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ABSTRACT

Estimating Intergenerational and
Assortative Processes in Extended
Family Data’

We quantify intergenerational and assortative processes by comparing different degrees
of kinship within the same generation. This “horizontal” approach yields more, and more
distant kinship moments than traditional methods, which allows us to account for the
transmission of latent advantages in a detailed intergenerational model. Using Swedish
registers, we find strong persistence in the latent determinants of status, and a striking
degree of sorting — to explain the similarity of distant kins, assortative matching must
be much stronger than previously thought. Latent genetic influences explain little of the
variance in educational attainment, and sorting occurs primarily in non-genetic factors.
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1 Introduction

The extent to which socioeconomic inequality is passed on across generations has gained
renewed interest in recent years. Apart from the geographic variation in parent-child mo-
bility (e.g. Chetty et al., 2014) and its relation with income inequality (Corak, 2013), re-
searchers have begun to study multigenerational mobility across several generations. This
evidence suggests that mobility is perhaps much lower than previously believed (Clark
2014, Lindahl et al. 2015, Adermon, Lindahl and Palme 2021), contradicting a common
interpretation of conventional parent-child estimates — that the correlation between in-
dividuals in one generation and their ancestors decreases geometrically as we go back in

time, so that after, say, three or four generations the link is already very weak.'

Instead, recent studies suggest a high persistence of socioeconomic status. Using historical
data from various countries and periods, Clark (2014) and Clark et al. (2015) show that
the average status of surnames regresses at a rather slow rate. In data from Florence,
earnings correlate across generations that are six centuries apart (Barone and Mocetti,
2020). Other studies link individuals across multiple generations to directly estimate
multigenerational persistence (Lindahl et al., 2015), or to study the role of grandparents
in the transmission process (Engzell, Mood and Jonsson, 2019). These individual-level

studies likewise find high persistence, if not as high as studies on the surname level.

One problem with this “vertical” approach are the data requirements, as comparable so-
cioeconomic information for more than two generations is difficult to obtain, and formal
education or occupational rankings often vary little among older generations. Moreover,
distant ancestors are rarely observed, so most studies use surnames as a proxy for actual
ancestor links — triggering a lively debate on the informativeness of surname-level evi-
dence. Studies based on direct links avoid this problem but only track the more immedi-
ate ancestors and yield few empirical moments, limiting our ability to distinguish between

competing models of intergenerational transmission (Cavalli-Sforza and Feldman, 1981).

We therefore propose a new approach that does not require information on distant an-
cestors and instead uses "horizontal" information about individuals in the same or close

generations. The underlying idea is simple. Say that we would like to assess the link

'Such interpretations are based on the iteration of parent-child estimates, i.e. the assumption that the
correlation between grandparent and grandchild outcomes is the square of the parent-child correlation,
and thus small. As put by Becker and Tomes (1986), “Almost all earnings advantages and disadvantages
of ancestors are wiped out in three generations. Poverty would not [...] persist for several generations.”



between grandparents and grandsons, but we do not have data for the former. If instead
we have good data for cousins we can infer the strength of grandparents-grandsons links
by comparing the cousins’ outcomes — within the same data source and at approximately
the same age and time. Thus, horizontal information can overcome the lack of comparable

data across multiple generations.

Moreover, by chain-linking affine kinships we can identify very distant relatives, without
recourse to historical sources. As consanguine (“blood”) kinships, affine (“in-law”) rela-
tions are a function of — and therefore informative about — intergenerational and assortative
processes. But while the identification of distant consanguine kins requires the observation
of distant ancestors (cousins via their shared grandparents, second-degree cousins via their
great-grandparents, and so on), affine kins can be chain-linked from spousal and parental
links irrespective of their degree of separation. In a first step, we identify a person’s sibling.
In a second step, we identify the sibling’s spouse. Implemented once, these steps identify

a sibling-in-law. Implemented twice, the sibling-in-law of the sibling-in-law, and so on.

This approach scales particularly well in large administrative data. Using Swedish registers
that link multiple generations, we chain-link siblings and spouses up to five degrees of

2 The horizontal approach yields

separations, resulting in 141 distinct kinship moments.
therefore more comparable, more distant and many more moments than the traditional,
vertical approach. That in turn opens the door for fitting a detailed model that allows for
both direct and latent transmission mechanisms, for assortative matching in observable
and latent advantages, and for asymmetries by gender. Our approach is particularly
informative about the overall strength of transmission processes, but it is less informative

about other important questions, such as the extent to which these processes vary over

time or across groups.

In the first part of the paper, we study the extent to which advantages are passed on across
generations. Our objective here is to quantify the contribution from intergenerational, sib-
ling, and assortative processes, without trying to isolate any particular causal mechanism.
We calibrate our model using educational attainment, but also consider income and height.
We find that latent advantages are more strongly transmitted from parents to children than

suggested by traditional parent-child correlations. Moreover, conditional on their latent

2To our knowledge, these are the most extensive sets of kinship moments that have been compiled so
far. For example, Behrman and Taubman (1989) considered only eight kinship types. Some extended
twin-family studies consider up to 80 types of relatives, but most involve some type of twins, have very
low sample sizes, and capture similarity in behaviors such as smoking instead of socioeconomic outcomes.



advantages, the education of the parents has only a limited association with the education

of their child (consistent with Holmlund, Lindahl and Plug, 2011).

Particularly striking is the high rate of assortative matching that our data imply. The
kinship correlations in educational attainment decay only slowly across siblings-in-law, by
around one quarter for each additional spousal link. To explain such slow decay, spouses
must share advantages to a far greater extent than indicated by conventional measures of
sorting, such as the spousal correlation in years of schooling. Likewise, siblings must be
more similar in those factors that determine the socioeconomic success of their descendants
than they are in observables: while the sibling correlation in years of schooling is around

0.4, the implied correlation in their latent advantages is nearly twice as large.

These results contribute to different strands of the literature on inequality and intergen-
erational mobility. First, they provide a new perspective on traditional measures of the
importance of family background based on close relatives, such as intergenerational corre-
lations, sibling correlations or measures of equality of opportunity. These measures capture
different aspects and point to different rates of mobility (Bjorklund and Jéntti, 2019). We
propose a more comprehensive way of capturing background effects based on the compari-
son of many kinship types, which integrates intergenerational and sibling correlations and

suggests that both understate the importance of family background.

Second, we corroborate recent findings based on multigenerational correlations, which sug-
gest that inequality is more persistent than previously thought (e.g., Clark 2014, Lindahl
et al. 2015, Braun and Stuhler 2018, Adermon, Lindahl and Waldenstrom 2018, and Co-
lagrossi, d'Hombres and Schnepf 2019). Importantly, our approach is very different: it
does not require any information on distant ancestors, or the use of name-based estima-
tors, whose validity have been contested.® High multigenerational persistence is consistent
with the similarity between horizontal kins that we document here, although we find less

extreme persistence than some name-based studies.*

Third, our study provides a novel perspective on the strength of assortative matching,
which is an important determinant of intergenerational persistence (Ermisch, Francesconi

and Siedler, 2006) and inequality (Fernandez and Rogerson, 2001). The literature fo-

3See Chetty et al. (2014), Giiell, Rodriguez Mora and Solon (2018) and Solon (2018), among others.

Tt is also consistent with recent studies of relatives in the horizontal dimension. Héllsten (2014) and
Hiéllsten and Kolk (2020) estimate the correlations between distant cousins in Sweden. Adermon, Lindahl
and Palme (2021) consider “dynastic human capital” based on a broad set of kinships, including horizontal
kins. Such evidence opens the door for the identification of detailed transmission models, as we show here.



cuses on educational sorting, and its potential contribution to rising income inequality in
many countries. Our evidence, however, suggest that the extent of sorting in observable

characteristics such as education greatly understates the sorting in latent advantages.

Our approach can be also informative about causal mechanisms, to the extent that different
mechanisms have distinct implications for the correlation pattern between kins. Many
papers estimate the relative importance of nature and nurture by studying different types
of twins or adoptees (Behrman and Taubman 1989, Bjorklund, Jantti and Solon 2005).
In contrast, our baseline model decomposes the family background into transferrable and
non-transferrable rather than into genetic and environmental components. The obvious
disadvantage is that we remain largely agnostic about what mechanisms the latent factor
of our model represents. The principal advantage, however, is that it captures inequalities

. . . =4
more comprehensively, as it also captures non-genetic advantages.”

In the second part of the paper, we consider different genetic models to study whether
genetic factors could be one important component of these latent advantages. We first
show that the standard genetic model with phenotypic assortment as used in quantitative
genetics (Crow and Felsenstein, 1968) or assortment on the genotype (Clark, 2021) cannot
fit the kinship correlations in educational attainment. Our data are therefore inconsistent
with a purely genetic interpretation. The observability of a wide range of kinship moments
is critical for this conclusion, as the genetic model can fit a small number of close kins; its

inadequacy becomes apparent only when challenged to fit a more extensive set of kinships.

We then fit an extended model with both genetic and non-genetic latent components.
We find that the genetic pathways of our model explain a much smaller share of the
variance in years of schooling than non-genetic advantages, and that genetic and non-
genetic advantages are transmitted at a similar rate. The former result is consistent with
recent evidence from genome-wide association studies (Okbay and et al. 2016, Lee and
et al. 2018, Papageorge and Thom 2018). The latter result suggests that genetic and
non-genetic factors are difficult to distinguish based on ancestor correlations alone.® We
can distinguish them here because their pattern deviates more strongly for spouses and

in-laws in horizontal moments.

SWe also do not have to deal with the complicated problem of the relationship between genes and
environment. By definition, the non-transferable component captures all the effects that siblings share and
that are not correlated with the transferable components.

5This difficulty has been recognized for a long time in the literature on population genetics. For example,
Cavalli-Sforza and Feldman (1981) noticed that "any variable (other than genotype) that is vertically
transmitted and not measured will very frequently be indistinguishable from genotype" (pp. 287-288).



2 Theory

Our baseline model deviates in three important aspects from the prior literature. First, we
allow for direct (observable) and latent (unobservable) transmission mechanisms. Second,
we allow for assortative mating along two distinct dimensions, and account for both parents
explicitly. Third, we consider how the strength of the transmission mechanisms vary with

the gender of the child and the parent. In Section 5.2 we extend this model further.

2.1 General Model

Suppose that gy is a socioeconomic outcome of interest, such as income or education.
We henceforth identify y with years of schooling, the baseline outcome in our empirical
exercise. We study the link of such variable y between individuals and their ancestors.

Specifically, assume that the outcome y for an individual from generation ¢ is given by
yt =BG + 2 +af +uf (1)

where the superscript k stands for male (k = m) and female (k = f). The first component

gf_l is the weighted average socioeconomic status of parents,
~k k k
Y1 = O‘yyﬁl + (1 - O‘y)yg—la
where o/; € [0,1]. The parameters Bk and o/’yC capture the direct transmission of parental

on child outcomes, which we allow to be distinct for each parent-child gender combination.

The latent factor zF captures the unobservable determinants of child outcomes that are
passed from parents to children (see Section 2.2). As the observable determinant, it

depends on the weighted average latent status of the parents Ef_l,

o =EL e (2)

where
Zp=abzm + (1 - alzf)zgil (3)

and ¥ € [0,1]. The parameters v* and o capture the strength of indirect transmission

channels, i.e. factors that impact observable outcomes but that are not directly observed



themselves. We again allow for distinct pattern across all four parent-child gender com-
binations. Equations (2) and (3) do not necessarily map into one particular (e.g., genetic
or behavioral) mechanism, but may represent a great number of underlying mechanisms.
Such “reduced-form” representations have been common in theoretical work (e.g., Becker

and Tomes, 1986), and we discuss its interpretation in Section 2.5.

The model includes four types of shocks: a white-noise error uf, a shared sibling component
¥ (shared by siblings of the same gender, correlated across siblings of different gender, and
uncorrelated with the other variables, in particular 2 and y¥ ;), a white-noise error term
vf in the latent factor, and the latent sibling component ef (shared by same-gender siblings
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and potentially correlated for mixed genders).” Allowing flexibly for shared influences

among siblings that are orthogonal to the parental influences szl and yffl allows us to

extend our analysis in the horizontal dimension (see Section 2.4).%

We allow for assortative mating both in the observable and latent socioeconomic status.

In particular, we consider the linear projections of ch,l and y{fl on 2", and y;" ,,

A = Ty (4)
?J{—l =Tyezien t ity ey (5)

where wy"; and €}, might be correlated but are uncorrelated with 2", and y;",. In
Online Appendix A, we show that the coefficients 77 (s,d = y,z) are functions of the
correlations and standard deviations pzmym, pom s, Pymyss Pymoiys Pymyss Ozm, 05, oym and

o We also provide the corresponding coefficients from the linear projections of 2",

yl-
and y;*; on 2571 and ytffl, and show that p,m,m and p,s,s are functions of the other
parameters through two steady-state equations. We then use these linear projections to

derive each kinship correlation as a function of the model parameters.’

“Our structure is therefore less restrictive than other approaches in the literature. For example, we
do not assume that sibling differences in education are exogenous, as in twin fixed effect estimates of the
effect of parent on child schooling (Holmlund, Lindahl and Plug, 2011). The outcome difference between
siblings A and B in our model equals y4 — y® = u* — u® + v* — v® and reflects chance and systematic
differences in latent characteristics (e.g., in abilities).

8Possible sources of the sibling component in the latent factor are random school, peer and neighborhood
effects; but they could also reflect direct effects from the parent, over and above of what can be explained
by their y and z. For example, the parents may by chance read a parenting book on how to better raise
their children (all their children, hence the systematic sibling component).

9In Section K of a document titled “Additional Derivations” (available on the authors’ webpages or
upon request), we show that it is not generally possible to reduce this two-parent model to a one-parent
model without imposing restrictions on either the assortative or the intergenerational process.



2.2 Direct and Latent Transmission Channels

The theoretical literature has long recognized that part of the transmission process from
parents to children may be inherently unobservable. The latent variable in our model is
close in spirit to Becker and Tomes (1979), who assume that a person’s “endowment”
represent a great variety of cultural and genetic attributes. The distinction between direct
(via observables) and indirect (via latent variables) transmission mechanisms has also
been influential in a literature on cultural transmission in population genetics (e.g., Rice,

Cloninger and Reich 1978, Cavalli-Sforza and Feldman 1981).

Such latent pathways have seen renewed interest due to recent work on multigenerational
transmission, which documents that inequalities appear more persistent than suggested
by traditional parent-child correlations. Studies based on historical records indicate that
inequalities between surnames persist over very long periods (Clark 2014, Barone and
Mocetti 2020). Estimates from direct family links across multiple generations also point
to high persistence (e.g., Lindahl et al. 2015, Dribe and Helgertz 2016, Braun and Stuhler
2018, Long and Ferrie 2018, Neidhofer and Stockhausen 2019, Colagrossi, d’Hombres and
Schnepf 2019, Héllsten and Kolk 2020).

The existence of latent pathways would explain these findings (Clark 2014, Stuhler 2012).
If the latent variable is comparatively persistent across generations (y* > 3¥), but explains
only part of the inequality in socioeconomic outcomes (ng < a;k), then the parent-child
correlation may greatly understate the actual transmission of advantages or its variation
across groups, areas, and time. Intuitively, the observable socioeconomic status is only an
imperfect proxy for socioeconomic prospects, a type of “measurement error” that attenu-

ates traditional measures of intergenerational transmission.

Such latent mechanisms may not be the only reason why intergenerational correlations
understate the transmission of advantages. An alternative hypothesis that might generate
similar implications is that the transmission process varies systematically across families.'”
We do not take a strong stance on what is the true transmission model. Instead, our
model can be interpreted as a simplified reduced form of an underlying structural model;

an important question is whether it fits the data.

%Tndeed, Bingley and Cappellari (2019) and Colagrossi et al. (2020) show that such heterogeneity would
affect the relative size of intergenerational and sibling correlations. High multigenerational persistence
could also be generated by a multi-skill model, in which different types of skills are transmitted at different
rates (“multiplicity”, Stuhler, 2012) or non-Markovian models that allow for “grandparent effects” (Mare,
2011, Anderson, Sheppard and Monden 2018, Engzell, Mood and Jonsson 2019).



2.3 Assortative Mating

Most intergenerational studies consider a simplified one-parent family structure, in which
the assortative process enters only implicitly. But it is fundamental to understand the
recent multigenerational evidence, as high rates of persistence across generations requires
strong assortative mating (Clark and Diaz-Vidal 2015, Braun and Stuhler 2018). Spousal
correlations in socioeconomic outcomes are typically between 0.4 and 0.6 (e.g., Ferndndez
and Rogerson 2001, Ermisch, Francesconi and Siedler 2006). But as we show below, there
needs to be far greater sorting between spouses to explain the similarity between distant
kins that we document in this paper. We explain this discrepancy by allowing spouses to
be similar not only in observable but also in unobservable characteristics. Intuitively, their
observed similarity in socioeconomic outcomes (yf_l) may not reflect the effective degree
of sorting in other characteristics that determine the prospects of their offspring (zf_1 in
our model). The pattern of dependence between distant kins can therefore be informative

about formerly unknown aspects of the assortative process.

2.4 Horizontal Kinship

Our model is too complex to be identified from inter- or multigenerational moments alone,
which has been the traditional approach. Thus, we make use of “horizontal” moments,
considering relatives in the same generation. Because siblings share influences over and
above parental influence, we allow for shared sibling components in both the observable
outcome y and the latent advantage z. By modeling both assortative and sibling processes,

we can also include siblings-in-law in our analysis.

Compared to multigenerational studies, we do not require information on distant ancestors,
and can measure socioeconomic outcomes at a similar age and time. Most importantly,
the horizontal approach yields a much greater set of empirical moments.'" We distin-
guish several dozen consanguine (“blood”) kinships, but extend our analysis also to affine
(“in-law”) kinships such as siblings-in-law. While they may not descend from a common
ancestor, affine kins have similar informational value as consanguine kins — both are a func-

tion of, and therefore informative about, intergenerational and assortative processes (see

HThe advantage of studying distant relatives within the same generation is also emphasized by Hillsten
(2014), Adermon, Lindahl and Palme (2021) [ALP] and Héllsten and Kolk (2020). In comparison to these
studies, we chain-link distant in-laws and use the empirical moments to identify an explicit transmission
model. In Sections 3.2 and 4.3 we compare our methodology and findings to ALP.



Figure 1: The Chain-linking of Siblings-in-law

GP1 GP2 GP3 GPJ

T T T T

aa bb cc

Notes: Hypothetical family trees across child, parent, and grandparent (GP) generation. Consanguine (affine)
relationships in black solid lines (orange dashed lines).

Online Appendix A).!? Moreover, correlations are non-directional, so alternating between
vertical and horizontal links is conceptually similar to the linking of distant ancestors —

but more feasible.

The key advantage of affine as compared to consanguine relations is that they can be
traced over exceptionally long “distances”. Figure 1 illustrates the logic in hypothetical
family trees across a child, parent, and grandparent (GP) generation. The identification
of distant consanguine kins necessitates the observation of distant ancestors. For example,
the identification of cousins (e.g., aa-bb) requires the observation of their shared grand-
parents (GP2), while the identification of second-degree cousins would require observation
of their great-grandparents, and so on. As a consequence, distant family links are rarely
directly observed, and evidence on mobility in the very long run is instead based on their

probabilistic approximation via surnames (e.g., Clark 2014, Barone and Mocetti, 2020).

In contrast, affine relationships are defined only via spousal and parental links — irrespec-
tive of their degree of separation. In a first step, we identify a person’s spouse (e.g., a-a”)
via their shared descendant (aa). In a second step, we identify the spouse’s sibling (b)
via their parents (GP2). Implemented once, these steps identify a pair of siblings-in-law
(a-b). Implemented twice, we identify the sibling-in-law of the sibling-in-law (a-c), and so
on. In population-wide data one can reiterate these linkages — and therefore the number of
empirical moments — ad infinitum. In this study, we consider all possible kinship types and
gender combinations up to fifth-order affinity relations — resulting in 141 distinct kinship
moments. Chain-linking horizontal kins yields therefore many more, and more distant

moments than a vertical perspective.

12The informational value of non-genetic relatives has been also exploited in population genetics. For
example, it has led to much lower estimates of the heritability of human longevity (Ruby et al., 2018).



2.5 Interpretation

Our model can be interpreted as a reduced-form representation of the causal effect of
family background, decomposed into its intergenerational and assortative, observable and
latent pathways. Most existing work focuses on simpler descriptive measures, such as
intergenerational or sibling correlations, or specific mechanisms, such as the causal effect
of parent on child education (see Bjorklund and Salvanes, 2011). In comparison, our ap-
proach has distinct advantages and disadvantages. The obvious disadvantage is that we
remain largely agnostic about the precise mechanisms that the pathways of our model
represent.'® The principal advantage, however, is that it provides a more comprehensive
account of intergenerational transmission.'* For example, our latent factor zf is a more
comprehensive object than the “genotype” considered in behavioral genetics, as it also cap-
tures non-genetic advantages that affect the next generation. Similar to Ruby et al. (2018),
we quantify the “transferable variance” of an outcome that includes genetic heritability
but also the variance due to inherited socio-cultural factors, as well as the covariance be-
tween the two. While our primary objectives are statistical, we can test if specific causal
pathways such as geographic (im)mobility (Section 4.9) or genetic transmission (Section

5) could explain our results.

3 Data and Calibration

3.1 Swedish Multigenerational Registers

Our sample is based on a random 35% draw of the Swedish population born between 1932
and 1967, as well as their biological parents, siblings and children (see Bjorklund, Jantti
and Lindquist 2009, Statistics Sweden 2016). We define kinship based on biological links,
with a man and woman considered to be spouses if they have a child together, irrespectively

15

of whether they married or cohabitate."”> We match individual characteristics from bi-

13We also remain agnostic on whether the proxy yf or the latent status zF represent a better measure
of an individual’s actual socioeconomic status. A recent strand of the literature provides evidence on this
question by aggregating multiple proxies for socioeconomic status, and is complementary to our approach
(Vosters and Nybom 2017, Blundell and Risa 2018, Adermon, Lindahl and Palme, 2021).

M Qur approach shares aspects with the literature on siblings correlations, which are a more comprehen-
sive measure of family influences than intergenerational correlations (Jantti and Jenkins, 2014). However,
sibling correlations still capture only advantages that are directly reflected in child outcomes, while our
approach captures also advantages that are not visible but that affects their prospects.

5Individuals might feature in more than one family if they have children with different partners. Drop-
ping those observations would have only a negligible effect on our estimates as their share is small (6%).

10



Table 1: Descriptive Statistics in Swedish Registers

Men Women
Variable Generation Cohorts Observations Mean Std. Dev. Mean Std. Dev.
Education Child 1966-76 1,026,084 12.35 2.16 12.81 2.12
Parent 1920-62 2,502,869 10.70 3.01 10.60 2.88

Income Child 1958-68 1,062,847 12.30 0.55 11.97 0.50
Parent 1923-53 1,811,895 12.37 0.52 11.82 0.80
Height Child 1974-80 269,475 179.73 6.55

Parent 1951-66 378,686 178.99 6.37

Notes: Education is measured as years of education. Income is measured as the logarithm of ten-year average
pre-tax incomes at age 30-39 for children and age 45-54 for parents. Height in cm is observed for men only.

decennial censuses (starting from 1960), official registers, and military enlistment tests.
Our baseline outcome is educational attainment, but we also consider income and body

height. Table 1 shows basic descriptive statistics.

Education. Educational registers were compiled in 1970, 1990, and about every third
year thereafter up to 2007. We consider the highest schooling level recorded across these
years, and translate it into years of education, with seven years for the old compulsory
school being the minimum, and 20 years for a doctoral degree the maximum. As the
data are collected from official registers, they are not subject to non-response problems.'%

We measure education up to cohorts born in the mid-1970s, after which the information

becomes less reliable at the top of the attainment distribution.

Income. We observe long income series for the years 1968-2007. We consider total (pre-tax)
income, which is the sum of an individual’s labor (and labor-related) earnings, early-age
pensions, and net income from business and capital realizations, and express all incomes in
2005 prices. To reduce attenuation and life-cycle biases (e.g., Nybom and Stuhler, 2017),
we measure ten-year average incomes at age 30-39 for children and age 45-54 for parents,
considering child cohorts born in 1958-68. To probe the influence of measurement error,

we also estimated our model based on shorter income spans.

Height. We observe height from military enlistment data, which was universal for all men
at the time. Because we observe height only for cohorts born between 1951 and 1980,
we can consider father-child and other vertical correlations only for fathers who were

sufficiently young at the birth of their child (we impose a minimum age of 18 years). This

16Tn the 1970 Census, we impute 7 years for the (old) primary school, 9 years for (new) compulsory
schooling, 9 years for post-primary school (realskola), 11 years for short high school, 12 years for long high
school, 14 or 16 years for short or long university programs, and 20 years for a PhD. Schooling levels are
recorded in more details in later registers. Educational information in 1970 is missing for those born before
1911 and those who died or emigrated before 1970, but the share of affected observations is small.
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sample restriction is less problematic for height than for other outcomes, as the vertical

correlations vary less with parental age at birth.

Standardizations. Kins can be born in different cohorts and their outcomes being measured
in different years, so we de-mean all outcomes by birth cohort and gender. To reduce the
influence of outliers, income averages are censored at the 1st and 99th percentiles (again by
birth cohort and gender). These standardizations are performed in the full sample, before
selecting specific kinship pairs. In a robustness test we standardized also the variance of

each outcome (i.e., z-scores), which had only negligible effects on our results.

Cohort Selection. Multiple sources of selection need to be taken into account, separately
for each outcome and kinship type (see Online Appendix F). We first select cohorts for
which the outcome is reliably observed, as described above. We then assess which kinship
types can be reliably identified within those cohorts. For example, the identification of
siblings requires observation of their parents, while for the identification of cousins we need
to observe grandparents, and so on. While the match rates of parents and grandparents
are very high, the match rate of great-grandparents is not. We therefore abstain from
kinship types that depend on the identification of great-grandparents, and consider only
outcomes for the two younger generations. To avoid selectivity with respect to the age
difference between kins, we use a broad range of cohorts to measure horizontal moments.
As an exception the range is narrow for cousins, as they have to be identified via their
grandparents. This reduces the age difference and introduces an upward bias in our sample

correlations for cousins (Section 4.6 and Online Appendix F.3).

Linearity. As we summarize the similarity between kins using linear correlations, we
might be concerned whether these linear measures provide a good approximation of the
actual relationship in the data. We thus studied the conditional expectation function
between different types of relatives using binned scatter plots and similar diagnostics. The
expectation of child schooling conditional on parent schooling is approximately linear, but
slightly shallower for low levels of schooling. The conditional expectation is very linear
for distant kinship types. We conclude that linear correlations provide a reasonably good

summary of the statistical associations observed in the data.

