca)
where r denotes correlation coefficients of permanent earnings. It is worth noting that correlations
vary with age because they are estimated from a model of life-cycle earnings. Given the model
assumptions, the sibling correlation of permanent earnings for siblings sharing the community is
the sum of the two components:

rf(a) =

r€(a) =

rS@) =rfa)+ra). (11)

4. The Impact of Family and Communities on Life-Cycle Earnings

In this part we present results for the impact of families and communities on life-cycle earnings.
In Subsection 4.1 we discuss the ‘core’ parameter estimates of the permanent and transitory
components; we report estimates of calendar time shifters of the two components in the Online
Appendix Table B1 for men and Table B2 for women. In Subsection 4.2, we decompose the sibling
correlation of earnings into family and community effects. In Subsection 4.3 we present checks
of robustness to various alternative community definitions, to different sources of community
variation between siblings, to different measures of community affiliation, to the use of earnings
ranks rather than log earnings, and in Subsection 4.4 we compare the main findings with the
existing evidence in the literature.

4.1. Parameter Estimates

Permanent earnings in equation (2) depend on shared factors and on idiosyncratic determinants.
Panel A of Table 3a for men, and Panel B for women, show that family is the most important
shared factor determining inequality of long-term earnings, both for initial earnings (intercept)

of moment restrictions for permanent and transitory earnings. We use Equally Weighted Minimum Distance (EWMD,
see, for example, Haider, 2001).
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Table 3a. Parameter Estimates of Permanent Earnings—Shared Components.

Baseline with alternative community definitions

(€] @ (3)

Baseline Neighbourhood-only School-only
Coefficient SE Coefficient SE Coefficient SE
(A) Men
Variance of intercepts
Family (aﬁF) 0.0758 0.0119 0.0756 0.0101 0.0786 0.0132
Community (alfc) 0.0163 0.0065 0.0112 0.0052 0.0053 0.0044
Variance of slopes
Family (‘731:) 0.00054 0.00009 0.00053 0.00008 0.00062 0.00011
Community (‘750) 0.00021 0.00005 0.00016 0.00004 0.00007 0.00003
Covariance intercepts-slopes
Family (a/fyF) —0.0051 0.0008 —0.0052 0.0007 —0.0061 0.0010
Community (nﬁyc) —0.0024 0.0005 —0.0018 0.0004 —0.0010 0.0004
Covariance between components
Family—community (orc) 0.0069 0.0022 0.0053 0.0018 0.0062 0.0017
(B) Women
Variance of intercepts
Family (alfF) 0.0941 0.0149 0.0978 0.0127 0.0898 0.0109
Community (alic) 0.0047 0.0081 —0.0010 0.0058 —0.0024 0.0042
Variance of slopes
Family (ayzF) 0.00051 0.00009 0.00059 0.00008 0.00063 0.00008
Community (rryzc) 0.00020 0.00005 0.00011 0.00003 0.00000 0.00002
Covariance intercepts-slopes
Family (J,in) —0.0056 0.0009 —0.0062 0.0008 —0.0064 0.0008
Community (‘Tiyc) —0.0020 0.0005 —0.0011 0.0004 —0.0003 0.0003
Covariance between components
Family—community (ofc) 0.0109 0.0037 0.0087 0.0024 0.0071 0.0018

Notes: The table reports Equally Weighted Minimum Distance estimates for the parameters of the permanent component
of the earnings process shared by siblings for men (Panel A) and for women (Panel B). In the baseline estimates of
column (1) the community is defined as siblings sharing the neighbourhood, the school or both community dimensions;
in column (2) as sharing only the neighbourhood regardless of school sharing; column (3) as sharing only the school
regardless of neighbourhood sharing. For all estimates there are two types of siblings: those who share the community
(stayers) and those who do not share the community (movers). Estimates in the three columns in Panel A for men are
derived using 14,012, 15,059 and 15,702 empirical variances and covariances (from left to right). Estimates in the three
columns in Panel B for women are derived using 11,175, 12,099 and 12,692 empirical variances and covariances (from
left to right).

Source. Various registers from Statistics Denmark.

and for earnings growth rates (slope). We find families to be the most important for the baseline
model (column 1), where community is defined as sharing the neighbourhood, the school or both
dimensions, as well as when community is defined based only on sharing the neighbourhood
regardless of school sharing (column 2), or sharing the school regardless of neighbourhood
sharing (column 3). For men, we still find positive and significant estimates of the variance of the
community factor for both initial earnings and earnings growth, which are lower for the school-
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based definition of community. For women, instead, the estimated dispersion of the intercept for
the community factor is very small and not significantly different from zero.'*

For both genders and for all community definitions, Table 3a also shows negative covariances
between intercepts and slopes of earnings profiles (0,,,r, 0,,c), which suggests that families
and communities associated with low initial earnings (at age 24) are also associated with faster
growth in life-cycle earnings. That is, shared determinants of long-term earnings display the
‘Mincerian crossover’ property, implying that the variance of permanent earnings across these
factors is U-shaped in age because it falls in the years of earnings catch-up and increases after the
point of crossover. The point of crossover is the year the earnings variance is minimised, which
is located—for the estimates in column 1—at age 33 (age 35) for the between-family earnings
distribution for men (women) and at age 35 (age 34) for the between-community earnings
distribution for men (women).

Following the discussion in Subsection 3.4, to estimate the covariance between the two shared
determinants of earnings (ogc), which captures sorting of families into communities, we exploit
between-sibling community variation comparing mobile to immobile families. We find that
sorting is positive and statistically significant for both men and women, which implies that a high
draw from the distribution of family effects in permanent earnings is associated with a similarly
high draw in the distribution of community effects.

Table 3b reports the estimates of the idiosyncratic source of permanent inequality in earnings.
For both genders we find differences by birth order, such that dispersion of the initial condition
of the random walk is larger for elder siblings, while the dispersion of life-cycle shocks is larger
for younger siblings.

