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Dynastic Human Capital, Inequality,
and Intergenerational Mobility†
By Adrian Adermon, Mikael Lindahl, and Mårten Palme*
We estimate long-run intergenerational persistence in human capital using information on outcomes for the extended family: the
dynasty. A dataset including the entire Swedish population, linking
four generations, allows us to identify parents’ siblings and cousins,
their spouses, and spouses’ siblings. Using various human capital
measures, we show that traditional parent-child estimates underestimate long-run intergenerational persistence by at least one-third.
By adding outcomes for more distant ancestors, we show that almost
all of the persistence is captured by the parental generation. Data
on adoptees show that at least one-third of long-term persistence is
attributed to environmental factors. (JEL I24, I26, J12, J24, J62)
The transmission of advantage across generations has far-reaching implications
for how we view current levels of inequality and the degree of equality of opportunity in a society. In recent years, research on intergenerational mobility has benefited
from availability of data spanning multiple generations, including either observable
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family links or links through surnames.1 Most studies based on such data suggest
that the traditional c hild-parent regression model underestimates the long-term persistence. There is, however, still no consensus on how the difference between the
two sets of results should be interpreted, implying very different views on what
level of social mobility, ranging from fairly high levels of mobility to almost perfect
persistence, that a society is facing.2
In this study, we propose a new estimator of l ong-run intergenerational persistence
utilizing information from extended family members. Our modeling framework
nests two alternative models. In the first, the latent variable c hild-parent model,3
persistence is measured in relation to the position of the parents and the information
obtained from the extended family members is merely used to solve a measurement
problem. The second model, the extended family model, allows for direct influences
from members of the extended family. A key finding of this paper is that a lower
bound of the l ong-run intergenerational persistence implied by both of these models
is estimated by the coefficient sum from a linear regression of the human capital
outcomes of the children on the human capital outcomes of the extended family
members. We also show that by cumulatively adding more and more extended family members, it is possible to obtain a progressively tighter lower bound estimate of
long-run intergenerational persistence.
We use Swedish administrative data enabling us to construct family trees spanning
four generations. We observe several individual human capital outcomes and measures
of social background in the data. GPA in the last year of compulsory schooling is used
to measure educational outcomes for up to 541,000 individuals in the child generation. Data from several administrative registers and censuses, including information
on educational attainment, labor earnings, and occupation, for the period 1968–2009
are used to construct outcomes for everyone in the parental generation. The fact that
the entire Swedish population is included in the data, and that we observe all intergenerational links up to great-grandparents, allows us to link dynasties in the parental
generation including parents’ siblings and cousins; siblings’ and cousins’ spouses; and
siblings of spouses of aunts and uncles.
Our results unambiguously suggest that long-run persistence in human capital is much stronger than what we get from the traditional c hild-parent regression
model used in most empirical studies on intergenerational mobility in human capital outcomes. By restricting the analysis to child-parent regressions, one misses
at least one-third of overall persistence. Using years of schooling as the outcome
for the extended family members in the parental generation, we estimate long-run
persistence to be 0.52. As a sensitivity analysis we show that these estimates are
unaffected by omitted group effects, such as those stemming from schools or neighborhoods. We also show evidence supporting the external validity of our findings, so

1
See, e.g., Chan and Boliver (2013), Lindahl et al. (2015), Braun and Stuhler (2018), and Long and Ferrie
(2018), which all use data where families have been linked through multiple generations, and, e.g., Clark (2014),
Clark and Cummins (2015), and Barone and Mocetti (2016), who use data where generations have been linked
through surnames.
2
Some are skeptical of the new findings, arguing that the influence of ancestors might be spurious (Solon 2018)
and that results based on surnames estimate a different parameter than the one obtained from traditional c hild-parent
regressions (Chetty et al. 2014, Solon 2018).
3
Used in the previous literature by Stuhler (2012), Clark (2014), and Braun and Stuhler (2018).
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that estimates from c hild-parent regressions on other datasets are expected to underestimate long-run persistence to the same extent as in our study.
This paper contains four extensions to the main analysis described above. First,
we combine information from three different measures for human capital outcomes
in the parental generation (years of schooling, lifetime family income, and an index
of occupational-based social stratification) using the proxy variable method proposed by Lubotsky and Wittenberg (2006).4 The results from this analysis suggest an even stronger intergenerational persistence in human capital than the one
obtained in the main analysis. Second, we show that estimates from an IV model,
using extended family members’ human capital outcomes as instrumental variables
for parents’ human capital outcomes, can be interpreted as an upper bound estimate
of long-run intergenerational persistence. For years of schooling, the resulting estimated bounds of long-run intergenerational persistence are 0.52 and 0.61, respectively, rising to 0.60 and 0.66 when we combine the three proxies of human capital.
Third, we estimate multigenerational models including outcomes for grandparents
as well as great-grandparents. From these estimates we conclude that most of the
persistence across generations is accounted for by the extended family in the parental
generation, and that a prediction model with only vertical ancestors underestimates
long-run intergenerational persistence. Fourth, we use outcomes from adopted children, rather than from those raised by their biological parents, to estimate extended
family regression models.
The main contribution of this paper is that it provides a framework for estimating long-run intergenerational persistence using direct measures based on observed
extended family relations. Several previous studies that have used surname groupings as indicators of social class (e.g., Clark 2014, Clark and Cummins 2015) have
found evidence of very strong intergenerational persistence.5 A limitation of this
approach is that families with the same surname, but that are otherwise unrelated,
can share factors determined outside the extended family, such as residential location or ethnicity, implying that the persistence across generations attributed to
family ties may be overestimated. A related critique applies to papers based on the
sibling correlation approach, since siblings typically share more than the social or
economic position of the family, such as schools and neighborhoods.6 Furthermore,
any idiosyncratic shock affecting one sibling will be captured by this measure if

4
Vosters and Nybom (2017) and Vosters (2018) apply this approach to estimate intergenerational income persistence using information on children and parents.
5
Olivetti and Paserman (2015) use a similar strategy but instead of surnames they use first names to create
pseudo links between fathers and sons and daughters. Güell, Rodríguez-Mora, and Telmer (2015) use the information contained in rare surnames, in combination with cross-sectional data, to estimate the intergenerational
persistence in educational attainment. Santavirta and Stuhler (2019) review name-based approaches to intergenerational mobility research and list 14 such studies either published in journals or as working papers over the period
2012–2018.
6
A major problem in this case is that exogenous school or neighborhood effects, not attributed to the family,
but shared by siblings, will bias the estimates of intergenerational family persistence upward. For this reason,
researchers have attempted to estimate the importance of the neighborhoods and the school, by using correlations
in outcomes between children in the same neighborhoods (see Solon 1999 and Solon, Page, and Duncan 2000). For
recent surveys of studies using the sibling correlation approach for economic outcomes, see Björklund and Salvanes
(2011) and Björklund and Jäntti (2012). In Collado, Ortuño-Ortín, and Stuhler (2019), the authors estimate intergenerational and sibling correlations using the same dataset and conclude that these two approaches estimate different underlying parameters.
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siblings influence each other directly.7 In contrast to these studies, our detailed data
on extended family links allow us to separate out the contribution of the family from
other determinants. This is further validated by the robustness of our results to using
an extended regression model controlling for neighborhood or s chool-by-year fixed
effects.
In addition to being related to previous studies on individual intergenerational
mobility, this paper is also akin to the literature repeatedly showing that group-level
effects is a key mechanism behind persistence in socioeconomic positions across
generations. Following the social capital theory (see Coleman 1988) and the strain
theory (see Merton 1938), there is abundant evidence of the importance of social
class. There is also a large empirical literature on the importance of race and ethnicity (Borjas 1992, Hertz 2008, Torche and Corvalan 2018). However, perhaps
surprisingly, there are to our knowledge no previous studies measuring the intergenerational transmission using outcomes for the overall extended family, the group
most closely connected to the parents’ s ocioeconomic position, and therefore most
closely related to the traditional parent-child measure of social mobility.8
Our rich data allow us to incorporate the approaches of several recent papers
attempting to estimate long-run intergenerational persistence into our analysis. Our
main source of variation is in the parental generation, which has the advantage of
including extended family members for whom it is possible to measure outcomes
at a similar point in time, and with better data quality than for more distant generations. However, we are also able to add the vertical dimension by adding the outcomes of ancestors (as in the recent multigenerational literature, e.g., Lindahl et al.
2015, Braun and Stuhler 2018, and Long and Ferrie 2018) as well as to add several
proxies for human capital (as in Vosters and Nybom 2017 and Vosters 2018).
The paper proceeds as follows. Section I presents and discusses the underlying
latent human capital models as well as the empirical specifications. Section II introduces the dataset, discusses construction of variables and presents descriptive statistics. Section III presents the main results, which are for estimates of long-run
intergenerational persistence of human capital, emanating from regression models
with years of schooling for extended family members included as explanatory variables. We also check the sensitivity of our results with respect to school and neighborhood effects, and discuss external validity of our findings. Section IV shows the
results from four extensions of the main analysis described above, i.e., models using
additional proxy variables for human capital; models for obtaining upper bound
estimates of long-run intergenerational persistence; multigenerational models; and
models for adoptees. Finally, Section V concludes.

