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Abstract

We study the importance of the extended family — or the dynasty — for the persistence in
human capital inequality across generations. We use data including the entire Swedish
population, linking four generations. This data structure enables us to — in addition to
parents, grandparents and great grandparents — identify parents’ siblings and cousins, as
well as their spouses, and the spouses’ siblings. We introduce and estimate a new
parameter, which we call the intergenerational transmission of dynastic inequality. This
parameter measures the between-dynasty variation in intergenerational transmission of
human capital. We use three different measures of human capital: years of schooling,
family income and an index of occupational status. Our results show that traditional
parent-child estimates miss about half of the persistence across generations estimated by
the extended model.
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1 Introduction

It is well known that group effects are of key importance for how inequality is upheld
across generations. Following the social capital theory (see Coleman, 1988) and the
strain theory (see Merton, 1938), several studies have shown the importance of social
class. There is also a large empirical literature on the importance of race and ethnicity in
this context. However, applied work in economics on intergenerational mobility is
mostly constrained to the relation between parents and children. A third group of
potential importance for an individual’s life outcomes is the extended family, or the
dynasty, including also more distant relatives than those in the nuclear family.

In this paper, we use a modeling framework inspired by Borjas’ ethnic capital model
(see Borjas, 1992) for intergenerational mobility, in which he augments the standard
parent-child model of intergenerational mobility with an “ethnic capital” variable taking
the average outcome in the ethnic group the child belongs to. However, instead of
including the average outcome from the individual’s ethnic group, we use the outcome
from relatives, or “dynastic human capital”. Similarly to Borjas for ethnic background,
the argument is that the extended family acts as an externality in the production of
human capital of the next generation, which then depends on both parental inputs and
the average of the inputs from the members of the extended family in the parental
generation, i.e., the siblings, cousins etc. of the parents. The implication is then that if
this externality is empirically important, inequality across generations will persist
longer, and the convergence between individuals with different human capital
backgrounds will be slower than what is predicted from models measuring the
association of human capital between children and parents only.

We combine several Swedish registers to match individuals, relatives and spouses
using the multigenerational registry and data from several censuses with information on
educational attainment, labor earnings, and occupation for the period 1968-2009. We
use years of schooling as a measure of educational outcome for about 650,000
individuals in the child generation. The Swedish multi-generation register and the fact
that the entire Swedish population is included in the data allow us, for the first time, to
link dynasties up to parents’ siblings and cousins, the siblings’ and cousins’ spouses
(through marriage and cohabiting records), as well as the siblings of the aunts and

uncles. We note that, in principle, the data and this approach make it possible to form
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dynasties of much larger sizes, as long as we allow relatives to be either genetically
linked or linked through marriage/cohabitation.

Traditionally, the intergenerational mobility literature is concerned with estimating
an intergenerational transmission coefficient that only utilizes variation across parent-
child pairs in estimations. Our main contribution is to introduce and estimate a new
parameter, the intergenerational transmission of dynastic inequality, which also includes
transmissions from the extended family. As such, this parameter captures the between-
dynasty variation in intergenerational transmission. This group-based parameter can be
decomposed into two parts: the part stemming from parents and the part that comes
from the extended family in the parental generation. If the latter parameter is estimated
to be positive or if the dynasty-level parameter is estimated to be larger than the
traditional parent-child coefficient estimate, we can conclude that the dynastic
background slows down intergenerational convergence more than what can be inferred
from (misspecified) models that only include parents and children. Since a child can
choose neither its parents nor its extended family, the dynasty-level parameter is more
relevant than the traditional parent-child parameter for measuring the persistence of
inequality.

By using three different indicators of human capital — years of schooling, lifetime
family income and an index of occupational-based social stratification — we are able to
address the concern that our results are due to measurement error and/or are not
capturing the underlying latent variable “human capital” (or “social status™) of parents
and the dynasty, an issue that has been raised by Clark (2014). Thus, we are able to
disentangle the additional persistence due to including information from the extended
family and different indicators of human capital, respectively.

Our results strongly suggest that there is additional information in the outcomes from
the extended family and that only using parental outcomes when estimating intergenera-
tional mobility severely underestimates the persistence in human capital outcomes
across generations. Only considering parental years of schooling in a regression for
child years of schooling yields a coefficient estimate of 0.26. Using the average of the
dynastic members’ years of schooling in the parental generation increases this estimate
by 74 percent to 0.46. If this model is extended to simultaneously take into account

information on schooling, income and social stratification, the estimates increase even
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further by 19 percent to 0.55. Overall, taking extended family human capital into
account results in an estimate of intergenerational mobility that is twice as slow as what
is suggested by conventional estimates from data including only parents and children.

We are also able to disentangle the effects of dynastic human capital by estimating a
multivariate regression model that separately includes indicators from close and/or
distant relatives in the parental generation (horizontal influence). When we disentangle
the overall extended family effect into categories of relatives in the parental generation,
we find that all relatives provide additional information, but that this is especially true
for parents’ siblings and cousins.

An additional contribution is that we estimate multigenerational models that sepa-
rately include generations earlier than the parental generation (vertical influence). This
relates to a number of recent studies (e.g., Clark, 2014; Lindahl et al., 2015; or Solon,
2015, for an overview) that have shown that grandparents’ outcomes have an
independent association with a grandchild’s outcome, conditional on parents’ outcomes.
Our very large data set allows us to improve the precision of the estimates substantially
compared to those presented in previous studies. By simultaneously incorporating the
three proxies, we are, for the first time, able to estimate multigenerational regressions in
a latent variable framework. We find that grandparents’ human capital is statistically
significant in an AR(2) model using three generations, confirming the results in many
recent multigenerational studies using various separate measures. As one of very few
papers, we are able to link people across four generations in the same family. We find
that great grandparents’ human capital is indeed predictive of great grandchildren’s
schooling. However, conditional on the mediating generations, we find weak associa-
tions from great grandparents’ income and occupation, and no association from great
grandparents’ education.

The paper proceeds as follows. In Section 2, we discuss the empirical specifications
using the standard and extended models incorporating dynastic capital, also in a latent
variable framework. In Section 3, we introduce the data set, discuss the construction of
variables, and present some descriptive statistics. In Section 4, we present the results on
the importance of dynastic human capital and look at the separate contributions of the
dynastic members and the ancestors. In Section 5, we provide some sensitivity analyses.

Section 6 concludes the paper.
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2 Empirical specification

2.1 The standard model

The standard way of measuring how strongly an outcome is transmitted from parents to
children is to use the framework of a simple Markovian regression model:

Vit =+ BYji_q + &, 1)
where y represents the outcome under study, j is an index for the immediate family
including children (t) and parents (t-1); possibly also controlling for basic characteristics
such as birth cohort and gender. For simplicity, we here assume that there is one parent
and one child in each immediate family. Assuming that we can measure the outcome
perfectly for both generations, the resulting estimate of g will be an unbiased measure
of the strength of the association between the outcome for parents and children. For
instance, if y represents the logarithm of lifetime earnings, an estimate of g will be an
unbiased estimate of the intergenerational earnings elasticity. If y is standardized to
have the same variance, an estimate of 8 can also be interpreted as an intergenerational
correlation (see, e.g., Black and Devereux, 2010).

There is a large literature that estimates £ for different outcomes such as earnings,
income, education and social class, using data for many countries and time periods. The
key challenge has been to accurately measure the outcome of interest (se e.g. Solon,
1992; Haider and Solon, 2006; Bohlmark and Lindquist, 2006; Nybom and Stuhler,
2016). Measurement error “free” estimates for g typically range between 0.2 and 0.6 for
lifetime earnings and years of schooling, depending on the outcome studied and the
country of origin of the data set used in the study.

2.2 Model including dynastic human capital
If the outcomes for the dynastic members outside the immediate family are important

for a child’s success — i.e., if there exist positive group effects from members of the
extended family — a random individual born into a high income family is more likely to
have superior outcomes than what can be inferred from an estimate of equation (1).
Hence, if the extended family is important, equation (1) is miss-specified.
Reinterpreting Borjas’ ethnic capital model yields the following simple extension of
equation (1):

Viar = @ + B'Yjar-1 + 6Var—1 + €jar, (2)
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where d is a sub-index for dynasty and y,.—, is an average of y;4.—, over the members
of the dynasty in the parents’ generation (parents, siblings of parents, cousins of parents
etc).’

Averaging equation (2) over the members in each dynasty d, we get:

Yar = & + (B + 6)Var-1 + & ar
or
Yar = &' +¥¥Var—1 + & ar- 3)

If we estimate (3), and use weights equal to the number of dynasty members, we

would get an identical result as if we estimate

Yiar = @ +V¥Var—1 + €jar (3)
at the immediate family level. In the empirical analysis, we estimate equations (1), (2)
and (3°) by Weighted Least Squares, where we weight each dynasty equally
(irrespective of the number of children in the dynasty).

The [ parameter in equation (1) captures the intergenerational persistence in
inequality between immediate families (j) whereas y in equation (3) captures the
intergenerational persistence in inequality between dynasties (d), where the latter
parameter can be decomposed as the sum of the parts transmitted from parents and the
extended family, respectively. Note also that estimating equations (3) and (3’) directly
is equivalent to regressing equation (1) using a full set of dynasty fixed effects as
instruments for y;4.—4, highlighting that these equations only utilize between-dynasty
variation in yjq;_;.”

A comparison between the coefficients in equations (1) and (3) can be thought of in
the following way. If the years of schooling of the dynasty are on average one year
higher (compared to the average for other individuals), y captures the difference in the
predicted value of the child’s years of schooling for children in that dynasty, as
compared to children in other dynasties. The g parameter captures the difference in the
predicted value of the child’s years of schooling for the children of the parents

belonging to that immediate family, as compared to children in other families. Since

1 When we later calculate dynasty averages from the data and estimate equation (2), we do not include the parent
among the dynastic members for whom we calculate the dynastic average. Hence, we would replace y4,_4 in
equation (2) by Va_;t-1. However, this would still give the same equation (3) as we have now, where y;,_, includes

the parent and all other dynastic members in the parental generation. Hence, this is of no importance for any of the
reasoning laid out in this section.
2 This general point was first made in Solon (1999) footnote 15.
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equation (1) is miss-specified, ignoring other dynastic members than the parents, this
prediction will be wrong.

The £ and y parameters will differ if the outcomes of the members of dynasty d other
than the parents are associated with the outcome of the child in dynasty d. The
magnitude of the difference between g and y depends on the importance of within-

dynasty variation relative to the overall variation in y;4._,. Borjas (1992) shows that

estimating (1) by OLS, when the true model is (2), results in plimp =g +
§(1—-k,)<B +6=y, where 0 <k, <1 is the weighted average of the within-
dynasty variance divided by the overall variance of y;;;_4, or the fraction of the overall
variation in y;4;_, that is due to within-dynasty variation.® Hence, 3 is a lower bound
estimate of y, where the difference between g and y is increasing (decreasing) in the

relative degree of within (between) dynasty variation in y;q—q. Only if there is no

within-dynasty variation in y;4,_; would £ be an unbiased estimate of y.

We also note that it requires stronger assumptions to arrive at consistent estimates
separately for 8’ and & than for y. The reason is that if y;4,_; is measured with error, '
will be biased downwards. Since y;4.—4 and y4.—, Will be positively correlated, § will
be biased upwards.* This is still the case if the number of dynastic members is very
large, i.e., so that the measurement error in y;;_, approaches zero. However, if equation
(3) is estimated using OLS, the bias in the estimate of y (i.e., the sum of B’ and &)
approaches zero in the number of dynastic members over which y;;_, is averaged.

We will deal with mismeasured variables in the following ways: First, we use high-
quality data from Swedish registers to create our variables used in the estimations.
Second, we use three different proxies for the human capital of the parental generation:
years of schooling, family income and a social stratification index, which complement
each other in the aspects of human capital that they capture. These are first used

% Note that the formula in Borjas (1992, p. 131, the first line after equation 14) is incorrect as the numerator should be
divided by the number of individuals, N, so that the numerator is equivalent to

Xiw Nijzl‘(yijt—l — Jje-1)%, where w; = N;/N is the relative size of ethnic group j, so that the numerator represents

the group size weighted average of the within-group variance terms. This also means that “z”, this within group
variation term divided by the overall variance, is now bounded by 1 from above. We thank Andreas Dzemski for
pointing this out.