Distant chains and duplicate entries. The chains that link distant in-laws may contain
duplicate entries. For example, an individual may be his own second-degree brother-in-law

if two families are connected via more than one spousal link. In principle, duplicate entries
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are a reflection of the assortative process, and should be retained. For example, inequality
might be more persistent if in-law relations “circle” within closed groups defined by ge-
ography, ethnicity, or other characteristics. However, as we observe only a random subset
of the Swedish population, duplicate entries occur at a higher rate. We therefore drop all

chains with duplicate entries, which slightly decreases the more distant correlations.'”

Family size. Given our intergenerational focus, we restrict our sample to individuals who
have at least one child. However, we need to decide how to weight large compared to
small families, because fertility might vary with socioeconomic status (it varies little in
our sample) and kinship correlations might vary with family size (for example, spousal
correlations are slightly larger in large families).'® While this choice arises in all intergener-
ational studies, it could be more important here as the number of kinship pairs per family
varies more strongly for distant than for close kins (e.g., it varies more for cousins than
siblings). We therefore considered three different sets of weights, ranging from uniform
to proportional to the number of kinship pairs per family (see Donner, 1986). However,
the sample correlations are not very sensitive to this choice.'” We picked an intermediate

scheme, weighting each family by the square root of their number of distinct pairs.
3.2 Estimation and Calibration

Since we can directly estimate oym and o, from the data, we have 20 unknown parameters,

m . m m m
v :{ Y 7UZm,O'xm’ﬁf,’)/f’O'Zf7 Uxfapxmxfapzmzfapymyfypzmyfapymzfv ay , Oy 7a§7a£706m7 O-efvpemef} 3

and therefore we need at least 20 correlations between relatives of different kinship.?’ We

calibrate the parameters by solving the following minimization problem,

MinvEF sz(pl - ﬁi)27 (6)
ieC

For example, it decreases the third degree sibling-in-law correlations by around 5%.

18 A family or “cluster” is defined by the most recent common ancestor for biological kins, or by the linking
spouse for in-laws. We do not study heterogeneity by family arrangement (e.g., divorce or cohabitation).

9The correlation between the set of sample moments estimated under the two most extreme weighting
schemes is greater than 0.99.

20Tn Online Appendix B.2, we provide explicit identification results for a restricted version of our baseline
model. The restrictions hold approximately in our application. We have also performed simulation exercises
to verify that the parameters of the baseline model can be recovered from the set of kinship correlations
used in our empirical application.
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where v is the set of parameters, p; are the theoretical correlations (which are a function
of v, as derived in the Online Appendix A), p, the empirical correlations, p; the weight
given to each term, F is the set of feasible values for the unknown parameters, and C
denotes the set of correlations.?’ In most cases we give the same weight to all correlations
so that p; = 1 for all ¢ € C, but the results are very similar if we weight each moment by

the number of families used to calculate the sample correlation.

Our approach relates conceptually to an instrumental variable strategy in which a more
distant relative’s outcome is used as an instrument for the parent’s outcome in the parent-
child regression. Lindahl et al. (2015), Braun and Stuhler (2018), Neidhéfer and Stock-
hausen (2019) and Colagrossi, d’Hombres and Schnepf (2019) instrument parent with
grandparent outcomes, while Adermon, Lindahl and Palme (2021) instead consider ex-
tended family members in the parent generation (such as aunts and uncles, their spouses,
or parents’ cousins). This instrumental variable estimator corresponds to the ratio be-
tween two kinship moments, one more distant than the other (e.g, the ratio between the

grandparent-child and parent-child covariances).

While we also compare close and distant kins, our approach differs in two ways from
the instrumental variable approach. First, identification is indirect rather than direct.
The parameters of a simple intergenerational model can be directly mapped into the IV
estimator, and we show such direct identification for a restricted version of our model
in Online Appendix B.2.?> However, this direct mapping between the IV estimator and
model parameters breaks down in richer models, and our baseline model cannot be solved
analytically. In such more general models, the IV estimator maps into an amalgam of

multiple model parameters, and is more difficult to interpret.?’

2'We cannot estimate the parameters by GMM as in Abowd and Card (1989) because the units of
analysis, families, are not well defined. Moreover, most individuals will belong to different families and
therefore the sample units will not be independent (see Appendix E). We have used Mathematica 11.3
to solve the minimization problem (code available upon request). We have used the Simulated Annealing
algorithm, which is a stochastic function minimizer. We have used a minimum of 10,000 random starting
points from the set of feasible values F. In most exercises, and in particular in our benchmark case, we
reach the same minimum for most of the starting points, so that we are confident to have found a global
minimum. We also tried other algorithms for constrained global optimization (Nelder-Mead, Differential
Evolution and Random Search) and never found a different global minimum.

22For example, in a restricted model with no direct effect (8 = 0) and assortative mating only in the latent
factor z, the assortative mating parameter can be identified from the covariance ratio of the spouse of the
sibling-in-law to the sibling-in-law (or the ratio of the uncle in law to the uncle), while the intergenerational
process can be identified from the covariance ratio of the spouse of the uncle to the sibling-in-law.

23 Adermon, Lindahl and Palme (2021) provide conditions under which the IV estimator can be inter-
preted as an upper bound of the total influence of members of the extended family. Similarly, we can
use our transmission model to derive conditions under which the IV estimator maps into a parameter of
interest (see Online Appendix B.2).
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Table 2: List of Kinship Types

group name class # moments
a-a' Spouses consanguine, horizontal 1
a'- Siblings consanguine, horizontal 3
aa-bb  Cousins consanguine, horizontal 10
aa-a  Parent-child consanguine, vertical 4
aa-b  Uncle/aunt-child consanguine, horizontal & vertical 8
a-b Siblings-in-law (degree 1) affine, horizontal 4
a-b'  Spouse of sib-in-law (degree 1) affine, horizontal 3
a'-c Sibling of sib-in-law (degree 1) affine, horizontal 4
aa-b' Child-sibling in law (degree 1) affine, horizontal & vertical 8
a-c Siblings-in-law (degree 2) affine, horizontal 8
a-d Siblings-in-law (degree 3) affine, horizontal 16

Notes: The number of distinct moments within each kinship type is determined by the potential set of gender
combinations (such as brother-brother, sister-sister, and brother-sister). See Figure 1 for definition of kinship types.
Second, we consider many kinship moments simultaneously (105 moments in our baseline
calibration) while the IV approach is based on only two moments. Apart from a gain in
efficiency, this allows us to assess the quality of our predictions. While the IV approach can
be used to estimate a simple intergenerational model, it is not informative about whether
that model provides reasonable predictions that fit the data. In contrast, we will test
whether our model replicates the transmission pattern across many different types of kins,
including those that have not been used to fit the model. We believe our intergenerational

model is the first to fit a wide array of consanguine and affine kinships.

4 Estimation Results

In this section, we report our baseline results, considering years of schooling as our depen-
dent variable. Table 2 provides a partial list of the kinship types, as well as the number of
moments within each group. Considering siblings-in-law up to five degrees of separation,
we observe 141 distinct moments. The formulas for each of them as a function of the

model parameters are presented in Online Appendix A.

4.1 Sample Moments

Table 3 reports the sample correlation in years of schooling for each kinship moment. The

moments are sorted by kinship type, from closely related to more distant kins. The first
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columns report the number of pairs and sample correlations. The sample correlations in
years of schooling span between one-half for close kins, such as spouses or brothers, to
only a fraction of that for the most distant kinship types. Owing to the large number
of observations, all correlations are precisely estimated.”* As far as they overlap, they

appear consistent with estimates from the previous literature.?®

4.2 Calibrated Moments

In our baseline calibration, we include siblings-in-law up to three degrees of separation but
do not include cousins or higher-order in-laws (see Section 4.6). With these restrictions,
our baseline calibration is based on 105 distinct kinships, grouped into fourteen different
kinship types. We calibrate the model as described in Section 3, and report the predicted
moments and their percentage deviation to the observed moments in the final columns of

Table 3. Moments that were not included in the calibration are printed in italics.

Figure 2 illustrates the in-sample fit graphically, by plotting sample moments (orange) and
predicted moments from the calibrated model (blue dots). The model explains the data
well, for both vertical and horizontal moments, and for both consanguine (“blood”) and
affine (“in-law”) kinships. In percentage terms, the out-of-sample fit is worst for cousins
and extremely distant in-laws. We return to those issues below. The mean absolute error
across all moments used in the calibration (across all moments) is 2.5% (7.2%). These
results suggest that it is possible to fit the pattern of inequality across very different

kinship types, using a parsimonious model with a limited set of transmission pathways.

4.3 Intergenerational Transmission

Table 4 summarizes our baseline findings. Panel A reports the calibrated parameters for
the intergeneration or “vertical” components of our model as well as the implied autocorre-
lation to parents or paternal ancestors. As motivated in Section 2.2, we distinguish between
the direct transmission of advantages in our outcome of interest (i.e., educational attain-

ment), and the transmission of latent advantages that contribute to the socioeconomic

2 For the moment with the smallest number of observations (female cousins) the standard error is 0.0036.

%For example, Bjorklund, Jantti and Lindquist (2009) report that the correlation in years of schooling
between brothers in Sweden is slightly below 0.5 (cf. 0.43 in our sample). Héllsten (2014) estimates that
the corresponding correlation for cousins is about 0.15, which fits our model predictions but is below our
own sample correlation. We return to this contrast below.
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Table 3: Sample and Predicted Moments in Swedish Registers

Kinship Data Calibration Kinship Data Calibration
group  # name # pairs sample p pred. p % error group # name # pairs sample p pred. p % error
1 1 Spouses 413,062 0.491 0.489 -0.3
II 2 Brothers 387,028  0.432 0.431 -0.3 XII 72 MF-FM-MF 299,602  0.138 0.135 -2.2
ab 3 Sisters 431,698 0.416 0.416 0.2 73 FM-MF-MF 273,809  0.126 0.124 -14

4 Brother-Sister 800,127  0.375 0.376 0.4 XIIT 74 M«MF-MF-MF 160,726  0.102 0.098 -3.5

jiis 5 Father-Son 396,304  0.380 0.381 0.2 aa-¢'" 75 M«MF-MF-FM 174,261  0.103 0.106 34
aa-a 6 Father-Daughter 376,255 0.321 0.321 0.1 76 M«—MF-FM-MF 158,401  0.107 0.109 1.9
7 Mother-Son 422,374 0.366 0.367 0.2 77 M«—MF-FM-FM 160,105  0.106 0.106 0.3

8 Mother-Daughter 400,337  0.347 0.349 0.5 78 M«FM-MF-MF 147,949  0.102 0.103 0.9

v 9 Brothers in-law (MF-M) 602,262  0.302 0.296 -2.1 79 M«FM-MF-FM 156,876 0.103 0.111 7.9
a-b 10 Brother-Sister in-law (FM-M) 578,269  0.296 0.304 2.7 80 M«FM-FM-MF 133,588  0.104 0.103 -1.0
11 Brother-Sister in-law (MF-F) 650,127  0.298 0.307 3.0 81 M«FM-FM-FM 131,756  0.101 0.101 -0.5

12 Sisters in-law (FM-F) 596,540 0.278 0.277 -0.2 82 F«MF-MF-MF 152,751 0.087 0.086 -0.1

A% 13 Nephew-Uncle (BF) 280,067  0.254 0.249 -1.7 83 F«+MF-MF-FM 165,828  0.091 0.093 3.1
aa-b 14 Niece-Uncle (BF) 266,289  0.218 0.220 1.2 84 F«+MF-FM-MF 151,100  0.094 0.095 1.7
15 Nephew-Uncle (BM) 312,019 0.241 0.238 -1.2 85 F«+MF-FM-FM 153,065  0.089 0.093 4.9

16 Niece-Uncle (BM) 295,580  0.209 0.210 0.5 86 F«FM-MF-MF 140,585  0.093 0.092 -1.1

17 Nephew-Aunt (SF) 285,618 0.234 0.229 -2.1 87 F«+FM-MF-FM 150,162  0.097 0.099 2.9

18 Niece-Aunt (SF) 270,325  0.217 0.203 -6.7 88 F«FM-FM-MF 126,129  0.093 0.092 -1.2

19 Nephew-Aunt (SM) 333,141  0.251 0.245 -2.3 89 F+FM-FM-FM 124,968  0.085 0.090 5.3

20 Niece-Aunt (SM) 316,625  0.234 0.218 -7.0 X1V 90 M+MF-MF-MF—M 84,025 0.094 0.082 -13.4

VI 21 Spouse of Sib-in-law (MF-FM) 252,232 0.252 0.246 -2.2 aa-cc 91 M«MF-MF-FM—M 100,261  0.101 0.086 -15.2
a-b' 22 Spouse of Sib-in-law (FM-MF) 226,795  0.229 0.232 1.1 92 M¢MF-FM-MF—M 93,237 0.105 0.090 -13.9
23 Spouse of Sib-in-law (MF-MF) 464,081  0.222 0.227 1.9 98 MFM-MF-MF—M 80,486 0.097 0.085 -12.0

VII 24 Nephew-Aunt in-law (BF) 231,767  0.192 0.192 -0.3 94 MMF-MF-MF—F 79,690 0.087 0.073 -16.7
aa-b' 25 Niece-Aunt in-law (BF) 221,287  0.172 0.171 -0.8 95 M+MF-MF-FM—F 95,733 0.094 0.076  -19.9
26 Nephew-Aunt in-law (BM) 254,534  0.187 0.183 -2.2 96 M—MF-FM-MF—F 89,364 0.093 0.080 -13.6

27 Niece-Aunt in-law (BM) 241,873  0.164 0.161 -2.0 97 M~MF-FM-FM—F 95.020 0.095 0.075 -20.4

28 Nephew-Uncle in-law (SF) 227,403 0.190 0.188 -1.5 98 M—FM-MF-MF—F 76,514 0.095 0.076  -20.0

29 Niece-Uncle in-law (SF) 215,068 0.163 0.167 2.2 99 M«FM-MF-FM—F 89,054 0.088 0.079  -9.8

30 Nephew-Uncle in-law (SM) 264,524  0.197 0.198 0.8 100 M+FM-FM-MF—F 77,332 0.094 0.076 -19.0

31 Niece-Uncle in-law (SM) 251,782  0.171 0.175 2.1 101 M+FM-FM-FM—F 80,067 0.082 0.072 -12.9

VIl 32 Male Cousins (BF) 70,187  0.208 0.159 -23.8 102 FeMF-MF-MF—F 76,344 0.080 0.064 -20.3
aa-bb 33 Male Cousins (SM) 82,049  0.215 0.160 -25.4 108 FMF-MF-FM—F 91,080 0.090 0.066 -26.6
384 Male Cousins (SF) 156,747  0.202 0.152 -24.8 104 FMF-FM-MF—F 84,736 0.092 0.070 -23.4

35 Female Cousins (BF) 63,032 0.169 0.126 -25.5 105 F«<FM-MF-MF—F 72,410 0.082 0.068 -174

86 Female Cousins (SM) 73,649  0.197 0.124 -37.0 XV 106 F-MF-MF-M 288,374  0.103 0.103 -0.2

37 Female Cousins (SF) 140,522 0.177 0.118 -33.2 a-d 107 F-MF-MF-F 312,703  0.102 0.105 3.5

38 Male-Female Cousins (BF) 144,100  0.179 0.141 -20.9 108 F-MF-FM-M 311,795  0.111 0.113 14

39 Male-Female Cousins (SM) 170,577  0.196 0.141 -28.2 109 F-MF-FM-F 162,928  0.099 0.104 5.4

40 Male-Female Cousins (BM) 148,691  0.179 0.183 -25.5 110 F-FM-MF-M 308,163  0.116 0.115 -1.5

41 Male-Female Cousins (SF) 148,631  0.184 0.135 -26.5 111 F-FM-MF-F 166,250  0.121 0.117 -2.6

X 42 F-MF-M 461,883  0.185 0.191 3.5 112 F-FM-FM-M 304,684 0.114 0.114 0.3
a-c 43 F-MF-F 500,448  0.192 0.196 1.8 113 M-MF-MF-M 278,416  0.117 0.111 -4.9
44 F-FM-M 481,006  0.207 0.212 2.6 114 M-MF-FM-M 149,478  0.131 0.122 -7.0

45 M-MF-M 447,263 0.208 0.207 -0.6 115 M-FM-MF-M 143,733  0.115 0.112 -2.2

X 46 MF-MF-M 362,409 0.156 0.157 0.8 XVI 116 MF-MF-MF-M 230,313 0.087 0.085 -2.5
a-c 47 MF-MF-F 393,579  0.156 0.161 3.4 a-d 117 MF-MF-MF-F 251,223 0.087 0.087 0.2
48 MF-FM-M 375,442 0.179 0.173 -34 118 MF-MF-FM-M 248,811  0.097 0.093 -4.0

49 MF-FM-F 391,389  0.158 0.160 1.2 119 MF-MF-FM-F 259,925  0.083 0.086 3.0

50 FM-MF-M 353,470  0.160 0.161 0.8 120 MF-FM-MF-M 245,814 0.104 0.094 -9.7

51 FM-MF-F 378,720 0.164 0.165 0.5 121 MF-FM-MF-F 265,220  0.101 0.096 -4.5

52 FM-FM-M 341,316  0.157 0.160 2.1 122 MF-FM-FM-M 241,998  0.099 0.093 -6.0

53 FM-FM-F 351,350  0.148 0.148 0.0 123 MF-FM-FM-F 248,449  0.084 0.086 1.7

XI 54 M«—MF-MF-M 202,632 0.119 0.127 6.7 124 FM-MF-MF-M 224,873  0.091 0.087 -5.1
aa-c 55 M«MF-MF-F 219,007  0.129 0.130 1.1 125 FM-MF-MF-F 246,186  0.092 0.089 -3.9
56 M«—MF-FM-M 192,819 0.134 0.140 4.6 126 FM-MF-FM-M 237,791 0.100 0.095 -5.1

57 M«MF-FM-F 199,811  0.129 0.129 -0.3 127 FM-MF-FM-F 247,495  0.088 0.088 0.0

58 M«FM-MF-M 183,670 0.125 0.133 6.2 128 FM-FM-MF-M 223,661  0.086 0.087 0.3

59 M«FM-MF-F 196,631  0.132 0.136 3.6 129 FM-FM-MF-F 240,328  0.094 0.089 -5.8

60 M«FM-FM-M 160,857  0.132 0.132 0.6 130 FM-FM-FM-M 213,155  0.091 0.086 -5.5

61 M«FM-FM-F 164,528  0.122 0.122 -0.2 131 FM-FM-FM-F 220,553  0.084 0.079 -4.9

62 F«MF-MF-M 192,818 0.104 0.112 7.1 XVl 132 MF-MF-MF-MF 176,790  0.071 0.066  -8.3

63 F«MF-MF-F 208,008 0.114 0.114 0.2 a-d' 133 MF-MF-MF-FM 199,041 0.075 0.071 -6.0

64 F«MF-FM-M 183,929 0.116 0.123 6.1 XVII 134 MF-MF-MF-MF-M 158,057  0.047 0.046  -3.3

65 F«MF-FM-F 191,177  0.112 0.113 1.2 a-e 135 FM-FM-FM-FM-F 144,976 0.054 0.043 -20.1

66 F«FM-MF-M 175,507  0.110 0.119 8.0 XIX 136 MF-MF-MF-MF-MF 117,473  0.047 0.035 -25.5

67 F«FM-MF-F 187,178  0.121 0.122 0.5 a-¢' 137 MF-MF-MF-MF-FM 135,096  0.042 0.038  -9.9

68 F«FM-FM-M 151,606  0.112 0.118 5.5 XX 138 MF-MF-MF-MF-MF-M 106,844  0.051 0.025 -21.9

69 F«FM-FM-F 155,658  0.113 0.109 -3.7 a-f 139 FM-FM-FM-FM-FM-F 100,871  0.043 0.028 -46.5

XII 70 MF-MF-MF 278,938 0.122 0.122 -0.5 XXI 140 MF-MF-MF-MF-MF-MF 82,523 0.032 0.019 -40.0
a-c' 71 MF-MF-FM 310,160 0.132 0.132 -0.6 a-f' 141 MF-MF-MF-MF-MF-FM 96,840 0.027 0.021 -24.4

Notes: M/F indicate gender, MF or FM are spouses,

- indicates a sibling link and — indicates a parent-child
link. Other abbreviations are BF=Brother of the father, BM=Brother of the mother, SF=Sister of the father and
SM=Sister of the mother. Moments printed in italics were not used in the calibration. The sample correlations for
cousins are subject to limitations discussed in Section 4.6.
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Figure 2: Baseline Fit in Swedish Registers
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Notes: See Table 3 for the corresponding list of kinship moments.

success of future descendants. With Bm = 0.14 and Bf = (.13, the direct transmission
channel contributes very little to the overall transmission of status from one generation to
the next. Accordingly, only 1-2% of the variation in offspring education is explained by

parental education (see Panel D).%°

Instead, the transmission of advantages occurs predominantly via the latent factor, as
measured by the parameters v¥. We find 4™ = 0.66 and 47 = 0.57, implying that the set
of unobserved advantages that this factor represents are much more strongly transmitted
from parents to their children than educational attainment itself.?” Moreover, this latent

factor explains up to 45% of the variance in child education (cf. o2,/ O‘Sk).

Our results here are broadly consistent with findings from alternative methods. First,
they are consistent with recent multigenerational studies, which find that kinship corre-
lations decline more slowly across generations than a simple iteration of the parent-child

correlation would suggest (Lindahl et al. 2015, Braun and Stuhler 2018). For example,

26 Accordingly, the relative weights of mothers and fathers oy’ and ag are not consequential.

2TThe parameter v captures the influence of both parents. As also reported in Panel A, the implied
correlations between the latent factors of the child and the father or mother are slightly lower because of
imperfect assortative mating between spouses (p,m, 5 < 1).
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Table 4: Calibrated Parameters in Swedish Registers (Years of Schooling)

Panel A : Intergenerational Processes

'8 " 15 ! Y " V4 / Gzym ozyf 02zm Gsz
0.144 0.129 0.664 0.566 4.648 4.465 2.072 1.559
a ym a uf a m a zf 02 um 02 uf

0389  0.018  0.660 0775  1.975  2.333
Ancestor correlations in y and z:
Father-Son Fr.-Daughter Mother-Son Mother-Daughter

iz 0.586 0.601 0.526 0.508
Father-Son Grandfr.-Son GGrandfr.-Son GGGrandfr-Son

my 0.381 0.209 0.121 0.071

mz 0.586 0.344 0.201 0.118

Panel B : Sibling Processes

2 2 2
G um o af Ozmzf O em o ef Gemef

0.180 0.244 0.068 0.657 0.712 0.625
Sibling correlations in y and z:

Brothers Sisters Mixed Brothers Sisters  Mixed
my 0431 0.416 0.376 mz 0.677 0.825 0.711
Panel C: Assortative Processes
™, ™, 'y, .y 1"fZZ rfZy 1"fVZ rfvy

0.662 -0.008 0.696 0.143 0.747 0.113 0.661 0.249
Spousal correlations in y and z:
P ymyf P e P ymef P ey
0.489 0.754 0.539 0.580
Panel D: Variance Decomposition of y
Yt—1 Zg—1 043 Y.z Ty ey Yj.z,me
male 1.5% 16.1% 7.5% 25.1% 3.9% 14.1% 43.1%
female 1.6% 12.9% 5.7% 20.2% 5.5% 15.9% 41.6%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations in educational
attainment y and latent advantages z. The parameters 8 and 05 capture the direct transmission and variance of y;

~ and o2 the transmission and variance of z; and o2 and o2 shared sibling influences in y and z; see equations (1)-(3)
for details. Panel C reports the coefficients from the linear projections (4) and (5) of ¥ and y* for k = f, m on their

spouse’s z and y and the implied spousal correlations. Panel D decomposes 05 into the components explained by

the parents’ y (§:—1) and z (Z;—1) and their covariance (ogz), and the sibling components in y (z¢) and z (et); Xgz
and Xz 7 s are the total percentages explained by the parents and the close family (parental and shared sibling
influences), respectively. Based on the kinship correlations reported in Table 3.

the great-grandfather and grandfather-son correlations as predicted by our baseline model
(0.121 and 0.209, Panel A of Table 4) are similar to direct estimates from a Swedish data
set by Lindahl et al. (0.113 and 0.226, their Table A3). The predictions deviate more
for grandparent-daughter pairs, but are still within the confidence intervals of the direct
estimates. This similarity is notable, as higher-order autocorrelations across three or more

generations were not targeted by our calibration.

Second, our findings are in line with recent name-based evidence, which suggests that

the average status of surnames regresses more slowly to the mean than individual status

19



(Clark, 2014). Within our model, this pattern is explained by the fact that relatives are
more similar in their latent endowments z than they are in their observable status ¥, such
that averaging across distant relatives distills a more concentrated measure of those latent
endowments. While our data do not contain surnames, we can illustrate this implication
using direct family links. As shown in Online Appendix G.1, we find a much higher

intergenerational correlation in family average as compared to individual outcomes.

Finally, we compare our results to estimates by Adermon, Lindahl and Palme (2021)
[ALP], who use a similar “horizontal” data structure but a different methodology, directly
regressing child human capital (years of schooling or grade point average) on observable
characteristics in the extended family. Their baseline estimates suggest that 17.2% of the
variation in child education can be explained by educational outcomes in the extended
family, increasing to 20.2% when incorporating information on income and social stratifi-
cation.?® In comparison, our estimates imply that parental background determines 20.2%
(females) or 25.1% (males) of the variation in educational attainment (see 3j ; in Panel
D in Table 4).2? Our estimates are therefore slightly larger than the baseline estimates in
ALP, in line with their argument that those baseline estimates represent a lower bound,

as human capital can only be imperfectly measured in the data (see Section 2 in ALP).

Our approach abstracts from this measurement issue by quantifying the importance of
family background indirectly, and therefore yields larger estimates. It shares similarities
with an instrumental variable (IV) approach, in which a distant kin is used to instrument
for the parent’s outcome in a parent-child regression (see Section 3.2). ALP complement
their baseline estimates by using horizontal kins in the parent generation as instruments
(Section 5 in ALP). In a simplified version of our model, their IV approach identifies the
effect of family background on latent advantages z (rather than its effect on education vy,
see Online Appendix B.2). While explaining up to 25.1% of the variation in y, we find

that parental background explains more than 36% of the variation in z.%"

28Gee Table 1 in ALP. Rather than the R?, ALP focus on the sum of regression coefficients as their
preferred estimator. This sum of coefficients represents the effect of raising the schooling of all extended
kins by one standard deviation. In contrast to the R2, it abstracts from the actual covariance between kins
(see Appendix A.3 in ALP). It therefore represents the effect of a particular change in family background,
irrespectively of how likely that change is given the observed covariance between kins (e.g., it might be
unlikely that all kins have high schooling if that covariance is low). Because our estimates are based on
fitting that covariance they relate to the R? rather than the sum of coefficients.