7
Evidence of positive spillover effects in educational outcomes are found in Landersø, Nielsen, and Simonsen
(forthcoming) and Nicoletti and Rabe (2019).
8
Several previous studies have added outcomes for selected extended family members when estimating intergenerational associations (e.g., Warren and Hauser 1997, Jæger 2012, Hällsten 2014). However, while they have
added outcomes for these relatives to a regression model they have not focused on combining the information to
produce a measure of long-run intergenerational persistence. The studies by Jæger (2012) and Hällsten (2014)
instead takes the extended family into account by estimating cousin-correlations in outcomes.
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I. Econometric Model

A. Latent Variable Models and Long-Run Intergenerational Persistence
The previous literature on intergenerational mobility emphasizes two reasons as
to why the traditional c hild-parent regression model might underestimate the true
level of persistence across generations. First, observed human capital offers a poor
measure of latent human capital. The underlying reasons could range from simple
measurement problems, to the educational attainment variable (even if measured
correctly) being a poor indicator of an individual’s latent human capital.9 Second,
it precludes influence from members of the extended family other than the parents.
Such influences can for instance go through direct monetary or nonmonetary investments (e.g., quality time spent with grandchildren or nieces/nephews) as well as
through passing on norms or acting as role models in a way that affects the human
capital of the child.10
The following linear model, which we label the Extended family model, accommodates both these points of criticism:11
(1)	
y  ∗c   = β0  + β1 y  ∗p + 
  β2 y  ∗sp  + 
  β3 y  ∗cp  +
  ⋯ + βK  y  ∗K  + 
  εc  ,
where y  ∗c  and y   ∗k  , k ∈ { p, sp, cp, …, K }, are latent variables for the human capital
outcome under study for the child (c) and each part of the dynasty in relation to the
child, such that p stands for parent, sp for sibling of parent, cp for cousin of parent,
etc., up to the Kth member of the dynasty.12 In principle, a model for external family
influences should also include ancestor generations other than the parental generation. For now, however, we focus on influences from extended family members in
the parental generation and discuss the multigenerational case in Section IVC. We
also assume that ε c is independent of the y  ∗k   variables.13
In this linear model, 
long-run intergenerational persistence can be conveniently obtained by the sum of the marginal effects from increasing y  ∗k  by one
unit for all K members of the extended family, conditional on the other K − 1

9
Aggregate measures of educational attainment hide large heterogeneities across educational fields, schools,
teachers, and curricula. Even for a given degree, class, and grade, different students are likely to acquire and retain
the material differentially. Another example would be individuals who leave higher education to pursue business
opportunities, even though their human capital is very high (an extreme example is Bill Gates dropping out of
college to c o-found Microsoft). This argument is related to the idea that a particular generational draw from the
stochastic outcome distribution can deviate substantially from the underlying, latent mean (see Clark 2014 for a
thorough discussion), where the latter then would be better represented by the educational attainment of another
member of the dynasty (as we discuss below) or by the alternative measures, such as income or occupation, of the
individual (as we discuss in Section IVA).
10
See Mare (2011), Jæger (2012), and Solon (2014) for discussions of such mechanisms.
11
Like the vast majority of the literature, we take a retrospective view on social mobility, where we are interested in the degree to which child outcomes are determined by family background. This perspective is generally
motivated by concerns about equality of opportunity. A small, recent literature in sociology has instead taken a
prospective view, aiming to describe how the advantages of a specific generation are transmitted forward to their
descendants (e.g., Mare and Maralani 2006, Song and Mare 2015, Lawrence and Breen 2016). Because we model
neither assortative mating nor fertility decisions, our approach is not informative about the prospective approach.
12
We omit subscripts for the individual on the latent and observed variables throughout the paper.
13
We discuss this assumption further in Section IIIA, when we gauge the importance of group effects, such as
ethnicity, school, and neighborhood effects.
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members, (i.e., as ∑
 Kk=1βk), as this can be used to calculate an individual’s expected
dependence on ancestors n generations back (i.e., as (  ∑Kk=1βk )  n  ).14
An interesting special case of (1) is the latent variable AR(1) human capital
model,
  εc  ,
(2)	
y  ∗c   = β0  + β y  ∗p + 
which is obtained from equation (1) by imposing the restriction β
 k  = 0 for
k ∈ {2, …, K }. This model has been used as an analytical framework in several
previous empirical studies focusing on estimating long-term persistence in human
capital (see, e.g., Stuhler 2012, Clark 2014, Clark and Cummins 2014, and Braun
and Stuhler 2018).15 The advantage that persists relative to the mean child from one
   n.
unit higher y   ∗k  , ngenerations ahead, is then simply defined as β
B. Empirical Models
In the empirical setting, the latent variables y   ∗c  and y  ∗k  are not observed. For each
  uq, q ∈ {c, k},
child and dynasty member k, we observe the variables yq  = y  ∗q + 
consisting of the latent variable and a stochastic component u q,which, in our basic
framework is ~ iid (0, σ  2q   ). This means we assume that the stochastic components uq
are uncorrelated across extended family members within and between generations,
as well as with the latent variables. We discuss a relaxation of the first part of this
assumption (σukuk′  = 0) below. Each y qis standardized to have mean zero and unity
standard deviation.
We can estimate different versions of the following model using observable data:
  yM
   + ec  ,
(3)	
yc  = b0  + b1 yp  + b2 ysp  + b3 ycp  + ⋯ + bM
where ycand y k, k ∈ { p, sp, cp, …,  M }, are the human capital outcomes that we
observe, and where we allow the number of observed proxies M to potentially differ
from the number of latent variables K included in equation (1). It is well known that
when at least some of the ykterms are imperfect proxies for the y  ∗k  terms, the OLS
estimates of the K parameters β
 1, β2, …, βK will be biased in unknown directions
(see Proposition 1 in the online Appendix). On the other hand, the focus in this paper
is not on particular elements of the βvector, but on long-run intergenerational persistence. As shown above, this parameter is the sum of β
 1, β2 , …, βK in the extended
family model (1), or β
 in the latent variable AR(1) model (2). The key question is,
 from equation (3) are infortherefore, to what extent the estimates of b1, b2, …, bM
mative about long-run persistence in the two models, respectively.
We propose ∑M
k=1 bkas an estimator of long-run intergenerational persistence
in human capital. Online Appendix Section A shows, analytically and through
simulations, some properties of this sum of coefficients estimator under various
14