Table 4a for men and Table 4b for women show the parameter estimates of transitory earnings
where there is a clear age pattern of transitory shocks whose variance decreases between the mid-
twenties and the mid-thirties, while the decrease slows down around age 35. This sharp decline
followed by a levelling-off is consistent with the patterns reported by Baker and Solon (2003)
who find that the variance of transitory shocks declines at decreasing rate between the ages of 25
and 45. The age pattern of transitory shocks, as well as the autoregressive coefficients, are very
similar between siblings. Finally, the correlation of transitory shocks between siblings is positive
and significant. For community peers, the correlation of transitory shocks is generally negative.
However, it is not always significant when the community definition includes the neighbourhood
and is positive and significant when community is based only on schools.

4.2. Decomposition of Sibling Correlation of Earnings

To assess the relative importance of family and community effects in explaining life-cycle
earnings inequality, we start by using the baseline parameter estimates of the model to decompose
the sibling correlation of permanent earnings over the life cycle. We generate predictions of the
sibling correlation and its decomposition based on the formulae provided in Subsection 3.5
(equations (10) and (11)). In particular, we consider the scenario represented by equation (11)

14 For women, because the effect of the community factor is very small, we obtain a negative but insignificant
estimate for the intercept variance when we define community based only on sharing the neighbourhood or only on
sharing the school. Negative variances may occur in our framework because we perform unconstrained estimation, but
a constrained estimator imposing positive variances just delivers estimates of constrained parameters on the boundaries
of the parameter space. When we estimate these models restricting the sorting parameter to zero, we obtain positive and
significant variances of intercepts, which reflect the positive sorting of families into communities.
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Table 3b. Parameter Estimates of Permanent Earnings—Idiosyncratic Components.

Baseline with alternative community definitions

Y] 2 3
Baseline Neighbourhood-only School-only
Coefficient SE Coefficient SE Coefficient SE

(A) Men

Initial condition (age 24)
Brother 1 (002)2“) 0.0596 0.0089 0.0544 0.0072 0.0569 0.0095
Brother 2 (U,%zz;_z) 0.0337 0.0060 0.0304 0.0049 0.0324 0.0062

Variance of innovations
Brother 1 (0521) 0.0081 0.0014 0.0075 0.0011 0.0067 0.0012
Brother 2 ((rszz) 0.0097 0.0016 0.0090 0.0013 0.0083 0.0015
(B) Women

Initial condition (age 24)
Sister 1 (aj%]) 0.0710 0.0094 0.0668 0.0080 0.0618 0.0071
Sister 2 (0524'2) 0.0376 0.0066 0.0352 0.0057 0.0332 0.0050

Variance of innovations
Sister 1 (aé_.zl) 0.0117 0.0019 0.0104 0.0015 0.0092 0.0012
Sister 2 (0522) 0.0157 0.0024 0.0142 0.0019 0.0126 0.0016

Notes: The table reports Equally Weighted Minimum Distance estimates for the parameters of the permanent component
of the earnings process which are sibling-specific for men (Panel A) and for women (Panel B). Community definitions
and the number of empirical covariances and variances for each column are similar to the notes of Table 3a.

Source. Various registers from Statistics Denmark.

of two siblings who share the community at age 15. The resulting sibling correlation is the sum
of family and community effects, where we impute the estimated sorting parameter to the two
factors in equal parts.

Figure 5 shows that the life-cycle pattern of the sibling correlation is U-shaped in age for both
men, in Panel A, and women in Panel B. As discussed earlier, the U-shape pattern is the result
of the ‘Mincerian crossover’ of earnings profiles, which implies that the sibling correlation first
shrinks and then fans out over the life cycle.!> The decomposition of the sibling correlation in
Figure 5 shows that family is the most important factor influencing the dispersion of permanent
earnings. The average sibling correlation over the life cycle equals 0.313 for men (column 1 of
Table 5a, Panel A) and 0.280 for women (column 1 of Table 5b, Panel A), which are in line
with previous estimates for Denmark.!® The average community correlation of earnings for men
equals 0.023, while the estimate for women is smaller, 0.012, and not signiﬁcant.l7

15 The same U-shaped pattern is also a feature of the raw cross-person correlations shown in Figures 2—4.

16 Bjorklund ef al. (2002, p. 765) report for men aged 25-42 a sibling correlation of earnings equal to 0.29 for a
model without community effects. We obtain also an average estimate of 0.29 if we limit our sample to cover the same
age range. In their study of sibling correlations and intergenerational transmission, Bingley and Cappellari (2019) report
a sibling correlation of earnings equal to 0.22 using a sample that includes also earlier birth cohorts compared to the
ones in our study. Applying our model to the same cohorts of Bingley and Cappellari (2019), we also obtain a sibling
correlation of 0.22.

17 Estimating the earnings dynamics model for mixed-gender siblings and peers results in a sibling correlation of
0.245 and a negative community correlation of —0.023, both significant at the 5% level. The negative correlation for
mixed-gender community peers suggests that within-community gender differences in life-cycle earnings trajectories
dominate similarity between peers.
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Table 4a. Parameter Estimates of Transitory Earnings—Men.

Baseline with alternative community definitions

(1) 2 3

Baseline Neighbourhood-only School-only
Coefficient SE Coefficient SE Coefficient SE
Initial condition (age 24)
Brother 1 (0224_1) 0.7810 0.0299 0.7972 0.0246 0.7977 0.0312
Brother 2 (0224.2) 0.7976 0.0325 0.8147 0.0273 0.8166 0.0338
Variance of innovations at age 25
Brother 1 ((731) 0.5710 0.0225 0.5863 0.0191 0.5950 0.0237
Brother 2 (0822) 0.5534 0.0237 0.5666 0.0202 0.5754 0.0247
Age splines in variance of innovations
Brother 1
26-8 —0.1380 0.0034 —0.1389 0.0034 —0.1368 0.0034
29-33 —0.1040 0.0027 —0.1039 0.0027 —0.1028 0.0027
34-8 —0.0337 0.0034 —0.0338 0.0035 —0.0333 0.0034
39-43 —0.0406 0.0064 —0.0386 0.0063 —0.0342 0.0062
44+ —0.0248 0.0099 —0.0234 0.0095 —0.0210 0.0090
Brother 2
26-8 —0.1614 0.0063 —0.1625 0.0063 —0.1611 0.0064
29-33 —-0.1172 0.0054 —0.1174 0.0054 —0.1165 0.0054
34-8 —0.0358 0.0076 —0.0351 0.0076 —0.0326 0.0076
39-43 —0.0528 0.0145 —0.0515 0.0144 —0.0477 0.0139
44+ 0.0271 0.0490 0.0288 0.0482 0.0316 0.0453
Autoregressive coefficient
Brother 1 (p1) 0.5000 0.0036 0.4979 0.0036 0.4895 0.0040
Brother 2 (p2) 0.5239 0.0042 0.5238 0.0042 0.5175 0.0043
Cross-person associations in transitory earnings
Sibling covariance of 0.0098 0.0018 0.0108 0.0020 0.0127 0.0021
innovations (o y)
Peers covariance of —0.0020 0.0010 —0.0011 0.0009 0.0024 0.0010

transitory earnings
(mass point, A)