These estimates do not yet account for shared sibling influences that are orthogonal to parental ad-

vantages encapsulated in g:—1 and Z:—1 (see next Section).

Var(akzm 1—ak)zf .
2 (o5 "‘;H_( - ) t_l), estimated to be 36.0%
ar(zy)

for men and 36.8% for women. We therefore find that parental background has a similar effect on the

39The variance share of zF explained by Z,_1 equals (fyk)
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The key advantage of our findings here compared to previous studies is that they are based
on an explicit intergenerational and assortative model. We can therefore derive specific
predictions for all kinship moments from our model (as in Table 3) and test whether those
predictions fit the data. We provide additional evidence on model fit below. Moreover, we
can quantify not only the overall importance of family background, but also decompose this
overall effect into intergenerational, sibling and assortative processes. Such decompositions
are necessary to understand certain aspects of intergenerational transmission, such as the

degree to which status differences persist between families.?!

4.4 Siblings and Horizontal Transmission

Our model allows for common shocks among siblings, over and above their shared exposure
to parental advantages yf_l and zf_l. We find that siblings share both observable and
latent advantages, as summarized in Panels B and D of Table 4. The shared sibling
component in the observable outcome :c,’f explains about 5% and the shared component
in the latent factor ef about 15% of the variation in years of schooling (see Panel D).

Moreover, ef explains between 30 and 45% of the variation in the latent factor itself.

Siblings share, therefore, important influences over and above what can be accounted
for by parental characteristics. This finding is consistent with the literature on sibling
correlations, which has shown that siblings share many additional influences that are
orthogonal to the observed socioeconomic status of parents (see Jantti and Jenkins 2014,
and Section 2.4). However, our results provide a richer characterization of this process. In
particular, they suggest that most of the advantages that siblings share are not reflected

in observables such as education or income.

Intuitively, while the correlation in their observables is fairly high, siblings must be sub-
stantially more similar to explain why kinship correlations decay so slowly across siblings-
in-law. Depending on gender, the implied correlation between the latent status of siblings
ranges between 0.68 and 0.82, which is more than 50% higher than the sibling correlation
32

in years of education (Panel B of Table 4).°* These correlations correspond to variance

latent advantages of male and female children, but a larger effect on the education of male children.

31To see that this is the case, note that if sorting is random (i.e., p_m,s = 0) then status differences
are not very persistent even if child outcomes are perfectly determined by family background (e.g., v =1
and 05 = ¢2). Estimates of the overall importance of family background in itself are therefore not fully
informative about the persistence of status differences across generations.

32The correlation between the latent status of siblings appears therefore as high as the correlation
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shares, so shared environmental and family influences explain between 41.6% and 43.1%
of the variation in education y (see ¥ : . in Panel D), but between 67.7% and 82.5% of

the variation in latent advantages z that determine the prospects of the next generation.

Our findings therefore imply that sibling correlations — traditionally viewed as a particu-
larly comprehensive measure (Jéntti and Jenkins, 2014) — still understate the importance
of family influences. They also support the view that empirical studies have understated
inequality of opportunity, as many childhood circumstances are not directly observed in

the data (Roemer and Trannoy, 2016; Hufe et al., 2017).

4.5 Assortative Mating

The spousal correlation in years of schooling is one-half in our data (see Table 3), in line
with prior evidence from Sweden and other countries (Raaum et al., 2007). But while
the similarity of spouses in observable characteristics is well quantified, our model also
accounts for assortative mating in unobservable determinants of child outcomes. The
results are reported in Panel C of Table 4. In the projection of Zf,l and 3/{71 on z;", and
Y"1, the latent status of the female z{_l is predominantly explained by the latent status
of the spouse (77} ), while his education has no additional predictive power (r7;). However,

rm

y)s Over

his education does have some predictive power for her educational attainment (
and above what can be explained by his latent factor (r;;) The corresponding projection
coefficients for males are similar. These results suggest that the spousal correlation in

schooling is predominantly a by-product of sorting in latent characteristics.

A key parameter for understanding the transmission of socioeconomic inequalities across
generations is thus the degree of assortative mating in latent advantages. By comparing
the correlations between close and more distant kins, our approach offers an estimate of
that parameter. The spousal correlations implied by the parametrization of our model are
reported in the last block in Panel C of Table 4. The first entry is the calibrated spousal
correlation in education, which at pym,s = 0.49 is very similar to its sample counterpart.
At p,m,s = 0.75, the implied spousal correlation in z is substantially higher. Intuitively,
while the spousal correlation in educational attainment is high, it is far too low to explain

the slow decay of kinship correlations between distant relatives observed in our data.

between the educational attainment of “identical” (monozygotic) twins. This observation suggests that
non-genetic latent advantages are an important determinant of educational attainment. We decompose
latent into genetic and non-genetic advantages in Section 5.
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Spouses must therefore be much more similar in those factors that determine the prospects
of their children than they are in educational or other observable characteristics. The
observation that the implied correlation in latent advantages is as high for spouses as for
siblings may further suggest that those advantages primarily reflect non-genetic rather

than genetic advantages, a hypothesis that we study further in Section 5.

4.6 Fit and Robustness

We can use the comparatively large set of empirical moments to study the robustness of
our model fit. In a first robustness exercise, we drop two thirds of our baseline moments
(kinship groups X and higher), reducing the set from 105 to 35 moments. Because we drop
all distant kins, this exercise also tests our model’s capability to extrapolate distant kinship
correlations from closer kins. Our parameter estimates remain quite stable. Figure 3 plots
the out-of-sample fit for the 70 excluded correlations. The calibrated model predicts a
diverse set of moments not included in the calibration, including vertical, horizontal and
distant kinships. Our baseline results are therefore robust to the choice of moments, as

well as to various issues related to the measurement of those moments.??

However, our model does not provide a good fit for two kinship types, cousins and very
distant in-laws. Our baseline calibration understates the correlation between cousins by
around 25%, and the correlations for in-laws of four or more degrees of separation by an
even larger amount (although the deviations are small in absolute value). These gaps close
only partially if we directly target those moments in the calibration. Further examination
suggests that the gap for cousins reflects primarily a measurement problem, while the gap

for distant kinship correlations appears to reflect a limitation of our model.

Because they are identified via their shared grandparents, we draw cousins from a narrower
and more recent range of cohorts (to avoid selection issues with respect to the parent or

grandparent age; see Section F in the Online Appendix). This causes two issues. The

333ampling variation is negligible and not a major concern. Measurement error in the outcome variable
would have only limited effects as well. Classical measurement error would decrease all kinship correlations
by the same proportion, which would have no effect on the parameter estimates if 5 = 0 (as the parameter
are then identified as ratios of correlations) and only small effects on our baseline results with 8 # 0 (see
Appendix J.4). Instead, we are concerned about a conceptual mismatch between the population that we
sample from and its theoretical counterpart (e.g., due to variation in kinship correlations over time). We
perform three different tests (see Online Appendix E), studying the behavior of the objective function
around the minimum, and showing that our results and predictions are robust to small perturbations in
the parameter estimates or empirical correlations.
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first is that the moments that we wish to explain may vary over time (see Atkinson and
Jenkins, 1984). Indeed, the cousin correlations for earlier cohorts are lower and more
similar to estimates reported by Hillsten (2014).%* Second, kinship correlations decrease
with the age gap between kins, suggesting that the cousin correlation is upward biased
in our sample (as the underlying cohort range is narrower than for other moments). As
shown in Online Appendix F.3, this upward bias explains half of the gap between the
theoretical and sample correlations for cousins. While we do not include cousins in our

calibration, including them has only negligible effects on our parameter estimates.

In contrast, our model’s tendency to understate the most distant kinship correlations (cf.
in-laws of 4" or 5" degrees of separation in Table 4) cannot be due to their variability
over time. The time trends for siblings-in-law — which can be estimated for a wide range of
cohorts — appear quite stable. Instead, we might understate the similarity of very distant
kins because our model accounts for only a single latent factor. Typically, the latent factor
is thought to summarize the influence of many transmission channels, such as cultural,
genetic, or social determinants (Becker and Tomes 1986). However, some determinants
may have higher rates of persistence than others, and those with the strongest persistence
will explain a greater share of the most distant kinship correlations.>> A model with a

single latent factor may therefore still understate the similarity of very distant kins.

34We estimated the time trends in the kinship correlations using a two-step procedure, see Section F
in the Online Appendix. Haéllsten (2014) estimates a cousin correlation of 0.15, which is similar to the
predicted cousin correlations from our calibrated model.

35Stuhler (2012) argues that this “multiplicity” of transmission mechanisms is one explanation why
multigenerational correlations do not decay as quickly as a model with a single factor would suggest.
Models with persistent group membership can be seen as the extreme case of this argument. For example,
Becker and Tomes (1986) include group dummies to account for the persistence of racial gaps.

24




4.7 Restricted Models

One may ask whether our model could be simplified without significantly reducing its
ability to explain the transmission of socioeconomic inequality. Figure 4 provides evidence
on this question. We first consider a restricted model without “direct” sorting and trans-
mission of educational attainment (i.e., imposing ™ = 8/ = 0 and setting the coefficients
of y/”, in the linear projections (4) and (5) to zero), for which we show identification
in Online Appendix B.2.%° This restricted model explains the data nearly as well (see
Figure 4a), consistent with the observation that the direct transmission channels are not
important in our benchmark (explaining less than 2% of the variation in y). However, it

understates the spousal correlation in educational attainment.

In contrast, it is crucial to allow for the transmission of latent advantages, as the restric-
tion 7™ = 4f = 0 results in a very poor fit (see Figure 4b). With this restriction, the
intergenerational transmission has to be captured by direct mechanisms instead (we find
f™ =0.61 and pf = 0.54). While some kinship correlations are understated (such as the
spousal correlation, moment group I), others are greatly overstated. It is also important
to account for shared influences among siblings. The fit of a restricted model in which
all sibling components have zero variance (02, = aif =02, = agf = () is much worse
than the fit of the benchmark model (see Figure 4c). The sibling correlations (group
IT) are heavily understated, as siblings share distinct influences over and above the av-

erage intergenerational transmission. The correlations for distant siblings-in-law are also

understated, as they depend on the similarity of siblings.

Finally, we assume that assortative mating occurs exclusively in the observed outcome, as
has been the standard choice in the literature. Specifically, this means that the coefficients
of zj™, in the linear projections (4) and (5) are restricted to zero. With this more restrictive
assortative process, the model does not explain the data well (see Figure 4d). The spousal
correlation is overstated by 45% (0.71, outside of the plot area). The sibling (group II)
and sibling-in-law (group IV) correlations are substantially understated, while the distant
in-law correlations are overstated. The assortative mating in latent advantages is therefore

crucial to understand the pattern of socioeconomic inequality across kins.

In sum, these results suggest that all components of our model matter, except of the

36The key parameter estimates of this restricted model are 4™ = 0.719, v/ = 0.628, o2n = 2.742,
azf = 2.509 and p,m s = 0.802. The implied ancestor correlations in y and z are slightly higher than in
our baseline calibration.
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Figure 4: Restricted Models
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direct transmission and sorting in y. We nevertheless retain these pathways in our model
because they are considered in other work, and might matter more for other outcomes
(as we test below). The latent pathways are key components of the model. Based on our
results, it seems doubtful that models that do not account for latent intergenerational and
assortative processes (or similar forms of unobserved heterogeneity) could fit the pattern
of socioeconomic inequality across kins. This finding is based on the observation of many
kinship moments. As we show below, it is much harder to discriminate between different

models based on the narrow set of moments typically used in the literature.

4.8 Other Outcomes and Other Samples

Income. Education is the key mediator for socioeconomic status in standard models in
economics and sociology (see Goldthorpe 2014). Still, its transmission may follow distinct
patterns that may not generalize to other measures. To study this question, we calibrate

our model using income as a more direct measure of economic advantages. Our primary
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measure is the logarithm of ten-year averages of annual total pre-tax income, centered
around age 35 for children and age 45 for parents (see Section 3.1). We use the same
105 moments as in our baseline calibration for education. As shown in Online Appendix
G, the calibrated model explains the data well, providing a close fit to both vertical and
horizontal moments, and both consanguine and affine relationships.?” The results have to
be interpreted with caution, because women’s labor force participation is lower and their
income therefore a noisier measure of “potential income” compared to men. If this was
just due to pure noise, our model could account for it, and we would just obtain that the
latent factor explains a lower share of the variance of income for females than for males (as
our results suggest). However, the relation between women’s potential and actual income

is likely more complicated, as labor supply decisions may interact within households.

Our approach delivers some interesting results. First, the latent determinants of income are
more strongly transmitted than income itself across all three dimensions (intergenerational,
sibling and assortative), for men and women. Second, we find a very large assortment in
the latent factor (p.m.s = 0.80) compared to the assortment in observables (pymyr = 0.12):
even though spousal correlations in income are very small, the determinants of income must
be very strongly correlated to explain that the sibling-in-law correlations are not much
smaller than the sibling correlations. Third, the implied father-son correlation in the latent
factor is lower for income than for education, suggesting that those factors that determine
educational attainment are more strongly transmitted between generations than those that
determine income.?® Fourth, we find strong gender symmetry in the transmission of those
latent determinants of income, even though the observed correlations in income involving

mothers or daughters are very small compared to those involving fathers and males.?”

Spanish data. To illustrate its feasibility in settings with scarcer data, we also apply
our approach to a sample from the 2001 Spanish Census (INE, 2001). In contrast to
the Swedish registers, our Spanish sample is limited to a single region (Cantabria) and
lacks family links. To recover kinships, we exploit that children in Spain inherit surnames

from both their parents, allowing us to track both maternal and paternal lines with a

37 Alternative income definitions yield similar results, but the variance shares explained by the latent
factor z and the sibling component z increase in the quality of the income measure (i.e., are about twice
as large when using 10-year averages instead of annual incomes).

380ur finding of a small direct effect of parental income (5¥) is consistent with evidence that the causal
effect of parental income is not large, except for low-income families (Loeken, Mogstad and Wiswall, 2012).

39T his result follows from the observed symmetry across extended kins. For example, uncles and nephews
show very similar correlations irrespectively of whether the uncle is the brother of the mother or the father.
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Figure 5: Actual vs. Placebo Kins
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comparatively high match rate of around 36%. We find that the pattern of inequality
transmission in Spain is qualitatively similar (see Online Appendix H), but at around 0.9

the implied spousal correlation in the latent factor is even higher than in Sweden.

4.9 Causal Pathways: Geography

The latent variable z in our model may represent a great variety of causal pathways. One
hypothesis is that the similarity in socioeconomic status of distant kins can be partially
explained by their location. To quantify the contribution of geography, we reestimate
each of our 141 kinship moments but replace the actual kin with another person from
the same municipality (and birth year).?’ These “placebo kins” capture to what extent
location could explain the correlation patterns between kins. Figure 5 compares the sample
correlations for actual kins (blue dots) with the corresponding correlations for placebo kins
(orange dots). The placebo correlations are always positive, suggesting that geography
does matter. However, geography explains only a small fraction of the correlations between
kins (on average, less than 5%). While location is one plausible component of the latent

factor, it is not an important one.

40We observe the municipality of residence in 5-year intervals, and define an individual’s location based
on the observation that falls into the age range 15-19.
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5 Modeling Genetic and Non-Genetic Pathways

Our objective so far was to quantify how strongly advantages are transmitted from one
generation to the next, while remaining agnostic about the specific causal mechanisms
that the intergenerational and assortative components of our model represent. However,
our approach can be used to distinguish between different mechanisms, to the extent that
they have specific statistical implications about the correlation pattern across kins. For
instance, although we do not observe genes, we can study whether genetic transmission
mechanisms could contribute to the high persistence in latent advantages that we observed.
We first illustrate that our model nests the standard model of genetic transmission with
assortative mating, and test if this genetic model can explain the kinship pattern in edu-
cational attainment (Section 5.1). We then generalize our baseline model to separate the

contribution from genetic and non-genetic latent pathways (Section 5.2).

5.1 A Standard Model from Quantitative Genetics

In the standard model in quantitative genetics, the observed outcome or “phenotype” is
determined by genetic and environmental factors. The role of genes in vertical transmission
is clear: each individual receives half of its genetic contribution from the father and the
other half from the mother. In the simplest form, the model assumes that genetic and
environmental factors contribute additively to the phenotype, i.e., do not interact and
are uncorrelated. The role of genes in the horizontal dimension is less obvious, but the

standard assumption is that assortative mating is based on similarity in the phenotype.*!

This genetic model is nested in our general model by imposing three sets of restrictions.
First, the parental outcome (phenotype) does not have any direct association with the
child outcome (imposing the restrictions 8 = 0, k = f,m). Second, because the latent
factor represents genes, it is transmitted from parents to children as

m f
ko Rt-1 T 2 k
Zt = — 2 + Ut (

J
~—

where vf is uncorrelated across relatives and to z" and ztjil (imposing v* = 1, of =

0.5, and agk = 0, k = f,m). Finally, assortative mating occurs only in the outcome

41In Online Appendix C we obtain formulas for the correlations between relatives that coincide with the
ones in, for example, Crow and Felsenstein (1968).
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Figure 6: Model Fit (Standard Genetic Model, Education)
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(phenotype) v, such that the coefficients of 2™ in the linear projections of 4/ and z/ on

the spousal y™ and 2™ are zero. As a consequence, p,mys, pym,r and p,m s are functions

of pym,s and some of the other parameters of the model. This genetic model has only five

parameters, which account for the share of variance in the phenotype explained by the
2 2 2

genotype (i.e. heritability, oZm = oLy = o?), the environmental effects shared by siblings

(02m, ai s and o m,r), and the assortative mating in the phenotype (pym,rs)-

While the assumption of phenotypic assortment has been standard in quantitative genetics,
recent work implies that the similarity between spouses’ genetic propensity for education
is greater than would be implied by phenotypic assortment (Robinson et al. 2017). Clark
(2021) proposes a variant in which assortative mating occurs in the genotype z rather
than the phenotype y, demonstrating the fit of this model in data from England from the

mid-eighteen century. We also consider this alternative genetic model below.

The Standard Genetic Model and Education. We calibrate the model for years of
schooling, using the same 105 kinships as used for calibration of our baseline model. Figure
Ga illustrates the in-sample fit, to be compared against the fit of our baseline model (Figure
2). The standard genetic model with assortative mating in the phenotype y (dark blue
dots) fits substantially worse, overstating kinship correlations within the nuclear family
while understating those for more distant relatives. Its in-sample mean prediction error
is 24.3%, compared to 2.5% for our baseline model. The fit of the genetic model with
assortative mating in the genotype z (light blue dots) is only slightly better.

Our findings are therefore inconsistent with a purely genetic interpretation. We base this
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rejection on a simple statistical observation — the genetic model is not able to provide
a close in-sample fit to the distribution of educational advantages across kins. However,
this observation is not necessarily inconsistent with the view that genes are one of the
decisive factors in the transmission from parents to their children. Instead, we reject
the standard genetic model from quantitative genetics, in particular the assumption that
assortative mating occurs only on the phenotype. Spouses must be far more similar in the

determinants of socioeconomic success than is reflected in their educational attainment.

This finding is based on the observation of distant siblings-in-law — intuitively, the failure
of assortative assumptions becomes more evident in distant kinship correlations that are
a function of multiple assortative matches. In contrast, the genetic model appears to
perform well when fitting a restricted set of correlations that includes only close kins. To
illustrate this point, we recalibrate the standard genetic model with phenotype mating
using only sibling correlations (group II in Table 3), parent-child correlations (group III),
and nephew /niece/uncle/aunt correlations (group V). As shown in Figure 6b, the genetic
model provides an excellent in-sample fit for those 15 close kinships. However, it provides
an extremely bad fit to all other moments. To evaluate transmission models based on their

fit, researchers need to observe a wide range of sufficiently distant kinship correlations.*?

The Standard Genetic Model and Height. That the standard genetic model cannot
fit the kinship pattern in educational advantages is not a mechanical consequence of the
model having comparatively few parameters. To demonstrate this, we also calibrate the
genetic model for body height. Because genes are known to be the primary source of
variation in height, a genetic model should provide a reasonably good fit. We show in
Section G.4 in the Online Appendix that this is the case, although a genetic model with
phenotypic assortment cannot explain why the kinship correlations in height remain non-

negligible for distant siblings-in-law.

5.2 Extended Model with Two Latent Factors

Although the objective of our study is not to decipher the elements that make up the

latent variable z, it may be useful to try to quantify which part is composed of genetic

42Most research to date has been based on even narrower set of kinship correlations than the 15 moments
used in this example. Prior work may therefore not have had enough “power” to distinguish different
transmission models based on their statistical properties. Ruby et al. (2018) make a similar point with
respect to estimation of the heritability of human longevity.
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factors and which is based on cultural or environmental factors. Thus, we now decompose
the latent factor z into a genetic factor ztG * "and a socio-cultural or “cultural” factor th ok
which captures all cultural and environmental factors that are transmitted but which are

not genetic. The outcome y for an individual from generation ¢ and gender k is given by
~ G,k C\k
ut = B+ A T g (8)

We model the genetic factor following the standard model of genetic inheritance with as-
sortative mating used in Quantitative Genetics (Crow and Felsenstein, 1968). The genetic

factor of the child, ztG ’k, depends on the father ztG 7" as well as on the mother z&{, as in

equation (7). We do not need to impose the condition that is often assumed in quanti-
tative genetics that the “environments” of parents and offspring are independent, since

the latent variable ztc * captures such shared environment.*> The cultural factor, ztc ok

depends on the father’s zt(’lan and the mother’s ZtCL{ , as zf in our baseline model. The

remaining elements are also defined analogously.

We assume assortative mating occurs in both schooling and the cultural factor, but there is
no direct sorting in the genetic factor (i.e., the coefficients of ztG_T in the linear projections
of ztG_{ , thL 1 and y{_l on zﬁT, th_T and ™, are zero).** However, the spousal correlation
in the genetic factor is not restricted to be zero. While our assumed structure of sorting
is not the same, it shares similarities with recent work in genetics allowing for “secondary

assortment” (Robinson et al., 2017), as we allow for matching in a non-genetic latent factor

that is distinct from the genotype or phenotype.

While the model initially depends on the 15 correlations between the elements of the

43We also allow for a possible correlation between the environments of siblings. In quantitative genetics
it is common to assume that the covariance of the genetic contribution and the environment is zero. In
our case, if we see ztc * as part of the environment, such covariance does not need to be zero; however, in
our calibration, it turns out to be basically zero. Another difference is that we only consider an “additive”
genetic component and leave out the “dominance” contribution. Thus, we estimate the so-called weak
heritability. The dominance contribution, which is shared by siblings, would be picked up by our variable
z (if of positive magnitude). The model does not allow for non-additive gene-environment interactions, a
restriction shared by most classical heritability statistics (see Feldman and Ramachandran, 2018).

“Rice, Cloninger and Reich (1978) and Cloninger, Rice and Reich (1979) used Wright’s work (Wright,
1921) on path analysis to develop a series of theoretical model very much related to our model here. In
particular, they allow for assortative mating, gender differences and genetic and cultural transmission. As
in our model, these authors assume that assortative mating does not occur directly in genes. Truett et al.
(1994) and Eaves et al. (1999) apply those models on extended twin-family data. The main differences with
our model are that they do not consider both types of assortative mating, do not allow for a direct effect
of parent status on the child status, and most of the correlations involved some type of twin. Moreover,
they study personality and social attitudes instead of socioeconomic outcomes, based on samples that are
much smaller than the ones we consider here.
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Table 5: Calibrated Parameters in Swedish Registers (Education, Two Factor Model)

Panel A : Intergenerational Processes
m f m f 2 2 2 2 2
:H IB V4 Y o ym o uf G zem o zef o zq

0.116 0.100 0.690 0.587 4.648 4.465 1.753 1.347 0.316

2 2
aym ayf a m azf O um o] uf

0.448 0.003 0.577 0.659 2.058 2.319
Within-person correlations in y and z:
p Yyzc p yzg p zczg
male 0.667 0.304 0.034
female 0.594 0.304 0.034
Ancestor correlations in y and z:
Father-Son Fr.-Daughter Mother-Son Mother-Daughter

mn 2z 0.576 0.580 0.533 0.507
inzg 0.513 0.513 0.513 0.513
n zc+zg 0.582 0.585 0.546 0.527
Father-Son Grandfr.-Son  GGrandfr.-Son GGGrandfr-Son
my 0.379 0.209 0.121 0.071
in zc+z9 0.582 0.340 0.199 0.116
Panel B : Sibling Processes
% om o’ of Comaf S om o’ of Cemef

0.120 0.173 0.000 0.681 0.729 0.652
Sibling correlations in zc and zg:
Brothers Sisters Mixed Brothers Sisters  Mixed
m zc 0.754 0.898 0.785 29 0.513 0.513 0.513

Panel C: Assortative Processes

P ymyf p ymzcf p ymzgf P zemyf P zemzct P zemzgf P zgmyf P zgmzct P z2gmzgf
0.491 0.514 0.099 0.546 0.695 0.082 0.083 0.049 0.025
Panel D : Variance Decomposition of y

Yi—1 S Z7, Oz gz T et D ERR
male 1.0% 13.8% 3.5% 7.6% 25.9% 2.6% 14.6% 43.1%
female 1.0% 10.8% 3.6% 6.0% 21.4% 3.9% 16.3% 41.5%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations from calibration
of the extended model with genetic and non-genetic latent factors (zG and zC). The parameters 8 and 0'5 capture

the direct transmission and variance of y; v and 0'3

. the transmission and variance of 2¢; ogg the variance of 2

and o2 and o2 shared sibling influences in y and z; see equations (2)-(3) and (7)-(8) for details. Panel C reports
the coefficients from the linear projections (4) and (5) of z* and y* for k = f,m on their spouse’s z and y and the
implied spousal correlations. Panel D decomposes 05 into the components explained by the parents’ y (g¢—1), 2C
(2¢ 1), 29 (3¢ }) and their covariances (0z), and the sibling components in y (z:) and z (e¢); £5,7 and 55,5,
are the total percentages explained by the parents and the close family (parental and shared sibling influences),
respectively. Based on the kinship correlations reported in Table 3.

set (zﬁ&n, ztclT, (VAP zﬁ{, ztcl]lc, ytf_l), we show in Online Appendix D that in steady state,

there are only four free correlations, p,co.m c.r, p,cmyr, pym c.r and pym, s, as the remaining
ones are functions of these four and the other parameters of the model. Then, the two-
factor model has only one more parameter than the benchmark, the variance of the genetic

factor o2, which is equal for both genders.
z

We calibrate this extended model using the 105 correlations of our baseline specification.’