% See Borjas (1992, page 141) for the case when the true model is equation (1) but when model (2) is estimated. See
also Acemoglu and Angrist (2000) who make this specific point about measurement error as following from their
general point that an estimate of § in (2) will be nonzero as long as, for whatever reason, an OLS estimate of § in (1)
differs from an 1V estimate of 8, where grouped dummy instruments are used.
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separately and then also incorporated using a latent variable framework (see section 4).
In Appendix 1, we illustrate how the modeling framework in this section is modified
with several proxies for an underlying latent variable and how this relates to the recent
work by Clark (2014) who attempted to estimate long-run intergenerational mobility in
social status, using surnames to link generations. In this paper, we average over
individuals in the dynasty, a group which by definition only includes individuals in the
immediate and extended family (instead of using proxies such as surnames or other
groupings that are less relevant for our purpose).

If we replace y,:—, in equation (2) with dynasty fixed effects, we can interpret g8’ as
the part of intergenerational transmission that is due to within-dynasty variation. Note
that we can then rewrite the formula in Borjas (1992) as plim = g’ +6(1 —k,,) =
B'k, +y(@ —k,), so that the OLS estimate of B in (1) can be seen as a weighted
average of the within-estimate g’ and the between-estimate y, where the weights
depends on k,,, the fraction of the overall variation in y;;;_, that is due to within-
dynasty variation.® We are, however, unable to include dynasty fixed effects in the
empirical analysis, since dynasties overlap.® However, since we will incorporate the
three proxies simultaneously in a latent variable framework (both for the parents and the
dynasties) when we estimate equation (2), we will likely control for most of the dynasty
specific characteristics relevant for the child’s schooling. Hence, our estimate of g’ will

be close to what we would get in a specification including dynasty fixed effects.

3 Data and descriptive statistics

3.1 Data and key variables

Our data set is compiled from different Swedish registers using the individual identifi-
cation number. The Swedish Multi-generation register, covering the full population,
enables us to link parents to children for all those children born 1932 or later, provided
that the child and the parents have been registered as living in Sweden at some point
after 1961. We have linked dynasties up to siblings and cousins of parents, as well as

(through marriage and cohabiting records) the siblings” and cousins’ spouses, the

% See Hertz (2008) and Torche and Corvalan (2016).

® In Borjas, the dynastic component of equation (2) represents a specification for the ethnic group fixed effect. The
closest equivalence here would be to include great-grandparent fixed effects instead of the dynastic average in
equation (2). However, as we identify relatives to the parents via both spouses, our dynasties will overlap, which
makes it impossible to identify a “clean” dynasty group fixed effect.
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spouses of the siblings’ spouses as well as their siblings.” In principle, it would be
possible to (almost infinitely) extend the size of the dynasties, where individuals are
genetically linked and/or linked through assortative mating. In practice, we add
additional relatives until they no longer provide any explanatory power.

For the child generation, we use years of schooling as the main outcome variable. It
is constructed using information from national educational registers.8 To maximize the
number of dynasty members in the parental generation (by allowing children to be born
later than what would be required to directly use completed years of schooling), we
predict years of schooling for the individuals that are old enough to have finished
compulsory schooling but that are too young to have completed their post compulsory
education. This is done by first regressing years of schooling on 9th grade GPA at the
end of compulsory school (a variable available since 1988), an indicator for having
taken an academic (as opposed to a vocational) high school track, a gender dummy, and
year of birth, for those aged 30 and older in 2009. We only use those aged 30 and older
to allow individuals plenty of time to finish formal education. Then, we use this
regression to predict years of schooling for those aged below 30 and for those (few
individuals) with missing information on years of schooling. We use actual years of
schooling for those aged 30 and older with non-missing data. This is our main outcome
variable for the child generation. The results are essentially the same when we instead
use observed 9th grade GPA as the outcome variable (see Appendix 2 Tables A6a-A6f).
Using actual years of schooling also gives qualitatively similar results, but a much
smaller sample size. The final estimation sample covers close to 650,000 children.

We further compile data from registers (and censuses for earlier years) that contain
information on education, income and occupation for the parental and other ancestor
generations. The education information is available in the 1970 census and in yearly
registers between 1985 and 2009. Income data are drawn from tax registers and are
available for the years 1968, 1971, 1973, 1976, 1979, 1982, and every year between

1985 and 2009. Occupation information is available from censuses every fifth year

" Note that Hallsten (2014) previously has used the Swedish multigenerational registry to link first and second
cousins in the child generation.

8 Both for the child and parental generations, we construct years of schooling as follows: seven for (old) primary
school, nine for (new) compulsory schooling, 9.5 for (old) postprimary school (realskola), 11 for short high school,
12 for long high school, 14 for short university, 15.5 for long university and 19 for a PhD. For the child generation
we mainly use the latest educational register available, which is for 2009. If education for the individual is missing in
2009, we use 2008, and so forth.
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between 1970 and 1990. To be included in the estimations, we therefore also require
that at least one parent and one cousin of a parent must have survived and still be
working in 1970.°

For the parental and other ancestor generations we use, in addition to years of
schooling, two outcomes: log family income and the so-called CAMSIS index for
occupation-based social stratification. The income measure we use is calculated as the
sum of gross labor earnings, income from businesses and unemployment benefits.
Average log family income is calculated in the following way: we use income data for
all available years for each individual between ages 30-60; we take logs and residualize
by adjusting for both birth cohort and income year fixed effects; we then take the
average of the residuals (and add the constant) for each individual. Lastly, we take
averages among parents (if we only observe one parent, we use that observation).

The Cambridge Social Interaction and Stratification (CAMSIS) measure of social
distance uses occupations of spouses to create an index (0-100) of social stratification.
The basic idea is that individuals who are similar in terms of social status are more
likely to marry each other.’® The CAMSIS score is constructed by analyzing a
frequency cross-table of husbands’ and wives’ occupations. This table maps out the
space of social distances, and from this, it is possible to locate each occupation along an
index of social status or stratification.'* While there are many occupation-based social
classifications, the CAMSIS scale has two advantages for our purposes — first, unlike
categorical classifications of social class schemes (e.g., Erikson et al., 1979), it is
continuous; second, unlike the Socio-Economic Index of occupational status (ISEI) and

similar measures (Ganzeboom et al., 1992), it does not rely on income or education in

® This means that we have missing data for some of the other categories of relatives. In the dynastic regressions, we
simply average outcomes for the parental generation across non-missing categories. In the decomposition regressions,
we impute missing categories by setting them to the average of non-missing observations, and adding indicator
variables (one for each category of relatives) that equal one if the observation has been imputed, and zero otherwise.
As very few observations for the other categories of relatives are missing, this have very little impact on our
estimates.

191 essence, the scale is constructed by estimating a log-linear model relating each cell in the cross-table to a set of
scores for each occupation, where the scores are chosen to maximize the explanatory power of the model. Cell
frequencies will then be higher for combinations of occupations which have similar scores. Note that the CAMSIS
scale is based on the Cambridge Scale (Stewart et al. 1973), which used friendship rather than marriage as its basis. It
has been shown that the two scales have a similar predictive power for intergenerational mobility, mortality, and
political attitudes (Prandy and Lambert 2003).

1 We use the Swedish CAMSIS scale based on data for 2001-2007 prepared by Erik Bihagen and Paul Lambert,
available at http://www.camsis.stir.ac.uk/Data/Sweden90.html.
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its construction. Hence, CAMSIS provides independent information beyond that
contained in our schooling and income variables.

The main independent variables are constructed by taking averages of non-missing
observations within each category of relatives (parents, grandparents, aunts/uncles, etc.).
For example, if for one child we observe years of schooling for three of their four
grandparents, the grandparental years of schooling variable will be the average of those
three, excluding the fourth. To construct the dynastic variables, we then average these
group averages in the same way. This ensures that each category of relatives is given
the same relative weight in the dynasty variables, regardless of how many individuals
we observe in that category. If we instead were to construct the dynasty variables by
directly averaging across all relatives, we would implicitly be giving a disproportion-
ately large weight to, e.g., parents’ cousins, simply because there are relatively many of

these in the average family.

3.2 Descriptive statistics
Table 1 shows descriptive statistics for the data set. The first three columns show

averages of the number of years of schooling, average residualized log family income
and the social stratification index by category in the dynasties. The fourth column
shows the average number of observations used for calculating the averages correspond-
ing to the category in the dynasty. In effect, we only require one non-missing
observation for each category of relatives for a child to be included in the main
regressions. The figures show that we have data on almost all grandparents (on average
3.87 out of 4) and about half of the great grandparents (4.12 out of 8). The fifth column
shows average birth years and, finally, the last column shows the number of observa-
tions we have for each category.

A few things should be noted from Table 1. First, the standard deviation for years of
schooling for grandparents is comparable to that of parents whereas it is much lower for
great grandparents. The latter is due to the fact that a high fraction (about 85%) of the
individuals in that generation only had primary school education. Therefore, it is very
beneficial to be able to measure income and occupation for these individuals, so as to

incorporate variation in socioeconomic status across the whole distribution. Second, in

12 | ambert and Bihagen (2014) compare a large set of occupation-based social classifications, showing that most
measures tend to be relatively highly correlated with each other, and that CAMSIS performs relatively well in
predicting unemployment and health.
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the last row, we report summary statistics for the dynasty, which we have defined as
consisting of the parents, the parents’ siblings, the spouses of the aunts and uncles,
parents’ cousins, the spouses of parents’ cousins and the siblings of the spouses of the
aunts and uncles. We show below that extending the dynasty definition further does not
add any information. Third, summary statistics for all categories (except the children)
are based on averages over various numbers of individuals. Hence, the standard
deviations of these averaged variables will be lower. This is what explains the low

standard deviation for the dynasty in the last column.®

Table 1. Summary statistics

Years of Log family Social Observations/ Birth Observations

Schooling Income Stratification child year
(residualized)

Child 12.46 1988.15 647,250
(1.40) (4.76)

Parents 11.65 -.04 46.95 1.99 1960.95 647,250
(1.70) (.50) (9.82) (.07) (4.70)

Parents’ 11.69 -.06 46.74 4.51 1960.98 647,250
siblings (1.46) (.41) (8.48) (2.34) (4.76)

Spouses of 11.82 -.01 47.32 3.73 1961.24 639,303
aunts/uncles (1.53) (.40) (9.01) (2.04) (6.39)

Spouses of 12.20 .02 46.17 7.73 1966.45 640,477
parents’ cousins (1.25) (.34) (7.69) (5.94) (4.29)

Siblings of 11.72 -.05 47.35 7.74 1960.82 629,507
spouses of aunts/uncles (1.40) (.37) (7.63) (5.65) (7.32)

Parents’ 12.17 -.02 46.01 10.20 1967.92 647,250
cousins (2.20) (.35) (7.29) (7.67) (4.06)

Grandparents 9.29 -.15 45.85 3.87 1934.20 647,233
(1.72) (.38) (7.74) (.43) (5.81)

Great 7.33 -.20 40.92 4.12 1908.57 645,109
grandparents (.80) (.63) (8.62) (2.01) (5.81)

Parents’ 9.92 -14 46.89 5.22 1942.16 646,995
aunts/uncles (1.84) (.40) (8.26) (3.67) (4.29)

Dynasty 11.88 -.03 46.76 1963.07 647,250
(.92) (.21) (4.63) (3.76)

Means with standard deviations in parentheses. Observations/child shows the average number of non-missing
observations of years of schooling within each category of relatives.

13 Note also that the means for the residualized income variable are negative because individuals differ in the number
of years for which they have available income data and because those with fewer years of income data have a lower
income.
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Table 2 shows correlations between the three main variables years of schooling, log
family income and the social stratification index. In Panel A, where we use the parent as
the unit of observation, we observe the highest correlation between years of schooling
and social stratification, whereas the two correlations with log income are smaller.
Although these three variables clearly contain common information, they certainly also
capture different things. In Panel B, where we use the dynasty as the unit of

observation, the pattern is similar although all three correlations increase.