This calculation assumes stationarity of the intergenerational mobility process.
This model was also the concern of earlier work estimating the intergenerational persistence parameter, where
the main focus was on correcting for measurement error bias: e.g., Solon (1992), Björklund and Jäntti (1997), and
Mazumder (2005).
15
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c onditions. First, the sum of the coefficient estimates for the M extended family
members from (3) always provides a lower bound of l ong-run intergenerational persistence (i.e., b1  + b2  + ⋯ + bM  ≤ β1  + β2 + ⋯ βK ), regardless of whether
the true model is (1) or (2), and for all M and K (see Proposition 2 in the online
Appendix).16 This is an important result, since K is unknown. Second, for a given
K, the downward bias in the sum of coefficients is always reduced by adding additional proxy variables, i.e., the bias is decreasing in M (see online Appendix Section
A.2, Proposition 3). Hence, estimating the long-run persistence from the sum
 will always decrease the bias as the number of included memof b1, b2, b3, …, bM
bers of the extended family grows. We can therefore exploit the advantage of our
data structure and include outcomes for as many extended family members as possible, without the risk of overstating the true level of long-run persistence.
If we allow measurement errors to be positively correlated, the sum of the coefficient estimates remains a lower bound estimate of long-run intergenerational
persistence (see online Appendix Section A.2, pp. 5 –6). Online Appendix Section
A also shows, through Monte Carlo simulations, that in most cases the bias is
decreasing in the number of added proxies, although the bias will decrease at a
slower rate than in the case with uncorrelated measurement errors (see online
Appendix Section A.2, p p. 6–10). Generally, since we expect the marginal contribution of each family member to decrease with the distance in the family relation,
i.e., β
 1  ≥ β2  ≥ ⋯ ≥ βK   ≥ 0and because we are more likely to observe those
with closer family relations, we expect the remaining bias to be quite small for the
number of M we are able to use in this study.17
To sum up, the two results summarized above imply that the estimates from
the regression model in equation (3) are informative about long-run intergenerational persistence whether or not the true model for intergenerational transmission of human capital is some version of the extended family model (1), or the
latent variable AR(1) model (2). This allows us to be agnostic about which of these
models best represents the true causal structure of intergenerational transmission.
Irrespectively of whether the extended family provides additional inputs to the outcome of the child, or if they act as proxies for the latent transmission from the
parents, the estimates from the extended family regression model (3) can be used
to reduce the downward bias in OLS estimates from child-parent regression models
used to estimate long-run intergenerational persistence.
16
A corollary of this proposition is that this result does not depend on the chosen categorization of extended
family members, i.e., whether they are divided into parents’ siblings, parents’ cousins, etc., or into smaller subgroup
categories. We use this natural categorization so that it is sufficient to have at least one relative in each of these
categories in order to be included in our sample. A finer categorization (e.g., separate categories for relatives on the
father’s and mother’s side) would result in fewer observations.
17
The R2 from an extended family regression provides an alternative estimate of long-run intergenerational
persistence. There are, however, two reasons to why we choose to focus on the coefficient sum from equation (3)
as our main measure of long-term intergenerational persistence. First, and most important, it has the economic
interpretation of measuring how human capital advantages in the parental generation are expected to transform
into the child generation. As such it connects very closely to the recent literature on estimating long-run intergenerational persistence parameters (e.g., see Nybom and Stuhler 2016; Braun and Stuhler 2018; Long and Ferrie
2018; and Collado, Ortuño-Ortín, and Stuhler 2019), as well as the classical references such as Becker and Tomes
(1979, 1986), which define long-run intergenerational persistence with a latent variable model in mind. Second,
as shown in online Appendix Section A.3, the R2 from a regression model like the one in equation (3) has a larger
downward bias compared to the coefficient sum from the same regression. This implies that the coefficient sum is a
tighter lower bound of its population parameter compared to the R2.
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II. Data and Descriptive Statistics

A. Data and Key Variables
Our dataset is compiled from different Swedish registers and linked using the
individual identification number. The Swedish Multi-generation Register, which
covers the entire Swedish population, enables us to link biological (and adoptive)
parents to all children born 1932 or later, provided that the child and the parents have
been registered as living in Sweden at some point after January 1, 1961.18 For our
main analysis, we require (i) that we can identify cousins in the parental generation,
i.e., that we are able to identify families through four generations; and (ii) that we
are able to measure human capital outcomes in the parent and child generations.
We restrict the individuals in the child generation to be born after 1971, since
the 1972 birth cohort is the earliest birth cohort where the grade point average
(GPA), obtained at the end of compulsory school, normally at age 16, is available
in Swedish registry data. The variable is constructed from the national registers,
using grades in all compulsory subjects. The reason for using GPA as human capital
outcome for the child generation in our main analyses is to maximize the number of
observations available over four generations. To capture later education for the child
generation we also use years of schooling as an outcome variable, constructed using
information from national educational registers. The last year for which we observe
data on GPA and educational attainment is in 2009. Hence, the child generation
birth cohorts are 1972–1993 for GPA and 1972–1983 for years of schooling (to give
the individuals enough time to finish tertiary education). Because grandparents of
these child cohorts must be born 1932 at the earliest to be present in our data, the
years-of-schooling sample is less representative and much smaller.
We then link these children to their parents and other relatives using
pseudo-anonymized personal identification numbers. We construct vertical family
links up to great-grandparents, and are thus able to identify cousins in the parent
generation and second cousins in the child generation.19 Marriage and cohabiting
registers further extend horizontal links. This allows us to link dynasties up to siblings and cousins of parents, the siblings’ and cousins’ spouses, and the siblings of
the siblings’ spouses.
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 between 1970 and 1990. To be included in the dataset, we
therefore also require that at least one of each category of relatives (i.e., siblings of

18
For the n on-adopted children, we always use the biological ancestors of the child, regardless of whether these
are the parents who raise the children.
19
We are not the first to link four generations using the Swedish Multigenerational registry (see, e.g., Hällsten
2014 and Persson and Rossin-Slater 2018).
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p arents, cousins of parents, etc.) in the parental generation must have survived and
still be working in 1970.
In the main analysis we use years of schooling of the extended family members in
the parental generation as proxy variables for human capital. For each family member, years of schooling is constructed using information on the level of completed
education from the educational registers. In an extension of the analysis based on
using several proxy variables for human capital for each extended family member,
we use two additional outcomes: log income, and a social stratification index, based
on the so-called CAMSIS index (Lambert and Bihagen 2012) for occupation-based
social stratification (see Section IVA). Online Appendix Section B provides additional information regarding definitions and describes sources for all the variables.
The main independent variables are constructed by taking averages of non-missing
observations within each dynasty category of relatives.20 For example, if for one
child we observe years of schooling for three of their four aunts/uncles, the category “aunts/uncles” years of schooling variable will be the average of those three,
excluding the fourth.21 In the dataset used for the analyses we always standardize
these dynasty category averages to have mean 0 and standard deviation 1. Our final
analysis sample consists of 541,459 observations.
B. Descriptive Statistics
Online Appendix Table D.1 shows descriptive statistics for the dataset, focusing
on the sample where we use GPA as the child outcome.22 The first three columns
show averages of the number of years of schooling, average residualized log income,
and the social stratification index (from 0 to 100) by dynasty category. Note that this
table shows means and standard deviations for the original variables, whereas the
results tables below always show estimates using standardized variables. The fourth
column shows the average number of observations used for calculating the averages corresponding to each 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 mean and standard deviation for GPA for the child generation is shown in
the top row of online Appendix Table D.1, column 1. The original scores were percentile ranked by birth cohort, in order to take changes in the grading over time into
account. The correlation between GPA and years of schooling in the subsample
where both measures are available for the same individuals is 0.62.
The means and the standard deviations of years of schooling is similar within
generations, but differs a lot across generations. The reason is that the schooling systems have largely remained constant within, but not between, generations. Income

20
Crucially, we include family members of both genders. Using, e.g., only male relatives would bias our estimates toward zero if assortative mating is less than perfect.
21
We also require that each dynasty category in the parental generation has at least one non-missing observations for years of schooling, income, and occupation (but allow the n on-missing observations to come from different
individuals). The results are virtually identical without imposing this restriction, but it has the advantage that the
main results using the three different proxies can be compared for the same sample.
22
We show descriptive statistics for the dataset where we use years of schooling as the outcome variable for the
child generation in online Appendix Table D.2.
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and social stratification are already normalized within birth cohorts, and hence show
no trends across generations.
Summary statistics for all categories (except the children) are based on averages
over various numbers of individuals, with more observations used for more distant
dynasty categories. Hence, the standard deviations of these averaged variables will
be lower. This shows why it is important to standardize the averages calculated for
each dynasty category, if we want to make the estimates comparable.
Online Appendix Table D.3 shows correlations between the three main variables
Years of schooling, Log income, and the Social stratification index, for the different
dynasty categories in the parental generation. The highest correlation is observed
between Years of schooling and the Social stratification index, whereas the two
correlations with Log income are smaller. Although these three variables contain
common information, they certainly also capture different dimensions of human
capital since the correlations are quite modest, ranging between 0.2 and 0.5 (see the
diagonal blocks). As expected, the correlations decrease with the distance between
the parental dynasty categories, although the correlations between distant dynasty
categories are not negligible.23 For example, the correlations between parents’ outcomes and the outcomes of the most distant category, siblings of spouses of parents’
siblings (i.e., of the aunts and uncles), are still between 0.10 and 0.25.
III. Main Results