45The fit is very good, which is not surprising, since the fit was already very good for our benchmark
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The estimated parameters are presented in Table 5. The general picture is similar to the
benchmark specification. Indirect transmission through the cultural factor is much more
important than the direct transmission channel. The sibling correlation in the cultural
factor is much bigger than in the observed outcome. Assortative mating takes place mainly
in the cultural factor. Educational attainment is correlated between spouses because it is

correlated with their respective “cultural” latent factor.

The interesting part of this exercise is to asses the relative contribution of the genetic
and non-genetic factors to the variance in years of schooling.’® We find that the cultural
factor explains 38% of the variance of the observed outcome for males and 30% for females
(02./ aik for k = m, f), whereas the "heritability", i.e. the share of the variance explained
by genetic factors, is only 7% (Ugg/azk). This estimated heritability is slightly below
recent evidence from genome-wide association studies (GWAS) based on direct genetic
information. For instance, Lee and et al. (2018), using a sample of more than a million
individuals, find that polygenic scores explain between 11 —13% of the variance in years of
schooling.’” To address a potential upward bias from the correlation of polygenic scores
with environmental factors, researchers use within-family designs that exploit random
variation of actual around the expected genetic relatedness.’® These estimates tend to be
smaller, but much of the relationship between polygenic scores and educational attainment

remains (Papageorge and Thom, 2018).

Estimates from GWA studies are much lower than those found in the behavioral genetics
literature comparing different types of twins or adoptees (Bjorklund, Lindahl and Plug,
2006), which estimates that genes explain between 30 and 40% of the variance in years of
schooling (Branigan, McCallum and Freese, 2013). This difference between the traditional
twin-based estimates and the more direct evidence from GWA studies is sometimes called

“missing heritability” (see Golan, Lander and Rosset, 2014). Some authors consider that

model. As in the benchmark case, the out-of-sample predictions are also good.

46We measure the outcomes for biological parents, irrespectively of divorce or other changes in family
structure. Our estimates therefore quantify the genetic and non-genetic influences of biological parents
and might miss additional non-genetic contribution of non-biological parents.

47 Applied to the Health and Retirement Study, the same polygenic score explains between 4.5 — 9.7%
of the variance in schooling (Papageorge and Thom, 2018). The predictive power of PGS increases with
sample size, but Cesarini and Visscher (2017) argue that recent studies based on millions of observations
(such as Lee and et al., 2018) come close to the theoretical upper bound of the approach.

“8Estimates from GWA studies capture only additive effects of certain single-nucleotide polymorphisms,
and might therefore represent a lower bound of the genetic contribution (Selzam et al. 2017). On the
other hand, they may be biased upward by the correlation of polygenic scores with environmental factors
(Domingue et al., 2018). The distinction between environmental and genetic factors may not be sharp. For
example, environmental factors may itself be partly determined by the genetic endowments of the parents
(“genetic nurture”, Kong et al. 2018).
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those high values are a consequence of the variance analysis used and the lack of a correct
recognition of a non-genetic transmission of many cultural traits in twin studies.*” Thus,
Feldman and Ramachandran (2018) claim that the results obtained from twins studies are

not the standards relative to which other variance analyses should be compared.

In particular, the twin approach is sensitive to assumptions on the degree of assortative
mating, which cannot be well estimated in traditional data with only close kins. Ruby
et al. (2018) illustrate this point by using large-scale ancestry information from the Ances-
try.com repository to estimate the heritability of human longevity. While their estimates
based on close genetic relatives agree with the prior literature, estimates based on more
distant relatives suggest that assortative mating in longevity is much stronger, and its
heritability therefore much weaker. By linking distant kins in administrative data, we can
gain similar insights for socioeconomic outcomes that are of more direct interest in the
social sciences. It is also interesting that we find a close to zero correlation between the
latent genetic and cultural factors (p,c,c = 0.03). If we see the cultural factor as part of
the socioeconomic environment provided by parents, our findings are in accordance with
Papageorge and Thom (2018), who show that the relationship between polygenic scores
and the socioeconomic status of the family is also very small. Another interesting result is
the low degree of assortative mating in the genetic factor that we find, p,cm,c,r = 0.025,
which is also consistent with estimates from recent GWA studies, like Robinson et al.
(2017) who find a degree of genetic assortment between 0% and 6% or Domingue et al.

(2014) whose estimates vary between 2% and 4.5%.

Splitting the unobservable factor into genetic and non-genetic components has no con-
sequences for the implied long-run correlations. The correlations with grandparents,
great-grand-parents and great-great-grandparents in education or the total latent factor
(2F = ztG ko ztc k) are nearly identical to those obtained from the benchmark model. This
observation relates to the argument that distant vertical correlations are not informative
about the relative contribution of genetic and non-genetic pathways to status persistence

— their transmission patterns are statistically too similar to be distinguishable from a

vertical perspective alone. Instead, they are very distinct in the horizontal dimension.

Twin studies are subject to a number of conceptual issues, including that (i) gene-environment inter-
actions are not captured by the linear model used, (ii) the overall effect of genes may not add up linearly
(e.g., dominance of alleles or epistasis, dominance of genes), (iii) the environment may be different for
twins or adoptees than for other sibling types (Goldberger, 1979), and (iv) there might be less variability
in the phenotype among families with twins or adoptees.
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6 Conclusions

We have proposed a new approach to estimate intergenerational mobility and assortative
mating. While sharing conceptual similarities with prior work on the correlation between
relatives in quantitative genetics and economics (e.g., Behrman and Taubman, 1989), it
deviates in two key aspects. First, our primary interest is in the overall extent to which
advantages are transmitted from one generation to the next, less in the nature-nurture de-
bate at the heart of prior work. We thus do not need to deal with the complicated relation
between genes and environment (Goldberger, 1979), and instead capture both. Second,
we exploit administrative registers to chain-link “horizontal” relatives, such as distant
siblings-in-law. This horizontal approach has many advantages compared to the conven-
tional “vertical” approach. It does not require the observation of distant ancestors, and
socioeconomic outcomes can be measured within a single data source, at approximately the
same age and time. Most importantly, the horizontal yields many more kinship moments

than the vertical approach.

Consequently, we can characterize the transmission of socioeconomic inequalities in more
detail than what has been possible previously. In particular, we account for latent path-
ways in each of the intergenerational, sibling and assortative components of the trans-
mission process, motivated by recent multigenerational studies (e.g., Clark 2014, Lindahl
et al. 2015). We find strong persistence not only in the intergenerational, but also in
the sibling and assortative processes. Conventional measures based on observable charac-
teristics greatly understate the extent to which latent advantages correlate between kins.
For example, sibling correlations (known to be a comparatively comprehensive measure
of family background; Jéantti and Jenkins, 2014), still understate — by about 50% — the
similarity of siblings in latent advantages that determine the socioeconomic prospects of

their descendants.

Most striking is the degree of assortative matching that our data imply. Combined with
large-scale administrative data, our approach allows us to track distant siblings-in-law.
Because they are separated by many spousal links, it becomes quite apparent if a model
cannot fit the assortative process in latent or observable characteristics. Our data suggests
an extremely high degree of assortative matching, even in a country as egalitarian as
Sweden, with the spousal correlation in latent advantages estimated to be around 0.75 —

implying far greater sorting between spouses than indicated by previous studies.
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The observation of both consanguine (“blood”) and distant affine (“in-law”) relatives
allowed us to also contribute to the nature vs. nurture debate, distinguishing the role
of genetic and non-genetic mechanisms in the second part of our paper. We show that
a standard genetic model cannot fit the kinship pattern in educational advantages. The
observation of a large set of kinship moments is key for this conclusion. The genetic model
appears to explain the transmission process well when considering a small set of vertical

moments, but fails to explain the remarkable similarity of distant siblings-in-law.

Genetic and non-genetic pathways are difficult to distinguish because they can generate a
similar statistical pattern in the intergenerational dimension. In contrast, their assortative
pattern turns out to be very distinct. The horizontal approach can, therefore, be used
to decompose genetic from non-genetic mechanisms. Calibrating an extended two-factor
model, we show that genetic and non-genetic latent factors are transmitted at a similar
rate, with about 7% of the variation in years of schooling being explained by variation
in latent genetic factors. However, the similarity of spouses is nearly exclusively due to
non-genetic factors. Remarkably, our estimates of the heritability of education are in line

with recent findings from behavioral genetics, even though our approach is very different.

Our study illustrates the potential of linking horizontal kins in administrative registers.
However, our implementation is subject to some limitations. One problem for the estima-
tion of distributional models is that the moments may not be in a steady-state equilibrium
(Atkinson and Jenkins 1984). Because horizontal kins can be observed at a similar time,
our approach is arguably less sensitive to this issue than a vertical approach based on
distant ancestors. Still, consideration of the off-steady state dynamics would be useful.
Another limitation is that we do not model fertility. Again this is standard in the litera-
ture, but it might be a concern here because the existence of a sibling-in-law depends on
the existence of a sibling — skewing the sample towards larger families with lower socioe-
conomic status. This bias appears small in our setting, but an explicit consideration of
fertility could be fruitful for future work. Finally, one might ask whether non-linearities
in the transmission process, such as heterogeneity across families (Bingley and Cappellari,

2019), might contribute to the correlation pattern between distant kins.

The aggregate statistics and program codes underlying this article are available in Zenodo,

at https://doi.org/10.5281/zenodo.6840611.
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A The General Model

We assume that the value of the outcome y for an individual from generation ¢ is given by
vt =B+ 2 ) oy (A1)
where the superscript k = m stands for males and k = f for females. We assume that
Ut = a§y21 +(1- a’;)ytf—l
and the socioeconomic status of the child, zf, depends on the father z;™; as well as on the mother z{_l

2P =~kZE | +ef +of

kY, f

(A.2)
Zy=akzt +(1—ab)z

Regarding the shocks, we assume that z¥ and ef are shared by all siblings of the same gender, can be
correlated across siblings of different gender and are uncorrelated to each other and with the other variables

(in particular with zF ; and 3! ,, I = m, f). Finally «¥ and vF are white-noise errors.

We assume throughout the appendix that the economy is in the steady state, and therefore all the parameters
and the moments of all the variables are time invariant. We provide more detailed versions of the following
derivations in a document titled “Additional Derivations”, which is available on the authors’ webpages (or

upon request).

A.1 Assortative mating process

We assume there is assortative mating both in years of schooling and in socioeconomic status (see Behrman
and Rosenzweig, 2002, for a related model with assortative mating in two dimensions). In particular we

consider the linear projections of ztf_1 and ytf_1 on z;", and y;":

f J— m m m m m
Zpqg =yl By twily

f — M . m m ,,m m
Yim1 = Vg1 T ryy¥iq T €124
where wi" | and e ; might be correlated but are uncorrelated with 2z, and y;" ;.

The coefficients of the linear projections depend on the correlations p.mym, p,m,r, pPymys, pym s and pymys,

as well as on the standard deviations of zF , and yF |, k =m, f:

1 O.f

mo__ z

Tzz = ﬁi(pzmzf — pz""ympymzf)
pzmy7n gym

m 1 Of

Tl = e (Pymot — PamymPim.r)
(1= pRaym) ogm Y Y



1 Oyf
m_ -  Zy — Domam .
Tyz o (]- - pgmym) Oym (pzm,yf Pz Y pymyf)
1 g, f
7«;’; = 7i(pymyf - pzmy"’pzmyf)

(1 — pgmym) O‘y'm

We use these matching functions to write years of schooling, yF, and social status, zF, as a function of father’s

years of schooling, yi™, and social status z] ;. We can write (A.2) as

k _ ~k m k m k. m k k
2 = G2ty + Gty + gmwis e + vy

where
GY, = A+ -
GlgjnL = ’Yk(l - O‘]zc)rggl;
g = Y(1-ab)
and (A.1) as
Ye = Byyity + BLu2ity + bielty + gnwity +ef +of +af +uy
where

By = B (o + (1= ap)ryy) + Gy,
k _ k ky\,.m k

an - B (1 - ay)’ryz + Gan
b = B(1—ay)

All these expressions will be used to compute correlations between relatives that are related through their
fathers. However, when we consider relatives that are related through their mothers, we need to find ex-
pressions for yF and zF as functions of mother’s years of schooling, ytffl, and social status ztffl. These
expressions are provided in a document titled “Additional Derivations” available on the authors’ webpages

(or upon request).

A.2 Steady state assumption

As mentioned above, we assume that the second order moments of all variables are time invariant. This
steady state assumption implies that p,m,m and p.r,s depend on the remaining parameters of the model

trough the following equations:

0.5 Oyf

(1= B panyn = B7(1 = o)™ (1 = 0TV ZE Dy,
g,m (o g,f

= 4Bl Y™ (1= ) = pymar + BT (L — QYA p oy
O'ynl T ym O‘yrn



O,m Oym
B (1= o)y (1 —af) ==L pomym + (1= Blady al)p.sys
O.5 Oys
S Y N v T f Py of T4
= — 4+ 7« 11—« myf + 11—« QL ——pym 1
Oy B y’y ( z) O Pz Y 5 ( y),y z Oy py z
We then have that the model has 20 parameters 7k7ﬂk,a§,a’;7ogk,aik,ask, k=m,f, and ogmys,Opmer,

Pzmzfy Pymzfs Pzmyf and Pymyf-

A.3 Covariances

A.3.1 Main covariances

We use the notation in Figure 1 to denote individuals with different degrees of kinship. We first compute
the main covariances (husband-wife, parent-child and siblings). Then, the covariances for other relatives are
obtained recursively.

Husband and wife a —da’

We have to compute the covariance between "a" and "a’". Let n = m, f be the gender of @ and n’ = m, f
the gender of the a’.

Cov(y"" a/’”/) =oymo
Y1 Yi—1 ym Oyf Pymyf

Parent—child aa — a’

We have to compute the covariances between "aa" and "a’". Let n’ = m, f be the gender of a’ and n* = m, f

the gender of the aa. We project aa on o’ (his/her father or mother) who has gender n’

aa,n*

a’,n’ _ n* _2 n*
OO’U(yt yYt—1 ) - Byn/gyn’ +an’azn' Oyn’ Pyn’ yn’

Siblings o’ — b
We have to compute the covariances between "a’" and "b". Let n’ = m, f be the gender of ¢’ and [ = m, f

the gender of the b. We project o’ and b on their father or mother GP2 who has gender k

a'n' bl N_ pn' pl 2 n' pl 2 n' nl n' nl n ol 2 n'1l 2
Cov(yy 2y, yi1)= By Byoywn+ B B0 o+ By BoytBLi By, ) 0w 0w pontynt +97% 910 +05 03,0250 +0
’ 7 ’ 7
+ (0 gt ) Covlerl s wp )+

A.3.2 Other covariances

Before we obtain the remaining covariances for different degrees of kinship we compute the linear projections

’ ’ ’ ’ b l b l . .
of 2’1" and y{ 1" on 2", and y,”';, n’,l = m, f, where a’ and b are siblings

’ ’ 7 7
a’,n’ _  n1bl n',l, bl b,l
Zi—1 T Tz %1 + sz Y1 + Wy_q

a'm' a1 bl n’,l, bl b,l
Yot =Ty 21ty Yl &



bl bl o bl bl
where w;”; and €, might be correlated but are uncorrelated with z;”; and y,”; and

Tn/’li ! 020t ot O 1yl 0 al n'
zz 2 2 2 ylOzal !zt = OzlylO al n/ bl
Uz’ayl - Uzlyz
4 1
L 2
T?y’ = = 2 (Uzlaza/,n/yb,l = 01yl 0 yal 0! zbl>
Uzlayl - gzlyl
n',l __ 1 2
Ty, = 2 _ 452 OytOya’ ! 3b0 = OzlylOya’ ! b1
O-Zlo-yl Uzlyl
n',\l _ 1 2
Tyy = 3 3 3 O010a’ ! b1 — Oyl T yal n! b1
Uzlayl Ozlyl

l

Notice that error terms, wf;l and 5?&, are likely to be correlated with the latent factor and the outcome of

a, the spouse of a’, and also with error terms of the linear projections of a’ on a. However, since we use these
. N . I . . . bl b,l
linear projections to find the correlation with in-law relatives of b, what is relevant is whether w,”; and ¢,

. vl vl . . .
are correlated with z,*; and vy}, where b’ is the spouse of b. Since these error terms are not correlated with

zf’_ll and yf’_ll, and we are assuming that the assortative mating is in z and y, they are not correlated with

L and y!! eith
z, 27 and y, 7, either.

Consanguine relatives ("blood")

Vertical covariances
Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and [ = m, f

the gender of the b. We project aa on ' (his/her father or mother) who has gender n’
aa,n™ bl n* a’,n’ bl a’',n’ bl
Cov(y; Y1) = B Cov(z2y ,y7) + yn/cov(yt—l Y1)

where a’ and b are siblings.

Horizontal covariances
Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and I* = m, f

the gender of the bb. We project bb on b (his/her father or mother) who has gender [
COU( aa,n 7yi}lxl*) CO'U( aa,n™ Zfll) CO’U( aa,n 7y?’7l1)
where b is the uncle/aunt of aa.

Affinity relatives ("in-law")

Vertical covariances



Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — V/

We have to compute the covariances between "aa" and "b'". Let n* = m, f be the gender of aa and I" = m, f

the gender of the b’. We project b’ on his/her spouse b who has gender [
Cov(y; aa,n® yf ll) = r L Cov(y; aa,n” zt 1) —|—r ,Cou(y; " ,yf’fl)

where b is uncle/aunt of aa.
Siblings of the siblings in law of the parents aa — ¢

We have to compute the covariances between "aa" and "c¢". Let n* = m, f be the gender of aa and 0o = m, f

the gender of the c¢. We project ¢ on his/her sibling ¥’ who has gender '
COU( aan ,yf’fl)—r"lC’ov( aan )+T0lCOU( aa,n ’y?/ll/)

where b’ is the spouse of the uncle/aunt of aa. We can recursively compute the covariances for the spouses
of the siblings in law of the parents and the siblings of the siblings in law of the parents of any degree.
Horizontal covariances

Siblings in law a — b

We have to compute the covariances between "a" and "b". Let n = m, f be the gender of @ and [ = m, f the

gender of the b. We project a on his/her spouse o’ who has gender n’

o bl ’ ' bl
Cov(y,yrhy) = rp.Cov(z yity) + 1y, Cov (i ylt)

where o’ and b are siblings.

Spouse of the siblings in law a — 0/

We have to compute the covariances between "a" and "b'". Let n = m, f be the gender of a and I' = m, f

the gender of the b’. We project b’ on his/her spouse b who has gender [

, 'l , b,l
Cov(yy "1, y,01) = ’”gl/zCOU(yt 17Zt 1) + 7" Cov(ygﬁaytq)

where a and b are siblings in law.

Sibling of the sibling in law o’ — ¢

m i ll

We have to compute the covariances between "a'" and ' Let n’ = m, f be the gender of ¢’ and 0 = m, f

the gender of the ¢. We project a’ on his/her sibling b who has gender !
e, ' b,l , ' b, ,
Cov(y;_1,yi%h) = ry ' Cou(z/ Ly, yi%h) + 1y Covly Ly, y)2y)

where b and c are siblings in law. We can recursively compute the covariances for siblings in law, spouses of

the siblings in law and siblings of the siblings in law of any degree.



Cousins in law aa — cc

We have to compute the covariances between "aa" and "cc". Let n* = m, f be the gender of aa and 0* = m, f

the gender of the cc. We project cc on ¢ (his/her father or mother) who has gender o

Cov(yfa’"* , yfc’o*) = BY, C’ov(yfa’"* 200 + BO*Cov(yfa’n* Y00

Yo

where c¢ is the sibling of the sibling in law of the father/mother of aa. We can recursively compute the

covariances for cousins in law of any degree.

B No Direct Effect and Assortative Mating Only in z

We next consider a latent factor model with no direct effect (5 = 0) and assortative mating only in z (i.e. we
assume that the coefficients of y;” ; in the linear projections of z{il and yg:l on 2", and yj*, are zero). This
model is less general than the previous one but it has the advantage that we can show how the parameters
are identified. Imposing these restrictions in the General Model, we find that outcome yF and the latent

factor zF for an individual from generation ¢ can be written as
k _ Ak m k, .m ko ok o,k ok
Ui = Goml1 T gmwit 1 + e +xf o + g
k __ k m k., m k k
2 = G2ty + gmwity +ey + vy

where

0,5

Gl;m = 7k(alz€ + (1 - Oé’zc)o_ N pzmzf)
(1 - ak)

z

g,

All these expressions will be used to compute correlations between relatives that are related through their
fathers. However, when we consider relatives that are related through their mothers, we need to find expres-
sions for y¥ and zF as functions of mother’s years of schooling, ytf_l, and social status ztf_l. These expressions,
together with a detailed derivation of all the formulas in this appendix, are provided in a document titled

“Additional Derivations”, which is available on the authors’ webpages (or upon request).

B.1 Correlations

We now impose the restrictions derived from this model to the formulas for the covariances that we derive in
Online Appendix A and compute the correlations for different degrees of kinship. We denote the correlations

by pin—j,i, where ¢ and j denote the corresponding relatives, and n and [ are the genders of ¢ and j respectively



Husband and wife a — a’

o O,f Oym
Pa—a’ = Pzfzm
ny O'ym
Parent—child aa — a’
nr Tanx O nt
kol o) — ) —
Paa,n*—a’,n zn
Tyn* Tyt
Grandparent—child aaa — a’
.
paaa,n**—a’,n’ == Gzn/ Paa,n*—a’ ,n’
Siblings o' — b
n' ~1 Ozk Ozk n' 1 Owk Oyk Ten’ gl O pn’ gl
par g —b = GGy —— + 9k 9k — + +
yn’ Oyl g Oyl Ty Tyt Ty Tyt
Uncle/aunt (siblings of the parents) aa — b
T, n' ’ O,k Ok 17 Ok Ok O _n'
_ Ty n' ~l z z n 1 %w w en’ el
Paa,n*—b,l = Gzn’ szzk + 9k 9k
Jyn* O'yn/ Tyl O'yn/ Oyl Uyn/O'yl
Cousins aa — bb
. 1* O’yz
Paa,n*—b,l* = Gzl Paa,n*—b,l
O'yl*

Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — 0’

. O'Zl/ O'yl
Paa,n*—b' ! = Pzmzf Paa,n*—b,l
(o] g
z yl
Siblings in law a — b or a’ — b’
Oyn Oyn n o~ Ozk Ok n 1 Owk Oyk Ogn! gl
Pa,n—bl = Pzmf szzk + 9k Gk
T ! Oyn O'yn’ O'yz Oyn/ O'yl O'yn/O'yl
o Oyl ’ Ok O,k 17 Ok Ok O _n' 1
_ =z Yy n l z z n 1 Yw w en’ e
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Spouse of the siblings in law a — 0/
O'Zl/ Uyl
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B.2 Identification

Our baseline model cannot be solved analytically, that is we cannot write the parameters of the model as
functions of the correlations between different types of relatives. However, to provide some intuition about

how the parameters are identified, we show identification in this restricted model with no direct effect (5 = 0)



and assortative mating occurring only in the latent factor z (i.e. we assume that the coefficients of ¥} in

the linear projections of zt]:l and ytf71 on z", and y™, are zero).

Assortative process. First, note that the ratio of the spouse of the sibling in law to the sibling in law (or the

ratio of the uncle in law to the uncle) identifies

Pa,n—b" 1l _ Paa,n*—b" 1’ _ Uzll/ayl/ (Bl)

Pa,n—b,l Paa,n*—b,l O

Moreover, o,m and o,r are observable. Notice that the ratio on the left-hand side corresponds to an instru-
mental variable regression in which the outcome of the spouse b in the spousal regression b’ —b is instrumented
with the outcome of the spouse’s sibling in law a (or the spouse’s nephew or niece aa). This IV regression
effectively swaps the correlations in equation (B.1) for covariances and therefore identifies p m s % Then,

if there are no gender asymmetries in the variances, that is, if o,y = oym and o,r = o,m, the IV regression

estimates the assortative parameter p,m,s.

The IV approach therefore needs to be based on sufficiently distant in-laws. In particular, notice that the
ratio of sibling in law to sibling does not identify the assortative parameter, i.e. the spouse’s sibling a’ is not
a valid instrument for the spouse b in the spousal regression b — b’. The reason is that the sibling component
x; is shared by siblings but not by spouses or other in-laws. For the identification of the assortative process,

we therefore need to “break” the sibling link by comparing kinship moments that are sufficiently distant.

In the general model with potential gender asymmetries, we can use the product of the ratios of the corre-
lations with the brother in law and his wife (I = m and I’ = f) and with the sister in law and his husband

(I = f and I’ = m) to identify the assortative mating parameter, p,m,r,

Pan—b'f Pan—b'm 9
= Pymysf
Pa,n—b,m Pa,n—b,f

The assortative mating parameter can also be identified from the product of the ratios of the correlations
with uncle and his wife (I = m and I’ = f) and aunt and his husband (I = f and I’ = m). In contrast,
standardizing the outcome variable by gender would not fully abstract from gender asymmetries. As is clear

from equation (B.1), the estimates would be still biased by the gender difference in the variance share of the
o /ayl/

latent variable, — .
/oy

Intergenerational process (considering extended kins in the parent generation). Next, we can identify the
reduced-form intergenerational transmission parameters, GQ;,, n',n* = m, f, from the ratio of the spouse of
the uncle to the sibling in law,

paa,n*fb’,l’ _ n* O'yn'

zn'
Pa’ ' —b" 1’ Uy"*

Notice that this ratio corresponds to the instrumental variable regression in which the outcome of the parent
a' in the parent-child regression aa — a’ is instrumented with the outcome of the parent’s sibling in law b’ (or

the parent’s own parent, see below).

As for the assortative process, researchers need to consider sufficiently distant relatives in order to abstract



from sibling links and to isolate the intergenerational process. In particular, notice that we cannot use the
ratio of uncle to siblings to identify the intergenerational parameters because z is shared by siblings but is
not transmitted to their descendants. Accordingly, the corresponding IV approach in which the outcome of

the parent o’ is instrumented with the parent’s sibling b (i.e., the child’s aunt or uncle) is biased.