Table 2. Correlation matrices for the three different measures of parental and dynastic
human capital: Years of Schooling, Income and Occupational Status Index

Years of schooling Log family income Social stratification

Panel A: Parents

Years of schooling 1

Log family income .300 1

Social stratification 521 .306 1
Panel B: Dynasties

Years of schooling 1

Log family income 464 1

Social stratification .632 420 1

Note: Panel A shows the correlation matrix between years of schooling, lifetime incomes, and social stratification
measures, averaged across parents. Panel B shows the corresponding correlation matrix for averages over parents,
uncles and aunts, spouses of aunts/uncles, and parents’ cousins, spouses of parents’ cousins and siblings of the
spouses of aunts/uncles.

It has been common in recent work to transform variables used in intergenerational
estimations into percentile ranks (Chetty et al., 2015). This has been shown to work well
In situations when researchers are forced to use income data not available at mid-life for
individuals (Nybom and Stuhler, 2016). Naturally, some other standardization would
also be possible, and even though income is not the main variable (and we have lifetime
incomes for the parental generation), reporting rank-rank correlations would be
informative and rank would also be one way of scaling the three parental variables on
the same scale. However, since we will compare estimates where the dependent variable
is disaggregated and the dependent variable is aggregated (at the dynastic level) with
estimates using only disaggregated variables, reporting estimates using standardized

variables can be misleading.**

1% The solution would be to standardize the dependent and independent variables at the same level, and then compare
the resulting estimates. However, in our setting, this is rather complicated since dynasties overlap (see footnote 4).
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4 Results
4.1 The Importance of dynastic human capital
Table 3 shows the first set of results. As for all results shown in this paper, the
dependent variable is years of schooling for the individual in the child generation. The
table contains three panels. Panel A shows the results when we use years of schooling in
the independent variables; Panel B when we use family income; and Panel C when we
use the social stratification index. Each panel shows the results from the same
specifications. The estimates shown in the first column correspond to Equation (1),
which is the traditional specification for the estimation of the parent-child transmission
coefficient. The results in the second column correspond to Equation (3’), which is for
the estimation of the dynasty-child transmission coefficient, i.e. the transmission of
dynastic inequality across generations. The results in the last two columns are from
estimations of equations (3’) and (2), where, following the convention in the estimation
of group effects, we have excluded the child’s parents from the calculation of the
dynasty’s educational attainments.™ We always report robust standard errors.®

The first column in Panel A shows that one year of additional parental education is
reflected in 0.26 extra years of schooling for the child. This result is very similar to
what has typically been obtained in previous studies on Swedish data (see e.g.
Bjorklund et al., 2006). Turning to the second column, we see that an additional year of
schooling for the average of the dynasty is associated with 0.46 extra years of schooling
for the child.'” Comparing the result in the first column with that in the second,
following the discussion of Equations (1) and (3’), we can reject that schooling within
the dynasty, in addition to the parents, has no effect on the child’s educational
attainments. This is confirmed by the results in the third column — where we estimate
the separate group effect from the dynasty educational attainments — and in the fourth

column, where we include both independent variables.

15 Although we do report the R?’s from the various specifications, it should be noted that these are not comparable
across specifications, since the independent variables are defined at different aggregation levels. We always use
individual variation for the dependent variable whereas we use varying aggregation levels for the independent
variables. Hence, although the parameter estimate might increase, the R®> might not, as the fraction of explained
variation in the outcome variable decreases with the aggregation level (since only between group variation is then
used). Hence, comparisons of the R?’s across columns are uninformative.

% However, even though the errors are likely to be correlated within dynasties we do not report cluster-robust
standard errors because dynasties overlap (se Footnote 1). Since we have the population of individuals, and the
clusters are relatively small, imposing various cluster definitions is of very little importance for the precision of our
estimates.

7n Appendix Figures Ala and Alb, we show that the associations in the first and second columns in Panel A of
Table 3 are well approximated by a linear specification across the distributions, except in the extreme tails.
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Table 3. Results from OLS regressions of the child’s predicted years of schooling on
three different measures of parental and dynastic human capital: Years of Schooling,
Income and Occupational Status Index

1) (2 (©) 4
Panel A: Years of schooling
Parents’ schooling .264 .221
(.001) (.001)
Dynasty schooling 459
(.002)
Dynasty schooling, excl parents 371 .189
(.002) (.002)
R? .145 131 101 157
Panel B: Income
Parents’ income .643 .568
(.003) (.004)
Dynasty income 1.474
(.008)
Dynasty income, excl parents 1.056 .723
(.008) (.008)
R? .100 .097 .073 111
Panel C: Occupational status
Parents’ occupation .036 .031
(.000) (.000)
Dynasty occupation .075
(.000)
Dynasty occupation, excl parents .057 .037
(.000) (.000)
R? .108 .106 .082 122
N 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Parental variables are averages
across parents, while dynasty variables are averages over parents, parents’ siblings, spouses of aunts/uncles, parents’
cousins, spouses of parents’ cousins, and siblings of spouses of aunts/uncles. All regressions include linear and
quadratic controls for average years of birth for each included type of relative. Robust standard errors in parentheses.

By comparing the results in columns 1 and 2 of Panel A, one can get an estimate of the
magnitude of the downward bias in the persistence of inequality in years of schooling
across generations induced by ignoring the dynasty effects. This comparison suggests
that we underestimate the effect by 42 percent. This is very similar to the share of the
sum of the coefficients in column 4, which suggests that 46 percent can be attributed to
the dynasty. Hence, dynastic human capital appears to be only slightly less important
than parents’ human capital.

The results for income and occupational status, shown in Panels B and C, respec-
tively, are qualitatively the same as those for education shown in Panel A. However, the

magnitude of the share attributed to the dynasty is somewhat larger for both outcomes.
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The estimates for income suggest that about 56 percent of the persistence can be
attributed to the dynasty, whereas the number for occupation is 52 percent.

Hence, for all outcomes, a large part, between 45 and 56 percent, of the overall
dynastic relationship is due to the extended family. However, as mentioned in section
2.2, it is likely that the attenuation bias due to measurement error in parents’ outcomes
leads to overestimates of the fraction assigned to the extended family. To look more
closely into this issue, we now turn to models where we incorporate the three human
capital proxies simultaneously.

Table 4, Panel A, shows the results when we add years of schooling, log family
incomes and the index for occupational social stratification to the same specification. In
the upper panel, we see that all measures are always statistically significantly associated
with the child’s years of schooling. Hence, the schooling, income and social stratifica-
tion measures, for parents and other dynasty members, all provide independent
information on the number of years of schooling of the next generation.

The three measures, years of schooling, log family incomes and the index for
occupational social stratification, might be viewed as proxies for one underlying latent
variable, which we call “human capital”. If so, we would like to combine these variables
in some way so as to estimate the parameter capturing the transmission of inequality of
dynastic “human capital”. There are various ways of incorporating multiple proxies for
an underlying latent variable. One approach is simply to take the average of the
standardized variables. This weights the contribution of each variable equally. However,
Lubotsky and Wittenberg (2006) (LW) show that a more efficient approach is to obtain
a measure as a weighted sum of the separate coefficients, using weights corresponding
to the contribution of the variables in explaining the variation in the dependent

variable.*®

18 \We can view the three outcome measures as a set of proxy variables for a single latent variable that is transmitted
across generations. The true model that we want to estimate is ¢ = bx + e, where q is the outcome variable (here: the
child’s years of schooling). The latent variable x is only observed through a set of H proxy variables, i.e., y, = ppx +
up, Where h=1, 2...... H. Lubotsky and Wittenberg (2006) show that the most efficient way of using the information
in the proxies is to estimate the regression ¢ = Y.}_, ¢y, + v, and then take the weighted average g* =

Ho ZZZEZ:}"; @5, Which is used as an estimate of b. Note that for y;, which can be any of the proxy variables, we
WY1

need to normalize and set p; = 1. We always use schooling as y;, so that all weighted average coefficients can be
interpreted relative to the coefficient on schooling. When we have several categories of relatives in the regression, we
always set p = 1 for schooling for each relative. Note that the key assumption is that each y, has no impact on gq,
conditional on x.
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Table 4. Results from OLS regressions of the child’s predicted years of schooling on
parent and dynasty schooling, income and the social stratification index for
occupational status

1) ) 3 4
Parents’ schooling .193 .166
(.001) (.001)
Parents’ income .392 .358
(.003) (.003)
Parents’ occupation .013 .011
(.000) (.000)
Dynasty schooling 317
(.003)
Dynasty income .710
(.009)
Dynasty occupation .019
(.000)
Dynasty schooling, excl parents 277 115
(.003) (.003)
Dynasty income, excl parents 438 .224
(.009) (.009)
Dynasty occupation, excl parents .015 .005
(.000) (.000)
Parents 344 .299
(.001) (.001)
Dynasty .547
(.002)
Dynasty, excl parents 425 179
(.002) (.002)
R 172 144 .106 181
N 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Parental variables are averages
across parents, while dynasty variables are averages over parents, parents’ siblings, spouses of aunts/uncles, parents’
cousins, spouses of parents’ cousins, and siblings of spouses of aunts/uncles. The lower panel shows Lubotsky &
Wittenberg-type weighted sums of the coefficients in the upper panel, normalized to be comparable to the schooling
coefficients. All regressions include linear and quadratic controls for average years of birth for each included type of
relative. Robust standard errors in parentheses.

In our setting, we can obtain LW estimates by simply reweighting the estimates in Panel
A of Table 4.2 We also need to normalize the influence of one of the proxy variables,
so that the resulting LW-estimate is interpretable as the effect of a one-unit change in
one of the proxies on the dependent variable. As we want to combine these various

measures into estimates that are comparable to the main years of schooling estimates,

¥ In column 1 of table 4, the LW-weights are 0.219 for income and 5.028 for occupation (the weight for schooling is
always 1); in column 2, the weights are 0.189 for income and 4.945 for occupation; in column 3, the weights are
0.172 for income and 4.865 for occupation; and column 4 uses the column 1 weights for parents and the column 3
weights for the dynasty excluding parents. Note that these weights are multiplied with the coefficient estimates, so
that the seemingly large weight for occupation is multiplied with a relatively small coefficient. For example, in
column 1 the LW estimate is calculated as 0.193*1 + 0.392*0.219 + 0.013*5.028 = 0.193 + 0.0858 + 0.0654 = 0.344.
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reported in Panel A of Table 3, we always normalize by setting the weight for the
schooling variable equal to one. A generalization of this approach is to combine subsets
of variables. An example of this is in column 4, where we calculate weighted estimates
separately for the parental and the dynastic variables.

The lower panel of Table 4 shows the resulting LW estimates. From the results, it is
evident that adding income and social stratification significantly contributes to the
estimated persistence. Comparing the estimate for parents in column 1 of the lower
panel, with the main estimate in panel A of Table 3, we see that the estimate increases
from 0.26 to 0.34, i.e., by 30 percent. This increase is likely to be driven both by
classical measurement errors in years of schooling and by years of schooling being an
imperfect proxy for human capital.?

If we turn to the estimate for the dynasty in column 2 of the lower panels, we see that
it increases from 0.46 to 0.55, or by 19 percent. In column 4, we see that this increase is
driven by the contribution of the parents, since the dynasty parts (excluding parents) is
pretty much unchanged compared to the estimate from only using years of schooling
(0.18 versus 0.19). The estimate of the part of the overall dynastic relationship due to
the extended family is now about 36%. This result supports the claim that bias from
measurement error is much more of a problem when estimating the association between
outcomes for children and parents, as compared to the association between children and
dynasty averages.

In Appendix 2 Table Al, we investigate how sensitive our results are to various
definitions of the dynasty. It turns out that the dynasty estimate continues to increase
substantially when we successively add members of the extended family to the dynasty
average. This is true for schooling, income as well as occupation. For schooling (Panel
A of Table 3), the incremental increase from the baseline estimate of 0.26 by adding
parents’ siblings and their spouses, parents’ cousins and their spouses as well as siblings
of aunts and uncles is 74 percent. However, if we also add spouses of siblings of
spouses of aunts and uncles, the estimate remains almost unchanged. The pattern is very
similar for the LW estimates (Panel D of Appendix 2 Table Al). This means that the

20 Nybom and Vosters (2016), for Sweden, and Vosters (2015), for the US, have used the LW approach to estimate
the association between the child’s income and the parents’ income, incorporating influence from parents’ education
and occupation. They both find a quite small increase from the intergenerational father-son rank correlation in
income, as compared to incorporating education and occupation. However, when Nybom and Vosters (2016)
incorporate mother’s and daughter’s income in their analysis, the increase is about 20-30%, which is very much in
line with the result in this paper (where the increase is about 30%).
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dynasty definition we have chosen in our main estimations likely is wide enough to
capture the relevant relatives in the extended family.