Table 1 shows the main results. All estimates shown in the table are obtained
using GPA in the final year of compulsory schooling as outcome variable. The first
part of panel A reports the results where we use OLS regression models and years of
schooling of the extended family members in the parental generation as independent
variables. The underlying regression models are various versions of equation (3).
Column 1 starts by showing the results for the traditional c hild-parent regression
model. Then, we sequentially add parents’ siblings, spouses of aunts/uncles, parents’ cousins, spouses of parents’ cousins, and siblings of spouses of aunts/uncles
to the specification. The explanatory variables, each representing the averages of
years of schooling for the individuals in the respective extended family category,
have been normalized to have standard deviations equal to one. We report the sum
of the coefficients in the second row from the bottom of panel A of Table 1.
The results show very precise estimates for all parts of the extended family. The
coefficient estimate from the bivariate regression model in column 1 is 0.36. Hence,
on average, a child with parents with one standard deviation higher years of schooling, compared to the mean, has slightly more than o ne-third of a standard deviation
higher GPA in the last year of compulsory school. As explained in Section I, estimates from such models are likely to underestimate long-run intergenerational persistence. In columns 2 through 6 we sequentially add years of schooling outcomes
for more distant extended family members to the model. However, interpreting these
23
We acknowledge that we use the term “distance” loosely. Since our dynasty definition includes both those
that have the same ancestors as the parents (the parents’ siblings and cousins) and those with in-law family ties
(spouses of parents’ siblings and cousins), the distance between the parents and extended family members is not
always unambiguous a priori.
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Table 1—Horizontal G
 PA-Schooling Regressions
(1)

(2)

(3)

(4)

(5)

(6)

0.361
(0.001)

0.301
(0.001)
0.138
(0.001)

0.295
(0.001)
0.118
(0.002)
0.046
(0.001)

0.286
(0.001)
0.109
(0.002)
0.043
(0.001)
0.062
(0.001)

0.285
(0.001)
0.109
(0.002)
0.042
(0.001)
0.053
(0.002)
0.018
(0.002)

0.361
(0.001)
0.151

0.439
(0.001)
0.166

0.460
(0.002)
0.168

0.500
(0.002)
0.171

0.507
(0.002)
0.171

0.284
(0.001)
0.105
(0.002)
0.034
(0.002)
0.052
(0.002)
0.018
(0.002)
0.024
(0.001)
0.518
(0.002)
0.172

Panel B. Lubotsky-Wittenberg estimates
Sum of coefficients
0.465
(0.001)
R2
0.186

0.534
(0.002)
0.198

0.550
(0.002)
0.199

0.585
(0.002)
0.202

0.590
(0.002)
0.202

0.597
(0.002)
0.202

Panel A. Main results
Parents
Aunts and uncles
Spouses of aunts/uncles
Parents’ cousins
Spouses of parents’ cousins
Siblings of spouses of aunts/uncles
Sum of coefficients
R2

Notes: Each column shows results from a separate regression of child’s grade point average on parental generation
outcomes. N = 541,459 observations. Parental generation variable is years of schooling in panel A, and the LW
index of years of schooling, log income, and social stratification in panel B. Each parental generation outcome is
the average across all members of the given category of relatives. All variables have been normalized to have mean
0 and standard deviation 1. Robust standard errors in parentheses.

estimates as showing separate dynasty category contributions can be misleading,
since estimates of separate coefficients may be biased in unknown directions in the
latent variable extended family model.
Focusing, instead, on the results for the sum of the coefficients for the extended
family members, it is apparent that the estimates, as expected, increase as the dynasty
definition becomes broader. These estimates should be interpreted as the change in
the dependent variable associated with a standard deviation unit higher years of
schooling of all included dynasty categories. For instance, the estimate of 0.460
in column 3 should be interpreted as the average change from a standard deviation
unit higher years of schooling for parents, parents’ siblings, and parents’ siblings’
spouses, where each of these three dynasty groups are weighted equally.
A key result is that the long-term intergenerational persistence of human capital,
including the entire extended family in the regression, is estimated to 0.518. This is
43 percent larger than the traditional c hild-parent estimate of 0.361. As we show in
Section I, this is a lower bound estimate of the long-run persistence across generations.24 As evident from the sum of coefficient estimates from the various versions
24
To check whether nonlinearities play an important role in the dynastic intergenerational transmission, we
estimate a lasso regression (Tibshirani 1996) where, in addition to the same birth year controls as in the main
regressions, we also add all quadratic terms and pairwise interactions between the horizontal relatives’ mean years
of schooling. We use 10-fold cross-validation to find the optimal value of the tuning parameter, and the lasso
selects 68 of the 77 included variables. We then estimate an OLS (post-lasso) regression using these variables.
Since direct comparison of coefficients is not straightforward when nonlinear terms are involved, we instead focus
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of regression model (3) shown in Table 1, it is mainly parents’ siblings and cousins
that contribute to tightening the lower bound.25
We also estimate models using (standardized) years of schooling as the child outcome, in the subsample where this measure is available. These point estimates are
smaller, but qualitatively very similar to the ones shown in Table 1. Using GPA as an
outcome, for this smaller sample, we find that the resulting regression estimates are
remarkably similar to the estimates using years of schooling as outcome.26 We can
thus conclude that the results are robust with respect to the choice of outcome variable for the child generation, and we will therefore use GPA as dependent variable
in the main analysis, since it allows a larger sample.27
Figure 1 illustrates and summarizes the main results. The horizontal axis measures years of schooling, residualized using a full set of year of birth and gender
controls and averaged over the extended family members used in the regression.
The data points represent mean child GPA in 20 quantile groups based on family
schooling. The 45-degree diagonal line shows the outcome of perfect persistence
across generations.28 The solid lines show the relation between the outcomes in
the parental generation and child GPA using either only parents (black line with
circles); parents and their siblings (yellow line with triangles); parents, their siblings, the spouses of the siblings, and their cousins (blue line with squares); or all
the extended family members (green line with crosses). Regressions of child GPA
on the relevant extended family categories using the 20 quantiles give results very
similar to the corresponding estimates reported in Table 1.
Figure 1 visualizes the additional persistence from incorporating information on
outcomes from the extended family members in the analysis. Adding parents’ siblings accounts for almost half of the increase in the slope of the sum of the estimates,
whereas adding relatives up to cousins closes almost all of the remaining gap to the
sum of coefficient estimates using the widest definition of the extended family. In
addition, Figure 1 reveals that the relationships between children’s GPA and the
outcome in the parental generation are approximately linear, meaning that the linear
regression model used in Table 1 provides a good approximation of intergenerational persistence.
on R2, its drawbacks notwithstanding. The R2 from this regression is 0.172, which is identical to the R2 in column 6
of Table 1. We conclude that once we control for a large part of the dynasty, nonlinearities do not play an important
role. This exercise is related to Blundell and Risa (2019), who use Norwegian data and machine learning methods
to contrast the child-parent income rank-rank model with an extended model using additional measures of parents’
characteristics. They find that the simple, rank-rank model explains about two-thirds of the more complete model.
25
For some of the columns, the estimates shown in Table 1 also include those dynasty categories that are linked
through marriages (e.g., spouses of parent’s siblings and cousins). In online Appendix Table D.4, we show that
our qualitative conclusions regarding the sum of coefficients remain if we only include parents, parents’ siblings,
and parents’ cousins as dynasty categories. The estimate of the sum of coefficients is then 0.483 using the widest
biological family definition, which is only about 7 percent lower than the 0.518 estimate reported in Table 1 for the
widest family definition. Nevertheless, since, as we show in online Appendix Section A.2 (Proposition 3), adding
proxies will always improve our long-run intergenerational persistence estimate, we choose to include all dynasty
categories for our main results.
26
See online Appendix Table D.5.
27
This is further corroborated by noting that the child-parent estimate of 0.36 in column 1 of Table 1 is similar
to child-parent years of schooling correlations estimated in other Swedish studies (see Björklund and Salvanes 2011
and Björklund and Jäntti 2012).
28
Note that perfect persistence here means a unit increase in latent human capital for all extended family
members in the dynasty, regardless of the number of members included in the true model, being associated with a
unit increase in the human capital of the child. If the AR(1) model is the true model, the 45-degree line shows an
intergenerational correlation in latent human capital across generations equal to one.