Notes: The table reports for men Equally Weighted Minimum Distance estimates for the parameters of the transitory
component of the earnings process. Community definitions for each column are similar to the notes of Table 3a. Estimates
in the three columns are derived using 14,012, 15,059 and 15,702 empirical variances and covariances (from left to right).
Source. Various registers from Statistics Denmark.

Figure 5 also shows that community effects are relatively more important at the beginning of the
working life, but their influence in explaining earnings dispersion quickly diminishes over time.
These results indicate that community effects play little role in shaping the sibling correlation in
the long run. The family is the main factor that generates a substantial correlation in permanent
earnings between siblings throughout the life cycle for both men and women. Furthermore,
measuring earnings at relatively young ages exaggerates the relevance of community effects. For
example, if we measured earnings only up to the beginning of the working life (age 25), the
correlation of earnings between community peers is equal to 0.14 for men (Table 5a, column 1,
Panel B) and 0.079 for women (Table 5b, column 1, Panel B). Instead, if we measured earnings
only up to age 30, the community peers’ correlation of earnings reduces to 0.079 for men and to
0.035 for women, while by age 35 it reduces further to 0.041 for men and to 0.015 for women. This
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Table 4b. Parameter Estimates of Transitory Earnings—Women.

Baseline with alternative community definitions

1 @ 3

Baseline Neighbourhood-only School-only
Coefficient SE Coefficient SE Coefficient SE
Initial condition (age 24)
Sister 1 (‘7224,1) 0.7974 0.0309 0.8092 0.0262 0.8286 0.0233
Sister 2 (0224,2) 0.8013 0.0329 0.8141 0.0282 0.8343 0.0255
Variance of innovations at age 25
Sister 1 (031) 0.6599 0.0262 0.6727 0.0225 0.6911 0.0202
Sister 2 (032) 0.6572 0.0276 0.6710 0.0240 0.6891 0.0218
Age splines in variance of innovations
Sister 1
26-8 —0.0883 0.0028 —0.0878 0.0028 —0.0875 0.0028
29-33 —0.1091 0.0021 —0.1083 0.0020 —0.1082 0.0020
34-8 —0.0513 0.0028 —0.0518 0.0028 —0.0526 0.0028
39-43 —0.0473 0.0049 —0.0476 0.0050 —0.0469 0.0049
44+ —0.0539 0.0092 —0.0504 0.0091 —0.0489 0.0089
Sister 2
26-8 —0.1115 0.0054 —0.1112 0.0054 —0.1112 0.0054
29-33 —0.1210 0.0044 —0.1210 0.0044 —0.1214 0.0044
34-8 —0.0493 0.0066 —0.0494 0.0066 —0.0496 0.0065
39-43 —0.0548 0.0131 —0.0547 0.0131 —0.0530 0.0130
44+ —0.1955 0.0603 —0.1792 0.0585 —-0.1777 0.0574
Autoregressive coefficient
Sister 1 (p1) 0.4533 0.0022 0.4520 0.0021 0.4489 0.0020
Sister 2 (02) 0.4639 0.0031 0.4623 0.0031 0.4602 0.0031
Cross-person associations in transitory earnings
Sibling covariance of 0.0085 0.0018 0.0067 0.0016 0.0093 0.0015
innovations (o)
Peers covariance of —0.0011 0.0007 0.0002 0.0007 0.0031 0.0006

transitory earnings
(mass point, A)

Notes: The table reports for women Equally Weighted Minimum Distance estimates for the parameters of the transitory
component of the earnings process. Community definitions for each column are similar to the notes of Table 3a. Estimates
in the three columns are derived using 11,175, 12,099 and 12,692 empirical variances and covariances (from left to right).
Source. Various registers from Statistics Denmark.

evidence highlights the importance of analysing earnings beyond the early part of the working
life.

4.3. Robustness Checks

4.3.1. Alternative community definitions

We check the robustness of the baseline results to alternative community definitions. For both
men and women, we find a U-shaped pattern of the sibling correlation of earnings for the
neighbourhood-only (Figure 6) and school-only (Figure 7) definitions of community. In both
cases family remains the most important factor explaining earnings inequality throughout the
life cycle. For men, the estimates of column 2 in Table 5a (Panel A) show that neighbourhoods
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Fig. 5. Predicted Sibling Correlation of Permanent Earnings and Factor Decomposition—Baseline Model.
Notes: The figure shows the predicted sibling correlation of earnings over the life cycle and its decomposition
into family and community effects in Panel A for men and in Panel B for women, using the baseline
estimates of Tables 3a and 4a for men and Tables 3b and 4b for women. Community is defined as sharing
the neighbourhood, the school or both community dimensions at age 15. The sorting parameter is estimated
using between-sibling variation of community comparing mobile to immobile families. Predictions are
generated using the formulae provided in Subsection 3.5 for the case of siblings sharing the community.
The resulting sibling correlation is the sum of family and community effects, where we impute the estimated
sorting parameter to the two factors in equal parts.

Source. Various registers from Statistics Denmark.

account for a small share of the sibling correlation of earnings with an estimate equal to 0.017
relative to a sibling correlation of 0.308, while the share accounted for by schools in column 3
is lower with an estimate equal to 0.008 relative to a sibling correlation of 0.297. Similar to the
baseline estimates, columns 2 and 3 in Table 5a (Panel B) show for both community definitions
that the average community correlation diminishes as we measure earnings for a greater part
of the life cycle. In both cases, the share of sibling correlation of earnings accounted for by
community effects declines when earnings are measured up to age 35, which is similar to the
pattern for the baseline estimates. For women, in Table 5b, we obtain very similar patterns as for
men, although the correlations are much lower and, in most cases, are not significantly different
from zero.