To conclude, we arrive at a decomposition of the dynasty transmission of inequality
in human capital which to about two-thirds (64%) is due to the parents and about one
third to the dynasty. Adding more than one proxy for social status significantly
contributes to this large estimated persistence across generations. If we compare the
standard parent-child estimate for years of schooling with the dynasty estimate using
three proxies for human capital, the latter is more than twice as large as the former.
Overall, a child that is born into a dynasty where the members have on average one
additional year of “human capital” will, on average, have just over half a year of

additional education.

4.2 Decomposing the association of the extended family
In Table 5 we disentangle the importance of different parts of the extended family for

the education outcome in the child generation. Column 1 of Panel A shows the results
from the first column in Table 3, Panel A, as a reference. Then, we sequentially include
controls for schooling of parents’ siblings, spouses of aunts/uncles, parents’ cousins,
spouses of parents’ cousins and siblings of spouses of aunts/uncles. In panels B and C,
we show LW weighted coefficient estimates, from a regression that in addition to
schooling also includes income (Panel B) and income and occupation (Panel C),

respectively, as proxy variables for human capital for relatives.
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Table 5. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasties. Schooling, Income and Social

Stratification Index

(1) (2) (3) (4) (5) (6)
Panel A: Schooling

Parents .264 .225 .220 214 214 .213
(.001) (.001) (.001) (.001) (.001) (.001)
Parents’ siblings .103 .090 .083 .083 .080
(.001) (.001) (.001) (.001) (.001)
Spouses of aunts/uncles .038 .035 .035 .028
(.001) (.001) (.001) (.001)
Parents’ cousins .057 .052 .052
(.001) (.002) (.002)
Spouses of parents’ cousins .010 .010
(.002) (.002)
Siblings of spouses of .021
aunts/uncles (.001)
Sum of estimates .264 .328 .348 .390 .394 404
(.001) (.001) (.001) (.002) (.002) (.002)
R® .145 .154 .156 .158 .158 .158

Panel B: Schooling and income
Parents .322 .280 .276 .270 .269 .268
(.001) (.001) (.001) (.001) (.001) (.001)
Parents’ siblings .108 .095 .089 .089 .086
(.001) (.001) (.002) (.002) (.002)
Spouses of aunts/uncles .034 .031 .031 .026
(.001) (.001) (.001) (.001)
Parents’ cousins .054 .050 .049
(.002) (.002) (.002)
Spouses of parents’ cousins .009 .008
(.002) (.002)
Siblings of spouses of .018
aunts/uncles (.001)
Sum of estimates .322 .388 405 444 448 456
(.001) (.001) (.001) (.002) (.002) (.002)
R? .166 175 176 178 178 179
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1) @ 3 4 ®) (6)

Panel C: Schooling, income, and social stratification

Parents .344 .300 .295 .289 .289 .288
(.001) (.001) (.001) (.001) (.001) (.001)

Parents’ siblings .107 .094 .087 .087 .085
(.001) (.002) (.002) (.002) (.002)

Spouses of aunts/uncles .036 .033 .033 .028
(.001) (.001) (.001) (.002)

Parents’ cousins .052 .048 .048
(.002) (.002) (.002)

Spouses of parents’ cousins .007 .007
(.002) (.002)

Siblings of spouses of .015
aunts/uncles (.002)
Sum of estimates .344 407 424 461 .465 A71
(.001) (.001) (.001) (.002) (.002)  (.002)

R? 172 .180 181 .182 .182 .183
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
years of schooling, average lifetime incomes, and average social stratification measures for each type of relatives.
Panels B and C show Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to the schooling
coefficients. All regressions include linear and quadratic controls for average years of birth for each included type of
relative. Robust standard errors in parentheses.

The results shown in Panel A of Table 5 reveal highly significant estimates for all parts
of the dynasty. The magnitude of the aunt/uncle coefficient is almost half the size of the
estimate for parents, but well above twice as large as the corresponding one for the
spouses of aunts and uncles. However, even schooling of the siblings of spouses of
aunt/uncles enters statistically significant, conditional on schooling for all the other
dynasty categories, with an estimate equal to one-tenth of the one for schooling of
parents. We note that controlling for all relatives, the estimate for parents’ schooling
decreases but is still quite large (0.21). This is similar to the estimate in column 4 of
Table 3, where we instead used a dynastic average as independent variable.?

Most of the variation in child’s schooling due to the extended family appears to be
captured by including outcomes for parents and parent’s siblings. However, as we see
from the sum of the coefficient estimates, an additional year of schooling for the

dynasty increasingly adds to the child’s years of schooling as we keep adding extended

2! These results can be compared to Jaeger (2012) that used data for the US on almost 17,000 children (the Wisconsin
Longitudinal Survey) and regressed models of the child’s years of schooling on parents’ education, SES and income,
as well as aunts’ and uncles’ educations, SES and income. They found that, conditional on parents’ outcomes, only
aunts’ and uncles’ education was statistically significantly associated with the child’s years of schooling. The
coefficient estimates were less than one-third of those for parents.
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family members to the model. The results in Panel A therefore confirm those shown in
column 4 of Panel A in Table 3, suggesting that an increase of all the extended family
members’ years of schooling by one year, on average increases the child’s predicted
years of schooling by about 0.4 years.?

The lower panels of Table 5 show the results when we have used the Lubotsky-
Wittenberg method for combining indicators.”® The estimates are always interpretable
in terms of years of schooling for each relative. We find that the estimate for parental
years of schooling (in the first row in each panel) always increases, but that the
estimates for years of schooling for other relatives are basically unchanged. This is a
likely result since years of schooling is an imperfect proxy, which is partly captured by

other relatives.

4.3 Multigenerational associations
So far, we have concentrated on the effects of human capital on the horizontal

dimension in the parental generation. However, there is a (mostly) recent literature that
has analyzed multigenerational associations, i.e., looking at the vertical dimension by
adding outcomes of grandparents (and, at times, even great grandparents) to the
standard parent-child model. Estimations of such AR(2) (and AR(3)) models have
found that grandparents do provide additional information and that the parent-child
association gives misleading results as regards long-run social mobility (i.e., a parent-
child estimate overestimates the degree of social mobility for descendants to the child),
using various outcomes such as schooling, income, occupation, and wealth.?*

In Table 6, we show results from various multigenerational regressions. From the
results in Panel A, we see that grandparents’ schooling (column 2) and great
grandparents’ schooling (column 4) are statistically significantly related to schooling of
the child. The estimates are sizeable: an additional year of schooling of grandparents
(great grandparents) is, on average, associated with one-seventh (one-tenth) of a year of

schooling for children. However, it should be noted that the distribution for years of

22 This is seen at the bottom of Panel A, where we simply calculate the sum of all coefficient estimates. Just over half
of this effect (0.213/0.404) can be attributed to the change in parents’ years of schooling and the rest to other dynasty
members in the parental generation. This result is naturally very much in line with what we found in column 4 of
Panel A in Table 3, where parents’ schooling had a coefficient of 0.22 and dynastic schooling a coefficient of 0.19,
summing to 0.41, since the dynastic average used in Table 3 was calculated based on the same dynastic categories.

2% In Online Appendix 2 Tables A2a and A2b we show results for separately focusing on income and occupation.

2% See Solon, 2015 for a survey. Examples of very recent work include Adermon , Lindahl and Waldenstrom (2016),
Braun and Stuhler (2016), Dribe and Helgertz (2016), Ferrie, Massey and Rothbaum (2016) and Modalsli (2016).
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schooling is very right-skewed for the great grandparental generation, making
comparisons of the size of the coefficient estimates difficult. If one instead standardizes
the estimates (having mean zero; SD one), the child-great grandparental association in
column 4 decreases to about 0.06, whereas the child-parent and child-grandparent
estimates become slightly larger: 0.32 and 0.12.%

In column 2, we see that grandparents’ schooling is associated with child’s
schooling, even conditional on parents’ schooling, but that the estimate for parents’
schooling only decreases by about 10% when we control for grandparents’ schooling.
The results in column 5 show that great-grandparents’ education is only marginally
significant in the AR(3) model, even if the precision is very good in this very large
sample. However, in the last column, we see that siblings of grandparents’ schooling
has a statistically significant association with child’s schooling, conditional on the other
relatives.

A problem with interpreting the estimates in Panel A, and with almost all multigen-
erational estimates in the literature, is that measurement error can lead to biased
estimates of the association from the outcomes for grandparents in the AR(2) model and
great grandparents in the AR(3) model. There are two counteracting effects. First, the
noise due to measurement error in parents’ outcomes could be picked up by grand-
parents’ outcomes and hence leading to overestimation of the contribution from grand-
parents. On the other hand, measurement errors are likely higher for outcomes based on
historical data, and hence, the estimate for the association from an outcome for
grandparents might be underestimated.

To handle this potential problem, we also estimate the multigenerational models in a
latent variable framework, where we use the three human capital proxies for individuals
in each ancestor generation. We add income in panel B and income and occupation in
panel C, only showing the resulting LW weighted estimates in these panels.
Interestingly, this results in a very similar estimate for grandparents, whereas the
estimate for parents increases by almost 35%, Hence, the estimate for grandparents is
only about one-sixth of the size as the estimate for parents in the AR(2) model
underlying the estimates shown in column 3 of Panel C.

% Comparing the standardized estimates to those reported for years of schooling in Lindahl et al. (2015), who used
data on four generations for individuals from the city of Malmo, Sweden, the estimates are now much more precisely
estimated and smaller, although they support the conclusion that the AR(1) model can be rejected.
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If we compare these results to the most general model, including both horizontal and
vertical ancestors (Appendix 2 Table A3), we see that grandparents’ outcomes do
provide some information, even conditional on the outcomes for all other relatives.
However, for schooling (column 1) and for human capital (using all proxies simultane-
ously, column 5), grandparents provide very little additional information, conditional on

the outcomes for the other relatives.?®

% For instance, the estimate for grandparents decreases from 0.048 (column 5 of Table 6) to 0.014 (column 1 of
Online Appendix Table A3) when outcomes for all horizontal ancestors are added.
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Table 6. Results from OLS regressions of the child’s predicted years of schooling on
ancestors schooling, income and position in social stratification index

1) (2) 3) 4) (5) (6)
Panel A: Schooling
Parents .264 241 .239 237
(.001) (.001) (.001) (.001)
Grandparents .146 .048 .048 .041
(.001) (.001) (.001) (.001)
Great grandparents .098 .003 -.008
(.002) (.002) (.002)
Parents’ aunts/uncles .022
(.001)
Sum of coefficients .264 .146 .290 .098 .289 .292
(.001) (.001) (.001) (.002) (.002) (.002)
R? .145 .082 .150 .051 151 151
Panel B: Schooling and income
Parents .322 .299 .297 .294
(.001) (.001) (.001) (.001)
Grandparents 178 .052 .051 .044
(.001) (.001) (.001) (.001)
Great grandparents 119 .000 -.012
(.003) (.003) (.003)
Parents’ aunts/uncles .024
(.001)
Sum of estimates .322 .178 .350 119 .348 .350
(.001) (.001) (.001) (.003) (.003) (.003)
R? 166 .086 171 .051 172 172
Panel C: Schooling, income, and occupation
Parents .344 .320 .318 .315
(.001) (.001) (.001) (.001)
Grandparents .205 .052 .051 .044
(.001) (.001) (.001) (.001)
Great grandparents 214 -.002 -.021
(.005) (.005) (.005)
Parents’ aunts/uncles .024
(.001)
Sum of estimates .344 .205 371 214 .367 .362
(.001) (.001) (.001) (.005) (.005) (.005)
R? 172 .090 176 .052 176 177
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
years of schooling, average lifetime incomes, and average social stratification measures for each type of relatives.
Panels B and C show Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to the schooling
coefficients. All regressions include linear and quadratic controls for average years of birth for each included type of
relative. Robust standard errors in parentheses.