Child GPA

VOL. 111 NO. 5

1535

ADERMON ET AL.: DYNASTIC HUMAN CAPITAL

0.5

0

−0.5

−1

0

1

2

Family schooling

Only parents

Parents’ siblings

Parents' cousins

All relatives

Figure 1. Main Regressions
Notes: Each point is calculated using the following steps. (i) Calculate dynasty average years of schooling for the
indicated parental generation relatives (where each relative group is the standardized average of all relatives in
that group, as in Table 1). (ii) Residualize the dynasty means on the full set of birth year and gender controls used
in Table 1. (iii) Cut the dynasty means and child GPA into 20 quantile groups, and calculate the average within
each group. The black circles include only parents; the orange triangles add aunts and uncles; the blue squares add
spouses of aunts and uncles and parents’ cousins; and the green crosses add spouses of parents’ cousins and siblings of spouses of aunts and uncles.

A. The Role of Potential Confounders: Sensitivity Analysis
Including Residential Location and School Fixed Effects
A potential concern with our estimates of intergenerational persistence attributed
to the extended family is that they might also include influences from neighborhoods as well as race and ethnicity (see, e.g., the discussions in Solon 2018, and
Chetty et al. 2014, on the results of Clark 2014). There are at least two reasons why
we think that this critique is less relevant in our context. First, since we require
great-grandparents to be identified in the data, our sample consists of children
whose ancestors have been living in Sweden for at least four generations. During
the period of the first generation, Sweden was ethnically very homogeneous and it
is therefore unlikely that group effects based on race or ethnicity would affect our
results. Second, Lindahl (2011) shows that neighborhoods are of limited importance in explaining variation in outcomes such as earnings, schooling, and student
achievement in Sweden.
Nevertheless, to test if residential location can explain our large dynasty estimates, we have added various regional fixed effects to the baseline models. The
results of this exercise are shown in online Appendix Table D.6, where we show
the sum of the coefficients for models with more and more dynasty categories
added. We control for mother’s parish fixed effects (column 1); the child’s residence
(SAMS) fixed effects (column 2); 29 and, finally, s chool-by-year fixed effects based
on the school the child attended in the last year of compulsory schooling, resulting
in almost 27,000 fixed effects (column 3).30 Comparing these results to Table 1, it
29
Small Areas for Market Statistics (SAMS) is a definition of neighborhoods constructed by Statistics Sweden.
Each of the about 9,000 SAMS areas of Sweden covers a homogeneous region with around 1,000 residents. See
Statistics Sweden (2005).
30
We acknowledge that including indicators for the child’s residence and school can be seen as including “bad
controls.” However, information of the school attended by the parents is not available in our data.
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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 or attending the
same schools.
B. External Validity
The results in this paper use rich administrative data that have made it possible to
define broad extended family links, which is likely not feasible in datasets for many
other countries. What can our results teach us about intergenerational mobility in
other countries? One way to examine this important issue is to treat Swedish regions
as separate entities, and estimate the same intergenerational models for each region.
We then relate the intergenerational estimates across regions. We ask the following
question: what is the relation between the traditional intergenerational persistence
parameter and long-run intergenerational persistence?
The results from this exercise are shown in Figure 2.31 The standard child-parent
estimates are measured on the horizontal axis and the sum of the coefficient estimates on the vertical axis. Figure 2 reveals a strong positive relationship between the
child-parent estimate and the sum of coefficients. The slope (standard error) is 0.869
(0.180) and we cannot reject a 1:1 relation between the two measures. This implies
two things. First, it suggests that countries with a higher intergenerational association
based on child-parent regressions are likely to have higher long-run intergenerational
persistence; and second, that comparisons of long-run intergenerational persistence
across time periods or across countries can probably be based on child-parent estimates, even though the latter are downward biased estimates of long-run intergenerational persistence in terms of levels.32 These results are therefore reassuring from
the point of view of ability to extrapolate the results in this paper to those for other
countries, where only the child-parent regression model can be estimated.
IV. Additional Results

In this section we present results from three extensions of the main analysis.
First, we extend our measure of human capital in the parental generation to the
two additional measures log income and a social stratification index, using a proxy
variable approach suggested by Lubotsky and Wittenberg (2006); second, we derive
upper bound estimates of long-run intergenerational persistence; third, we include
outcomes for ancestors beyond the parental generation in our model; and fourth, we
use a sample of adoptees to assess to what extent our results are driven by genetic
or environmental factors.
A. Results from Models Using Additional Proxy Variables for Human Capital
The previous literature on intergenerational mobility has used an approach
suggested by Lubotsky and Wittenberg (2006)—henceforth, LW—to efficiently
31

We define our regions using mother’s county of residence from the 1985 census. Sweden had 24 counties in

1985.

32

We thank an anonymous referee for providing us with the second point.
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Sum of coefficients

0.56

0.52

0.48

0.44
0.3

0.32

0.34

0.36

0.38

Child−parent estimate
Figure 2. Regional Estimates of Child-Parent and Dynastic Intergenerational Mobility
Notes: The points represent estimates corresponding to column 1 (horizontal axis) and column 6 (vertical axis) in
Table 1 for each of Sweden’s 24 counties. Dependent variable is child’s grade point average. Number of observations in each county range between 4,735 and 79,696, with mean 22,540 and standard deviation 15,084.

combine proxy variables for parental human capital (see Vosters and Nybom 2017
and Vosters 2018). LW show that their method of combining proxy variables provides estimates with a lower attenuation bias compared to models with only one
proxy variable. These results suggest a possibility for improving on our lower bound
estimates by using additional proxy variables for human capital outcomes for each
extended family member, so that y kj  = y  ∗k   + ukj, where k is an index for extended
family member such that k ∈ { p, sp, cp, …, K }, and j is an index for proxy variables,
which in our case are years of schooling, log income, and an occupational-based
social stratification index. This approach might be particularly useful if the measurement errors are correlated across extended family members, because, as discussed in Section IB, this will slow down the pace at which the bias decreases when
more extended family members are added.
The LW approach, extended to several latent variables, proceeds by first regressing the outcome variable y c on the full set of jproxy variables for each of the
  jk yjk
   + εc. The coefficients
k extended family members yjk, i.e., yc  = π0  + ∑jk  π
from this regression are then combined to give the coefficient on the latent variable for extended family member k as the (optimally weighted) linear combi∑j    (cov( yc, yjk)/cov( yc, y1k)) πˆ jk
 .33
 This coefficient is scaled to be
nation πˆ  ∗k   = 
directly comparable to a coefficient for y1k, which is always years of schooling in
33
In practice, we estimate the LW coefficients using residuals from regressions of each variable on the full set
of birth year controls.