4.3.2. Alternative between-sibling community variation

Next, we test the robustness of the baseline estimates to the source of between-sibling community
variation which we exploit to separate community from sorting effects. Instead of comparing
mobile to immobile families we re-estimate the model restricting the sample of siblings only to
those coming from mobile families. Because we can perform this robustness check only for the
neighbourhood-based community definition, the proper comparison with the baseline results is
with the decompositions in Figure 6, and the correlations in column 2 of Tables 5a and 5b. We
find for both men and women that the sibling correlation of earnings is still U-shaped (Figure 8)

© 2021 Royal Economic Society.
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Fig. 6. Predicted Sibling Correlation of Permanent Earnings and Factor Decomposition—Only
Neighbourhoods.

Notes: The figure shows the predicted sibling correlation of earnings over the life cycle and its decompo-
sition into family and community effects when community is defined as sharing only the neighbourhood
regardless of school sharing at age 15 based on the estimates of column 2 in Tables 3a and 4a. The sorting pa-
rameter is estimated using between-sibling variation of community comparing mobile to immobile families.
Predictions are generated using the formulae provided in Subsection 3.5. The resulting sibling correlation
is the sum of family and neighbourhood effects, where we impute the estimated sorting parameter to the
two factors in equal parts.

Source. Various registers from Statistics Denmark.

and that family accounts for most of the sibling correlation, with a diminishing importance of
community effects as earnings are measured closer to the middle of the life cycle (Tables 5a
and Sb—column 4—for men and women, respectively). Although the share of sibling correlation
accounted for by community—on average over the life cycle—increases somewhat, it still remains
relatively small.

Although our main findings remain robust, in the absence of a random assignment of fam-
ilies to communities we cannot entirely rule out any bias due to endogenous family mobility.
However, as we noted in Subsection 3.4, family mobility is necessary only if we aim to identify
community effects separately from sorting. If not, we can still estimate within our model family
effects net of any community influences using only siblings who always share the community
(immobile families). In this case we expect community effects to be upward biased because
they measure both the pure community effect and the sorting of families into communities. This
estimate would give us an upper bound for community influences. Figure 9 and column 5 in
Tables 5a and 5b (for men and women, respectively) report the predicted sibling correlation
for earnings and its decomposition over the life cycle from the immobile family model; they
confirm our general finding that family accounts for most of the sibling correlation and that
community effects do not persist in the long run. Compared to the baseline estimates, the share
of the sibling correlation accounted for by community in the immobile family model increases,
which as expected is upward biased, but nevertheless explains a very small portion of the re-

© 2021 Royal Economic Society.



2021] LONG-TERM SOCIO-ECONOMIC INEQUALITY 1541

(A) Men (B) Women
0.6 1 0.6
0.4 0.4+
0.2 0.2+
0 W 0 M
25 30 35 40 45 25 30 35 40 45
Age Age

—a— Sjbling —+—— Family —*— School

Fig. 7. Predicted Sibling Correlation of Permanent Earnings and Factor Decomposition—Only Schools.
Notes: The figure shows the predicted sibling correlation of earnings over the life cycle and its decomposition
into family and community effects when community is defined as sharing only the school regardless of
neighbourhood sharing at age 15 based on the estimates of column 3 in Tables 3b and 4b. The sorting
parameter is estimated using between-sibling variation of community comparing mobile to immobile
families. Predictions are generated using the formulae provided in Subsection 3.5. The resulting sibling
correlation is the sum of family and school effects, where we impute the estimated sorting parameter to the
two factors in equal parts.

Source. Various registers from Statistics Denmark.

semblance between siblings. Parameter estimates from these models are available in the Online
Appendix.

4.3.3. Alternative measures of community affiliation

It is possible that the community effects we report above may appear low because of mea-
surement error, which tends to reduce their importance relative to family effects. By measuring
communities at a single age (e.g., age 15) we might miss part of the community effects due
to potentially limited exposure (for a similar discussion, see Chetty and Hendren, 2018). To
check the sensitivity of the estimated community correlation to different ages of community
affiliation we estimate a community-only model in which we ignore family ties and allow for
community as the only factor determining cross-person correlations in permanent earnings.
For this sensitivity exercise we vary the age we measure community from 11 to 15, and we
also consider different age intervals. Online Appendix Table B7, for men, and B8 for women
show that the estimated average community correlations over the life cycle—for all different
ages and age intervals—are quite similar and are roughly equal to 0.07 for men and 0.065 for
women. These community estimates, although upward biased because they capture both com-
munity and family influences, do not appear sensitive to the specific age we measure community
affiliation.
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Fig. 8. Predicted Sibling Correlation of Permanent Earnings and Factor Decomposition—Only Mobile
Families.

Notes: The figure shows the predicted sibling correlation of earnings over the life cycle and its decomposition
into family and community effects exploiting between-sibling community variation based only on mobile
families. Community is defined as sharing only the neighbourhood regardless of school sharing at age 15.
Differently from Figure 6, where community is also defined based on neighbourhood-only affiliation, we
exclude families for whom the parish of the first sibling is the same between ages 11 and 15. So we compare
only mobile families; those who move before sibling 1 turns 15 to those who move after sibling 1 turns 15.
As a result, the sorting parameter is estimated using between-sibling variation of community based only
on mobile families. Predictions are generated using the formulae provided in Subsection 3.5. The resulting
sibling correlation is the sum of family and community effects where we impute the estimated sorting
parameter to the two factors in equal parts.

Source. Various registers from Statistics Denmark.

4.3.4. Rank correlations
We further assess the robustness of our findings, particularly the greater importance of family
relative to community in shaping sibling similarities, by considering earnings percentile ranks
rather than log earnings. Rank correlations are becoming increasingly popular in analyses of
intergenerational income mobility (see, e.g., Chetty and Hendren, 2018), but there are no
applications to siblings. We cannot apply the life-cycle model or the permanent/transitory de-
composition to percentile ranks because the variance of percentiles is a fixed number, while
our variance components model exploits changes in the variance of earnings with time and age.
Therefore, we focus on the average rank correlation of fotal (not permanent) earnings and on its
decomposition into family and community effects, leaving aside life-cycle aspects. We proceed
by first estimating the (Spearman) intertemporal correlation structure of percentile ranks for
individuals, sibling and peers. Next, we regress these correlations on dummies for whether they
refer to individual earnings over time, or to pairs of observations sharing family, community or
both, controlling for time, cohort and lags.