In Appendix 2 Tables Ada and A4b, we show results when we use family income and
occupation, separately, as measures of ancestors’ human capital. An interesting

difference compared to what we observed for schooling is that, for both income and
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occupation, there is a positive and statistically significant association between great
grandparents and great grandchildren in the AR(3) models. We also see a stronger
estimate for grandparents. The background to this difference is likely to be the weakness
of the schooling measure for grandparents and great grandparents. Most of these
individuals finished their education at a time when quite few people attained schooling
levels above primary school. Hence, there is very little variation for a large part of the
population, as opposed to the income and occupation measures. However, when we add
all these measures simultaneously, as seen in Panel C, using the LW framework (and
normalizing the contribution of schooling to be equal to one), the results are fairly
similar to when we use the schooling measure only.

One way to compare the results from parent-child (AR(1)) models to those of
multigenerational (AR(2)), following Ferrie et al (2016), is to simulate how large an
estimate from the (misspecified) AR(1) model would need to be in order to predict the
same long-term intergenerational persistence (over 10 generations) as the estimates
from the multigenerational model. We use the standardized (to have zero mean and
unity standard deviation) estimates shown in column 3 of Panel A in Table 6 for such
exercise.?” We find that a two-generation model underestimate long-run persistence by
12 percent. Since the corresponding number on US data from Ferrie et al. (2016) is 20
percent, our result suggests that the discrepancy between the results from the AR(1)
model and the long-term intergenerational persistence in educational attainments is

somewhat larger in the US.?®

5 Sensitivity analyses

The intergenerational persistence estimates of Clark (2014), using dynasties linked with
surnames, have been criticized for ignoring the potential effect of neighborhood, race
and ethnicity, for which surnames are indicative and would therefore result in an

overestimate of true persistence across families (see e.g. Chetty et al., 2014, and Solon,

%" The standard deviations differ slightly from those reported in Table 1 and are here 2.06 (children), 2.22 (parents)
and 0.95 (grandparents) for years of schooling. Hence, the standardized estimates in column 3 of Panel A in Table 6
are 0.260 (parents) and 0.022 (grandparents).

%8 There are alternative approaches to infer the degree of long-term intergenerational persistence (Lindahl et al., 2015,
and Braun and Stuhler, 2016). However, typically such calculations assume that the true model is AR(1). For
instance, if we follow the approach in Lindahl et al. (2015) and use grandparents’ schooling as instrument for parents’
schooling we get an estimate of 0.476, which is substantially higher than the child-parent estimate of 0.264. However,
this is most likely an upper bound estimate of the long-term intergenerational persistence as grandparents’ schooling
most likely is positively related to child’s schooling in an AR(2) model.
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2014). This is potentially also an issue for our main estimates reported in Table 3 and
Table 4.

There are, however, at least two reasons to why we think that this critique is less
relevant in our context. First, since we require great-grandparents to be identified in our
data, our sample consist of children whose ancestors have been living in Sweden for at
least four generations. At that time, Sweden was very ethnically homogenous and it is
therefore unlikely that group effects based on race or ethnicity would affect our results.
Second, as shown by Lindahl (2012) neighborhoods are of limited importance in
explaining variation in outcomes such earnings, schooling and student achievement in
Sweden.

Nevertheless, to test if residential location can explain our large dynasty estimates,
we add regional fixed effects to the baseline models (1), (2) and (3’). The results of this
exercise are shown in Appendix 2 Table A7. Comparing the baseline results in Panel A
to those from models including municipality fixed effects (Panel B) and parish fixed
effects (Panel C), it is obvious that the baseline results are very robust, suggesting that
the main results are not driven by dynasty members growing up in the same regions.

In the main analysis, we use predicted years of schooling for those aged below 30
and for those with missing information on years of schooling. In online Appendix 2
Tables A6a-A6i, we show that the results are essentially the same when we instead use
observed 9th grade GPA as the outcome variable. If we use actual years of schooling,
and then limit the sample to those aged 30 and older with non-missing data, we get
qualitatively similar results, but a much smaller sample size. These results are shown in
Appendix 2 Tables A8a-A8i.

Finally, in the estimations so far we only required one representation of each
category of the extended family (grandparents, parents’ siblings etc). If we require each
dynasty to be complete, the results remain similar.”® Appendix 2 Table A9a shows the
equivalent of Table 6, Panel A. A difference is that the great-grandparents variable is
now statistically significant, conditional on parents’ and grandparents’ years of

schooling. This is not surprising since dynasties with observations for all member

2% We restrict the sample to only dynasties that have non-missing observations on both parents, all four grandparents,
and all eight great grandparents. Corresponding restrictions on other categories are not feasible, since the number of
individuals in these categories is not fixed.
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categories are likely to be much younger. Hence, great grandparents are more likely to

be alive and to have had a direct influence on great grandchildren’s education.

6 Conclusions

We obtain two main sets of results. The first one comes from models where we add an
additional component measuring the average human capital of the extended family. The
estimates suggest that we miss over 40 percent of the persistence when omitting the
educational attainment outcomes of the dynasty. If we use income or the social
stratification measure, the downward bias is even larger. The most important part of the
omitted persistence is attributed to the child’s aunts/uncles and the cousins of the
parents.

The second set of results come from models where we combine three different
human capital outcome measures using the Lubotsky-Wittenberg method for estimating
the importance of the latent variable “human capital”. This set of results shows that the
intergenerational persistence estimate increases from 0.26 to 0.34 (or by 30 percent),
when we include income and the social stratification index in addition to educational
attainment in the LW procedure. The dynasty persistence estimate increases from 0.46
to 0.55 (an additional 20 percent).

To conclude, the results obtained in this study unambiguously suggest that it is not
sufficient to use data on only parents and children, or on only one outcome, when
studying intergenerational persistence in human capital. The persistence between
extended families across generations is much stronger than what parent-child studies
suggest. This has implications for how we interpret persistence in inequality across
generations and for the recently suggested interpretation of the difference between
siblings estimates and results from parent-child models as the influence of everything
that siblings share except their parental background on persistence in human capital
outcomes (see e.g. Solon, 1999, or Bjorklund and Jantti, 2012).

Our results also speak to an emerging literature based on estimates from multigenera-
tional models. We use the LW approach when we estimate the multigenerational
models, allowing for generation-specific latent variables. This results in larger estimates
for parents, confirming that measurement error is an issue that understates the

importance of parents relative to grandparents in multigenerational models. However,
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assuming that the true intergenerational persistence parameter is well represented by an
AR(1) model for the latent variable “social status”, our estimate of intergenerational
persistence is substantially lower than the influential estimate in Clark (2014), which,
based on intergenerational models using surname-groups, found estimates of
intergenerational persistence between 0.7 and 0.8.

Although our estimates contradict the interpretation by Becker and Tomes (1986) of
the evidence at the time of a weak intergenerational persistence of economic advantage
and inequality, they support the general message of the Becker-Tomes model of the
family as an important engine in the formation of human capital. In fact, we show the
importance of a specific type of group effect in this research area, which points to a
more important role of family background than what recent studies in have concluded.
There are important externalities of human capital formation within the extended

family, or the dynasty as we label it.
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Appendix 1

Extension to a model allowing for mis-measurement of an underlying
latent variable

To understand the impact of using imperfect proxies of an underlying latent variable on
the estimates in a model with a latent variable, we use the simple model laid out in
Clark (2014). This simple model of intergenerational transmission says that for family j
some outcome y evolves as y;; = x;; + u;, and x;; = bxj,_, + e;;, where x is some
underlying latent variable such as human capital or (as in Clark 2014) “social status”,
which evolves as an AR(1) across generations (t); u is a generation-specific error in
measuring x (uncorrelated with x and with u for other generations); and e is an
idiosyncratic shock, uncorrelated with u and with x in the previous generation. We call
b the long-term intergenerational persistence in human capital.

We can use this simple model to illustrate what parameters we are estimating in a
situation where we allow for multiple (h) proxies for x and where we recognize that
individuals can be grouped into dynasties (d). We can then write the model as:

Yhjdar = PnXjar + Unjar (4)
Xjae = bXjae—1 + €jar ()
By adding the coefficient p;,, in the proxy equation (4), we allow each y to vary in their
scale and in how well they proxy for x. For illustrative purposes, let us normalize and
set p, = 1, so that the measurement errors in (4) are classical. In the estimations, we
will set p; = 1, but allow for p,~; # 1, where h = 1 is the proxy relative to which we
interpret b.

A regression of yjg. on y;q,_4 (i.e., model (1)), for any of the h proxies, then gives:

. oA COU(det’det—l)
lim = =bO,<b
plimpBoLs var (Vige_1) h =

var(Xjat)

where 6, = T

assuming that the variances are constant across t’s. This is the

standard formula for measurement error bias.*® By instead taking averages of y over h in
this regression, we have that the variance of the average of y (across h’s) approaches the

var(x;
(]dt)) S0

i i 77, < . =
variance of x (since var(u]dt) var (uyjq¢) Where we note that now 6 varGna)”

that & — 1 and f,.5 — b, where S, from the estimation of equation (1) in the paper.

% Note that if we allow for p, # 1, we get that plimB,,.s = p,2b6,, which can be greater than b, unless p;, < 1.
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Clark (2014) argues that by taking group averages (they use surnames) one can
eliminate the importance of generation-specific effects because the average of uy 4, for

a given h, will then approach zero and hence, 6 — 1. However, as pointed out by Chetty
et al. (2014: Online Appendix, p. 9), using averages over any group will estimate the
intergenerational persistence between groups, which is a different parameter than the
intergenerational persistence between families.

In this paper, we average over individuals in the dynasty, a group which, by
definition, only includes individuals in the immediate and extended family (instead of
using proxies such as surnames or other groupings that are less relevant for our
purpose). We also utilize three different outcomes: educational attainments, earnings
and an index of social stratification.

Just like in equation (2), we now extend this model by allowing for individuals in
generation t-1, other than the parent, to influence the human capital of the child. This
gives a modified equation (5) as

Xjar = b'Xjar—1 + CXqt_1 + €y, (6)
which is a hybrid of the model of transmission of ethnic capital between generations in
Borjas (1992), adapted to dynastic capital, and the modeling framework in Clark (2014).
Taking averages over individuals within dynasties, we can rewrite (4) and (6) as:

Yhat = PnXat + Unat (7)

Xae = (b + C)Xge—1 + €4y (8)

A regression of y;; on y4:_4 (i.e., equation (3)) for any of the h’s (again normalizing
pr, to one) then gives:

. cov(Var, Yar-1)
limPors = =0'+c)o'<b +
plimygrs var(Vaey) ( 0)f' < c

where 6 = % assuming that all variances are constant across time.
dt

By taking averages of y over h in this regression, we once more have that 8’ — 1 and
that . = b’ + c. Note that for small d, 8’ < 1 is likely but that we expect 6 < 6’

since we already averaged across dynastic members.
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Appendix 2

Figures and tables

We illustrate the relationship in columns 1 and 2 of Panel A of Table 3 in Figure Al a
and Figure Al b. The figures plot the child’s years of schooling against years of
schooling for the parents (1a) and the dynasty (1b). Each figure shows a local linear
kernel regression fit, a linear regression fit, and a kernel density for the parental/dynasty
variable. These figures show the bivariate relation after controlling for the child’s cohort
dummies and second-order polynomials in birth years for each included category of
relative (same as in the regressions). In these plots, the variables are residuals from
regressions of the original outcome variables on the relevant controls. Hence, the y-axis
shows the child’s years of schooling and the x-axis shows parental/dynasty years of
schooling residualized with zero mean. The x-axis also shows the 5" and the 95"

percentile of the observations.

Figure Al a. The relation between the child’s and parents’ years of schooling
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Intergenerational regression

Notes: The horizontal axis shows parents’ schooling after regressing out child’s birth cohort dummies and a second
order polynomial in parents’ birth year, and the vertical axis shows child’s years of schooling for those aged at least
30, and predicted years of schooling based on 9th grade GPA and high school track for those aged below 30. The 5th
and 95th percentiles of residualized parental schooling are labeled as “p5” and “p95” on the horizontal axis. Lines
show fitted values from bivariate OLS and kernel regressions, with a kernel density estimate of the distribution of
parental schooling.
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Figure Al b. The relation between the child’s and the dynasties’ years of schooling
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Notes: The horizontal axis shows average dynasty schooling after regressing out child’s birth cohort dummies and a
second order polynomial in average dynasty birth year, and the vertical axis shows child’s years of schooling for
those aged at least 30, and predicted years of schooling based on 9th grade GPA and high school track for those aged
below 30. The 5th and 95th percentiles of residualized dynasty schooling are labeled as “p5” and “p95” on the
horizontal axis. Lines show fitted values from bivariate OLS and kernel regressions, with a kernel density estimate of
the distribution of dynasty schooling.