1538

THE AMERICAN ECONOMIC REVIEW

MAY 2021

our regressions. Note that we produce separate LW weighted indices for each of the
dynasty categories in the extended family models.34
Panel B in Table 1 shows results from a specification where we, in addition to
years of schooling, also include log income and the social stratification index as
proxy variables for human capital,35 and use the LW approach to obtain a broader
human capital measure for the relatives.36 As explained above, the LW estimates
are scaled with respect to the years of schooling variable. This means that they are
always interpretable in terms of a unit change in years of schooling for each relative. As before, we use GPA of the child as the outcome variable. Comparing the
estimates for the sums of the coefficients with the corresponding ones in panel A,
we see that they are always larger. The long-term intergenerational persistence of
human capital using the entire extended family is estimated to 0.597. This is 28 percent larger than the LW weighted child-parent estimate of 0.465 reported in column 1, and 15 percent larger than the sum of the coefficient estimates using only
years of schooling of 0.518 reported in column 6, panel A.37
The LW approach assumes that years of schooling, log income, and the social
stratification index can all be viewed as proxy variables for a single latent variable
for extended family member k. However, we might reasonably believe that these
variables reflect the transmission of different factors than years of schooling, e.g.,
through social networks or access to investment capital. As a consequence, the LW
approach might estimate a broader parameter than the one in our main analysis.
When we use either log income or the social stratification index for the extended
family members (each measure normalized to have standard deviation equal to 1
for each dynasty category) in separate regressions, we find that the c hild-parent
estimates for these outcomes are lower than for years of schooling, but that the sum
of coefficient estimates increases more in relative percentage terms (over 70 percent
for these two measures, relative to 43 percent for years of schooling), resulting in
sum of coefficient estimates that are somewhat lower for log income and the social
stratification index (see online Appendix Tables D.8 and D.9).38, 39
34
The approach in the original LW paper assumes one common latent variable, allows the proxy errors to be
correlated, but assumes that the proxy variables should be excludable in the main latent variable equation. In an
extended framework with several latent variables (as equation (1)), we need to assume that all the proxy variables
are excludable in the main equation, including all the latent variables for the extended family categories.
35
For comprehensive reviews of the results from the intergenerational mobility literature using various measures, see Black and Devereux (2010) and Björklund and Salvanes (2011).
36
The LW results for sequentially adding the full set of relatives (corresponding to panel A for the OLS estimates) are shown in online Appendix Table D.7.
37
Online Appendix Figure D.1 shows the main results from the LW-based measures in a similar way as in
Figure 1. Compared to Figure 1, the slopes of the lines are somewhat steeper, showing the increased estimated
persistence from also including log income and the social stratification index. The differences between the lines are
also smaller than in Figure 1, showing that the additional proxy variables matter relatively more, the fewer extended
family members that we use in the model, although the results are qualitatively the same.
38
The bottom rows of online Appendix Table D.7 show the sum of coefficients and the R2 from a regression
where we have included the three proxies for each of the six dynasty categories separately (each of the 18 variables are standardized). They also show the sum of all coefficient estimates, weighted equally, in contrast to the
LW-weighted sum reported in panel B of Table 1. The coefficient sums are now bigger, but the proportional increase
from column 1 to column 6 is very similar as for the LW weighted index. Hence, our main results using the LW
approach is robust to alternative weighting schemes.
39
As a final robustness check, we relax the linearity assumption to allow for the best possible fit using a
post-lasso procedure similar to that described in footnote 24, but additionally allowing interactions between the
three proxies, within and between dynasty categories. The results from this exercise show a very small improvement
in terms of R2, from 0.202 to 0.205.
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B. Upper-Bound Estimates of Long-Run Intergenerational Persistence
The data structure used in this study allows us to estimate an upper bound of
intergenerational persistence. This is achieved by using 2SLS, where the extended
family members’ human capital outcomes are used as instrumental variables for parents’ years of schooling. It follows trivially (see Proposition 5 in online Appendix
Section A.4) that this procedure provides a consistent estimator of the β parameter
in equation (2) under the assumptions that this latent variable AR(1) model is the
true model for the intergenerational persistence, and that u k ∼ iid (0, σuk) for each
k ∈ { p, sp, cp, …, K }.40
In a second case, where we maintain the assumption of iid ukterms, but where
we assume that the true model is the extended family model (equation (1)) rather
than the latent variable AR(1) model, online Appendix Section A.4 (Proposition 4)
shows that the 2SLS model will estimate an upper bound of the sum of the coefficients as long as the extended family members’ outcomes are n on-negatively correlated with the error term in the main equation (see, e.g., Conley, Hansen, and Rossi
2012). Hence, regardless of whether model (1) or (2) is true, the 2SLS estimate of
regressing child’s outcome on the outcome of the parent, using the extended family
members as instruments is, in our application, an upper bound estimate of long-run
intergenerational persistence of human capital.41
However, if the ukterms across extended family members in the parental generation are positively correlated, the interpretation of the 2SLS estimator as an upper
bound does not necessarily apply. We therefore provide two additional extensions.
First, we use the 2SLS method as above, but restrict the instrument set to outcomes
for more distant relatives. This procedure only requires the weaker assumption of
the ukterms being uncorrelated between parents and more distant relatives used as
instruments, but allows the u kterms to be correlated between parents and closer
relatives (e.g., between parents and their siblings), for which the iid assumption is
most likely to be violated.
Second, for comparability with the LW weighted results provided in Table 1, we
also provide 2SLS versions of the LW estimator. As we argued in Section IVA, the
LW approach might be particularly useful if the measurement errors are correlated
across extended family members, because this will slow down the pace at which the

40
Note that this, in effect, is an extension of the approach in Behrman and Taubman (1985), who used father’s
twin sibling’s educational attainment as an instrument for father’s education in an intergenerational education
regression. This approach is also related to more recent papers, such as Lindahl et al. (2015), who used grandparent’s education as an instrument for parent’s education, to obtain an upper bound of the intergenerational education
association; and Grönqvist, Öckert, and Vlachos (2017), who used father’s brother’s cognitive score as an instrument for father’s cognitive score to correct for measurement error bias in estimates of intergenerational associations in cognitive abilities. In a recent paper, Colagrossi, d’Hombres, and Schnepf (2019) estimate models using
grandparents’ educational attainment as instrument for parents’ educational attainment using survey data for 28 EU
countries. They find that, on average, the resulting IV estimates are about 20 percent larger than the corresponding
OLS estimates.
41
Our OLS-IV bounding approach is related to Solon (1992) where father’s education is used as an instrument
for father’s own income, in a regression model of son’s income and father’s income. The argument is that when
income is measured with error and education is not excludable in the main equation, the resulting 2SLS estimate
will provide an upper bound estimate, whereas an O
 LS estimate, because of measurement error, will estimate a
lower bound.
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bias decreases when more extended family members are added.42 The LW-2SLS
approach requires that the proxy variables, for all extended family members other
than the parents, are excludable in the main latent variable equation for consistency.
If the true model includes several latent variables (as in equation (1)), so that the
exclusion restrictions for the extended family members do not hold, the β parameter
will be overestimated if the instruments are n onnegatively related to the error term
in the main equation.43
The 2SLS estimates are shown in online Appendix Table D.10. The first stage
estimates are all very precise, with n ontrivial associations between parents’ years
of schooling and the years of schooling of all other extended family members. The
baseline 2SLS estimates are, as expected, larger than the coefficient sums from the
extended family models. The upper bound estimate, using the widest definition of
the extended family, is 0.613, which is 18 percent larger than the sum of the estimated OLS coefficients using the same extended family definition. We also note that
the 2SLS estimates are very robust with respect to which instrumental variables are
included. The 2SLS estimates from models using more distant family members as
instruments are somewhat larger (at most 8 percent), suggesting that although the
assumption of uncorrelated measurement errors between siblings in the parental
generation is too strong, the consequences for these upper bound estimates are not
dramatic (see online Appendix Table D.11).
We also used the LW-proxy variable approach extended to a 2SLS framework.44
The LW-2SLS estimates are larger than the coefficient sums from the LW-extended
family models. Using the widest definition of the extended family, the upper bound
estimate is 0.664, which is only 11 percent larger than the sums from the comparable L
 W-extended family model. As discussed in Section IVA, the LW approach
might plausibly capture a broader parameter than our main analysis, so that direct
comparisons should be interpreted with caution.
C. Results from Multigeneration Models
So far, we have focused on the horizontal dimension in the parental generation.
Such models have the advantage of only requiring outcomes to be measured for
those extended family members that are comparable in the sense that they have
attended the same school system. Furthermore, it allows us to use data from a
time period covered by high-quality administrative registers. However, a large and
(mostly) recent literature has documented multigenerational associations from models including outcomes of grandparents and, in some cases, great-grandparents.45
42
We replace y jk by yˆ jp, where yˆ jpis the predicted outcome variables from three first stage regressions of years
of schooling, family income, and the social stratification index of the parents on the corresponding variables for
the extended family members. The yˆ jp
 terms are then re-weighted, similarly to the standard LW approach. More
specifically, we estimate yc  = π0  + ∑j    πjp yˆ jp
   + εc, and then calculate the L
 W-2SLS estimates as π
ˆ  ∗2SLS,
 
p =
∑
 j   (cov( yc, yˆ jp
 )/cov( yc, yˆ 1p
 ))πˆ jp
 , where k has been replaced with p to indicate the parent category.
43
The 2 SLS-LW estimates will be different from the LW estimates if the three proxies reduce, but do not completely eliminate, any remaining attenuation bias from measurement errors.
44
See panel C of online Appendix Table D.10.
45
An advantage with multigenerational approaches for estimating long-run intergenerational persistence is that
the assumption of stationarity of the intergenerational mobility process can be relaxed. We do not look deeper into
this here. Nybom and Stuhler (2016) provide important theoretical and empirical evidence on how equilibriums
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Table 2—Multigenerational GPA Regressions
Vertical regressions
(1)
Parental generation
Grandparental generation