Intergenerational process (considering grandparents). Alternatively, one can identify the strength of the
intergenerational process from multigenerational data across three generations (as in Lindahl et al., 2015,
or Braun and Stuhler, 2018). In our simplified model, the ratio between the grandparent-child and the
parent-child correlations identifies

Pacan*—a'm’ _

4
zn’ >
Paa,n*—a’ n'

The reduced-form intergenerational transmission parameter G?nf depends in turn on the strength of the
intergenerational transmission v¥, the assortative parameter p,m s, and gender-specific weights. The corre-

sponding IV approach of using the outcome of the grandparent a’ as an instrument for the parent aa in the

. . . . . . . ** 0,
parent-child regression aaa —aa swaps these correlations with covariances, and therefore identifies G7,, Uyy;*: .
o

Once the GZ:L,, n’,n* = m, f are identified, we can identify the share of the variances of 4 and y™ explained
2
by the latent factor, Z;—"', n' = m, f from the parent child correlations

yn

2
.n _ Paan*—a’,n’
2 n’

Uy" P

Next, using the definition of G7,, for different gender combinations, we have that

z

2
1- pzrnzf

k k k Kk g,m
Y= sz -7« <0_Zf Pemof — 1)

k k 9.f
sz, -G fo.m Pzmf
oy =

z

and we can identify v* and of, k = m, f. If there are no gender asymmetries, that is if 7/ = y™ = ~,

af =am =1L 0, = oym and o,r = 0,m, the reduced form intergenerational transmission parameters are

yf

1
2
all equal to 3 (1 + p,ms) and we can identify the pure intergenerational transmission parameter, v, by

Paa—b’
N = Pa’—v! 2paa—b/
= o =
1+ ﬁ Pa—b T Pa—b’

Next, using the eight uncles correlations for different gender combinations (n*,l,k = m, f)

« O, n! / O,k O 4k ’ Ok Ok g n'
_ Y n’ ~l z z n’ 1 Yw w en' el
Paa,n*—b,l = Gzn/ o < szzk + 9k 9k + )

yn* y"' O'yl O'yn' O'yz O'yn,/ O'yz

we can identify afn,, n' = m, f and o m.s. Finally from the three siblings correlations for different gender



combinations
O,k Ok n' 1
+ 9k 9k

y"’ Uyl O'yn/ O'yl O'yn/ O'yz Uyn/O'yl,

Ok Ok Oen! gl O pn’ gl

n’ Al
Pa’ 0/ —b,l = szsz

we can identify ain,, n' =m, f and oymys.

C The Genetic Model

The genetic model is nested in our general model by imposing the following restrictions:

e There is no a direct effect of parents outcome on children outcome (3% =0, k = f,m), and hence
v =2 +ap +up

Then Cov(yy, zf) = 02 and por e = 0. /0.

e The latent factor is genetic and therefore it is transmitted from parents to children as

m f
kA1t 2 k
P= T g U

where vF is uncorrelated across relatives and to 2™ ; and th:l (v*=1and 02 =0, k= f,m).

e The share of the variance explained by the latent factor is equal across genders (‘751« =02 k=fm)

e There is assortative mating only in the observed outcome y (p,mys, pym.s and p,m s are functions of

pymys and some of the other parameters of the model).

The genetic model has only 5 parameters: 02, 02m, 02, Oymys Pymys -

C.1 Assortative mating process

Under the assumption of assortative mating only in y, the coefficients of the linear projections of ztffl and

yif_l on z;"; and y;*; and 2{*; and y{*; on z,;f_l and yif_lare

m mo_ _ . _
T2z ryz =T = Tyz =0
2
g g
m f z z
T =7r = ———Pymaf Pymyf
z z ymz Yy
Y Yoy Oyf Oym
Oy f
m Yy
Tyy = — — f
v = o Pymy
Y
;9=
sz %pzmyf
O'yj

10



We can write zf and y} as a function of the father
k k k k k
2 = Gzt + Gty + gmwis + v

where

ot =L g

and

k _ k m k m k., m k k k
Ye = Gymytfl + Gop2itr + gmwity v + 3y oy

These expressions will be used to compute correlations between relatives that are related through their fathers.
However, when we consider relatives that are related through their mothers, we need to find expressions for
y¥ and zF as functions of mother’s years of schooling, y{_l, and social status ztf_l. These expressions are

provided in a document titled “Additional Derivations” available on the authors’ webpages (or upon request).

C.2 Covariances

C.2.1 Main covariances

We use the notation in Figure 1 to denote individuals with different degrees of kinship. We first compute
the main covariances (husband-wife, parent-child and siblings). Then, the covariances for other relatives are

obtained recursively.
Husband and wife a — o’

We have to compute the covariance between "a" and "a’". Let n’ = m, f be the gender of o’ and n =m, f
the gender of the a.

C an a',n’\ _
ov(Yy 1, Yy 1 ) = Oym Tyt Pymys

Parent—child aa — o’

We have to compute the covariance between "aa" and "a’". Let n’ = m, f be the gender of a’ and n* =m, f
the gender of the aa. We project aa on @’ (his/her father or mother) who has gender n’ and we denote by n

the gender of the spouse of o
C ( aa,n™ a',n’) _ 1 Uy"' 41 2
oy Y1) = Pymyf T

Siblings o’ — b
We have to compute the covariance between "a'" and "b". Let n’ = m, f be the gender of ¢/ and | = m, f

the gender of the b. We project a’ and b on their father (or mother) GP2 who has gender k, and we denote
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by &’ the gender of the mother (or the father)

’ ’ 1 0'2
, b,l
C’ov(yf_? Yily) = 5 (0 ZU fpymy,f + 1> az + Opmys
ym Yy

C.2.2 Other covariances

Vertical covariances
Uncle/aunt (siblings of the parents) aa — b
We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and I = m, f

the gender of the b. We project aa on a’ (his/her father or mother) who has gender n’

2
1o

* pl 1 o2 2
Covlye™" ,y"1) = 7 ( ——pymys + 1) oF +

Poymyf Ogmaf
O'yma'yf vy

20ymoys
where a’ and b are siblings.

Horizontal covariances
Cousins aa — bb
We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the ay. We project bb on b (his/her father or mother) who has gender I

2

1 o 3 1 o2 2

aa,n® bbl*\ _ z 2 z

Cov(y; Y ) = 3 ( Pymys + 1) o, + 1 (pymyf) Ogpmyf
O‘y"”a-yf O'yma—yf

where b is the uncle/aunt of aa.

We provide the derivations for distant consanguine and affine covariances in a document titled “Additional

Derivations”, which is available on the authors’ webpages (or upon request).

D The General Model with Two Unobservable Factors

We assume that the value of the output y for an individual from generation ¢ is given by
o~ Gk | _Ck
yt =B+t e e g (D.1)
where the superscript k& stands for males (k = m) and for females (k = f). We assume that

Ut = a’;yi'il +(1- algj)yifq
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ztG * and zto * are two unobservable factors. The genetic factor of the child, ztG *_depends on the father ztG_T
as well as on the mother 2z~ ’f
LGm oy Gif
Zthk — t—1 5 t—1 + ,UtGJf (DQ)

The cultural factor of the child, ztc " also depends on the father zt 7" as well as on the mother ZC !

C.k ~] C.k Cik
Zy = szffl +ep T vy (D.3)

k.Cm C,f
Ziy = abz 2T+ (1 - ab)zy

Regarding the shocks in model (D.1), we assume that xF, and etc * are shared by all siblings of the same

gender, can be correlated across siblings of different gender and are uncorrelated with the other variables (in

G,k C.k

particular with zG k t Fand y;_ 1). Finally uf, v;" and v;”" are individual’s white-noise error terms.

D.1 Assortative mating process

We assume there is assortative mating both in years of schooling and in the cultural factor. In particular we

c, G
consider the linear projections of zt 1, 2 { and y{_l on z,"V", zt T and y™ ;-

Gf _ ,m G,m m cm G,m
211 - TszG Zi—1 +Tszc Zt—71 +rzG yt 1 +wt 1
c.f G,m Cm Cm
2’1 = 7"CGZt1‘5‘7’002}1‘|'TZnyt1‘|'wt1
f _ m G,m m Cm m ,m m

Yic1 = Tyie Zly e 2y t Ty Y1ty

The coefficients of the linear projections depend on 15 correlations, p,c.m,c.m, p,Gmym, PyCimym, PyG.f,C.1,

PG fyfys PzC fyfs PzGmzG.fy PrGmaCify PrGomy.fy PrCmzG.fy PrCimyCify PrCimy,fy PymzGify PymzC.f and Pymyfs as

- Gk _Ck : :
well as on the standard deviations of 2,7, 2,”} and yF ;, k = m, f. However, since we assume there is no

assortative mating in the genetic factor, we have that "¢ o = "¢ ¢ = r™ = 0, which implies
) z2Cz 2tz yz ’

(sz,'m.wapZC,nLy'm. - pzc,mzc,m) P,Cm G f + (pzc,mzc,mpzc,mym pG.m m.) Pym G
2
pZC,nLy7n - 1

PrGm G, f =

(pZG,mym,po,'rny'm, — pZG,mZC,m,) PLCmCf + (sz,'mzC,mpzc,'mym - sz,'mym) PymC.f

2 _
pZC,mym 1

sz=mzcvf =

(pZG,nzynlpZC,my'm — pZG.mZC’,7n) pzc,myf + (pZG’,nLZC,mpZC,nLyvn —_ pZG’,m,yrn) py'myf
2
pzc,7nym - 1

pZG,rnyf —

which reduces the number of free correlations to 12. The remaining coefficients are:

m 1 0,G.f
r,cg,c = 5 (pZC,mZG,f - pzc,mympymzc,f)

(1- pzc,'rny'nt) 0,Cm

m 1 0,G.f
’I“zc;y (pymzc,f - pZC,mympo,nzzG,f)

B (1 - pic‘mym) Oym

13



1 0,0, f

m
c (pZC,mzC,f - pza’"ympymzcvf)

T c =
2%z 2
(1 - po‘mym) 0,Cm
mo 1 o,C,f
Tzcy = (1 V) ) (pymzC,f - pZC,myWLpo,'mzC,f)
pzc,myvn Uym
1 Oy f
m Yy
Tyso = e ] (PsCmys — PaCimym Pymoys)
po,mym O-ZC,m
1 Oyuf
mo__ Y-
Tyy = 77(pym'yf - pzc,mympzc,myf)

(1 - pzc,mym) Uy""

Gk k

We use these matching functions to write the genetic factor, z,7", the cultural factor, ztc " and years of
schooling, yF, as a function of father’s genetic factor, zthl", cultural factor, ztofln, and years of schooling,

Y. We write (D.2) as

G,k G, c, G, G,k
2" = Gl Gzl + Gty + 9wy + v
where
1 1 1 1
k k k k
ngm = 2 Gom = iT’TGZc ) Gym = §T;%y > m = 9’
(D.3) as
C.k c, c, C.k C.k
Zt = Ofmzt—T + Cgljmytnil + C]:nwt—T +ep T+
where
O,];m = 'Yk(a]zc + (1 - O‘z)rr:}jzc)
Cgl/cm = 7k(1 - O/;)r?zncy
ko= Y1 -ab)
and (D.1) as
G, c, G, c,
yf = B,l;gmzt—T + Bﬁmzt—’rln + lejmyzn;l + g'lljﬁ,wt—gn + Cfnwt—an + bﬁlgﬁl
+ef’k+ef7k+xf+vf’k+v?’k+uf
where
1
k
Bzgm = 5
1
Bfm = Bk(l — OéZ)’I"Z;C =+ §TZLGZC + Cfm
1
k k(. .k k k
By, = B (ay +(1- ay)r;';) + 57“;"% +Cym
i, = o)
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These expressions will be used to compute correlations between relatives who are related through their fathers.
However, when we consider relatives that are related through their mothers, we need to find expressions for
yF and 2 as functions of mother’s years of schooling, y{_l, and social status ztf_l. These expressions are

provided in a document titled “Additional Derivations” available on the authors’ webpages (or upon request).

D.2 Steady state assumption

We assume that the second order moments of all variables are time invariant. This steady state assumption
implies that p.c.m c.m, p,cmym, 0;6,mym, P,0.5 6.5, p,0.5yf, and p,c.syr depend on the remaining parameters
of the model through the following equations:

lo'ch 0,G.f 1 IO'ZCf

paosar =" § o pzc,mzc,f—F’V (1-af )200

PzGm ,C.f

1
(1—7 o 2>pzc,mzc,m—7 (1—a")=

20 Cm O ,Gm

1 1 O,Cm O,Gm 1 T,Gm O,Cm
T R L om0 o = Y rq gy T INE e
( 27 ( Z)) PzG 21 27 ®o,cr 0,65 pacmzc 2’7 ( z) o.ef pze: ZCf+2,Y ® 0,08 pacmzcd

me,m 1 m my Tyl 02G.s

2 O'ym 0,G.m
g,c,m J,G,f Oy G,m
_ z Dy yCom + ﬁm m py Lo + Bm( _ a;n) sz iy + O
O’ym g, O'y O'ym
1 1 Tym O ,G,m
_-pf (1o _ 2 pfaf Y T2
(1 2B (1 ay)> PG Fyf 2B a oy Ot P2Gmyym
0,C.f 1 0,G.m 1 Oym 0.G.f
— < P2G.fCf + fﬂf (1 — Oz?];) < Py 2Gm + */BfOZgLPZG,fym + ==
Oyf 2 0,G,f 2 Oy f Oyf
0,0,f Oyf
(1= B"ayymal") pacamym — B (1 —ay )y™ (1 — al') —=————p.c.rys
0,C,m O‘ywn
0,G,m g,cC.f c,m
= z PG mCom + ,Bma;n’ym(l - O/Zn) 2 PymzC.f + B8m(1— oy ™A ol 7pzc myf + e
O'ym g,C,m y O'ym

f fof _ gF o f o f T2Cm Ty
(l—ﬁ (l—a )7 o )po,fyj = pragyal vr Oy P2Cmym
_ 0z61 I Y A f o f O28m Fof it A T.0.1
= f 20 f T+ l1—« « F,Cm le’ l1—« Fym
07 pzG.iz00 + B ( y)’Y 2o pys zom + B agy ( Z) oy PO fym + Oy

The six equations for the steady state reduce the number of free correlations to four: p.cm.c.r, pyomyys,
pym .5, and pym,r. Then, this model has 21 parameters: Bk,’y’“,azc,k,ozc,k,Jik,afak,agj,ak k =m, f,

Oym gt TeComeCof s PoComC.f 5 P2Cimyf s PymC.f, aNd pymy s, just one parameter more than the one factor model.
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D.3 Main covariances

We first compute the main covariances (husband-wife, parent-child and siblings). Then, the covariances for
other relatives are obtained recursively. We again use the notation in Figure 1 to denote individuals with

different degrees of kinship.
Husband and wife a — a’

We have to compute the covariance between "a" and "a’". Let n’ = m, f be the gender of "a’" and n = f,m

the gender of "a",
C an a'n _
ov(y 2, Y ) = OymOys pymys

Parent—child aa — o’

We have to compute the covariance between "aa" and "a'". Let n’ = m, f be the gender of @’ and n* = f,m

the gender of aa. We project aa on o’ (his/her father or mother).

C,a'm’  a'n

’ ! ’ !’ 7 ’
aa,n® a’'n _ n* G,a',n a’,n n*
COU( yYr—1 ) - Bzgn’Cov(thl yYr—1 ) + an’COU(Zt 1 » Y — ) + Byn’a

Siblings a’ — b
We have to compute the covariance between "a'" and "b". Let n’,l = m, f be the genders of the siblings.

We can compute the covariances projecting on the father (k = m) or on the mother (k = f).
a/,n/ b,l n/ l G (l k C(l k
COU(yt » Yy ) = BzngzgkU G,k + szszazCk + Bka k:a + Bzgk:B k + szBzgk COU(Zf 1 *t—1 )
Gk, d, C,a’ k
(Bzngyk + Bkazgk) COU(Zt (11 7y?—1) (B Byk + Bkazk> COU(Zt (i ’yt 1) + bn bkask
+ 9 ghotentel cholon + (g1 ck + il gh ) CovlwF )+ (0 gk + g1 k) Cov(wH,pmy)

(b” ch + it b} ) Cov(wiy, 1) + Ot con + T

D.4 Other covariances

Before we obtain the remaining covariances for different degrees of kinship we compute the linear projections
G,a',n' _C,a',n' n' G,bl _Cb,l

of 2,07, z,27"" and ya on z,’1", 7,7 and yt 1, 7', l=m, f, where o’ and b are siblings.
G,a',n' n',l  _G,b,l n',l  _C,b,l G,n',l
241 = Tyl TT.60% ‘|‘TZG oty +wp
C,a',n’ n',l G,b,l n',l C,b,l cn'l
22 = T d,e¥l1 TT,c0% ‘H"Zc oty +w
a’'n’ n',l _G,b,l n',l _C,b,l n'.l bl
Y1 = TyeFlr T oy Ty Y 1+5t 1
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i i A . bl _Cbl bl
where w "t w™ ! and &1 might be correlated but are uncorrelated with 279!, 2“5 and y2*,. We have

’ ’ ’ 4 -1
n',l n',l n',l 2
2G LG ,G ,C Tzcy Uval 0,G,l,C,l O'ZG,lyl 0.,G.b,1,G,a’ ,n' O0,G,bl,C,al ,n' O'ZG,b,zya/,n/
n’,l n’,l n’,l _ 2
TZCZG Tzczc ’f“zcy - 0,G,l,C,l O'Zc,l O'ZC,lyl 0,Cb,1,G,a’,n'  OT,Cb,1,C.al n! Uzc,b,zya’,n’
’ ’
n',l n',l n’,l 2
Ty.c yzC  Tyy 0 ,G iyl 0,01yl Oy Oy, 2G.al Oybi,Cual Oybiiyal n/

Consanguine relatives ("blood")
Vertical covariances

Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and | = m, f

the gender of b. We project aa on @’ (his/her father or mother) who has gender »’

aa,n™ bl o n* G,a',n' b, n* C,a',n’ bl n* a’;n’ b,
Cov(y; Yiq) = Bzgn/cov(zt 1Y) + B Covu(z,7 ’yt—1)+Byn’COU(yt—1 s Yi1)

where a’ and b are siblings.

Horizontal covariances
Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the bb. We project bb on b (his/her father or mother) who has gender [
,n*  bb,l* * n* _G,b,l * n* _Cib,l * n* bl
Cov(yy"™ ,y"" ) = BigCou(y/"" ,z1") + BLCov(y;"" .2 7") + By Cou(y™" ,y." 1)

where b is the uncle/aunt of aa.

Affinity relatives ("in-law")
Vertical covariances

Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — b’

We have to compute the covariances between "aa" and "0'". Let n* = m, f be the gender of aa and I’ = m, f

the gender of the b’. We project b’ on his/her spouse b

/ !
aa,n® bl aa,n’™ aa,n® _C,b,l aa,n™

G,b,l bl
Couv(y; Y1) = 7"lyzcoov(yt 221 + r;zccov(yt 2210) + Tgl,yom’(yt Yih)

where b is uncle/aunt of aa.
Siblings of the siblings in law of the parents aa — ¢

We have to compute the covariances between "aa" and "¢". Let n* = m, f be the gender of aa and 0 = m, f
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the gender of the ¢. We project ¢ on his/her sibling b’

aa,n®  c,0 o o, aa,n* _Gb I o, aa,n* _CW I o,l’ aa,n* bl
Cov(y; Y ) = Tyzccm’(yt 21 ) + ryzCC’ov(yt 2010 )+ Tyy Cov(y; s Yr 1)

where y is the spouse of the uncle/aunt of aa.

Horizontal covariances
Siblings in law a — b
We have to compute the covariances between "a" and "b". Let n = m, f be the gender of @ and [ = m, f the

gender of the b. We project a on his/her spouse a’ with gender n’ = f,m

C an byl o n' C G,a',n' bl n' C C,a',n’ bl n'c a’',n’ bl
ov(y 1Y) = Ty2G ov(z27 "y ty) + Tyz0 ov(z, 27"y 2y) + 1y, Cov(y,y Ly my)
where a’ and b are siblings.

Spouse of the siblings in law a — b’

We have to compute the covariances between "a" and "b'". Let n = m, f be the gender of a and I" = m, f

the gender of the b’. We project b’ on his/her spouse b

C an bl o l C a,n _G,b,l 1 C a,n _C,b,l 1 C a,n bl
Ov(yt ﬂytfl) - Tyzc Ov(yt » Ze—1 )+ryzc Ov(yt » Ze—1 )+ryy Ov(yt 7yt71)

where a and b are siblings in law.
Sibling of the sibling in law a’ — ¢

We have to compute the covariances between "a’" and "¢". Let n’ = m, f be the gender of @’ and 0o = m, f

the gender of the ¢. We project a’ on his/her sibling b who has gender [

a’'n’  co o n',l G,b,l c,o0 n’,l C,bl c,o n’,l b,l c,0
Cov(y, 1 ,yty) = ryzccov(ztfl s Yi1) +TyZCCOU(Zt71 Yt 1) T Tryy Cov(y,~1, Y1)

where b and c are siblings in law.
Cousins in law aa — cc

We have to compute the covariances between "aa" and "cc". Let n* = m, f be the gender of aa and 0* = m, f
the gender of the cc. We project cc on ¢ (his/her father or mother) who has gender o
Coo(y;™™ yi™") = Bl,Cou(yi™™ ,#1°) + BL,Cov(y;™" 2" + By, Cov(y;"™ ,4;""y)

zZgo

where c is the sibling in law of the uncle/aunt of aa.
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Table E.1: Sensitivity of Main Parameters to Perturbations of Empirical Moments

Original Mean St.devn Min P05 P25 Median P75 P95 Max IQR
o2m 2.072 1963 0.196 1.156 1.578 1.853 1.997 2.099 2.235 2.463 0.246
O'gf 1.559 1.455 0.187 1.019 1.141 1.309 1475 1.596 1.740 1973 0.288
Pym of 0.754  0.725 0.049 0.563 0.638 0.690 0.732 0.762 0.795 0.843 0.072
Pamyf 0.580  0.570 0.017 0.476 0.535 0.563 0.574 0.582 0.590 0.601 0.019
Pym o1 0.539  0.527 0.025 0.480 0.487 0.507 0.529 0.546 0.564 0.591 0.039
Pymoy 0.489 0489 0.007 0476 0478 0.483 0.489 0.495 0.500 0.502 0.012
™ 0.664 0.663 0.015 0.603 0.637 0.652 0.663 0.673 0.687 0.712 0.021
vt 0.566  0.564 0.015 0.513 0.539 0.554 0.564 0.575 0.588 0.613 0.021
gm 0.144  0.162 0.034 0.071 0.114 0.138 0.158 0.182 0.229 0.304 0.044
Bt 0.129  0.146 0.028 0.088 0.110 0.125 0.139 0.162 0.203 0.259 0.037
02m 0.180  0.177 0.037 0.029 0.115 0.149 0.177 0.205 0.235 0.283 0.056
02 0.244  0.247 0.034 0.151 0.193 0.221 0.247 0.273 0.301 0.363 0.052
ogmer  0.068  0.064 0.031 0.000 0.016 0.041 0.064 0.087 0.114 0.153 0.046
o2 0.657  0.675 0.035 0.582 0.627 0.650 0.670 0.694 0.740 0.847 0.043
sz 0.712  0.720 0.023 0.636 0.687 0.705 0.718 0.733 0.761 0.831 0.028
Oemef 0.625  0.642 0.029 0.564 0.603 0.622 0.637 0.657 0.698 0.778 0.036
Qym 0.660 0.643 0.052 0.424 0.554 0.607 0.644 0.679 0.727 0.812 0.072
Qym 0.389  0.407 0.083 0.000 0.254 0.358 0.417 0.468 0.525 0.649 0.110
ot 0.775  0.748 0.054 0.517 0.648 0.716 0.755 0.787 0.826 0.906 0.072
Qyf 0.018  0.081 0.102 0.000 0.000 0.000 0.000 0.163 0.279 0.398 0.163

E Robustness Checks

We cannot estimate the parameters by GMM following Abowd and Card (1989) because the units
of analysis (families) are not well defined. Moreover, most individuals will belong to different
families and therefore the sample units will not be independent, as illustrated in the following
example. Using the notation in the Figure 1, consider family a composed by a, a’ (spouse of a),
aa (son of a and a'), b (sibling of a’ and sibling-in-law of a), b’ (spouse of b and spouse of the
sibling-in-law of a), bb (nephew of ¢’ and nephew-in-law of a), and so on up to siblings-in-law of
degree 5 of a. Now consider family d composed by d (who also belongs to family a because d is
the sibling-in-law of degree 3 of a), d’ (the spouse of d and also part of family a), dd (son of d
and d’ who is not a member of family a since we are not considering nephews-in-law of degree 2),
the siblings-in-law up to degree 2 of d (who are also members of family a), and the more distant
in-laws of d that are not part of family a since we only consider siblings-in -law up to degree 5.
As this example shows there is an overlap of some family members across families and therefore,

families are not independent.

Since we cannot estimate the parameters by GMM, we cannot obtain standard errors. Instead,
we perform a simulation exercise to check how robust our results are. We independently perturb

each of the 105 empirical correlations used in the benchmark specification, and obtain the cali-
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Table E.2: Sensitivity of Long-run and Sibling Correlations to Perturbation of Empirical Moments

Long-run correlations Sibling correlations
y (male) y (female) z(male) z (female) Y z

Parent 0.381 0.349 0.586 0.508 Brothers 0.431 0.677
Mean 0.381 0.349 0.574 0.499 Mean 0.432 0.699
Std. dev. 0.005 0.005 0.022 0.018 Std. dev. 0.006 0.039
Grandparent 0.209 0.163 0.343 0.263 Sisters 0.416 0.825
Mean 0.204 0.161 0.331 0.255 Mean 0.416 0.868
Std. dev. 0.010 0.004 0.024 0.016 Std. dev. 0.006 0.080
Ggrandparent  0.121 0.082 0.201 0.137 Brother-sister  0.376 0.711
Mean 0.116 0.080 0.191 0.131 Mean 0.376 0.742
Std. dev. 0.010 0.004 0.020 0.012 Std. dev. 0.005 0.050
GGgrandparent 0.071 0.043 0.118 0.071

Mean 0.067 0.041 0.110 0.067

Std. dev. 0.008 0.003 0.015 0.008

brated parameters for this artificial economy.”® We repeat this exercise 10,000 times and compute
descriptive statistics for each parameter. The results are presented in Table E.1. The mean and
the median are very close to the calibrated parameters from the original correlations and both
standard deviations and interquartile ranges are small. The general picture is very similar in all
the simulations. The direct transmission channels captured by ™ and ¢ play a minor role. The
transmission of advantages occurs instead predominantly via the latent factor, with v ranging
from 0.60 to 0.71 and v/ from 0.51 to 0.62, both much larger than the corresponding /3. Assortative

mating occurs mainly in the latent factor.