The slope of the dotted lines corresponds to the parameter estimates reported in the first
and second columns of Panel A of Table 3. We see that a local linear kernel regression
fit is non-linear at the tails of the distributions in both figures but linear between the 5™

and 95" percentile. Hence, linearity appears to be a good approximation.
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Table Al. Results from OLS regressions of the child’s predicted years of schooling on
dynasty schooling. Successively expanding dynasties

) @ 3 4 ®) (6)
Panel A: Schooling

Dynasty 341 .359 426 449 .459 455

(.001) (.001) (.002) (.002) (.002) (.002)

Parents .225 224 .218 222 221 224

(.001) (.001) (.001) (.001) (.001) (.001)

Dynasty excl parents .103 122 172 .181 .189 .186

(.001) (.001) (.002) (.002) (.002) (.002)

Panel B: Income

Dynasty .930 1.051 1.265 1.383 1.474 1.524

(.005) (.005) (.006) (.007) (.008) (.008)

Parents .582 577 .568 571 .568 .570

(.004) (.004) (.004) (.004) (.004) (.004)

Dynast excl parents .306 .398 .568 .645 .723 .760

(.004) (.005) (.007) (.008) (.008) (.009)

Panel C: Social status

Dynasty .050 .057 .067 .072 .075 .076

(.000) (.000) (.000) (.000) (.000) (.000)

Parents .032 .031 .031 .031 .031 .031

(.000) (.000) (.000) (.000) (.000) (.000)

Dynasty excl parents .016 .023 .031 .034 .037 .038

(.000) (.000) (.000) (.000) (.000) (.000)

Panel D: Schooling, income, and social status

Dynasty 426 441 .513 .538 547 541

(.001) (.001) (.002) (.002) (.002) (.002)

Parents .300 .300 .294 .298 .299 .302

(.001) (.001) (.001) (.001) (.001) (.001)

Dynasty excl parents .107 121 167 174 179 174

(.001) (.002) (.002) (.002) (.002) (.002)

Parents’ siblings Yes Yes Yes Yes Yes Yes

Spouses of aunts/uncles No Yes Yes Yes Yes Yes

Parents’ cousins No No Yes Yes Yes Yes

Spouses’ of parents’ cousins No No No Yes Yes Yes

Siblings of spouses of No No No No Yes Yes
aunts/uncles

Spouses of siblings of spouses of No No No No No Yes
aunts/uncles

N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Parental variables are averages
across parents, while dynasty variables are averages over the indicated types of relatives. Dynasty includes parents,
while Dynasty excl parents excludes them. All regressions include linear and quadratic controls for average years of
birth for each included type of relative. Robust standard errors in parentheses.
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Table A2a. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasty. Income

@ 2 3 (G) ®) ©6)

Parents .643 .582 .569 .561 .559 .555
(.003) (.004) (.004) (.004) (.004) (.004)

Parents’ siblings .306 277 .267 .265 .256
(.004) (.004) (.004) (.004) (.004)

Spouses of aunts/uncles .143 .138 .136 121
(.004) (.004) (.004) (.004)

Parents’ cousins .164 .144 141
(.005) (.005) (.005)

Spouses of parents’ cousins .091 .088
(.005) (.005)

Siblings of spouses of 119
aunts/uncles (.005)
Sum of estimates .643 .887 .989 1.131 1.195 1.280
(.003) (.005) (.006) (.007) (.008) (.008)

R? .100 .107 .109 111 111 113
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. The explanatory variables are
average lifetime incomes for each type of relatives. The lower panel shows sums of coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard
errors in parentheses.

Table A2b. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasties. Occupational status

@ @ ©) 4 ®) (6)

Parents .036 .032 .031 .030 .030 .030
(.000) (.000) (.000) (.000) (.000) (.000)

Parents’ siblings .016 .015 .014 .014 .013
(.000) (.000) (.000) (.000) (.000)

Spouses of aunts/uncles .010 .010 .010 .009
(.000) (.000) (.000) (.000)

Parents’ cousins .007 .006 .006
(.000) (.000) (.000)

Spouses of parents’ cousins .004 .004
(.000) (.000)

Siblings of spouses of .005
aunts/uncles (.000)
Sum of estimates .036 .049 .056 .061 .064 .067
(.000) (.000) (.000) (.000) (.000) (.000)

R® .108 117 121 122 .123 124
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
social stratification measures for each type of relatives. The lower panel shows sums of coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard
errors in parentheses.
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Table A3. Results from OLS regressions of the child’s predicted years of schooling on
different outcomes for all relatives

(€] @ (3 “4) ®)

Schooling Income Occupation Schooling and Schooling,

income  income, and

occupation

Parents .206 .513 .027 .261 .282
(.001) (.004) (.000) (.001) (.001)

Grandparents .014 .200 .010 .015 .012
(.001) (.005) (.000) (.001) (.002)

Great grandparents -.011 .004 -.000 -.014 -.022
(.002) (.003) (.000) (.003) (.005)

Parents’ siblings .077 214 .011 .082 .082
(.001) (.004) (.000) (.002) (.002)

Spouses of aunts/uncles .025 .105 .007 .023 .025
(.001) (.004) (.000) (.001) (.002)

Parents’ cousins .042 .092 .003 .039 .039
(.002) (.005) (.000) (.002) (.002)

Spouses of parents’ .006 .065 .002 .005 .005
cousins (.002) (.005) (.000) (.002) (.002)
Siblings of spouses of .019 101 .004 .017 .014
aunts/uncles (.001) (.005) (.000) (.001) (.002)
Parents’ aunts/uncles .003 .085 .004 .005 .005
(.001) (.005) (.000) (.001) (.001)

Sum of coefficients .381 1.377 .069 433 441
(.003) (.009) (.000) (.003) (.005)

R? 161 122 132 181 185
N 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
outcomes for each type of relatives. Columns 4 and 5 show Lubotsky & Wittenberg-type weighted sums, normalized
to be comparable to the schooling coefficients. The lower panel shows sums of coefficients. All regressions include
linear and quadratic controls for average years of birth for each included type of relative. Robust standard errors in
parentheses.
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Table Ada. Results from OLS regressions of the child’s predicted years of schooling on
ancestors’ income

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

Parents .643 .587 .581 .573
(.003) (.003) (.003) (.003)

Grandparents 461 .288 .285 .265
(.004) (.005) (.005) (.005)

Great grandparents .052 .016 .009
(.003) (.003) (.003)

Parents’ aunts/uncles 132
(.004)

Sum of coefficients .643 461 .875 .052 .881 979
(.003) (.004) (.005) (.003) (.006) (.006)

R? .100 .068 .109 .049 11 113
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
average lifetime incomes for each type of relatives. The lower panel shows sums of coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard
errors in parentheses.

Table A4b. Results from OLS regressions of the child’s predicted years of schooling on
ancestors’ occupational status

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

Parents .036 .031 .031 .030
(.000) (.000) (.000) (.000)

Grandparents .030 .017 .017 .015
(.000) (.000) (.000) (.000)

Great grandparents .008 .001 .000
(.000) (.000) (.000)

Parents’ aunts/uncles .007
(.000)

Sum of coefficients .036 .030 .049 .008 .049 .053
(.000) (.000) (.000) (.000) (.000) (.000)

R? .108 079 120 .050 121 123
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Explanatory variables are average
social stratification measures for each type of relatives. The lower panel shows sums of coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard
errors in parentheses.
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Table A5a. Results from OLS regressions of the child’s predicted years of schooling on
outcomes for ancestors. First three generations

(1) (2) (3)
Panel A: Schooling
Parents .307 .301
(.001) (.001)
Grandparents .267 .052
(.003) (.003)
Sum of estimates .307 .267 .353
(.001) (.003) (.003)
R® 121 .029 124
Panel B: Schooling and income
Parents .354 .349
(.001) (.001)
Grandparents .273 .046
(.003) (.003)
Sum of estimates .354 .273 .394
(.001) (.003) (.003)
R® 127 .029 130
Panel C: Schooling, income, and social stratification
Parents .395 .389
(.001) (.002)
Grandparents .294 .031
(.004) (.003)
Sum of estimates .395 .294 420
(.001) (.004) (.003)
R® 135 .031 137
N 677,987 677,987 677,987

Note: Regressions of third generation (the parental generation in out main specifications) years of schooling on
average years of schooling, average lifetime incomes, and average social stratification measures for the second and
first generations. Panels B and C show Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to
the schooling coefficients. All regressions include linear and quadratic controls for average years of birth for each
included type of relative. Robust standard errors in parentheses.
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Table A5b. Results from OLS regressions of the child’s predicted years of schooling on
outcomes for ancestors. First two generations

(2) (2 (3)

Schooling 452 426 .339
(.004) (.004) (.004)

Income .249 .199
(.007) (.007)

Occupation .031
(.001)

Parents 452 481 .540
(.004) (.004) (.004)

R? .065 .069 .082
N 288,691 288,691 288,691

Note: Regressions of second generation (the grandparental generation in out main specifications) years of schooling
on average years of schooling, average lifetime incomes, and average social stratification measures for the first
generations. Panels B and C show Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to the
schooling coefficients. All regressions include linear and quadratic controls for average years of birth for each
included type of relative. Robust standard errors in parentheses.
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Table A6a. Results from OLS regressions of the child’s GPA on three different
measures of parental and dynastic human capital: Years of Schooling, income and
occupational status index

1) (2 (©) 4
Panel A: Years of schooling
Parents’ schooling 5.918 4.895
(.019) (.021)
Dynasty schooling 10.522
(.036)
Dynasty schooling, excl parents 8.583 4563
(.038) (.041)
R? .150 .138 .100 .167
Panel B: Income
Parents’ income 14.612 12.880
(.071) (.073)
Dynasty income 33.660
(.160)
Dynasty income, excl parents 24.209 16.670
(.166) (.166)
R? .095 .093 .062 111
Panel C: Occupational status
Parents’ occupation 797 677
(.003) (.004)
Dynasty occupation 1.681
(.007)
Dynasty occupation, excl parents 1.283 .842
(.008) (.008)
R? .102 .101 .071 119
N 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The parental variables are averages across parents, while
dynasty variables are averages over parents, uncles and aunts, spouses of aunts/uncles, and parents’ cousins. All
regressions include linear and quadratic controls for average years of birth for each included type of relative. Robust
standard errors in parentheses.
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Table A6b. Results from OLS regressions of the child’s GPA on three different

measures of parental and dynastic human capital: Years of Schooling and income

@ &) 3 (G)
Parents’ schooling 5.095 4.246
(.020) (.022)
Parents’ income 9.914 8.890
(.069) (.070)
Dynasty schooling 8.658
(.041)
Dynasty income 17.472
(.174)
Dynasty schooling, excl parents 7.467 3.512
(.042) (.044)
Dynasty income, excl parents 1.832 5.594
(.179) (.171)
Parents 7.234 6.163
(.022) (.023)
Dynasty 11.814
(.038)
Dynastic excl par 9.227 4.421
(.039) (.042)
R? 179 151 .105 .193
N 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The parental variables are averages across parents, while
dynasty variables are averages over parents, uncles and aunts, spouses of aunts/uncles, and parents’ cousins. The
lower panel shows Lubotsky & Wittenberg-type weighted sums of the coefficients in the upper panel, normalized to
be comparable to the schooling coefficients. All regressions include linear and quadratic controls for average years of

birth for each included type of relative. Robust standard errors in parentheses.
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Table A6c. Results from OLS regressions of the child’s GPA on three different
measures of parental and dynastic human capital: Years of Schooling, income and
occupational status index

1) ) 3 4
Parents’ schooling 4.375 3.708
(.023) (.024)
Parents’ income 9.057 8.240
(.070) (.070)
Parents’ occupation .269 .219
(.004) (.004)
Dynasty schooling 7.534
(.052)
Dynasty income 16.397
(.176)
Dynasty occupation .359
(.010)
Dynasty schooling, excl parents 6.630 3.049
(.052) (.051)
Dynasty income, excl parents 10.060 5.211
(.180) (.173)
Dynasty occupation, excl parents .278 .071
(.010) (.009)
Parents 7.544 6.476
(.021) (.024)
Dynasty 12.025
(.038)
Dynastic excl par 9.404 4.187
(.040) (.043)
R 184 153 .106 197
N 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The parental variables are averages across parents, while
dynasty variables are averages over parents, uncles and aunts, spouses of aunts/uncles, and parents’ cousins. The
lower panel shows Lubotsky & Wittenberg-type weighted sums of the coefficients in the upper panel, normalized to
be comparable to the schooling coefficients. All regressions include linear and quadratic controls for average years of
birth for each included type of relative. Robust standard errors in parentheses.
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Table A6d. Results from OLS regressions of the child’s GPA on extended family
income

@ 2 3 (G) ®) ©6)

Parents 14.612 13.164 12.897 12.699 12.646 12.552
(.071) (.073) (.073) (.073) (.073) (.073)

Parents’ siblings 7.155 6.519 6.282 6.234 6.041
(.087) (.089) (.089) (.089) (.089)

Spouses of aunts/uncles 3.143 3.038 2.995 2.631
(.088) (.088) (.088) (.089)

Parents’ cousins 3.850 3.364 3.299
(.096) (.099) (.099)

Spouses of parents’ cousins 2.109 2.047
(.101) (.101)

Siblings of spouses of 2.715
aunts/uncles (.096)
Sum of estimates 14.612 20.319 22.559 25.869 27.348 29.284
(.072) (.097) (.114) (.139) (.155) (.168)

R? .095 .106 .108 110 111 113
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The explanatory variables are average lifetime incomes
for each type of relatives. The lower panel shows sums of coefficients. All regressions include linear and quadratic
controls for average years of birth for each included type of relative. Robust standard errors in parentheses.