0.361
(0.001)

Great-grandparents
Implied AR(1)
R2
Observations

0.151
539,493

Horizontal coefficient sums

(2)

(3)

(4)

(5)

0.204
(0.001)

0.326
(0.001)
0.073
(0.001)

0.518
(0.002)

0.451
0.076
539,493

0.472
0.159
539,493

0.330
(0.002)
0.070
(0.002)
0.005
(0.002)
0.485
0.153
337,265

0.172
539,493

(6)

(7)

(8)

0.246
(0.002)

0.480
(0.002)
0.026
(0.002)

0.496
0.082
539,493

0.527
0.175
539,493

0.489
(0.003)
0.036
(0.003)
−0.006
(0.002)
0.536
0.167
337,265

Notes: Each column shows results from a separate regression of child’s grade point average on ancestor years of
schooling. In columns 5–8, each table entry shows the sum of coefficients for all available types of relatives in each
generation (for the parental generation, these are parents, aunts and uncles, spouses of aunts/uncles, parents’ cousins, spouses of parents’ cousins, and siblings of spouses of aunts/uncles; for the grandparental generation, they are
grandparents and grandparents’ siblings). Each parental generation outcome is the average across all members of
the given category of relatives. All variables have been normalized to have mean 0 and standard deviation 1. Implied
AR(1) shows the AR(1) coefficient that would produce the same intergenerational persistence as the estimated
model after 10 generations. Robust standard errors in parentheses.

Our latent variable models (1) and (2) can easily be extended to allow for the potential influence of ancestors preceding the parental generation. The regression model
we use is an extension of equation (3) where we also include years of schooling for
grandparents, grandparents’ siblings, and great-grandparents, which all are observable in our data.
The results for the multigenerational regression models are shown in Table 2.
Columns 1–4 show the results from models restricted to the vertical dimension, i.e.,
including parents, grandparents, and great-grandparents; while columns 5–8 show
results from regressions including all the dynasty members in the ancestor generations, i.e., incorporating both the vertical and horizontal dimensions.46 To condense
the presentation, columns 5–8 show the sum of the coefficient estimates for each
generation. Below the main results we show an estimate which measures how large
the parameter in an AR(1) model would have to be in order to produce the same
long-run intergenerational persistence as implied by the estimates from the multigenerational models (Implied AR(1); see Long and Ferrie 2018).47
The results in column 3 of Table 2 show that the estimates for grandparents still
enter positively in the regressions after controlling for parental years of schooling.48
However, comparing columns 3 and 7 reveals that most of the effect goes away
when we include years of schooling for the extended family in the parental generation. These results thus suggest that the extended family in the parental generation
picks up most of the variation from more distant ancestors, although the grandparent generation coefficient is still positive. The results in columns 4 and 8 further
can respond to structural changes (due to reforms, etc.), and show that they can cause nonmonotonic transitions
between steady states.
46
This includes all the extended family categories from Table 1 for the parental generation, parents’ aunts and
uncles for the grandparent generation, as well as great-grandparents.
47
Corresponding estimates using the LW approach are shown in online Appendix Table D.12.
48
Similar to many previous studies, see Anderson, Sheppard, and Monden (2018) for a review.
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reinforce this interpretation. This implies that researchers do not necessarily need
outcomes for ancestor generations to obtain accurate estimates of long-run intergenerational persistence.
Three additional results should be noted in Table 2. First, when we simulate the
multigenerational models 10 generations forward and calculate the AR(1) coefficient that would produce the same long-run advantage (Implied AR(1)), we find
that using only the vertical dimension gives smaller long-run intergenerational persistence estimates than the lower bound estimates we get using the extended family
models in Table 1 (0.451–0.485, versus the coefficient sum of 0.518 in column 6 of
Table 1). Second, the model that combines the vertical and horizontal dimensions
gives an implied AR(1) coefficient very similar to the sum of coefficients reported
in Table 1 (0.496–0.536 versus 0.518). Third, following the Braun and Stuhler
(2018) method of estimating long-run intergenerational persistence by dividing a
child-grandparent regression coefficient by a child-parent regression coefficient,
under the assumption that the AR(1) model is the true model, we find an estimate
of 0.57 (using the estimates in columns 1 and 2). This is somewhat higher than the
0.518 estimate for the coefficient sum of the extended family members. On the other
hand, this estimate is also lower than the 2SLS estimates discussed in Section IVB,
which are consistent under the AR(1) model.49
D. Results from Models Estimated on a Sample of Adoptees
To what extent can long-run intergenerational persistence be attributed to pre-birth
(mostly genetic) or post-birth (environmental) factors? To study this question we
apply the above framework to a dataset of adopted children and their adoptive parents, drawn from administrative Swedish registers. These data allow us to estimate
the part of the long-run intergenerational persistence that remains after eliminating
the genetic part of the family links. We expand the latent variable extended family
model (1) in Section I to allow for separate transmission channels from genetic (G)
and environmental (E) factors as follows:
 θ2 y  ∗E  +
⋯ + θK y  ∗E 
(4)	
y  ∗c   = θ0  + θ1 y  ∗E  + 
sp
 
p
K
 δ2 y  ∗G  sp  + ⋯ +  δK  y  ∗G  + 
ϵc  ,
+ δ1 y  ∗G  + 
 
p
K
  represent intergenerational transmission due to environmental
where the terms y  ∗E 
k
represent intergeneration transmission due to genetic facfactors, and the terms y  ∗G 
k
tors, stemming from the k ∈ { p, sp, cp, …, K } extended family members.50 If we