Next, for each of the simulations we compute the implied correlation of the male (female) child
and his or her ancestors on the male (female) line, both in the observable outcome and in the
underlying latent factor. The results are presented in Table E.2. The average long-run correlations
are similar to those implied by the original correlations and the standard deviations are very
small. The kinship correlations decline more slowly with the distance between kins than a simple
iteration of the parent-child correlation would suggest. In the right panel of Table E.2 we report
the corresponding simulations for the sibling correlations. For all gender combinations, the average
sibling correlations are very similar to the one based on the original correlations, and we always

find that the correlation in the latent status is much stronger than in the observed outcome.

Finally, we study whether the objective function appears well-behaved. Consider the calibrated
vector of parameters, v* € R?°, for the benchmark case (Table 4). We construct 50 sets, R; €

R?° i = 1,2,...,50, each of them farther away from the zero vector than the previous one.

508pecifically, we multiply each correlation by a random draw from a uniform distribution in interval
[0.975,1.025]. We have also performed an exercise sampling the correlations from a 99% confidence interval
based on asymptotic standard errors of the correlations. The results are similar and available upon request.
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Value Objective Function

Figure E.1: Curvature of the Objective Function

(a) Minimum value m; (b) Mean value p;

Values Objective F-unction

2.18 7

2.16 Ce 6 M

Namely, let B; = {p € R?® : 0.001 x i < [[p|| < 0.001 x (i + 1)}, i=2, 3, ...,50, and By = {p €
R20 : ||p|| < 0.001}. Notice these sets are concentric rings and they do not overlap. For each of

*

these 50 sets we randomly draw 200,000 points, v;;, and define vj; = v* +v;; . Notice that the

vj; are perturbations of v* that are farther away from v* the larger 7 is. Next, for each vector
vt = 1,.20,7 = 1,..200000 we compute the value of the objective function. Let denote by
m; the minimum value and by p; the mean value the objective function takes over the vectors
vi;, 7 = 1,...200000. Figure E.1 plots the results. As expected, the value of m; increases smoothly

with the distance from the global minimum v*. The values of y; are also almost always increasing.
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F Cohort Selection and Age Differences

F.1 Cohort distribution

Figure F.1: Distribution of Birth Cohorts (Sweden, Education)
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Notes: The figure plots the histogram of sampled birth cohorts for six example moments. (kinship ID in parentheses).

Multiple selection issues need to be taken into account when selecting sub-samples for each kinship
moment. We first select cohorts for which the outcome is reliably observed, as described in Section
3.1. We then assess which kinship types can be reliably identified within those cohorts. For example,
the identification of siblings requires observation of their parents, while for the identification of
cousins we need to observe grandparents, and so on. In principle, our data contain family links
up to four generations. We can match at least one biological parent for 97.5% of children born
in 1966-76, the cohorts we consider for vertical moments in our main analysis. The match rate of

grandparents is lower, but still above 88%.

However, we are much less likely to observe great-grandparents if a parent or grandparent had their
child at a comparatively old age, which could introduce a selection bias in our estimates (see also
Héllsten 2014). We therefore abstain from kinship types that depend on the identification of great-
grandparents, such as second-degree cousins. We further minimize selectivity concerning the age
difference between kins. For example, parent-child correlations tend to be lower for young parents,

for whom the age difference to their children is small. We avoid this problem by considering a
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range of child cohorts that is sufficiently narrow, such that their parents and their outcomes are

observed irrespective of parental age-at-birth.

Close horizontal moments, such as sibling and spousal correlations, vary little with the age differ-
ence between kins. However, the issue becomes more severe for cousins and very distant in-law
moments, because the age difference between kins tends to increase with the degree of separation
— e.g., siblings tend to be more closely spaced than cousins. We avoid this problem by considering
a broad range of cohort for all horizontal moments. The exception however are cousins. The
identification of cousins requires the identification of grandparents, which can be reliably observed
only for parents born after 1932 (see Hallsten 2014 for a detailed discussion of the identification of
cousins in the Swedish registers). We therefore consider cousins born between 1966 and 1976. Sam-
pling earlier cohorts would introduce selectivity with respect to parental age at birth. However,
restricting our analysis to cohorts 1966-76 restricts the possible age difference between cousins,

which leads to a downward bias in our sample correlations for cousins (see Appendix F.3).

A final issue is that intergenerational and assortative processes may vary across birth cohorts,
(see Section 4.6). We address this issue in two ways. First, we select similar cohort ranges for
different kinship types, as far as possible given the other constraints mentioned above. Second, we
examine if kinship correlations vary over birth cohorts. As described in Section F.2, the kinship
correlations in education remain quite stable in our analysis period. Most problematic are trends in
the cousin correlation, because the requirement to identify grandparents forces us to consider more
recent birth cohorts (such that grandparents are observed irrespective of parental age-at-birth).

We return to this issue below.

Figure F.1 illustrates the distribution of birth cohorts for six example moments. Sub-figures (a)-(c)
show the histograms for brothers, male cousins, and father-son pairs. The sample of siblings is
restricted to individuals born between 1932 (the first cohort for which parents and therefore siblings
are linked) and 1976 (the last cohort before right-censoring in years of schooling becomes apparent).
We further restrict the sample to those who had a child until the end of our sampling range in
2003, to increase comparability with other kinship moments that are subject to this restriction
by definition. We impose the same sampling restrictions for all other “horizontal” moments. As
already discussed, we are forced to draw a narrower cohort range for cousins (sub-figure b). For
comparability, we sample the same cohort range for all other vertical kins, such as the father-son
correlation (sub-figure ¢). Sub-figures (d)-(f) show the corresponding histograms for brothers-in-
law of first, second and third degree of separation. The cohort distribution of the brothers-in-law
(blue) is shifted to the right relative to the index person (green) because the considered brother-in-
law is the husband of the sister, and husbands are on average older than their wives. Comparison
between (d)-(f) illustrates that this age gap increases with each degree of separation (i.e., with each
linkage of female spouses). To avoid selectivity issues from the interaction between such systematic

and kinship-specific age shifts and the fixed sampling windows, it is essential to consider a wide
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Figure F.2: Mobility Trends over Cohorts (Sweden, Education)
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Notes: The figure plots the estimated kinship correlation separately for each birth cohort for six example moments
(kinship ID in parentheses). The size of each circle is proportional to the number of observations. The birth cohorts
as indicated on the x-axis are defined for one side of each kinship pair (e.g. for the son in sub-figure b) and remain
unrestricted for the paired observation (e.g. the father).

cohort range for in-laws, as we do here.

F.2 Cohort trends

Kinship moments are defined over different cohorts, and may, therefore, be sensitive to shifts in the
outcome distribution or other trends across cohorts. Because we can measure outcomes within the
same data source and in the same periods, our approach should be less sensitive to this issue than
the traditional multigenerational approach. We have nevertheless studied the non-stationarity of
the outcome and kinship distributions, and standardized the outcome to minimize its consequences.
Each outcome variable is demeaned by birth cohort and gender. Further standardizations of the
variance (by constructing z-scores for each cohort and gender) had only negligible effects on our
results. Shifts in the marginal distribution of educational outcomes are therefore not our primary
concern. A more severe issue is that kinship correlations may not be stable across cohorts. To study
those trends, we estimated each of our 141 kinship moments separately for each birth cohort. We
find that most kinship correlations are quite stable. For illustration, Figure F.2 plots the kinship
correlation in years of schooling for the same six example moments that we also considered in

Section F.1. The kinship correlations for brother, male cousin and father-son pairs (subfigures a-c)
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are quite stable, as are the kinship correlations for brothers-in-law of different degree of separation
(sub-figures d-f). The cohort variation tends to be a bit more pronounced for moments involving
females, but remain small within our sampling window. We conclude that the kinship correlations
in education are sufficiently stable within the generation and range of cohorts in which they can be
directly estimated. However, kinship moments may vary more substantially between generations.
In particular, we estimate the cousin correlations in a narrow band of cohorts born between 1966
and 1976, and they might vary more substantially for cohorts born in the 1940s or 50s. We discuss
this difficulty of fitting cousin correlations in the main text. The mobility trends are also more
pronounced for the kinship correlations in income, in particular for pairings that involve female
kins. As we acknowledge in the manuscript, such non-stationarity is a fundamental problem for the
estimation of any distributional model. While our “horizontal” approach is arguably less affected
than the “vertical” approach, accounting for non-stationarity remains a central objective for future

work.

F.3 The age differences between cousins

Because the identification of cousins requires the identification of grandparents, the cohort range
for cousins is narrower than for other kinship moments considered in our analysis. This restriction
in the age difference leads to a downward bias in our estimated cousin correlation. To show this,
we first study how their age difference is distributed in an unrestricted sample, for which we link
cousins irrespectively of whether their education can be observed. We consider cousin pairs for
which one of the cousins was born in either 1970 or 1980 (with the cohort of the second cousin
unrestricted). The mean age difference is around 8 and the standard deviation around 6 for both
cohorts. In contrast, the mean age difference is less than 3.5 years in our baseline sample, which

contains cousins born in 1966-76 (with this restriction applying to both cousins in a cousin pair).

This restriction in our baseline sample matters because kinship correlations tend to decrease with
the age difference between kins (even after standardizing outcomes by birth year). These gradients
are typically quite shallow for other kinship types, but are pronounced for cousins. To show this,
we plot in Figure F.3 the estimated cousin correlation separately for each possible age difference in
our baseline sample (blue line). We pool male and female cousins for this exercise. While the cousin
correlation is nearly 0.19 for cousins born in the same year, it falls below 0.16 for cousins spaced
10 years apart. In the data, we cannot observe cousins spaced further apart without running into
selection issues related to the measurement of schooling outcomes (for cohorts born after 1976) or

the observability of grandparents (for cohorts born before 1966).
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Figure F.3: The Cousin Correlation and Age Differences Between Cousins
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Notes: The figure plots the observed cousin correlation in years of schooling for cousin pairs with the age difference
as indicated on the x-axis (blue line) and the predicted cousin correlation for larger age gaps based on a quadratic
extrapolation (red line). Cohorts 1966-76, pooled sample including male and female cousins.

However, we can exploit that the cousin correlation is a relatively smooth function of the age
difference, and the fact that we know the distribution of age differences in unrestricted samples
(as discussed above). We first estimate a linear regression of the estimated cousin correlation by
age (the blue dots in Figure F.3) on a quadratic in the age difference between cousins, to use the
estimated model to predict the cousin correlation for larger age gaps (red line). We then construct
a weighted average correlation by combing the age-specific predictions with weights equal to the
relative density of cousins at each age point in the unrestricted sample. Finally, we compare the
weighted correlations as observed in our baseline sample (the blue line) and the weighted correlation
as extrapolated for an unrestricted sample (red line). While the weighted cousin correlation in our
sample is 0.182 (pooled males and females cousins), the predicted correlation over the unrestricted

age range is 0.160, about 14% smaller.

These results imply that the restricted age range explains about half of the gap between the raw
sample correlations for cousins and the theoretical predictions from our model (see Section 4.6).

For consistency we nevertheless report the raw sample correlations for cousins in our results tables.
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Table G.1: Intergenerational Correlation in Individual vs. Family-average Education

Family size Individual  Family Placebo
restriction family
(1) (2) (3)
Baseline 0.387 0.439 0.387
> 2 0.397 0.506 0.388
>3 0.398 0.557 0.382
>4 0.401 0.600 0.383
>5 0.404 0.635 0.405

Notes: The table reports the father-son correlation for years of schooling in column (1), for the average years
of schooling among fathers/uncles and sons/nephews in column (2), and for the average among placebo pairs in
column (3). Placebo pairs are based on randomly reshuffled identifiers for parental grandfathers. Row 1 is based on
N = 294,758 father-son pairs. Subsequent rows restrict the sample to larger families with the indicated minimum
number of sons/nephews, with the last row based on N = 10, 556.

G Additional Results: Swedish Registers

G.1 Relation to name-based estimates

Our results are broadly consistent with the observation that socioeconomic status regresses more
slowly to the mean on the surname than on the individual level (Clark, 2014). In this section,
we provide evidence that makes this link more explicit. While our data do not contain surnames,
we can average educational outcomes within a family using observed family links. For example,
we can average the status of brothers in the parent generation (i.e., fathers and uncles) and their
children (i.e., sons and nephews), and compare the correlation of these average measures to the
correlation in individual outcomes. This is not the same as considering surnames, as we average
across a small group of close relatives instead of averaging across everyone sharing a surname, but

the approach is similar in spirit. The resulting estimates are reported in Table G.1.

For comparison, column (1) reports the individual-level correlations between years of schooling of
fathers and sons. Because our analysis here requires us to restrict the sample to father-child pairs for
which grandparents (and therefore uncles and nephews) are observed, the baseline estimate differs
slightly from the father-child correlation reported in our paper (0.38 vs. 0.39). Column (2) reports
the corresponding correlation when averaging across fathers and uncles in the parent generation
and sons/nephews in the child generation (our substitute for averaging “within surnames”). The
correlation increases slightly, from 0.39 vs. 0.44. Of course, most families consist of only few
members. To yield estimates that are more comparable to surname-based studies we restrict our
sample to larger families with an increasingly larger number of members in the child generation.
While conditioning on larger families is selective, this selectivity does not affect the individual-
level father-child correlation by much, as shown in column (1). However, the correlation based on
surname averages increases strongly, and is as large as 0.64 once we condition on families with 5

or more sons and nephews.
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The pattern in column (2) of Table G.1 is in line with the our fitted baseline model (derivation
available upon request), and with the interpretation that the averaging across relatives increases
the signal-to-noise ratio of education as a measure of latent advantages. Note that the increase
across rows in column (2) is not a mechanical result from averaging across groups. As shown
in Column (3), if we instead consider random groupings by randomly reshuffling the identifiers
for grandparents, the correlation does not increase when averaging across placebo relatives. The
intuition for this result is that the kinship correlations increase only if we average across individuals
who are more similar to each other in their underlying “signal” (the latent variable in our model)
than they are in their observable outcome (educational attainment). This is apparently true for

relatives, but not for random sets of individuals.

G.2 The baseline model and income

Figure G.1: Sample and Predicted Moments (Income)
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Notes: See Table G.2 for the corresponding list of kinship moments.

We consider income as a potentially more direct measure of socioeconomic origins and desti-

51

nations.”” Because the Swedish registers track income profiles over nearly six decades, we can
construct high-quality measures of income for both the parent and child generation. As detailed

in Section 3.1 we measure income as the logarithm of ten-year averages of annual income centered

5Income has been the primary measure of socioeconomic status in the economic literature, while so-
ciological research has focused more on education and occupation. This division is becoming less sharp,
however, and occupational and educational measures are common in comparative, historical and multigen-
erational studies.
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total pre-tax around age 35 for children and age 45 for parents.”® As for education, we observe 141
distinct correlations, classified into 21 kinship types. Table G.2 reports the sample size and sample
correlations for a subset of those 141 moments.”® The correlations are systematically lower for
mixed or female than for male pairs. This pattern is consistent with the observation that women
were less likely to participate in the labor force, in particular for the parent generation in our
sample.”* We base our calibration on the same 105 moments that we use also in our baseline cali-
bration for Sweden, which includes siblings-in-law up to three degrees of separation (group XVI).
We plot those moments in Figure G.1, and report all moments in Table G.2. As for education,
the calibrated model explains the data well, providing a close fit to both vertical and horizontal
moments, and for both direct and affinity relationships. The model also replicates the asymmetric
transmission pattern across genders. As for education, we understate the correlation for cousins

and very distant siblings-in-law.

Table G.3 reports the parameters of the calibrated model for income, separately by intergenera-
tional (Panel A), sibling (Panel B), and assortative processes (Panel C). The findings vary only
mildly with the chosen income definition (ten-year, five-year and annual incomes, rank or log
incomes), and are qualitatively similar to our benchmark calibration for years of schooling. The la-
tent advantages are more strongly transmitted than income itself, in each of the intergenerational,
sibling and assortative processes. However, they are not as strongly transmitted as for the case of
education. The latent determinants of income appear more persistent in the horizontal dimension.
The sibling correlation in the latent factor varies around between 0.6 and 0.8, and the shared
sibling components in the observable and the latent factor explain a large share of the similarity
between siblings (Panel B of Table G.3). The shared sibling component in the observable is far
more important than the direct transmission of income from parents to children, which explains
only 2% of the variation in income for males and less for females (see Panel D of Table G.3). The
spousal correlation in log income is only 0.12, consistent with endogenous labor supply decisions at
the household level.”> However, the implied spousal correlation in the latent factor is 0.8. (Panel
C of Table G.3). This estimate is similar as for the case of years of schooling. We, therefore, find
again that spouses are much more similar in the determinants of future economic success than they

are in observable characteristics.

52For robustness we also considered shorter averages (five-year and annual), and Spearman rank corre-
lations instead of log-linear Pearson correlations. We consider individual income, and therefore abstract
from the effect of assortative mating on household income (see Holmlund, 2022).

530ur estimates for intergenerational and sibling correlations in income are broadly in line with prior
evidence for Sweden. Estimates based on longer income spans or adjusted for measurement error are larger,
see Nybom and Stuhler (2017).

54We do not account explicitly for labor supply decisions. However, our model allows for gender differ-
ences in all its components, and for the transmission of other advantages apart from income in intergener-
ational and assortative processes. It is an empirical question if that model provides sufficient flexibility to
fit kinship correlations for a comparatively complex outcome such as income.

%Indeed, Holmlund (2022) shows that the spousal correlation in “potential” earnings based on the level
and field of education are much larger.

29



Table G.2: Estimated and Calibrated Moments

in Swedish Registers (Income)

Kinship Data Calibration Kinship Data Calibration
group  # name # pairs sample p pred. p % error  group  # name # pairs sample p pred. p % error
1 1 Spouses 412,735  0.122 0.121 -1.1
1T 2 Brothers 200,803  0.238 0.240 1.1 72 MF-FM-MF 154,974  0.041 0.045 11.0
a-b 3 Sisters 217,722 0.144 0.144 0.4 73 FM-MF-MF 119,219  0.033 0.030 -10.1

4 Brother-Sister 408,331  0.122 0.123 0.2 XIIT 74 M«+MF-MF-MF 83,216  0.020 0.023 15.8

1 5 Father-Son 388,190 0.227 0.228 0.4 aa-¢' 75 M«MF-MF-FM 108,087  0.035 0.034  -0.8
aa-a 6 Father-Daughter 366,590 0.147 0.147 0.0 76 M«+MF-FM-MF 83,133  0.021 0.025 19.6
7 Mother-Son 446,039  0.082 0.082 0.4 77 M«+MF-FM-FM 94,984  0.037 0.034 -6.4

8 Mother-Daughter 422,142 0.096 0.096 0.8 78 M«FM-MF-MF 62,612 0.014 0.025  69.8

v 9 Brothers in-law (MF-M) 339,682 0.143 0.138 -3.3 79 M«FM-MF-FM 78,556 0.035 0.037 5.1
a-b 10 Brother-Sister in-law (FM-M) 296,051  0.090 0.099 10.8 80 M«FM-FM-MF 56,750  0.027 0.025 -7.5
11 Brother-Sister in-law (MF-F) 362,169  0.089 0.095 5.8 81 M«+FM-FM-FM 62,983  0.043 0.033 -22.3

12 Sisters in-law (FM-F) 301,464  0.079 0.063 -19.9 82 F«MF-MF-MF 78,128 0.013 0.017 30.0

\' 13 Nephew-Uncle (BF) 149,817  0.106 0.092 -12.7 83 F«MF-MF-FM 102,222 0.029 0.026 -8.8
aa-b 14 Niece-Uncle (BF) 142,096  0.074 0.071 -3.4 84 F+MF-FM-MF 79,019  0.018 0.019 5.8
15 Nephew-Uncle (BM) 201,393  0.090 0.078 -13.6 85 F+MF-FM-FM 90,190 0.022 0.026  17.3

16 Niece-Uncle (BM) 190,299  0.060 0.060 0.1 86 F«+FM-MF-MF 59,524  0.023 0.020 -13.2

17 Nephew-Aunt (SF) 152,065 0.048 0.054 12.0 87 F«+FM-MF-FM 75,079  0.024 0.030  22.2

18 Niece-Aunt (SF) 142,912 0.047 0.043 -9.8 88 F«+FM-FM-MF 53,001  0.021 0.020 -7.2

19 Nephew-Aunt (SM) 217,131 0.049 0.054  10.1 89 F+FM-FM-FM 59,009  0.019 0.027  36.5

20 Niece-Aunt (SM) 205,748  0.054 0.044 -18.7 X1v 90 M« MF-MF-MF—M 41,300  0.017 0.019 8.5

VI 21 Spouse of Sib-in-law (MF-FM) 156,164  0.119 0.118 -0.9 aa-cc 91 M«MF-MF-FM—M 61,036  0.025 0.019 -22.5
a-b' 22 Spouse of Sib-in-law (FM-MF) 112,873  0.072 0.057 -20.8 92 M+MF-FM-MF—M 45,581 0.027 0.021 -21.9
23 Spouse of Sib-in-law (MF-MF) 251,377  0.074 0.078 4.2 93 M+ FM-MF-MF—M 31,485  0.033 0.020 -39.3

VII 24 Nephew-Aunt in-law (BF) 120,226 0.030 0.047  56.0 94 M+MF-MF-MF—F 38,113 0.022 0.015 -32.9
aa-b' 25 Niece-Aunt in-law (BF) 114,422  0.034 0.038 11.8 95 M+ MF-MF-FM—F 58,304  0.022 0.015 -31.7
26 Nephew-Aunt in-law (BM) 158,116  0.034 0.044  29.8 96 M+ MF-FM-MF—F 43,614  0.030 0.017  -44.5

27 Niece-Aunt in-law (BM) 149,645  0.030 0.033 9.8 97 M+ MF-FM-FM—F 57,298  0.028 0.015 -46.5

28 Nephew-Uncle in-law (SF) 124,725  0.070 0.064 -8.0 98 M« FM-MF-MF—F 29,951  0.017 0.016 -3.1

29 Niece-Uncle in-law (SF) 117,191  0.051 0.051 0.6 99 M«FM-MF-FM—F 43,358 0.007 0.016 130.9

30 Nephew-Uncle in-law (SM) 179,624  0.068 0.066 -2.1 100 M« FM-FM-MF—F 30,120  0.026 0.016 -38.8

31 Niece-Uncle in-law (SM) 170,499  0.052 0.051 -3.0 101 M«~FM-FM-FM—F 38,840 0.022 0.014 -34.1

VIII 32 Male Cousins (BF) 36,543  0.077 0.040  -474 102 F¢<MF-MF-MF—F 36,226  0.010 0.011 18.7
aa-bb 33 Male Cousins (SM) 62,125  0.072 0.037  -48.5 103 F¢<MF-MF-FM—F 54,841  0.019 0.011 -39.2
34 Male Cousins (SF) 93,329  0.067 0.036  -46.0 104 F+MF-FM-MF—F 41,223 0.024 0.013  -46.9

35 Female Cousins (BF) 32,984  0.036 0.025 -30.1 105 F+FM-MF-MF—F 28,318  0.014 0.013 -7.2

36 Female Cousins (SM) 55,675  0.045 0.022 -50.8 XV 106 F-MF-MF-M 133,431  0.024 0.030 243

37 Female Cousins (SF) 82,310  0.034 0.022  -34.1 a'- 107 F-MF-MF-F 143,881  0.027 0.021 -20.2

38 Male-Female Cousins (BF) 70,834  0.044 0.032  -27.8 108 F-MF-FM-M 156,686  0.032 0.034 7.2

39 Male-Female Cousins 122,876 0.049 0.029  -41.4 109 F-MF-FM-F 80,788  0.020 0.021 34

40 Male-Female Cousins (BM) 88,467  0.044 0.028 -36.4 110 F-FM-MF-M 136,695 0.038 0.034 -10.8

41 Male-Female Cousins (SF) 87,582  0.036 0.029 -19.0 111 F-FM-MF-F 73,466  0.026 0.024 -9.5

X 42 F-MF-M 223,084 0.051 0.059  14.0 112 F-FM-FM-M 140,818  0.036 0.034 -5.8
a-¢c 43 F-MF-F 238,392  0.042 0.041 -2.9 113 M-MF-MF-M 129,638  0.050 0.049 -2.2
44 F-FM-M 232,232 0.059 0.066 11.6 114 M-MF-FM-M 76,528  0.057 0.054  -4.0

45 M-MF-M 217,877  0.095 0.094 -0.9 115 M-FM-MF-M 63,988  0.050 0.049 -1.8

X 46 MF-MF-M 190,450  0.063 0.072 145 XVI 116 MF-MF-MF-M 115,877  0.036 0.037 4.4
a-c 47 MF-MF-F 204,255  0.046 0.050 8.7 a-d 117 MF-MF-MF-F 125,068  0.029 0.026 -9.6
48 MF-FM-M 207,353  0.078 0.080 2.9 118 MF-MF-FM-M 139,577 0.047 0.041 -12.3

49 MF-FM-F 213,663  0.048 0.050 3.8 119 MF-MF-FM-F 143,320 0.028 0.026 -74

50 FM-MF-M 163,588  0.046 0.053  16.2 120 MF-FM-MF-M 123,894  0.048 0.042 -13.8

51 FM-MF-F 173,923  0.039 0.037 -6.0 121 MF-FM-MF-F 133,139  0.032 0.029 -8.1

52 FM-FM-M 157,713  0.055 0.053 -3.3 122 MF-FM-FM-M 131,608 0.047 0.041 -12.6

53 FM-FM-F 160,923  0.033 0.033 -0.9 123 MF-FM-FM-F 134,253 0.029 0.026 -10.5

XI 54 M«+MF-MF-M 113,118  0.037 0.040 9.6 124 FM-MF-MF-M 97,448  0.027 0.027 34
aa-¢ 55 M«+MF-MF-F 121,696  0.029 0.028 -3.7 125 FM-MF-MF-F 105,868  0.025 0.019 -21.8
56 M«+MF-FM-M 108,145  0.045 0.045 -0.4 126 FM-MF-FM-M 113,190 0.031 0.031 -1.3