Table A6e. Results from OLS regressions of the child’s GPA on extended family
occupation status index

@ @ ©) 4 ®) (6)

Parents 797 .709 .676 .667 .662 .656
(.003) (.004) (.004) (.004) (.004) (.004)

Parents’ siblings .368 331 321 .316 .303
(.004) (.004) (.004) (.004) (.004)

Spouses of aunts/uncles 227 222 .218 .199
(.004) (.004) (.004) (.004)

Parents’ cousins .149 137 134
(.005) (.005) (.005)

Spouses of parents’ cousins .104 .102
(.004) (.004)

Siblings of spouses of .109
aunts/uncles (.005)
Sum of estimates 797 1.077 1.234 1.358 1.438 1.503
(.003) (.005) (.005) (.006) (.007) (.008)

R® .102 113 .118 .120 .120 A21
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The explanatory variables are average social stratification
measures for each type of relatives. The lower panel shows sums of coefficients. All regressions include linear and
quadratic controls for average years of birth for each included type of relative. Robust standard errors in parentheses.
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Table A6f. Results from OLS regressions of the child’s GPA on successively additional

components of the dynasties. Schooling, income and social stratification

@) &) 3 4 ®) (6)
Panel A: Schooling

Parents 5.918 5.016 4.898 4.751 4.740 4.716
(.019) (.021) (.022) (.022) (.022) (.022)
Parents’ siblings 2.410 2.093 1.933 1.922 1.852
(.025) (.028) (.028) (.028) (.028)
Spouses of aunts/uncles .897 .831 .824 .664
(.025) (.025) (.025) (.026)
Parents’ cousins 1.428 1.223 1.208
(.029) (.033) (.033)
Spouses of parents’ cousins .394 .385
(.031) (.031)
Siblings of spouses of .523
aunts/uncles (.027)
Sum of estimates 5.918 7.426 7.888 8.943 9.102 9.348
(.019) (.024) (.027) (.034) (.036) (.038)
R? .150 .163 .166 .169 .169 .170

Panel B: Schooling and income
Parents 7.234 6.242 6.130 5.979 5.969 5.946
(.021) (.023) (.023) (.024) (.024) (.024)
Parents’ siblings 2.517 2.230 2.071 2.061 2.002
(.027) (.029) (.030) (.030) (.030)
Spouses of aunts/uncles .784 .725 .719 .576
(.026) (.026) (.026) (.028)
Parents’ cousins 1.344 1.159 1.146
(.029) (.034) (.034)
Spouses of parents’ cousins .348 .340
(.032) (.032)
Siblings of spouses of 452
aunts/uncles (.028)
Sum of estimates 7.234 8.759 9.144 10.120 10.256 10.461
.021 .025 .028 .034 .037 .039
R 179 190 192 195 195 196
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1) ) 3 (4) ®) (6)

Panel C: Schooling, income, and social stratification

Parents 7.544 6.535 6.425 6.276 6.265 6.248
(.022) (.024) (.024) (.024) (.024) (.024)

Parents’ siblings 2.453 2.153 2.002 1.992 1.942
(.027) (.030) (.030) (.030) (.030)

Spouses of aunts/uncles .768 712 .705 .584
(.027) (.027) (.027) (.029)

Parents’ cousins 1.280 1.111 1.100
(.029) (.034) (.034)

Spouses of parents’ cousins .315 .309
(.033) (.033)

Siblings of spouses of .363
aunts/uncles (.029)
Sum of estimates 7.544 8.987 9.346 10.270 10.389 10.547
(.021) (.026) (.028) (.035) (.037) (.040)

R 184 195 197 199 .200 .200
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. The explanatory variables are average years of schooling,
average lifetime incomes, and average social stratification measures for each type of relatives. All regressions include
linear and quadratic controls for average years of birth for each included type of relative. Robust standard errors in
parentheses.
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Table A6g. Results from OLS regressions of the child’s GPA on ancestor outcomes

1) (2) (3) 4 (5) (6)
Panel A: Schooling
Parents 5.918 5.326 5.268 5.206
(.019) (.021) (.021) (.021)
Grandparents 3.419 1.257 1.213 1.046
(.020) (.021) (.022) (.023)
Great grandparents 2.421 .196 -.064
(.044) (.043) (.044)
Parents’ aunts/uncles .546
(.020)
Sum of estimates 5.918 3.419 6.583 2.421 6.677 6.733
(.019) (.020) (.023) (.044) (.043) (.043)
R? .150 .077 .159 .036 161 .162
Panel B: Schooling and income
Parents 7.234 6.629 6.566 6.500
(.021) (.023) (.023) (.023)
Grandparents 3.828 1.216 1.183 1.013
(.022) (.022) (.023) (.024)
Great grandparents 2.583 .136 -.131
(.047) (.045) (.046)
Parents’ aunts/uncles .562
(.021)
Sum of estimates 7.234 3.828 7.846 2.583 7.886 7.945
(.022) (.022) (.024) (.047) (.046) (.046)
R? 179 .081 .186 .037 .188 .189
Panel C: Schooling, income, and social stratification
Parents 7.544 6.927 6.864 6.803
(.0212) (.024) (.024) (.024)
Grandparents 4.242 1.190 1.155 .982
(.022) (.024) (.025) (.026)
Great grandparents 3.736 .092 -.256
(.067) (.064) (.066)
Parents’ aunts/uncles .556
(.022)
Sum of estimates 7.544 4.242 8.116 3.736 8.111 8.085
(.021) (.022) (.025) (.067) (.063) (.063)
R? 184 .086 191 .038 193 194
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. Explanatory variables are average years of schooling,
average lifetime incomes, and average social stratification measures for each type of relatives. Panels B and C show
Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to the schooling coefficients. All
regressions include linear and quadratic controls for average years of birth for each included type of relative. Robust
standard errors in parentheses.
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Table A6h. Results from OLS regressions of the child’s GPA on ancestors’ income

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

Parents 14.612 13.353 13.176 13.007
(.071) (.072) (.072) (.072)

Grandparents 10.102 6.215 6.123 5.670
(.090) (.090) (.090) (.091)

Great grandparents 1.090 .280 .128
(.063) (.060) (.060)

Parents’ aunts/uncles 3.054
(.085)

Sum of estimates 14.612 10.102 19.568 1.090 19.579 21.859
(.071) (.090) (.101) (.063) (.113) (.129)

R* .095 .055 .109 .032 112 114
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. Explanatory variables are average lifetime incomes for
each type of relatives. The lower panel shows sums of coefficients. All regressions include linear and quadratic

controls for average years of birth for each included type of relative. Robust standard errors in parentheses.

Table A6i. Results from OLS regressions of the child’s GPA on ancestor occupational

status
1) (2) (3) 4) (5) (6)
Parents 797 .678 .670 .658
(.003) (.004) (.004) (.004)
Grandparents .687 414 .396 .358
(.004) (.005) (.005) (.005)
Great grandparents .196 .042 .018
(.005) (.004) (.004)
Parents’ aunts/uncles .156
(.004)
Sum of estimates 797 .687 1.092 .196 1.108 1.190
(.003) (.004) (.005) (.005) (.006) (.006)
R? 102 071 119 .034 123 125
N 647,250 647,250 647,250 647,250 647,250 647,250

Note: The dependent variable is the child’s 9th grade GPA. Explanatory variables are average social stratification
measures for each type of relatives. The lower panel shows sums of coefficients. All regressions include linear and
quadratic controls for average years of birth for each included type of relative. Robust standard errors in parentheses.
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Table A7. Results from OLS regressions of the child’s predicted years of schooling on
parental and dynastic years of schooling, with regional fixed effects

@ 2 3 (G)
Panel A: Baseline
Parents’ schooling .264 .222
(.001) (.001)
Dynasty schooling 461
(.002)
Dynasty schooling, excl parents .373 .190
(.002) (.002)
R? .145 131 101 .156
Panel B: Municipality fixed effects
Parents’ schooling .263 .223
(.002) (.002)
Dynasty schooling 461
(.004)
Dynasty schooling, excl parents .366 191
(.004) (.004)
R? .148 134 .104 .160
Panel C: Parish fixed effects
Parents’ schooling .259 221
(.002) (.002)
Dynasty schooling .450
(.003)
Dynasty schooling, excl parents .352 .186
(.003) (.003)
R? .154 .140 112 .165
N 643,555 643,555 643,555 643,555

Note: The dependent variable is the child’s years of schooling for those aged at least 30, and predicted years of
schooling based on 9th grade GPA and high school track for those aged below 30. Parental years of schooling are
averages across parents, while dynasty years of schooling are averages over parents, parents’ siblings, spouses of
aunts/uncles, parents’ cousins, spouses of parents’ cousins, and siblings of spouses of aunts/uncles. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Panel B includes
284 municipality fixed effects, and panel C includes 2,582 parish fixed effects. Robust standard errors in parentheses.
Panels B and C show cluster-robust standard errors at the level of the fixed effects.
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Table A8a. Results from OLS regressions of the child’s predicted years of schooling on
parent and dynasty schooling, income and the social stratification index for
occupational status. Children aged 30 and older

1) (2 (©) 4
Panel A: Years of schooling
Parents’ schooling .345 .305
(.006) (.007)
Dynasty schooling .610
(.013)
Dynasty schooling, excl parents 443 .253
(.013) (.013)
R? .087 .073 .048 .098
Panel B: Income
Parents’ income .781 712
(.021) (.021)
Dynasty income 1.764
(.048)
Dynasty income, excl parents 1.164 .835
(.049) (.049)
R? .053 .049 .032 .061
Panel C: Occupational status
Parents’ occupation .045 .041
(.001) (.001)
Dynasty occupation .090
(.002)
Dynasty occupation, excl parents .061 .039
(.002) (.002)
R? .056 .050 .033 .064
N 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling. The sample is restricted to children aged 30 and older.
Parental variables are averages across parents, while dynasty variables are averages over parents, uncles and aunts,
spouses of aunts/uncles, and parents’ cousins. All regressions include linear and quadratic controls for average years
of birth for each included type of relative. Robust standard errors in parentheses.
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Table A8b. Results from OLS regressions of the child’s predicted years of schooling on
parent and dynasty schooling and income. Children aged 30 and older