49
The approach to estimate long-term intergenerational persistence suggested by Braun and Stuhler (2018)
has been applied to many other countries (see Colagrossi, d’Hombres, and Schnepf 2019 and Neidhöfer and
Stockhausen 2019), generally finding estimates of long-run intergenerational persistence in the range of 0.55–0.75.
50
We have assumed additive y  ∗E 
  and y  ∗G 
keffects, hence ruling out gene-environment interactions. The additivity
k
assumption in models (4) and (5) is unlikely to hold strictly. However, there is some recent evidence (Brandén,
Lindahl, and Öckert 2018 and Black et al. 2020) suggesting that they are of minor empirical importance for estimates in adoption regression models.
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impose the restrictions θk  = 0and δk   = 0for k ∈ {2, …, K }, model (4) collapses
δ y  ∗G  p + ϵc.51
to the c hild-parent latent variable model y  ∗c    = θ0  + θ y  ∗E  +
p
Following the reasoning in Section I, we posit that long-run intergenerational
persistence that is not due to genetic transfers is captured by θ 1  + θ2 + ⋯ + θK   in
the extended family model (4), and by θin the latent AR(1) version of this model.
Regardless of which version of these models that is the true one, we can use data on
adopted children, their adoptive parents, and the adoptive parents’ siblings, cousins
and other extended family members to estimate a lower bound for the long-run
intergenerational persistence that is due to family environment, from the estimated
sum of the coefficients in the regression model:
  yM
 ap  + wc  ,
(5)	
yac  = a0  + a1 yap  + a2 ysap + ⋯ + aM
where ac denotes the adopted child; ap denotes an adoptive parent; and sap the
adoptive parent’s sibling, up to Map adoptive extended family members in the adoptive parent’s generation.52
In addition to the assumptions discussed in Section I, the following five assumptions are needed for the sum of the estimates from equation (5) to provide a lower
bound estimate of the long-run intergenerational persistence due to family environmental contributions:53
(i) Adoptees are conditionally randomly assigned to adoptive extended families.
(ii) The adoption takes place shortly after birth.54
(iii) There are no p renatal environmental effects.
(iv) The biological parents and their extended family members have no contact
with the adopted child post-adoption.
(v) The estimates using adoptees are externally valid.
Since Assumption (iii) is unlikely to hold in a strict sense (see Currie and Almond
2011), equation (5) is likely to yield downward biased estimates of the sum of the θ k
51
Although a restriction like δ k  = 0for k ∈ { 2, … , K }, i.e., that genetic factors only transfer from parents
to child, might be practically reasonable, we also know that the way genes are transmitted across generations is
complicated enough to not rule out possible correlations between children and biologically related extended family
members, other than the biological parent.
52
Imposing the restriction a k  = 0for k ∈ { 2, … , M }, regression model (5) collapses to the special case
where an outcome of the adopted child is linearly related to the outcome of an adoptive parent, which has been
estimated in many previous empirical studies using samples of adoptees. (See Sacerdote 2002, Plug and Vijverberg
2003, and Plug 2004, who applied the adoption approach to years of schooling, and Haegeland et al. 2020, which
is one of very few studies that looked at GPA as an outcome. See also Holmlund, Lindahl, and Plug 2011 and
Sacerdote 2011 for reviews.)
53
These assumptions are discussed in, e.g., Holmlund, Lindahl, and Plug (2011) in the context of the
child-parent model.
54
If the adoptees are adopted at a later age, one needs to assume that the postnatal p re-adoption environment
(e.g., the quality of the nursery home) is uncorrelated with the post-adoption family environment, or has no influence on the outcome of the adopted child.
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terms. This is an additional reason why the sum of the coefficient estimates in equation (5) should be interpreted as a lower bound estimate.55
To satisfy Assumptions (i), (ii), and (iv), we have restricted the sample to
international adoptees and to those adopted before their first birthday. In online
Appendix Section C, we further investigate Assumption (i) and conclude that international adoptees in Sweden (adopted at infancy) during this time are in effect
quasi-randomly assigned to their adopting parents (see online Appendix Table C.2).
Below we also discuss the issue of external validity of our estimates.
Panel A in Table 3 shows the main results for the sample of adoptees corresponding to those in Table 1 for the non-adoptees.56 It is immediately apparent that
the statistical precision, because of the much smaller sample size, is substantially
inferior compared to the main results. They reveal, nevertheless, some interesting
findings. The magnitude of the coefficient estimates are, for the most part, smaller
than the corresponding ones in Table 1. This is, however, less true for extended
family members other than the parents, suggesting that the genetic link, as expected,
works primarily between children and parents. Comparing the sum of the coefficient
estimates for the adoption sample with the corresponding sums of the main estimates in Table 1, it turns out that the share of overall persistence in human capital
attributed to environmental factors is about 30 percent. The corresponding share for
the LW estimates, shown in panel B, are similar and never estimated to be above
40 percent.57
The adopted children are overrepresented among the later birth cohorts in the
sample we use. R
 e-estimating our main model on a sample from the population of
non-adoptees that have been matched to be similar to the sample of adoptees with
regard to the distribution across birth cohorts for children and parents, shows that
the estimates are only somewhat lower than our main ones in Table 1 (see online
Appendix Tables C.3 and C.4).
V. Conclusions

This paper proposes a new measure of l ong-term intergenerational mobility based
on the extended family, or the dynasty. It shows that the sum of the coefficients from
a regression where the standardized human capital outcomes from the extended
family are included provides a lower bound estimate of the level of intergenerational persistence, irrespective of whether the true underlying transmission follows a
latent AR(1) c hild-parent model, or an extended family model. The results show that
conventional studies on intergenerational mobility, based on c hild-parent regression
models, underestimate true long-run persistence by at least one-third.
Although the main message of this study is that c hild-parent models give downward-biased estimates of long-run intergenerational persistence, we also show how
results from these simpler models are still useful in specific contexts. Section IIIB
55
An alternative interpretation of adoption regression models (see Björklund, Lindahl, and Plug 2006) is to
settle for parameters capturing pre- and post-birth transmission channels. Model (4) can then be reinterpreted so
that y  ∗E 
 ost-natal environmental factors, while y  ∗G 
represents interk  represents intergenerational transmission due to p
k
generational transmission due to genetic and prenatal environmental factors.
56
Descriptive statistics for the sample of adoptees are shown in online Appendix Table C.1.
57
We disregard the LW estimates in the last four columns as they are extremely imprecisely estimated.
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Table 3—Adoptees Regressions

Panel A. Main estimates
Parents
Aunts and uncles

(1)

(2)

(3)

(4)

(5)

(6)

0.101
(0.027)

0.077
(0.030)
0.063
(0.035)

0.068
(0.031)
0.039
(0.038)
0.054
(0.034)

0.068
(0.032)
0.042
(0.038)
0.054
(0.034)
−0.017
(0.028)

0.068
(0.032)
0.043
(0.038)
0.055
(0.034)
−0.023
(0.033)
0.010
(0.034)

0.101
(0.027)
0.152

0.140
(0.035)
0.155

0.161
(0.038)
0.158

0.148
(0.042)
0.161

0.153
(0.045)
0.162

0.072
(0.032)
0.041
(0.038)
0.058
(0.038)
−0.021
(0.033)
0.007
(0.034)
−0.010
(0.035)
0.147
(0.045)
0.165

0.121
(0.036)
0.154

0.179
(0.123)
0.160

0.217
(0.909)
0.165

0.204
(2.323)
0.167

0.519
(22.635)
0.178

0.549
(14.829)
0.181

Spouses of aunts/uncles
Parents’ cousins
Spouses of parents’ cousins
Siblings of spouses of aunts/uncles
Sum of coefficients
R  2
Panel B. Lubotsky-Wittenberg estimates
LW estimates
R  2

Notes: Each column shows results from a separate regression of adoptive child’s grade point average on parental
generation outcomes. N = 903 observations. Data are restricted to foreign-born adoptees, with an age at adoption
of at most 12 months. Parental generation variable is years of schooling in panel A, and the LW index of years of
schooling, log income, and social stratification in panel B. Robust standard errors in parentheses. Each parental
generation outcome is the average across all members of the given category of relatives. All variables have been
standardized using the means and standard deviations from the main sample. All regressions include controls for
region-of-birth fixed effects and age of adoption in months. Panel B uses bootstrap standard errors from 5,000 bootstrap replications.

shows that the relative levels of intergenerational persistence in different geographical units were largely unaltered when comparing the results from the c hild-parent
model with those from the extended family one. In addition, Section IVD shows that
the relative importance of p ost-birth, or nurture, factors in determining intergenerational persistence using international adoptees, gives results quite similar to those
reported in the previous literature using the child-parent model (see Holmlund,
Lindahl, and Plug 2011).
Are data on outcomes for more than two generations needed for obtaining useful estimates of long-term intergenerational persistence? Our interpretation of the
results comparing estimates from our extended family approach with those obtained
using multigenerational regression models in Section IVC suggests that this is not
the case. Most of the persistence is captured by the outcomes of the extended family in the parental generation. By including the extended family in multigeneration
models, we show that at least 95 percent of the overall persistence is captured without including data from the grandparent or great-grandparent generations.
Availability of large sets of register data has proved to be very useful in the
study of income inequality and intergenerational mobility. Previous research has
shown the potential of such data in, e.g., analyzing different forms of heterogeneity
in mobility patterns, the implications of residential mobility, and intergenerational
effects of specific public policy initiatives. This study demonstrates the usefulness
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of mapping out distant extended family links in such data, making it possible to
identify and analyze whole dynasties. By doing that, it also points to the possibilities
for future research to use rich administrative data to further explore the complex
processes that underlie social mobility.
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