57 M«MF-FM-F 111,238 0.023 0.028  20.7 127 FM-MF-FM-F 115,798  0.022 0.019 -13.3

58 M«FM-MF-M 84,217  0.040 0.044  10.3 128 FM-FM-MF-M 92,992  0.027 0.027 1.7

59 M«FM-MF-F 89,595  0.027 0.031 119 129 FM-FM-MF-F 99,601  0.020 0.019 -4.4

60 M«FM-FM-M 73,134 0.046 0.044 -4.8 130 FM-FM-FM-M 92,574  0.033 0.027 -17.5

61 M«FM-FM-F 74,708  0.021 0.027  26.9 131 FM-FM-FM-F 95,272 0.026 0.017 -34.6

62 F+MF-MF-M 106,389  0.026 0.031 174 XVl 132 MF-MF-MF-MF 82,420  0.022 0.021 -4.6

63 F«<MF-MF-F 114,915  0.020 0.022 11.0 a-d'" 133 MF-MF-MF-FM 116,816  0.034 0.032 -7.6

64 F+MF-FM-M 102,747  0.032 0.035 8.8 Xvil 134 MF-MF-MF-MF-M 75,822 0.026 0.019 -26.4

65 F«MF-FM-F 105,813 0.025 0.022 -13.7 a-e 135 FM-FM-FM-FM-F 61,230 0.018 0.009 -51.1

66 F«+FM-MF-M 79,920  0.034 0.035 1.4 XIX 136 MF-MF-MF-MF-MF 53,670  0.025 0.011  -57.0

67 F«FM-MF-F 85,898  0.026 0.024 -4.8 a-e' 137 MF-MF-MF-MF-FM 79,620  0.026 0.016 -38.1

68 F«FM-FM-M 68,471  0.038 0.035 -8.6 XX 138 MF-MF-MF-MF-MF-M 53,098 0.015 0.010 -32.1

69 F«FM-FM-F 69,793  0.019 0.022 11.6 a-f 139 FM-FM-FM-FM-FM-F 42,278 0.003 0.005 39.3

XII 70 MF-MF-MF 137,086  0.040 0.040 1.2 XXI 140 MF-MF-MF-MF-MF-MF 37,586  0.009 0.006  -40.3
a-c' 71 MF-MF-FM 185,967  0.058 0.061 5.6 a-f' 141 MF-MF-MF-MF-MF-FM 57,789  0.023 0.009  -62.4

Notes: M/F indicate gender, MF or FM are spouses, - indicates a sibling link and — indicates a parent-child
link. Other abbreviations are BE=Brother of the father, BM=Brother of the mother, SF=Sister of the father and

SM=Sister of the mother. Moments printed in italics were not used in the calibration.
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Table G.3: Calibrated Parameters in Swedish Registers (Income)

Panel A : Intergenerational Processes

ﬁm ﬂf VY " })f 02 ym 62 uf 02 zm 02 zf
0.144 0.103 0.615 0.423 0.304 0.248 0.058 0.027
a ym a yf A 2m a zf qum quf

1.000 0.640 0.068 0.239 0.217 0.202
Ancestor correlations in y and z:
Father-Son Fr.-Daughter = Mother-Son Mother-Daughter

inz 0.354 0.407 0.423 0.441
Father-Son Grandfr.-Son  GGrandfr.-Son GGGrandfr-Son
iny 0.228 0.065 0.021 0.007
in z 0.354 0.129 0.046 0.016
Panel B : Sibling Processes
om o2zf Comaf S om o’ of Cemef

0.014 0.014 0.000 0.035 0.011 0.018
Sibling correlations in y and z:

Brothers Sisters Mixed Brothers Sisters  Mixed
ny 0.240 0.144 0.123 mz 0.774 0.603 0.645
Panel C: Assortative Processes
rmZZ rmZy rmyz I,myy rtZZ rtzy rtyz rIVV

0.517 0.026 0.569 -0.007 1.187 -0.005 1.532 -0.043
Spousal correlations in y and z:

P ymyr P zmzf P ymzt P zmyf
0.121 0.803 0.442 0.272
Panel D : Variance Decomposition of y

Yi—1 Zi-1 Oyz Xy, Tt €t Y5.5,5,e

male  2.1% 3.4% 2.4% 7.9% 4.7% 11.4% 24.0%

female 0.7% 2.2% 1.4% 4.3% 5.7% 4.3% 14.4%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations in log income y
and latent advantages z. The parameters 8 and 03 capture the direct transmission and variance of y; v and o2

the transmission and variance of z; and o2 and o2 shared sibling influences in y and z; see equations (1)-(3) for
details. Panel C reports the coefficients from the linear projections (4) and (5) of 2* and y* for k = f,m on their

spouse’s z and y and the implied spousal correlations. Panel D decomposes O’g into the components explained by

the parents’ y (4t—1) and z (2;—1) and their covariance (oyz), and the sibling components in y (z¢) and z (et); Xz
and Xz 5 6 are the total percentages explained by the parents and the close family (parental and shared sibling
influences), respectively. Based on the kinship correlations reported in Table G.2.

In sum, these estimates confirm that our qualitative findings extend to socioeconomic outcomes
other than educational attainment. However, the strength of the vertical transmission processes
vary. One interpretation is that different factors influence different aspects of socioeconomic status,
and that some factors have higher persistence than others. The recent multigenerational literature
is not very informative about this question, because income is not or not well observed in historical
sources. Our “horizontal” approach does not face such constraints and can, therefore, be used to
study transmission across a broader set of outcomes. Our evidence suggests that those factors that
determine educational attainment are more strongly transmitted from one generation to the next

than those factors that influence earnings.
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G.3 The baseline model and height

Table G.4: Estimated and Calibrated Moments in Swedish Registers (Height)

Kinship Data Calibration Kinship Data Calibration
group  # name # pairs p general genetic  group # name # pairs p general genetic
I 1 Spouses External  0.270 0.270  0.291
11 2 Brothers 112,549 0.522 0.522  0.526 56 M«—MF-FM-M 37,029 0.053 0.0563  0.044

3 Sisters External  0.535 0.536  0.541 58 M«—FM-MF-M 43,068 0.047 0.054  0.040
4 Brother-Sister 0.456  0.484 60 M«—FM-FM-M 29,437 0.059 0.058  0.043
1T 5 Father-Son 46,441 0.483 0.487  0.483 XII 71 MF-MF-FM 39,288 0.023 0.032  0.006
6 Father-Daughter 0.217  0.483 XIIT 75 M«MF-MF-FM 29,311 0.017 0.028  0.013
7 Mother-Son 0.608  0.483 77 M«—MF-FM-FM 21,488 0.022 0.028  0.012
8 Mother-Daughter 0.729  0.483 79 M«—FM-MF-FM 26,207 0.037 0.038  0.013
v 9 Brothers in-law (MF-M) 135,006 0.111 0.115  0.141 81 M«FM-FM-FM 16,828 0.033 0.035  0.012
10 Brother-Sister in-law (FM-M) 0.196  0.153 X1V 90 M+MF-MF-MF—M 24,274 0.025 0.034  0.023
11 Brother-Sister in-law (MF-F) 0.159  0.158 91 M«MF-MF-FM—M 27,032 0.043 0.031  0.023
12 Sisters in-law (FM-F) 0.292  0.141 92 M«MF-FM-MF—M 27,089 0.040 0.038  0.024
Y% 13 Nephew-Uncle (BF) 52,618 0.260 0.268  0.285 93 M«FM-MF-MF—M 25,681 0.036 0.044  0.023
XV 113 M-MF-MF-M 50,330 0.041 0.035  0.010
15 Nephew-Uncle (BM) 66,270 0.289 0.293  0.280 114 M-MF-FM-M 25,234 0.042 0.042  0.013
VI 21 Spouse of Sib. in-law (MF) 44,034 0.067 0.053  0.046 115 M-FM-MF-M 29,208 0.031 0.030  0.010
VII 28 Nephew-Uncle in-law (SF) 28,901 0.077 0.075  0.082 XVI 116 MF-MF-MF-M 30,183 0.025 0.026  0.003
30 Nephew-Uncle in-law (SM) 39,634 0.073 0.077  0.084 118 MF-MF-FM-M 30,538 0.026 0.031  0.003
VIII 32 Male Cousins (BF) 21,153 0.160 0.148  0.170 120 MF-FM-MF-M 36,879 0.032 0.026  0.003
33 Male Cousins (SM) 21,937 0.188 0.188  0.170 122 MF-FM-FM-M 33,478 0.025 0.031  0.003
34 Male Cousins (SF) 45,689 0.167 0.152  0.169 XVII 133 MF-MF-MF-FM 19,846 0.016 0.024  0.001
X 45 M-MF-M 99,219 0.074 0.078  0.074 XVIII 134 MF-MF-MF-MF-M 16,980 0.020 0.020  0.000
X 46 MF-MF-M 59,544 0.039 0.039  0.020 XIX 137 MF-MF-MF-MF-FM 11,286 0.009 0.019  0.000
48 MF-FM-M 63,798 0.053 0.046  0.024 XX 138 MF-MF-MF-MF-MF-M 10,309 0.015 0.016  0.000
XI 54 M:=MF-MF-M 46,771 0.048 0.046 _ 0.040 XXI 141 MF-MF-MF-MF-MF-FM 6,873 0.044 0.015  0.000

Notes: Kinship correlations from Swedish registers. See Table 3 for notation.

In this section we calibrate our baseline model for body height, which we observe from military
enlistment tests that were universal for the male Swedish population (see Section 3.1). Height is
an interesting reference point because it is known to be primarily determined by genes, at least

°6 Tt is subject to only compar-

in populations that are not exposed to famine or undernutrition.
atively weak assortative processes, which was one of the reasons why Francis Galton considered
height in his famous work on linear regression (Galton, 1886). Because the transmission of body
height is better understood, the plausibility of our findings is easier to evaluate for height than
for socioeconomic outcomes. Moreover, we observe height only for males, and it is an interesting

question to what extent female outcomes need to be observed to identify our model, including the

assortative and gender-specific processes.

Table G.4 reports the sample correlations. We observe 39 (male) kinship correlations.”” To these
we add the correlation in height between spouses and between sisters from external sources.”® The
predicted moments from the calibrated model are reported in Table G.4, while Figure G.2a plots
the 105 kinship moments that are included in our baseline calibration for educational attainment.

As for education and income, the calibrated model explains our data well, providing a close fit to

56The proportion of the total variation in body height in a population that is due to genetic variation
is estimated to be around 0.8 (Silventoinen, 2003). Accordingly, the correlation in body height is much
higher in biological than foster families, and can be as high as 0.99 for monozygotic twins.

5TBecause the military enlistments tests cover only birth cohorts born between 1950 and 1980, we observe
fewer observations than for the other outcomes. The moments are however precisely estimated, and in
line with prior evidence. For example, the father-son correlation in height in our sample is 0.48, the same
value as reported by Grongvist et al. (2017).

%8Price and Vandenberg (1980) report a spousal correlation in height of 0.27 for Swedish couples. To
calibrate the correlation in height for sisters, we assume that the gap to the corresponding correlation for
brothers is as large as in Norwegian sources reported in Tambs et al. (1992).
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Table G.5: Calibrated Parameters in Swedish Registers (Height, Baseline Model)

Panel A : Intergenerational Processes

p" B’ A y! & m Sy o o’
0.948 0.757 1.017 0.118 1.000 1.000 0.102 0.001
a ym a uf A 2m a 2f GQum o-zuf

0.311 0.019 0.688 0.874 0.435 0.464
Ancestor correlations in y and z:
Father-Son Fr.-Daughter = Mother-Son Mother-Daughter

mz 0.731 0.958 0.672 0.876
Father-Son Grandfr.-Son  GGrandfr.-Son GGGrandfr-Son

my 0.487 0.236 0.113 0.053

mz 0.731 0.532 0.389 0.284

Panel B : Sibling Processes
% 021f O maf Com o of Cemef
0.000 0.003 0.000 0.004 0.000 0.001
Sibling correlations in y and z:

Brothers Sisters Mixed Brothers Sisters  Mixed
my 0.522 0.536 0.456 mz 0.579 1.000 0.784
Panel C: Assortative Processes
™, ™, ™y, . r, rfzy rfyZ rfyy
0.101 -0.008 -1.775 0.315 7.558 -0.081 -2.501 0.240
Spousal correlations in y and z:
p ymyf p zmaf p ymzf p amyf

0.270 0.912 -0.170 -0.541
Panel D : Variance Decomposition of y

Yi—1 Zt-1 ot Yy, T4 ey Yg.zae
male 61.7% 5.4% -15.3% 51.8% 0.0% 0.4% 52.2%
female 55.8% 0.1% -2.7% 53.3% 0.3% 0.0% 53.6%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations in height y and
latent advantages z. The parameters 5 and JZ capture the direct transmission and variance of y; v and o2 the
transmission and variance of z; and ¢2 and o2 shared sibling influences in y and z; see equations (1)-(3) for details.
Panel C reports the coefficients from the linear projections (4) and (5) of 2* and y* for k = f,m on their spouse’s z
and y and the implied spousal correlations. Panel D decomposes o2 into the components explained by the parents’
y (Jt—1) and z (2;—1) and their covariance (oyz), and the sibling components in y (z¢) and z (e¢); Xz and g 5 5.5
are the total percentages explained by the parents and the close family (parental and shared sibling influences),
respectively. Based on the kinship correlations reported in Table G.4.

both vertical and horizontal moments, and for both direct and affinity relationships. However, in
the absence of direct observations, we appear unable to fit the correlations for female kins — the
calibrated model predicts much larger correlations for distant kinships that involve female than

those that involve male.

Table G.5 reports the estimated parameters. The transmission process for height can be well
approximated by direct transmission channels — observed height explains well the height of descen-
dants and other family members. Despite its strong intergenerational transmission (8™ = 0.95 and
B? = 0.76), the father-child and mother-child correlations in height remain modest because the
spousal correlation in height (p,,,,, = 0.27) is much smaller than the corresponding spousal cor-

relations in socioeconomic outcomes. The implied spousal correlations in the latent factor is large,
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but less relevant because the latent factor explains hardly any of the variation in the outcome.

G.4 The standard genetic model and height

Figure G.2: Sample and Predicted Moments (Height)

(a) Baseline model

(b) Genetic model

vielowe e ox xi HE il

® Predicon ® Observed | |

L T 2 A A S S xi O il Lo

® Prediction Observed | |

Notes: See Table G.4 for the corresponding list of kinship moments.

Genes are known to be the primary source of variation in height (Silventoinen, 2003). We therefore

study if the standard genetic model described in Section 5.1 can provide a comparatively good fit,

despite having much fewer parameters than our baseline model.

We use the same 41 kinship

correlations as for calibration of the baseline model, as described in Section G.3. The sample and

predicted moments are reported in Table G.4. As illustrated in Figure G.2b, the genetic model

provides a worse fit to in-sample moments. However, it fits close relatives such as spouses and

siblings quite well and generates out-of-sample predictions that are more stable within kinship

types than the widely varying predictions of the general model.

Table G.6 summarizes the results.”® The latent factor of the parents Z,_; explains about 45.5%

of the variation in height (see Panel D), and a child’s own latent factor z; explains 75%. This

latter estimate is slightly below estimates of the heritability of height from quantitative genetics,

which tend to be around 80% (Silventoinen, 2003). In principle, our approach can capture latent

determinants other than genes, and can therefore be interpreted as an upper bound for heritabil-

ity.%0 That our estimates are close to those from the genetic literature suggests therefore that the

parent-child correlation in height is nearly exclusively due to genes, and not other factors. Finally,

the spousal correlation in phenotype height is greater than the spousal correlation in genotype

height (Panel C), consistent with the assumption that assortative mating occurs exclusively on the

phenotype. In contrast, our baseline model allows for spouses to be more similar than indicated

59In contrast to the standard model described above, we allow Uzk to be non-zero in the calibration (e.g.
to account for the presence of monozygotic twins in our data). This added flexibility has only a negligible

effect on the results.

50See Ruby et al. (2018) for a similar upper-bound argument for the case of human longevity.
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Table G.6: Calibrated Parameters in Swedish Registers (Height, Genetic Model)

Panel A : Intergenerational Processes

ﬂ " /3 ! Y " Y ! 02 ym 02 uf 02zm OQZ/
0.000 0.000 1.000 1.000 1.000 1.000 0.748 0.748
W ym a, a,m a. S um o’y
0.000 0.000 0.500 0.500 0.181 0.167
Ancestor correlations in y and z:
Father-Son Fr.-Daughter Mother-Son Mother-Daughter
inz 0.609 0.609 0.609 0.609
Father-Son Grandfr.-Son  GGrandfr.-Son GGGrandfr-Son
iny 0.483 0.294 0.179 0.109
inz 0.609 0.379 0.231 0.141
Panel B : Sibling Processes
02 zm OQZf Oumaf O'2 em 02 of Oemef
0.071 0.085 0.028 0.000 0.000 0.000
Sibling correlations in y and z:
Brothers Sisters Mixed Brothers Sisters  Mixed
iny 0.526 0.541 0.484 inz 0.609 0.609 0.609
Panel C: Assortative Processes
', ™, ™y, . r, rfzy rfyz rfyy
0.000 0.218 0.000 0.291 0.000 0.218 0.000 0.291
Spousal correlations in y and z:
P ymyf P zmzf P ymzf P zmyf
0.291 0.218 0.252 0.252
Panel D : Variance Decomposition of y
Y1 Zi—1 Ogz Y.z Ty et Yjzme
male  0.0% 45.5% 0.0% 45.5% 7.1% 0.0% 52.6%
female 0.0% 45.5% 0.0% 45.5% 8.5% 0.0% 54.1%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations in height y and
latent genetic advantages z. The parameters 5 and O’Z capture the direct transmission and variance of y; v and o2
the transmission and variance of z; and 02 and o2 shared sibling influences in y and z; see equations (1)-(3) and (7)
for details. Panel C reports the coefficients from the linear projections (4) and (5) of 2* and y* for k = f,m on their
spouse’s z and y and the implied spousal correlations. Panel D decomposes UZ into the components explained by
the parents’ y (¢—1) and z (Z;—1) and their covariance (ogz), and the sibling components in y (z¢) and z (e;); Xz
and Xj 7 3 & are the total percentages explained by the parents and the close family (parental and shared sibling
influences), respectively. Based on the kinship correlations reported in Table G.4.

by their observed outcomes. As a consequence, the genetic and general model yield substantially
different predictions for the distant kinship types in our data (cf. ancestor correlations reported in
Tables G.5 and G.6). In particular, the genetic model with phenotypic assortment cannot explain

why the kinship correlations in height remain non-negligible even for very distant siblings-in-law.

The results are therefore ambiguous. On the one hand, our approach yields parameter estimates
that match well with estimates of the heritability of body height from quantitative genetics. On
the other hand, the standard genetic model cannot explain why body height remains correlated
between the most distant family members in our data. The genetic model fits a narrow set of kinship
moments, but not the full set observed in this study. The potential culprit is the assumption that

assortative mating occurs only in the phenotype. If spouses match on factors other than phenotype
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height, and those other factors have an independent association with genotype height, then the
standard genetic model understates the correlation between relatives — even if the intergenerational
transmission process itself is exclusively due to genetic factors. The advantage of our approach
is that such failures become visible: erroneous assumptions in the assortative process become
noticeable among distant relatives even if they have only negligible implications for the close

kinship correlations that have been studied in the previous literature.

H Additional Results: Spanish Census

We also calibrate our model for Spain, for which the intergenerational evidence has so far been
quite limited (see for example Black and Devereux 2011). Because the available data sources do
not report income for both parents and children, estimates of income mobility are based on a two-
sample instrumental variable approach. The cross-country comparisons of educational mobility
(Hertz et al. 2008, Blanden 2011) do not contain evidence for Spain either.’! We circumvent these
data limitations by using surnames to identify kins in the complete-count 2001 Census from the

Spanish region of Cantabria.%?

In contrast to the administrative registers from Sweden, the Census data are limited to a single
cross-section, contain only educational outcomes and names, and lack direct family links to define
kinship — allowing us to illustrate the feasibility of our approach in settings with scarce data. We
exploit that children in Spain inherit surnames from both their parents to recover their family
links. This naming convention allows us to track both maternal and paternal lines, and at around
36%, the match rates are far higher than the rates that have been achieved in Census data from
other countries. As a consequence, we can compare a wide range of kinship correlations between
Spain and Sweden, and distinguish how latent intergenerational, sibling, and assortative processes

compare in the two countries.

H.1 Data

The 2001 population census for Spain, which is available nationwide, does not allow to identify

families unless they are living in the same household. However, for the Spanish region of Cantabria

5'Blanden (2011) demonstrates that the ranking of countries in terms of educational mobility and income
mobility is quite similar, with a pair-wise correlation between the two type of measures of around 0.7.
While our evidence pertains to education, it is therefore likely to be informative about the transmission of
economic advantages more generally.

52Qther studies use names to consider intergenerational mobility on the surname level. For example,
Collado et al. (2014) study multigenerational mobility in the 19th and the 20th century in Cantabria,
while Giiell et al. (2015) study intergenerational mobility in more recent data from Catalonia. In contrast
to these studies, we use names to identify direct family relationships and to estimate individual-level
processes.
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we obtained information on the full name of each person, and we can use this information to
identify parents and children. The Census also reports, among other variables, the gender, age
and educational level of all individuals living in the region (526,339 persons). We define the t-
generation as all persons born in Cantabria between 1956 and 1976 (71,479 males and 68,830

females) and the (¢ — 1)-generation as their parents.

Matching. Surnames in Spain are passed from parents to children according to the following rule:
A newborn person, regardless of gender, receives two surnames that are kept for life. The first
surname is the father’s first surname and the second the mother’s first surname. This naming
convention allows us to identify fathers and mothers. For each person ¢ in generation ¢ we define
the set of potential parents as all the couples born before 1956 such that the husband first surname
coincides with person 7 first surname and the wife first surname coincides with person ¢ second
surname. Then, we say that we identify the parents if there is only one couple in the set of potential
parents and the age difference between both parents and the child is at least 16 years. We identify
the parents for 25,860 males and 24,610 females, which is approximately 36.2% and 35.8% of the

male and female population, respectively.

To assess how well our strategy to identify parents and children works, we exploit the fact that we
can directly identify parents and children when they live together (without using surnames). We use
this information to estimate the percentage of incorrect matchings derived from our identification
strategy. We identify 51,923 parent-child pairs using the surnames, with 23,694 of these children
co-residing with their (real) parents and 28,229 living in different households. For the sub-sample
of children co-residing with their parents, the percentage of identification mistakes is 6.1%. We
exclude these 1,453 pairs from our sample and the final sample size is 50,470. If the percentage of
incorrect identifications for the sub-sample of parents-child not living together were also 6.1% we

would expect 1,722 mistakes (3.4%) in the total sample.

Once we have identified parents and children, siblings are immediately identified, and when chil-
dren are married we also identify siblings-in-law. Finally, we assume that siblings in the parents’
generation are identified when there are at most four individuals in the over 25 population sharing
the same two surnames. Once siblings in the parent generation are identified, uncles and nephews,
and cousins are immediately identified. Again it is important to estimate how well our strategy to
identify siblings in the parents’ generation works. We cannot directly detect identification mistakes
in the parent generation, but can test the reliability of our approach in the child generation. Specif-
ically, we repeat the exercise to detect identification mistakes in the sample of co-residing children
as described above, but restrict that sample to children with surnames held by between two and
four individuals in the over 25 population. As expected, the percentage of incorrect identifications

is now lower, 2.5%.

Fducation. We use the information on each individual’s educational attainment and convert it to
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Table H.1: Descriptive Statistics in Spanish Census

Men ‘Women
Matched Unmatched Matched Unmatched
Mean Std. Dev Mean Std. Dev Mean Std. Dev Mean Std. Dev
Age 33.61 5.91 35.42 6.16 33.70 5.92 35.50 6.15
Years of schooling 10.53 3.71 9.71 3.64 10.99 3.71 10.11 3.69
Observations 25,860 45,619 24,610 44,220

years of schooling following Calero et al. 2007.% We de-mean years of schooling using gender-
birth-cohort averages. Table H.1 shows some basic descriptive statistics. The matched sample is
almost two years younger than the unmatched one. The reason is that the older a person is, the
more likely the parents are not living together or one of them has died. Since the matched sample

is younger it is also more educated (0.8 more years of schooling than the unmatched sample).

H.2 Estimation results

H.2.1 Sample and calibrated moments

Table H.2 reports the sample correlation in years of schooling for each kinship, sorted from closely
related to more distant kins. The first columns report the number of pairs and sample correlations.
The pairs are weighted inversely by the square root of family size, as described in Section 3. We
observe 65 distinct moments that can be classified into groups from very close kins (such as spouses,
group I) to relatively distant kins (such as second-degree siblings-in-law, group X). Two kinship
types that were not observed in the Swedish data are child-parents in-law (group III-b in Table
H.2) and the Spouse of nephew/niece-uncle/aunt (group VII-b), as its child generation was too
young for this definition to be meaningful. The sample sizes are much smaller than in the Swedish
sources. They are still large enough for precise measurements of kinship types involving siblings

and parents, but become noisy for the more distant types.

The kinship correlations in educational attainment tend to be slightly larger in our Spanish data
than the corresponding moments for Sweden. For example, the brother correlation in years of
schooling in Spain is 0.46, compared to 0.43 for Sweden. The gap is smaller for in-law and vertical
kinships, and inverses for those moments that involve females in the parent generation (such as

the mother-son or aunt-nephew relationships).