Results for rank correlations are reported in the Online Appendix Table B9. In Panel A we report
estimated coefficients; regressions do not include a constant such that estimates associated with
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Fig. 9. Predicted Sibling Correlation of Permanent Earnings and Factor Decomposition—Only Immobile
Families.

Notes: The figure shows the predicted sibling correlation of earnings over the life cycle and its decomposition
into family and community effects for immobile families for whom the parish of the first sibling remained
the same between ages 11 and 15. The definition of community is based on sharing the neighbourhood,
the school or both community dimensions at age 15. Because for immobile families there is no between-
sibling community variation, the sorting parameter cannot be estimated separately from community effects.
Predictions are generated using the formulae provided in Subsection 3.5. The resulting sibling correlation
is the sum of family and community effects.

Source. Various registers from Statistics Denmark.

the dummy variables described above are readily interpretable as levels of the rank correlations,
not as deviations from the overall average of the correlation. Among shared factors, family is
much more important than community, which is in line with results from life-cycle models.
Another similarity with baseline results is that community is more important for men than for
women. Panel B reports the implied percentile rank correlation for the case of two siblings sharing
the community, that is, the sum of the ‘Family’ and ‘Community’ coefficients from Panel A.
These estimates are roughly in the range of the correlations of raw earnings in Figure 2 and are
lower than the correlations of permanent earnings because they refer to total earnings that are
more volatile. Overall, the analysis of rank correlations confirms the findings that family is the
most important factor for shaping the sibling correlation of earnings.

4.4. Discussion

Our estimated community effects are smaller than those found in observational studies and are
closer to estimates accounting for sorting of families into neighbourhoods using quasi-random
assignment of neighbours, such as Oreopoulos (2003) who finds a zero correlation of earnings
between neighbours. Page and Solon (2003a, b), without taking sorting into account, find a
neighbour earnings correlation of 0.16 for men and 0.12 for women, which accounts for half of
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the estimated sibling correlation for men and one third for women. Raaum et al. (2006) report for
Norway an earnings correlation among men (women) youth neighbours of 0.028 (0.020) and a
sibling correlation of 0.185 (0.164), which imply that neighbourhood effects in Norway account
for a smaller share compared to the USA. For Denmark, a country in many respects similar to
Norway, we find the influence of communities to be even weaker. Moreover, when we use the
neighbourhood-only definition of communities, which is prevalent in the literature, the share of
sibling correlation accounted for by communities reduces further.

Within our model, because we consider both factors jointly, we estimate community net of
family effects. Estimates of community effects in previous observational studies instead pick up
also the influence of families because they compare the sibling correlation of earnings with the
correlation of earnings among neighbours. To demonstrate this confounding, we return to the
estimates from the community-only model, which is the closest equivalent to the ones reported
in the sibling correlation literature, where community is defined as neighbourhood-only and
includes both community and family influences. Compared to the baseline, the community
effects—reported in the Online Appendix Tables B7 and B8—are consistently overestimated
throughout the life cycle by a factor of three, when we do not account for family effects, and are
similar in size to the findings for Norway.

Our estimated life-cycle pattern of community effects concentrated before age 30 is consistent
with the results of Bingley and Cappellari (2019). Using a different research design based on
father-first-son/second-son triads, they show that father—son transmission is the main explanatory
factor for brothers’ resemblance in life-cycle earnings, while residual shared factors independent
of paternal earnings—that include community effects—are only relevant at early stages of the
life cycle.

Finally, our long follow-up period—beyond age 35—also helps reconcile our estimated com-
munity effects with those in the literature. Our decomposition estimates show that observing
earnings only during the early part of the working life inflates the importance of community.
Taken together, these findings provide strong evidence that through the proposed model we can
isolate a pure community influence which is lower than most previous estimates.

5. The Impacts of Families and Communities on Education and Unemployment

In this section, we broaden the scope of the analysis by investigating the impacts of families and
communities on other socio-economic outcomes, namely educational attainment and unemploy-
ment. Sibling studies document sizeable correlations in education (see for example Bjorklund
and Jantti, 2011 ), but there is still limited evidence on how these compare with educational
correlations among youth peers. Solon et al. (2000), for the USA, find a limited role for neigh-
bourhood factors in accounting for inequality in educational attainment. Raaum et al. (2006),
for Norway, find that both families and neighbourhoods are important, but neighbourhoods are
less important than families. For unemployment, we provide the first comparison of correlations
between siblings and youth peers.

5.1. Educational Attainment—Model and Results

We observe qualifications in the education register, and use the norms produced by the Ministry
of Education to calculate the time that would be taken to obtain each qualification by the shortest
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route. Educational attainment is imputed from the qualification with the highest normed duration
on 31 October 31 in the year of turning 29.

Because our measure of educational attainment is time-invariant, to estimate family and
community effects we use a restricted version of the empirical model presented in Section 3
without time- or age-related variation of the outcome and, consequently, without a transitory
component. To account for the fact that data refer to individuals attending school over a 20-
year window, we allow for heterogeneity in educational attainment across cohorts through a
set of cohort shifters. We specify years of education, y;s., for person i belonging to family f
and community c¢, to be the sum of time-invariant factors that can be individual-specific (w;),
family-specific (i r) or community-specific () and loaded by cohort-specific factor §;:

Yife = 8b (CU[ +uy +pLC) w; ~ (0;03,3) s = 1,2
pp~(0s008) e~ (0507c). (12)

We admit cross-factor dependence between family and community to allow for the possibility of
sorting of families into communities with parameter ogc. As with the earnings model, parameters
are identified from moment restrictions. Namely, the covariance of years of education between
siblings who share the community depends on family, community and sorting effects; for siblings
who do not share the community, their covariance only depends on family and sorting; while
for community peers who belong to different families their covariance of education depends on
community and sorting effects. Finally, education variances will depend on all four sources of
heterogeneity in the model (idiosyncratic, family, community and sorting). Using cohort-specific
empirical moments identifies cohort shifters.