@ 2 3 (G)
Parents’ schooling .306 272
(.006) (.007)
Parents’ income 574 527
(.020) (.020)
Dynasty schooling .508
(.014)
Dynasty income .991
(.052)
Dynasty schooling, excl parents .384 .198
(.014) (.014)
Dynasty income, excl parents .565 .331
(.053) (.051)
Parents 442 .397
(.007) (.007)
Dynasty .715
(.014)
Dynastic excl par 492 .262
(.013) (.014)
R? .105 .082 .050 116
N 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling. The sample is restricted to children aged 30 and older.
Parental variables are averages across parents, while dynasty variables are averages over parents, uncles and aunts,
spouses of aunts/uncles, and parents’ cousins. The lower panel shows Lubotsky & Wittenberg-type weighted sums of
the coefficients in the upper panel, normalized to be comparable to the schooling coefficients. All regressions include
linear and quadratic controls for average years of birth for each included type of relative. Robust standard errors in
parentheses.
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Table A8c. Results from OLS regressions of the child’s predicted years of schooling on
parent and dynasty schooling, income and the social stratification index for

occupational status. Children aged 30 and older

1) ) ®3) 4
Parents’ schooling .267 .242
(.007) (.007)
Parents’ income .523 486
(.021) (.021)
Parents’ occupation .016 .014
(.001) (.001)
Dynasty schooling .459
(.017)
Dynasty income .958
(.052)
Dynasty occupation .014
(.003)
Dynasty schooling, excl parents .354 .188
(.016) (.016)
Dynasty income, excl parents .551 .333
(.053) (.052)
Dynasty occupation, excl parents .008 -.004
(.003) (.003)
Parents 466 423
(.007) (.008)
Dynasty 719
(.014)
Dynastic excl par 491 .236
(.014) (.014)
R .109 .081 .049 118
N 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling. The sample is restricted to children aged 30 and older.
The parental variables are averages across parents, while dynasty variables are averages over parents, uncles and
aunts, spouses of aunts/uncles, and parents’ cousins. The lower panel shows Lubotsky & Wittenberg-type weighted
sums of the coefficients in the upper panel, normalized to be comparable to the schooling coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard

errors in parentheses.
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Table A8d. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasties. Income. Children aged 30 and
older

1) (2 3 4 ©) (6)

Parents .781 .708 .698 .692 .691 .687
(.021) (.021) (.021) (.021) (.021) (.021)

Parents’ siblings 433 .396 .385 .383 .375
(.027) (.027) (.027) (.027) (.027)

Spouses of aunts/uncles 173 .168 .167 152
(.028) (.028) (.028) (.028)

Parents’ cousins 151 134 133
(.024) (.025) (.025)

Spouses of parents’ cousins .074 .071
(.026) (.026)

Siblings of spouses of .118
aunts/uncles (.031)
Sum of estimates .781 1.140 1.268 1.397 1.450 1.537
(.021) (.030) (.036) (.041) (.045) (.051)

R® .053 .060 .061 .062 .062 .063
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. The explanatory variables
are average lifetime incomes for each type of relatives. The lower panel shows sums of coefficients. All regressions
include linear and quadratic controls for average years of birth for each included type of relative. Robust standard
errors in parentheses.

Table A8e. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasties. Occupation status index.
Children aged 30 and older

1) (2 3 4 ©) (6)

Parents .045 .041 .040 .039 .039 .039
(.001) (.001) (.001) (.001) (.001) (.001)

Parents’ siblings .021 .018 .018 .018 .017
(.001) (.001) (.001) (.001) (.001)

Spouses of aunts/uncles .012 .012 .012 .011
(.001) (.001) (.001) (.001)

Parents’ cousins .007 .007 .007
(.001) (.001) (.001)

Spouses of parents’ cousins .002 .002
(.001) (.001)

Siblings of spouses of .002
aunts/uncles (.002)
Sum of estimates .045 .062 .070 .076 .078 .079
(.001) (.002) (.002) (.002) (.002) (.003)

R® .056 .062 .064 .065 .065 .066
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. The explanatory variables
are average social stratification measures for each type of relatives. The lower panel shows sums of coefficients. All
regressions include linear and quadratic controls for average years of birth for each included type of relative. Robust
standard errors in parentheses.
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Table A8f. Results from OLS regressions of the child’s predicted years of schooling on
successively additional components of the dynasties. Schooling, income and social
stratification. Children aged 30 and older

@) ) 3 4) ©) (6)
Panel A: Schooling

Parents .345 .303 .297 .292 .292 291
(.006) (.007) (.007) (.007) (.007) (.007)
Parents’ siblings .150 .139 132 132 .130
(.008) (.009) (.009) (.009) (.009)
Spouses of aunts/uncles .052 .050 .050 .048
(.008) (.008) (.008) (.008)
Parents’ cousins .072 .077 .076
(.008) (.009) (.009)
Spouses of parents’ cousins -.009 -.010
(.008) (.008)
Siblings of spouses of .009
aunts/uncles (.008)
Sum of estimates .345 .453 .488 .546 541 .546
(.006) (.008) (.009) (.0112) (.012) (.013)
R .087 .096 .099 101 101 101

Panel B: Schooling and income
Parents 442 .392 .386 .380 .380 .379
(.007) (.007) (.008) (.008) (.008) (.008)
Parents’ siblings .170 157 .149 .149 .148
(.009) (.010) (.010) (.010) (.010)
Spouses of aunts/uncles .049 .047 .048 .047
(.008) (.008) (.008) (.009)
Parents’ cousins .069 .074 .074
(.008) (.009) (.009)
Spouses of parents’ cousins -.007 -.008
(.009) (.009)
Siblings of spouses of .004
aunts/uncles (.009)
Sum of estimates 442 .562 .592 .646 .644 .645
.007 .009 .010 .012 .013 .014
R® 105 115 117 119 119 119
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Panel C: Schooling, income, and social stratification
Parents .466 414 409 403 404 403
(.007) (.008) (.008) (.008) (.008) (.008)
Parents’ siblings 161 .145 .138 .138 .138
(.009) (.010) (.010) (.010) (.010)
Spouses of aunts/uncles .047 .045 .046 .047
(.009) (.009) (.009) (.009)
Parents’ cousins .067 .072 .072
(.008) (.009) (.009)
Spouses of parents’ cousins -.008 -.008
(.009) (.009)
Siblings of spouses of -.005
aunts/uncles (.010)
Sum of estimates .466 .575 .601 .654 .651 .646
(.007) (.009) (.010) (.012) (.013) (.014)
R .109 118 120 122 122 122
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. The explanatory variables
are average years of schooling, average lifetime incomes, and average social stratification measures for each type of
relatives. All regressions include linear and quadratic controls for average years of birth for each included type of
relative. Robust standard errors in parentheses.
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Table A8g. Results from OLS regressions of the child’s predicted years of schooling on
outcomes for ancestors. Children aged 30 and older

1) (2) 3) (4) (5) (6)
Panel A: Schooling
Parents .345 .335 334 .332
(.006) (.006) (.006) (.006)
Grandparents .164 .045 .044 .040
(.008) (.008) (.008) (.008)
Great grandparents .085 .034 .027
(.020) (.019) (.019)
Parents’ aunts/uncles .017
(.005)
Sum of estimates .345 .164 .380 .085 412 415
(.006) (.008) (.009) (.020) (.020) (.020)
R? 150 .023 159 .005 161 .090
Panel B: Schooling and income
Parents 442 430 429 427
(.007) (.007) (.007) (.007)
Grandparents .209 .048 .047 .042
(.009) (.009) (.009) (.010)
Great grandparents .092 .034 .026
(.021) (.020) (.020)
Parents’ aunts/uncles .020
(.006)
Sum of estimates 442 .209 478 .092 .510 514
(.007) (.009) (.010) (.021) (.021) (.022)
R? .105 .026 .108 .005 .108 .109
Panel C: Schooling, income, and social stratification
Parents .466 .454 .453 .451
(.007) (.008) (.008) (.008)
Grandparents .251 .046 .046 .041
(.010) (.010) (.011) (.011)
Great grandparents .120 .019 .008
(.031) (.029) (.029)
Parents’ aunts/uncles .019
(.007)
Sum of estimates .466 .251 .500 .120 517 .518
(.007) (.010) (.011) (.031) (.030) (.030)
R? .109 .028 112 .005 112 113
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. Explanatory variables are
average years of schooling, average lifetime incomes, and average social stratification measures for each type of
relatives. Panels B and C show Lubotsky & Wittenberg-type weighted sums, normalized to be comparable to the
schooling coefficients. All regressions include linear and quadratic controls for average years of birth for each

included type of relative. Robust standard errors in parentheses.
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Table A8h. Results from OLS regressions of the child’s predicted years of schooling on
ancestors’ income. Children aged 30 and older

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

Parents .781 .750 747 741
(.021) (.021) (.021) (.021)

Grandparents .369 .201 .202 191
(.025) (.024) (.024) (.025)

Great grandparents .019 .005 -.000
(.019) (.018) (.018)

Parents’ aunts/uncles .095
(.021)

Sum of estimates .781 .369 951 .019 .953 1.028
(.0212) (.025) (.029) (.019) (.034) (.038)

R? .053 .018 .056 .005 .057 .057
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. Explanatory

variables are average lifetime incomes for each type of relatives. The lower panel shows sums of

coefficients. All regressions include linear and quadratic controls for average years of birth for each
included type of relative. Robust standard errors in parentheses.

Table A8i. Results from OLS regressions of the child’s predicted years of schooling on
ancestors’ occupational status index. Children aged 30 and older

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

Parents .045 .043 .042 .042
(.001) (.001) (.001) (.001)

Grandparents .028 .014 .014 .013
(.001) (.001) (.001) (.001)

Great grandparents .003 .000 -.000
(.002) (.001) (.001)

Parents’ aunts/uncles .004
(.001)

Sum of estimates .045 .028 .057 .003 .057 .060
(.001) (.001) (.002) (.002) (.002) (.002)

R? .056 .022 .060 .005 .061 .061
N 41,309 41,309 41,309 41,309 41,309 41,309

Note: The dependent variable is the child’s years of schooling for those aged at least 30. Explanatory variables are
average social stratification measures for each type of relatives. The lower panel shows sums of coefficients. All
regressions include linear and quadratic controls for average years of birth for each included type of relative. Robust

standard errors in parentheses.
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Table A9a. Results from OLS regressions of the child’s predicted years of schooling
ancestors’ years of schooling. Only complete dynasties

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

Parents .208 .183 .182 176
(.003) (.003) (.003) (.003)

Grandparents .104 .043 .039 .027
(.003) (.003) (.003) (.004)

Great grandparents 137 .029 .012
(.007) (.007) (.008)

Parents’ aunts/uncles .035
(.004)

Sum of estimates .208 .226 .250 .250
(.003) (.004) (.007) (.007)

R? 123 .082 132 .059 .133 .136
N 52,701 52,701 52,701 52,701 52,701 52,701

Note: The sample is restricted to only observations with non-missing schooling information for both parents, all four
grandparents, and all eight great grandparents. The dependent variable is the child’s years of schooling for those aged
at least 30, and predicted years of schooling based on 9th grade GPA and high school track for those aged below 30.
The explanatory variables are average years of schooling for each type of relatives. All regressions include linear and
quadratic controls for average years of birth for each included type of relative. Robust standard errors in parentheses.

Table A9b. Results from OLS regressions of the child’s predicted years of schooling on
horisonally extended family years of schooling. Only complete dynasties

1) @ ®) (4) ®) 6

Parents .208 176 172 .164 .164 .163
(.003) (.003) (.003) (.003) (.003) (.003)

Parents’ siblings .092 .080 .069 .069 .066
(.004) (.004) (.004) (.004) (.004)

Spouses of aunts/uncles .032 .027 .027 .021
(.004) (.004) (.004) (.004)

Parents’ cousins .087 .078 .077
(.005) (.007) (.007)

Spouses of parents’ cousins .017 .016
(.006) (.006)

Siblings of spouses of aunts/uncles .021
(.004)

Sum of coefficients .208 .268 .284 .348 .354 .364
(.003) (.004) (.004) (.006) (.006) (.006)

R® 123 .133 135 .140 .140 .140
N 52,701 52,701 52,701 52,701 52,701 52,701

Note: The sample is restricted to only observations with non-missing schooling information for both parents, all four
grandparents, and all eight great grandparents. The dependent variable is the child’s years of schooling for those aged
at least 30, and predicted years of schooling based on 9th grade GPA and high school track for those aged below 30.
The explanatory variables are average years of schooling for each type of relatives. All regressions include linear and
quadratic controls for average years of birth for each included type of relative. Robust standard errors in parentheses.
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