Considering the particular nature of the outcome under investigation, in Table 6 we present
results where community is defined using the school affiliation.!® Parameter estimates of the
variance components, reported in Panel A, clearly indicate that, for both men and women, het-
erogeneity between families is a more important determinant in shaping educational inequalities
than differences between communities. The model also features a sorting parameter whose es-
timate is positive but small in size and statistically insignificant. It should be emphasised that
the model is estimated on relatively few empirical moments (68 versus more than 10,000 in
the earnings case) such that the identification of the sorting parameter, although theoretically
feasible, may be difficult in practice. The estimates also show a declining trend of educational
inequalities for men moving from older to younger cohorts, while for women the pattern is less
pronounced with the exception of the youngest cohort.

Panel B of Table 6 reports estimates of the sibling correlation in education of 0.33 for men
and 0.35 for women, which are in line with previous evidence for Denmark (Bredtmann and
Smith, 2018). The novelty of our results is that we can decompose the sibling correlation into
family and community factors. We find a community correlation in educational attainment equal
to 0.066 for men and 0.056 for women. Compared to our findings for earnings these community
effects are larger. Nevertheless, we still find that family is the most important factor of the sibling
correlation (accounting for more than four fifths) and that the prevalence of the family effect is
stronger among women than it is for men.

18 Estimates from models with community defined as neighbourhood produced results virtually identical to those of
Table 6, with the exception of the sorting parameter which in that case is estimated to be negative and insignificant.
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Table 6. Parameter Estimates for Educational Attainment and Decomposition of Sibling

Correlation.
(1) (2)
Men ‘Women
Coefficient SE Coefficient SE

(A) Parameter estimates
Sibling 1 (0(2]) 3.3131 0.0427 2.8417 0.0399
Sibling 2 (022) 3.1077 0.0480 2.6597 0.0437
Family (GIEF) 1.2759 0.0344 1.2433 0.0334
Community (O‘ic) 0.3087 0.0642 0.2251 0.0603
Family—community (orc) 0.0067 0.0321 0.0198 0.0301
Cohort 1969 1.1442 0.0129 1.1141 0.0132
Cohort 1972 1.1079 0.0120 1.1564 0.0128
Cohort 1975 1.0599 0.0116 1.1695 0.0127
Cohort 1978 0.9949 0.0114 1.1220 0.0127
Cohort 1981 0.9458 0.0114 1.1009 0.0127
Cohort 1984 0.5562 0.0099 0.7149 0.0105

(B) Decomposition of sibling correlation of educational attainment into family and community effects

Siblings (S) 0.332 0.007 0.354 0.008
Family (F) 0.267 0.007 0.297 0.007
Community (C) 0.066 0.006 0.057 0.007

Notes: The table reports Equally Weighted Minimum Distance estimates for the parameters of the model for education
attainment measured as years of education accumulated up to age 29 in Panel A and the predicted sibling correlation of
education and its decomposition into family and community effects in Panel B. The community is defined as siblings
sharing only the school regardless of neighbourhood sharing. Estimates in each column are derived using 68 empirical
variances and covariances.

Source. Various registers from Statistics Denmark.

5.2. Unemployment—Model and Results

For unemployment, we use social security records of time spent on unemployment benefits during
the year for those who are insured against unemployment. This measure takes the value of 0 for
those who are not registered unemployed throughout the year and reaches a maximum of 1,000
for those on unemployment benefits for the whole year. Because the unemployment variable
is available to us only up to 2009, to ensure that life-cycle unemployment trajectories can be
observed at least up to age 30—as in the case of earnings—we exclude from the analysis the two
youngest cohort groups, 1981 and 1984.

The variance components analysis for the unemployment measure is challenging because the
vast majority of cases in the data (81% for men and 73% for women) score 0 on the measure
(equivalent to no registered unemployment), which makes the linear model used for earnings
dynamics inappropriate for the unemployment case.'® We overcome this issue by taking a limited
dependent variables approach assuming the data are generated by an underlying latent linear
unemployment propensity that maps into observed realisations through a Tobit specification. To
operationalise this approach, we develop the Tobit version of the dynamic variance components
model, which is novel in the literature.

Let @y, be the observed unemployment variable, where the indices i, f, ¢ and a stand for
individual, family, community and age, respectively. The unemployment indicator depends on

19 Right-censoring at the value of 1,000 (full-year unemployment) is negligible, 0.02% for men and 0.03% for women.
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an underlying latent unemployment propensity w ., according to the following relationship:

Difea = w;}m X I(w* > 0) . (13)

ifca
The latent propensity depends on a quadratic polynomial in age, which is period and cohort

specific, and on a composite error term w s, which is defined in equation (1) of Section 3, and
can be written in the following way:

0 1 2
Wica = By + By'a + Biy'a® + Wit (14)

Assuming that all components of the composite error term, wz,, are zero mean normally
distributed random variables with second moments specified in equations (1) to (6) of Sec-
tion 3, equations (13) and (14) result in a Tobit model for the censored unemployment indicator,
and the empirical covariance structure of w., can be estimated from the second moments
of Tobit errors. In particular, the empirical covariances of wy, across different time periods,
or across different individuals (siblings or peers), can be estimated as the error covariance of
two-equation Tobit systems.?’ In this way, we obtain estimates of the empirical counterparts
of EWifa» Wifea) (intertemporal individual covariance), E(Wirq, Wirsear) (sibling covariance
for siblings sharing community), E(Wjrq, Wirserar) (sibling covariance for siblings not sharing
community) and E(Wfa, Wirpeqr) (peers covariance).

Due to the orthogonality assumption of equation (1) these covariances factor into the sum of
covariances of the permanent and the transitory component, whose analytical expressions are
given in Section 3 (permanent component) and in the Online Appendix A (transitory component).
The model features (sibling-specific) unit root processes, consistent with the idea that individual
unemployment is highly persistent. In addition, it includes heterogeneous profile specifications
of the shared components. In principle, one would expect a positive covariance between intercept
and slope because of state dependence in unemployment, such that those hit by an adverse shock
at the start of their working life—originating from the family or community—will remain scarred
over the life cycle. Still, the human capital interpretation of shared HIP profiles suggested for
earnings is applicable also to the unemployment case; initial investments in human capital may
delay the school-to-work transition resulting in higher levels of unemployment in the beginning
but catching up later in life through more stable employment patterns. This mechanism may
be historically more relevant for women to the extent that non-investors select into less career-
oriented jobs, which are associated with more unstable employment patterns over the life cycle.

We estimate the unemployment model by matching the empirical moments from the covari-
ance structure of Tobit errors to the theoretical moments implied by the model of Section 3.%!
Results are reported in Table 7 (permanent components), Table 8 (transitory components),
Table 9 (siblings and peers correlations) and Online Appendix (time shifters). For women,
parameters of the permanent component are generally precisely estimated (the variance of the

20 When estimating covariances across peers, we weight the maximum likelihood estimator using the weighting
scheme of Page and Solon (2003a).

21 We estimate the cross-sectional variances as the variance of the errors from single-equation Tobit models. Haider
and Solon (2006) used the variances and covariances of Tobit errors to retrieve the empirical covariance structure of
earnings from censored data and simulate earnings profiles based on that. In contrast to Haider and Solon, we use the
empirical covariance structure of the latent process to estimate the parameters of the underlying dynamic process. Because
we do not observe the realisations of the linear unemployment propensity, we cannot estimate individual-level deviations
from average population moments that we used to obtain the full fourth moment matrix in the earnings analysis. In turn,
this implies that we can retrieve the variance of each estimated moment, but not the cross-moments covariance, yielding
a diagonal fourth moments matrix that we use for inference. To overcome convergence issues with the EWMD estimator,
we weight Minimum Distance in relation to the inverse fourth moments matrix.
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Table 7. Parameter Estimates of Permanent Component of the Unemployment Process.
(€] 2

Men Women
Coefficient SE Coefficient SE

(A) Shared components (heterogeneous profile—random growth)

Variance of intercepts

Family (alfF) 7.6571 0.4950 7.6919 0.6154
Community (O’Iic) 1.5040 0.361 2.6502 0.3464
Variance of slopes
Family (UVZF) 0.0108 0.0066 0.0286 0.0067
Community (JVZC) 0.0021 0.0044 0.0054 0.0041
Covariance intercepts-slopes
Family (clfyF) 0.0879 0.0456 —0.2432 0.0446
Community (aiyc) —0.0099 0.0346 —0.0909 0.0310

Covariance between components
Family-community (orc) 0.8865 0.0282 0.9340 0.0298

(B) Idiosyncratic components (restricted income profile-random walk)

Initial condition (age 24)

Brother 1 (002)24‘|) 9.3785 0.4851 3.3913 0.3704

Brother 2 (0324_2) 9.8231 0.5740 5.0941 0.4658
Variance of innovations

Brother 1 (Uszl) 2.8027 0.1619 2.0320 0.1664

Brother 2 ((7522) 2.8580 0.1682 2.2104 0.1761

Notes: The table reports Minimum Distance estimates for the parameters of the permanent component of the unemploy-
ment process for men in column 1 and for women in column 2. Panel A reports parameter estimates for the unemployment
components shared by siblings, whereas Panel B reports parameter estimates for sibling-specific components. The com-
munity is defined as siblings sharing the neighbourhood, the school or both community dimensions. Estimates in the two
columns are derived using 6,933 and 6,830 empirical variances and covariances.

Source. Various registers from Statistics Denmark.

slopes for the community component is significant at the 20% confidence level) and display
patterns that are largely consistent with those observed in the earnings case; in particular, a
negative covariance of HIP intercepts and slopes supporting the human capital interpretation
of family-or community-specific heterogeneity in life-cycle unemployment profiles. For men,
we find an impact of communities on initial unemployment but not on life-cycle dynamics
since the variance of community-specific HIP slopes and the intercept-slopes covariance are
imprecisely estimated. On the other hand, families do affect the life-cycle unemployment pro-
file of men, and the positive estimate of the intercept-slope covariance points to the prevalence
of state dependence in family-specific shocks to the unemployment trajectories of siblings.
For both genders, family is by far the most relevant shared factor of unemployment dynam-
ics. Also, in both cases, there is a positive and sizeable covariance across components reflect-
ing the fact that families with a high unemployment propensity sort into high unemployment
communities.

Estimates of transitory unemployment shocks in Table 8 show that the non-stationary AR(1)
process is generally precisely estimated also in the unemployment case, but, in contrast to
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Table 8. Parameter Estimates of Transitory Component of the Unemployment Process.
) 2

Men Women
Coefficient SE Coefficient SE
Initial condition (age 24)
Sibling 1 (0224&) 21.6324 1.1275 21.1981 1.2230
Sibling 2 (02242) 22.4367 1.2752 21.6616 1.3189
Variance of innovations at age 25
Sibling 1 (0821) 11.8422 0.6631 9.5049 0.5657
Sibling 2 (0222) 12.8468 0.7611 10.6911 0.6588
Age splines in variance of innovations

Sibling 1

26-8 —0.0029 0.0056 —0.0836 0.0048
29-33 0.0308 0.0030 0.0125 0.0024
34-8 —0.0167 0.0042 0.0556 0.0032
39+ —0.0214 0.0086 —0.0146 0.0083
Sibling 2

26-8 —0.0368 0.0104 —0.1089 0.0083
29-33 0.0426 0.0066 0.0245 0.0053
34-8 —0.0264 0.0117 0.0194 0.0092
39+ 0.0350 0.0533 0.0477 0.0658

Autoregressive coefficient
Sibling 1 (p1) 0.5738 0.0045 0.5872 0.0041
Sibling 2 (02) 0.5552 0.0064 0.5409 0.0048
Cross-person associations in transitory component

Sibling covariance of 0.5726 0.0734 0.2931 0.0351
innovations (o s)

Peers covariance of 0.0527 0.0387 0.0286 0.0285

transitory component
(mass point, A)

Notes: The table reports Minimum Distance estimates for the parameters of the transitory component of the unemployment
process for men in column 1 and for women in column 2. Community definitions and the number of empirical covariances
and variances for each column are similar to the notes of Table 7.

Source. Various registers from Statistics Denmark.

earnings, it is less clear that the dispersion of shocks declines over the life cycle, especially for
women. Transitory unemployment shocks are equally persistent for both genders, but they are
more positively correlated between brothers than between sisters, which is further evidence that
family-specific unemployment persistence is more pronounced for men. Finally, we do not find
a statistically significant covariance of shocks among youth peers.

We use parameter estimates to retrieve sibling correlations and their decompositions over the
life cycle. On average, sibling correlations in unemployment are similar in size to those for earn-
ings and education, 0.298 and 0.328 for men and women, respectively. For both genders, family
is by far the most relevant factor in unemployment correlations. Community influences are more
prevalent for women compared to men, reflecting the greater impact of communities on unem-
ployment trajectories shown in Table 7. The more pronounced influence of community among
women is distinctive for the unemployment variable relative to education and earnings. We also
find evidence of a life-cycle decline of the sibling correlation, for both men and women, suggest-
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Table 9. Decomposition of Sibling Correlation of Unemployment into Family and Community

Effects.
(€)) (@)
Men ‘Women
Cor. SE Cor. SE

(A) Average decomposition with unemployment measured over the life cycle (age 24-45)
Siblings (S) 0.298 0.008 0.328 0.009
Family (F) 0.244 0.008 0.242 0.011
Community (C) 0.054 0.004 0.085 0.006
(B) Average decomposition with unemployment measured over parts of the life cycle (age 24 up to age 25, 27, 30, 35)
Siblings

Age 25 0.502 0.007 0.6937 0.0101

Age 27 0.454 0.007 0.6125 0.0094

Age 30 0.405 0.006 0.5207 0.0090

Age 35 0.330 0.006 0.4005 0.0080
Family

Age 25 0.393 0.015 0.490 0.018

Age 27 0.358 0.012 0.432 0.014

Age 30 0.321 0.009 0.368 0.011

Age 35 0.265 0.007 0.285 0.008
Community

Age 25 0.109 0.015 0.204 0.016

Age 27 0.096 0.011 0.180 0.012

Age 30 0.083 0.008 0.152 0.009

Age 35 0.066 0.004 0.115 0.005

Notes: The table reports the predicted sibling correlation of unemployment and its decomposition into family and
community effects for men in column (1) and for women in column (2). Panel A shows the average decomposition over
the life cycle (24-40) and Panel B shows the predicted sibling correlation and its decomposition averaging up to the
reported age. Predictions are generated using the formulae provided in Subsection 3.5. For comparability with earnings
results, life-cycle averages are computed over the 24-45 age span using parameters estimated on the 24-40 span to
predict correlations over the 41-5 interval.

Source. Various registers from Statistics Denmark.

ing that over time individual idiosyncratic factors become the relevant drivers of unemployment
dynamics.

To summarise the estimates of the unemployment model we plot in Figure 10 the life-cycle
profile of sibling correlations in unemployment and their components. The patterns are very
similar to those obtained for earnings, but there are differences. In particular, community effects
seem to be more substantive, particularly at the beginning of the life cycle—a feature that is more
evident for women.

6. Conclusion

Using population-based administrative data for Denmark, by virtue of which we can link records
on earnings, education and unemployment of siblings, schoolmates and parish neighbours, we
analyse the relative influence of family and youth community on life-cycle inequality of earnings
and unemployment as well as inequality of educational attainment. We develop and estimate a
model which accounts for the joint earnings dynamics of multiple groups of individuals, which
allows us to decompose the sibling correlation of earnings into family and community effects
over the life cycle. Modelling jointly the earnings of siblings and peers we identify family effects
net of any community effects, and we show that it is possible to identify community influences
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Fig. 10. Predicted Sibling Correlation of Unemployment and Factor Decomposition.

Notes: The figure shows the predicted sibling correlation of unemployment over the life cycle and its
decomposition into family and community effects using the estimates in Table 8 and Table 9, where
community is defined as sharing the neighbourhood, the school or both community dimensions at age 15.
The sorting parameter is estimated using between-sibling variation of community comparing mobile to
immobile families. Predictions are generated using the formulae provided in Subsection 3.5. The resulting
sibling correlation is the sum of family and community effects, where we impute the estimated sorting
parameter to the two factors in equal parts.

Source. Various registers from Statistics Denmark.

separately from sorting of families into communities. We adapt this earnings model to the joint
unemployment dynamics of siblings and peers and to educational attainment.

We find that the sibling correlation of earnings is U-shaped over the working life for both
men and women, consistent with the prediction of human capital theory that heterogeneous in-
vestments in human capital induce an inverse relationship between initial earnings and earnings
growth rates. Our decomposition of the sibling correlation of earnings shows that community
background matters more in the early part of the working life, but its importance quickly di-
minishes and becomes negligible after age 30. On average, community accounts for less than
one-tenth of the sibling correlation of earnings. Within the youth environment, family is the
most important factor influencing sibling correlations of earnings in the long run. These find-
ings are robust to the measurement of youth communities and to various sample selection
choices. The diminishing community influence over the life cycle highlights the importance
of observing long earnings histories beyond the first years of the working life. We find sim-
ilar life-cycle patterns for unemployment, and results for education also highlight the rele-
vance of the family. We conclude that family is the most important factor influencing sibling
correlations not only of earnings but also of education and unemployment for both men and
women.

Our findings are based on data from Denmark with a welfare system promoting equality of
opportunity. However, as highlighted recently by Landersg and Heckman (2017), there is less
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educational mobility than income mobility in Denmark, with low private financial returns to
schooling discouraging educational investments among the children of less educated parents.
These family influences are consistent with our finding that family is the most important de-
terminant of similarity in long-run earnings, as well as education and unemployment across
siblings.

While our observational study does not allow us to speak about the scope for policies operating
at different levels, the importance of family influences suggests that family-based interventions
may offer the prospect of further reductions in long-run socio-economic inequality. Denmark
has long had a system of redistributing resources between municipalities, and of municipalities
distributing resources between schools, whereas universal family-based interventions are less
pervasive. Apart from the long-established nurse visiting programme for all newborns, other
family-based interventions are targeted at specific needy groups, and it is an open question
whether universal interventions for families with older children might be considered too invasive
to justify the associated inequality reductions.
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