In our calibration we include all groups (including II1I-b and VII-b). We therefore use 65 distinct

53We assign 2 years of education to those who did not complete primary education, 5 years to primary
education, 8 to compulsory education, 10 to vocational training, 12 to secondary education, 15 to sort
university degrees, 17 to long university degrees other than engineering and medicine, 18 for engineers and
medical doctors and 19 for a Ph.D. All our results are robust to other reasonable ways to assign years of
education as, for example, assigning 0 years of education to those who did not complete primary education,
4 years to primary education, 9 to vocational training and 11 to secondary education.
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Table H.2: Sample and Predicted Moments in Spanish Census

Kinship Data Calibration Kinship Data Calibration
group  # name # pairs sample p pred. p % error  group # name # pairs sample p  pred. p % error
1 1 Spouses 24,819 0.543 0.569 4.7
I 2 Brothers 11,109 0.464 0.464 0.0 30 Nephew-Uncle in-law (SM) 3,334 0.199 0.205 3.0
ab 3 Sisters 10,316 0.420 0.425 1.2 31 Niece-Uncle in-law (SM) 3,067 0.168 0.183 8.5

4 Brother-Sister 21,017 0.410 0.414 0.9 VII-b 24-b W-Nephew-Uncle (BF) 1,738 0.220 0.197 -10.1

1 5 Father-Son 25,860 0.385 0.369 -4.2 aa'-b 25-b H-Niece-Uncle (BF) 1,930 0.192 0.191 -0.1
aa-a 6 Father-Daughter 24,610 0.335 0.321 -4.3 26-b W-Nephew-Uncle (BM) 1,737 0.213 0.198 -6.9
7 Mother-Son 25,860 0.323 0.310 -4.2 27-b H-Niece-Uncle (BM) 1,873 0.224 0.210 -6.5

8 Mother-Daughter 24,610 0.300 0.284 -5.3 28-b W-Nephew-Aunt (SF) 1,537 0.161 0.146 -9.1

III-b  5-b Son-Father in-law 13,191 0.276 0.262 -4.8 29-b H-Niece-Aunt (SF) 1,746 0.112 0.140 24.3
aa'-a 6-b Daughter-Father in-law 11,628 0.265 0.280 5.7 30-b W-Nephew-Aunt (SM) 1,559 0.196 0.175 -10.9
7-b Son-Mother in-law 13,191 0.225 0.245 8.7 31-b H-Niece-Aunt (SM) 1,648 0.176 0.185 4.8

8-b Daughter-Mother in-law 11,628 0.219 0.236 7.7 vir 32 Male Cousins (BF) 2,053 0.202 0.200 -1.0

v 9 Brothers in-law (MF-M) 12,260 0.281 0.304 8.2 aa-bb 33 Male Cousins (SM) 1,779 0.200 0.214 7.0
a-b 10 Brother-Sister in-law (FM-M) 11,184 0.300 0.309 3.0 34 Male Cousins (SF) 3,752 0.209 0.189 -9.4
11 Brother-Sister in-law (MF-F) 12,339 0.296 0.292 -1.2 35 Female Cousins (BF) 1,747 0.145 0.140 -3.5

12 Sisters in-law (FM-F) 10,743 0.287 0.255 -10.9 36 Female Cousins (SM) 1,523 0.182 0.167 -8.1

\% 13 Nephew-Uncle (BF) 3,787 0.237 0.258 8.6 37 Female Cousins (SF) 3,368 0.188 0.140 -25.4
aa-b 14 Niece-Uncle (BF) 3,487 0.201 0.219 9.0 38 Male-Female Cousins (BF) 3,817 0.187 0.167  -10.5
15 Nephew-Uncle (BM) 3,602 0.241 0.257 6.7 39 Male-Female Cousins (SM) 3,364 0.192 0.189 -1.7

16 Niece-Uncle (BM) 3,337 0.229 0.229 0.2 40 Male-Female Cousins (BM) 3,604 0.191 0.167 -12.6

17 Nephew-Aunt (SF) 3,452 0.151 0.191 26.8 41 Male-Female Cousins (SF) 3,625 0.172 0.159 -7.8

18 Niece-Aunt (SF) 3,253 0.140 0.164 16.9 X 42 F-MF-M 3,045 0.159 0.158 -0.8

19 Nephew-Aunt (SM) 3,334 0.221 0.227 2.9 a'c 43 F-MF-F 2,924 0.167 0.147 -11.8

20 Niece-Aunt (SM) 3,067 0.181 0.204 12.3 44 F-FM-M 3,089 0.176 0.194 10.3

VI 21 Spouse of Sib. in-law (MF) 4,156 0.272 0.227 -16.5 45 M-MF-M 3,132 0.245 0.212 -13.3
a-b’ 22 Spouse of Sib. in-law (FM) 3,296 0.249 0221  -11.3 X 46 MF-MF-M 1,966 0.113 0.146 29.4
23 Spouse of Sib. in-law (MM) 7,061 0.234 0.207 -11.6 a-c 47 MF-MF-F 1,950 0.072 0.133 84.2

VII 24 Nephew-Aunt in-law (BF) 3,787 0.175 0.201 14.9 48 MF-FM-M 2,009 0.181 0.166 -8.6
aa-b" 25 Niece-Aunt in-law (BF) 3,487 0.153 0.169 10.8 49 MF-FM-F 1,881 0.121 0.121 0.1
26 Nephew-Aunt in-law (BM) 3,602 0.172 0.195 13.5 50 FM-MF-M 1,854 0.142 0.165 16.3

27 Niece-Aunt in-law (BM) 3,337 0.163 0.173 6.1 51 FM-MF-F 1,807 0.134 0.149 11.2

28 Nephew-Uncle in-law (SF) 3,452 0.192 0.178 -7.6 52 FM-FM-M 1,792 0.185 0.155 -16.1

29 Niece-Uncle in-law (SF) 3,253 0.136 0.151 11.0 53 FM-FM-F 1,710 0.124 0.112 -9.7

Notes: Kinship correlations from Spanish Census data. See Table 3 for notation.

moments from 12 different kinship types. We calibrate the model as described in Section 3,
and report the predicted moments as well as the percentage deviation between the observed and
predicted moments in Table H.2. Overall, the calibrated model explains the data well. Figure H.1
illustrates the fit graphically, by plotting the sample moments and predicted moments from the
calibrated model. For comparability, we plot the same 105 moments that are also plotted for our
Swedish data in Figure 2. The mean absolute prediction error across all included moments is 9.9%.
The prediction errors are therefore larger than in the Swedish data, consistent with the presence

of sampling error from the smaller sample sizes.

The model however appears to fit the pattern of inequality transmission in Spain across vertical
and horizontal kins, and across both direct and in-law relationships. Given the more restricted set
of moments and number of observations, this conclusion is not as well supported as for the case of
Sweden. Nevertheless, two observations suggest that our results are robust. First, we demonstrated
in the Swedish sample that the full model (including the different channels via which inequalities
are transmitted) could be calibrated from a set of moments that was much more restrictive than
the set available for Spain (see Section 4.6). Second, our findings for Spain appear not too sensitive

to changes in the underlying set of moments or their weights.%*

54Because educational attainment for females has been increasing rapidly in our observation period, its
distribution is quite different in the parent and child generation. The main results remain however robust
to excluding some moments that involve females in the parent generation, such as the mother in-law or
aunt. Our results are also robust to dropping distant kinships types for which sample sizes become very
small, or to weight moments by the square root of the sample size (results available upon request).
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Figure H.1: Fit in Spanish Census
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Notes: See Table H.2 for the corresponding list of kinship moments.

H.2.2 Intergenerational transmission

Panel A of Table H.3 reports the calibrated parameters for the intergenerational or “vertical”
transmission in Spain. We again find that the direct transmission channels captured by the pa-
rameter ¥ contribute very little to the transmission of educational inequalities. At Bm = 0.03
and 3f = 0.11 the estimates are close to the corresponding estimates for Sweden. Only about 1%
of the variation in years of schooling is directly explained by parental education (panel D of Table

H.3).

As for Sweden, the transmission of advantages occurs predominantly via the latent factor. At
4™ = 0.92 and 4f = 0.84, the rate by which this latent factor is transmitted from parents to children
is substantially higher in Spain than in Sweden.®® As a consequence, the implied correlations in
the latent status between parents and children are also much higher (about 30% higher), and decay
more slowly across generations in Spain than in Sweden. For example, the implied correlation in
educational attainment between children and their great-great-grandfathers is more than twice as

large in Spain (0.16 vs. 0.07, Panel A of Tables 4 and H.3).

In sum, these results have three implications. First, the pattern of inequality transmission in Spain

and Sweden are qualitatively similar, with the transmission of advantages occurring predominantly

55The share of variance explained by the latent factor is similar as in Sweden for men, but much lower
for women. One potential explanation for this pattern could be that secular trends in females’ educational
attainment were stronger in Spain, such that less of the total variation in educational attainment is
explained by individual- and family-specific factors.
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Table H.3: Calibrated Parameters in Spanish Census

Panel A : Intergenerational Processes

le ﬂf ym }’f GZym 02,1//‘ Ozzm Gsz
0.027 0.111 0.915 0.842 13.579 13.213 6.525 2.783
a ym a uf A m a 2f GZ um OZ uf

0.746 0.856 0.586 0.127 5.159 7.001
Ancestor correlations in y and z:
Father-Son Fr.-Daughter Mother-Son Mother-Daughter

inz 0.760 0.827 0.732 0.883
Father-Son Grandfr.-Son  GGrandfr.-Son GGGrandfr-Son

ny 0.369 0.271 0.205 0.156

mn z 0.760 0.594 0.451 0.343

Panel B : Sibling Processes

2 2 2 2
G um o af Omwf O em o ef Oemef

1.648 2.643 2.087 0.559 0.001 0.018
Sibling correlations in y and z:

Brothers Sisters Mixed Brothers Sisters  Mixed
iny 0.464 0.425 0.414 0.674 0.784 0.666
Panel C: Assortative Processes
r,, ™,y ™y, ™y r', r,, ry, r'y,

0732 -0.139 0418 0356  1.291 0083 0576  0.441
Spousal correlations in y and z:

p ymyf p zmzf p ymzf p zmyf
0.569 0.903 0.483 0.549

Panel D : Variance Decomposition of y

Ut—1 Zi1 Ogz .z xy et Ejzae
male 0.1% 28.3% 1.8% 30.1% 12.1% 4.1% 46.4%
female 1.1% 16.5% 4.8% 22.5% 20.0% 0.0% 42.5%

Notes: Panels A and B report parameter estimates and implied ancestor and sibling correlations in educational
attainment y and latent advantages z. The parameters 8 and 05 capture the direct transmission and variance of y;

~ and o2 the transmission and variance of z; and o2 and o2 shared sibling influences in y and z; see equations (1)-(3)
for details. Panel C reports the coefficients from the linear projections (4) and (5) of 2* and y* for k = f,m on their

spouse’s z and y and the implied spousal correlations. Panel D decomposes O’Z into the components explained by

the parents’ y (:—1) and z (Z;—1) and their covariance (ogz), and the sibling components in y (z¢) and z (e;); Xgz
and X3z 7 s are the total percentages explained by the parents and the close family (parental and shared sibling
influences), respectively. Based on the kinship correlations reported in Table H.2.

via latent variables, with only a minor direct influence of parental education itself. Second, the
stronger transmission of educational inequalities in Spain is explained by stronger transmission in
the latent factor, i.e. is due to fundamental differences in the extent of status transmission. Third,
standard measures understate the difference in mobility rates between Sweden and Spain. While
parent-child and sibling correlations are only slightly larger in Spain, the gap is greater for more

distant relatives.
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H.2.3 Siblings and horizontal transmission

Panel B of Table H.3 summarizes our findings that pertain to siblings, which quantify what siblings
share over and above the average rate of intergenerational transmission discussed in the previous
section. As in the Swedish data, siblings must be far more similar to each other than what is
captured by sibling correlations in years of education. For Spain, the implied correlation in the
latent status between siblings are around 0.7 or higher, about 50% larger than the sibling correlation
in years of education. The similarity in siblings in observable and latent characteristics captured
by 2% and e* explains between 15% (brothers and mixed pairs) and 20% (sisters) of the variation

in educational attainment.

The degree to which siblings are subject to common influences is therefore similar in Spain as in
Sweden. However, in Spain, most of this similarity is explained by the shared sibling influences in
the observable outcome (x*), while shared influences in the latent factor (e¥) are less important.
The variance shares explained by x* are more than three times larger than the corresponding
variance shares for Sweden. One potential explanation could be location-specific shocks and trends:
because siblings grow up in the same area, structural changes in the local provision of schooling
would tend to be reflected in this component. Spain may have experienced more such changes in
our analysis period, which would contribute to the sibling correlation in educational attainment.

Because we lack distant kinships in the Spanish data, it is however difficult to distinguish the two

types of sibling components.

H.2.4 Assortative mating

The calibrated parameter values for both the observed and latent dimensions of assortative mating
in Spain are summarized in Panel C of Table H.3. Spousal correlations in years of schooling are
around 0.54 in our Spanish sources, about 10% higher than the corresponding moment in the
Swedish registers. As was the case for Sweden, the latent status of the mother is predominantly
explained by the latent status of the father, while his educational attainment has no additional
predictive power. However, the father’s education has a substantial association with maternal
education, over and above what can be explained by the father’s latent factor. The corresponding

projection matrix for females is similar.

The implied spousal correlations in the outcome y and the latent factor z are reported in the
last block of Panel C. The first entry is simply the calibrated spousal correlation in educational
attainment, which at pym,s = 0.57 is similar to its sample counterpart. In contrast, the implied
spousal correlation in the latent factor is substantially higher. At p,m.r = 0.90, it is also more than
10% higher than the corresponding estimate for Sweden. Our results, therefore, suggest stronger

assortative mating in Spain compared to Sweden — not only in educational attainment, but also
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in the latent determinants of socioeconomic status. Spouses in Spain appear very similar in those

factors that ultimately determine the educational attainment of their descendants.
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I The General Model

We assume that the value of the outcome y for an individual from generation ¢ is given by
vt =B+ 2 ) oy (L.1)
where the superscript k = m stands for males and k = f for females. We assume that
Ut = a§y21 +(1- a’;)ytf—l
and the socioeconomic status of the child, zf, depends on the father 2/, as well as on the mother z{_l

2P =~kZE | +eF +of

§>th—1

(1.2)
a=abzt +(1-a

Regarding the shocks, we assume that z¥ and ef are shared by all siblings of the same gender, can be
correlated across siblings of different gender and are uncorrelated to each other and with the other variables

(in particular with zF ; and 3! ,, I = m, f). Finally «¥ and vF are white-noise errors.

We assume throughout the appendix that the economy is in the steady state, and therefore all the parameters

and the moments of all the variables are time invariant.

I.1 Assortative mating process

We assume there is assortative mating both in years of schooling and in socioeconomic status (see Behrman
and Rosenzweig, 2002, for a related model with assortative mating in two dimensions). In particular we

consider the linear projections of zgil and yg:l on 2", and y;" ;:

f J— m .m m m m
Zpg =zl t gl twily

f J— m m m m m
Yie1 = TyZi1 T TyyYi1 T 61

where wi* | and " ; might be correlated but are uncorrelated with 2", and y;” ;.

The coefficients of the linear projections depend on the correlations p.mym, 0 m.f, Pomys, pym.s and pym,s,

as well as on the standard deviations of zf ; and yf |, k = m, f:

, 1 O, f

= T oo (enst = Pemmpysr)
1 0,5

= Ty e oy = pemgnna)
1 Oyf

T:Lr; = Y (pzmyf - pzmy’”pymyf)

(L= P2y 7om



1 O, f
rmzii(fomf_pmmpmf)
0= T ) oy P ey

We use these matching functions to write years of schooling, yF, and social status, zF, as a function of father’s

years of schooling, y;”;, and social status z]" ;. We can write (1.2) as

k _ k m k m k. m k k
2z = Gzt + Gty + gpmwiy +ef + vy

where
Gt = e+ (1 —-ab)yn)
Gha = (- abys
g7kn = ryk(l - O‘]zc)
and (I.1) as
Yo = Byt + Bl 2ty + bhelt s + ghwity + ef +of + ) +uf
where

By, = B"(af+ 1 —ap)ry)+Gh,
Bfm = Bk(l_alyc)rg,lz_FGlsz
b = B(1—ay)

All these expressions will be used to compute correlations between relatives that are related through their
fathers. However, when we consider relatives that are related through their mothers, we need to find ex-
pressions for y¥ and zF as functions of mother’s years of schooling, yf_l, and social status ztf_l.We then also

consider the linear projections of z;”; and y;”; on le and y,{:lz

_ f o f f
Zity = ngzt—l + Tgyyt—1 +wp_y

Yioq = Tg];zztfq + T@j/cyy{q + 5{71

where wf:l and 5{71 might be correlated but are uncorrelated with ztfll and ytffl.

The coefficients of the linear projections depend on p, sy, pym s, Pomys, Pym,r and pym,s, as well as on the

standard deviations of zf | and y¥ |, k =m, f:

1 g,m
’r{z = 72L(pz""zf - pzfyfpzmyf)
(1- szyf) Ozf

1 O ,m
T—J:y - #L(pzmyf = PaiyfPamar)
(1- szyf) Oyt



1 Oym
A y( . .
rl = Pymzt = Patyt Pymyt)
A=) 0 T TP

= ———————(pymyr — PafyfPymzf)
vy (1_p§fyf) 7,0 Y™y 2l yf Pymz

1 Tqym
rf Y
Using these linear projections, we can write (I.2) as

k k _f ko f E f k., ok
Zy = szztf—l + Gyfytf—l + gfwtj—l +ef +uy

where
GYy = AMalr],+(1-ab))
k k Kk
Gyf = 7 ozzrfy
gf = Afal
and (I.1) as
yt =Byl + B2l + Vel + gl e ol +af +uf
where

k k([ k k k
By = B (O‘yrz};y +(1- O‘y)) +Gyy
Bff = Bko/;rgz + G’;f

g =l

[.2 Steady state assumption

As mentioned above, we assume that the second order moments of all variables are time invariant. This
steady state assumption implies that p,m,m and p,r,s depend on the remaining parameters of the model as

shown below.

Cov(y",2") = Cov(B™gyy + 2", 2") = Cov(B™ (alyy + (1 — alMyl 1), 7™ (a2 + (1 — al)z] 1)) + o2
= Amalyma Cov(ymy, 2 ) + Brally™ (1 — o) Couly™y, 2] _,)

+ (L= aM)ymal Cou(yl 1, 2" y) + B (L — el (1 — o) Couly]_y, 2l_1) + o2

Dividing by o.» and oym, we have

O,f
pemym = By pemym + BTy ™ (1= )~ pyms
om
Oyf O.f Ouf g.,m
+ ﬂm(l 7a;n),ymoé;n K Pzmyf +5m(1 7a;n),ym(1 70‘;”) = ¢ Pzfyf + E
O'ym O ym O'ym O'ym



and rearranging

m, m_.m_ m m mY ., m my Ozf 9yf
(lfﬂ Oéy")/ az)pzmymfﬂ (17043;)7 (170%) — —Pxfyf

Tym O'y
g,m ag f
= = +ﬁma?7m(1 - O‘T)ifpymzf +Bm(1 - a;n),yma;n %y Pzmyf
UynL Tym Uyn
analogously
f Fywd £yZzm Ty f
_5 (1—Oly)'}/ (1—0{ )770zm m+(1_ﬂ yry « )pzfyf
Tuf Oys
= +/Bf / f(l—O( )7pz"’yf +Bf(1_a )ry Oé 7py 2 f
ny Jy

and from these two equations we can solve for p,m,m and p.s,s as a function of pyms, p,m,s and some other
parameters of the model.

k

We then have that the model has 20 parameters v*, 8% o¥ ) Qs agk, k=m,f, and o mys,Opmes,

2 2
Uzka xko

Pzmzfy Pymzfs Prmys and Pymyt

1.3 Covariances

1.3.1 Main covariances

We use the notation in Figure 1 to denote individuals with different degrees of kinship. We first compute
the main covariances (husband-wife, parent-child and siblings). Then, the covariances for other relatives are

obtained recursively.
Husband and wife a — o’

We have to compute the covariance between "a" and "a’". Let n’ = m, f be the gender of o’ and n =m, f
the gender of the a.

C an a'n’\ _
ov(Yy 1, Yy 1 ) = Oym Tyt Pymys

Parent—child aa — o’

We have to compute the covariances between "aa" and "a’". Let n’ = m, f be the gender of ¢’ and n* =m, f

the gender of the aa. We project aa on o’ (his/her father or mother) who has gender n’

’

!’
aa,n® _a’',n _ n* n*
Cov(z; J2r) = Cov(G T 1+G 2 1,zt 1)
_ n
= Gyn/ozn/ayn/pzn n’ +Gm,ozn

’ * ’ * ’ ’
aa,n® a',n _ n n n n n
COU( YY1 ) - COU(Gyn’yt—l + Gzn/zt—layt—l)

n
= G n/a w Gmlazm Tyn’ Py’ y



aa,n* _a’',n _ n*  n' n* _n’ n’
Cov(y, " , 221 ) = Cov(By,yq + Blyzq, 2 1)

n* k 2
= By 0w Oyt oty + B0

’ * ! * ’ ’
aa,n® a'.n _ n* n n* _n n
COU( yYt—1 ) - CO/U(Byn’ytfl + an’ztflﬁytfl)

n* 2 n*
= Byn,ay”/ + anlozn/ayn/pzn/yn

Siblings o’ — b

We have to compute the covariances between "a’" and "b". Let n’ = m, f be the gender of ¢’ and [ = m, f

the gender of the b. We project o’ and b on their father or mother GP2 who has gender k

GP2.k GP2,k GP2.k GP2,k bl
OO”(Zt 1 ’Zt 1) CO”U(Gnkyt 2 +sz: t—2 +9k wf_ 2+et 1 aleyt 2 U+ Gl gl ety)
= GnkG kU k—i—G kG kazk+ (Gykle—’_GZkGyk) n Oy’ Poyn yn
197 gho2 AT

'n' b GP2,k GP2.k GP2.k GP2.,k
Cov(zy ) ,yi"y) = COU(Gnkyt 2 JFsz t—2 +gk Wy 2+et—1 vBlkyt o U4 Blizy T bl o + ghwh 2+6t 1)
— G Bl b A G BL 0%t (G BYAGEBLY) 0t 0y ot

+9 gllcgik +0 w1 gy bgccov(st—l ) Wf—l)

GP2,k GP2,k o GP2,k GP2,k bl
Cov(yt 1 ’Zt )= COU(BykZ/t 2P B P o e + g Wl ‘*“3? 1 7leyt o Gz 4 gl eny)
= BnkG kg k+szszazk+ (B Glzk+szGyk> n’ a'y"/pznly”

+g7 gfcawk +0 o o —I—bZ gkC’ov(etfl, wk )

a’';n’ bl n! n!
Cov(yt% ’yt—l) = Cov(B, kth—Pz *4+BT 2 DY k+bk CHa 2+9k wy o +6t—1 ""I?ffl ’Bykytcp22 F4BL 2 BB bl s tghwr otet +alty
n n' pl " nl n' pl
=B kB KTy >+ B kB Ao fc“‘( Z/Lszk+szByk) O yn! Tyt Py yn!
I n’ " 21 n
—I—gﬁ gkowk—i-bk bk%k +0 nt 1+ (bﬁ 9. t+9% bk) Cov(atfl,wyfl)—kgw,ﬂ

1.3.2 Other covariances

Before we obtain the remaining covariances for different degrees of kinship we compute the linear projections

TL

!
of z, ’" and ya on zf ll and yt 1, 7', l=m, f, where o’ and b are siblings

!’
a’';n’ n’,1,bl n',l, bl b,l
Rp—1 =Tz Zt 1 +sz yt 1 +wt 1

’
aﬂ_ n',l.,bl n’,l, bl >
Y1 Ty 21 Ty Yy +5t—1

b,l

where w,”; and zst ; might be correlated but are uncorrelated with zt ; and yt 1 and
/ 1
l 2
L P R (Uy“’za’m’zbl g ’y”fza’,"’yb*l>
000 = Oy



n’,l 1 2
r =5 5 95 \0,0,4n yb T 021yl 0 za/ n! 4b,l

2y 2 -2 2
leoyl - Uzlyl
n',l _ 1 2
Tys = g2 m o \ Tyt Tyl zbt = Oyl Tyelonl i
O'ZLO'yL Uzlyl
n',l __ ; 2
ryy = 55 3 o ,a'ya/ ”’y O-zlylo-ya’,n’zbvl
Uzlayl O-ZLyl

Notice that error terms, w!"', and &', are likely to be correlated with the latent factor and the outcome of
a, the spouse of a’, and also with error terms of the linear projections of a’ on a. However, since we use these
linear projections to ﬁnd the correlation with in-law relatives of b, what is relevant is whether wt , and 5

are correlated with zt 1 and yt 1, where b’ is the spouse of b. Since these error terms are not correlated with

zf ll and yi’;ll, and we are assuming that the assortative mating is in z and y, they are not correlated with

" ol
2,y and y, 'y either.

Consanguine relatives ("blood")

Vertical covariances
Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and [ = m, f

the gender of the b. We project aa on a’ (his/her father or mother) who has gender n’

Cov(z; aa,n” f;ll) :Cov(GZ;/zt 1 JrG" /yf ?,zfll) GZ;,Cov(zf f,zk )+Gyn/Cov(yf ?,zfll)

Cov(z™"  ypty) = Cov(Gly 21 + Gyt yity) = Gl Cov(z gt y) + G Cov(yi 7yt

Cov(y; i ,Zih_ll) = Cov(B Z:L/Zt 1 +Byn/ fsl ?azfll) :B;L:L/COD(Z? ?VZt 1)+Byn/COU(yg {L?Z?ll)

Cov(y; ™™ ,ypty) = Cov(BLy="t + Bynyiot  yihh) = BluCov(z{ yy) + By Cov(yi )
where o’ and b are siblings.

Horizontal covariances
Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the bb. We project bb on b (his/her father or mother) who has gender I

Cov(z{™", 2"") = Cov(af™", GL2/ty + Guuiiy) = GLCou(ef™™ , 5y) + GyuCou(5" ™ yity)

Cov(z;"" ,yfbl ) = Cov(z; aa,n” Bllzt 1+Bylyt 1) C’ov( aa,n” zfll) C’ov( aan ,y?’,ll)

Cov(y, £ ’bel ) = Cov(y; pon Gllzt 1+Gylyt 1) Gle'ov( g Zt 1)+Gle’ov( Fo" ayf’fll)



Cov(y;™" ,yi"") = Covlyi™™, BLZy + Byyiy) = BLCoo(yi™™  2"1) + By Covlyi™™ /")

where b is the uncle/aunt of aa.
Affinity relatives ("in-law")

Vertical covariances
Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — ¥/

We have to compute the covariances between "aa" and "b'". Let n* = m, f be the gender of aa and I" = m, f

the gender of the b’. We project b’ on his/her spouse b who has gender [

zz

Cov(z{™" 21) = Cov(z"" Lzt 4+l yit) = rl.Cov(zf™™ 2 )) + 7L, Cov(z"" )

Cov(z; aa,n’ ,y ) Cov(z; aa,n’ rlyzzfll +rwyt 1) —r .Cov(z; aa,n’ zt 1)—|—r ,Cov(z} gan ,yf’_ll)

Cov(y; aa,n” ,z ) Cov(y; aa,n” Tizzf’_ll—l—riyyf’_ll) =rl_Cov(y; aa,n’ zt 1)+r ,Cov(y; aamn ,yf’_ll)

Conlyi™ 4t 4) = Conlyf™ rbosby +1d, 1) = 1L Conlyt™ 24 + 11, Conlyi™ i)

where b is uncle/aunt of aa.
Siblings of the siblings in law of the parents aa — ¢

We have to compute the covariances between "aa" and "¢". Let n* = m, f be the gender of aa and 0 = m, f

the gender of the ¢. We project ¢ on his/her sibling b’ who has gender I’

Cov(z™™ 2%)) = Cov(5 ™" 12 & + 12 y)) = 2! Cov(z™" 21) + 1%y Cov(e™™ 1)
Cou(zf™ ™,y ) = Cou(ef™™ gt 45 + 1y i) = v Cou(1™™ 200 + vy Cou(=1™" %)
Cou(y; ™" 2"y) = Covyi ™™ 2! 2] +r2 y)) = r2d Coo(yi™™ 270) +r2y Covli™"yiY)
Cov(y ™" %)) = Cou(yy™™ i 21 + iy ui) = vl Couwy™™ 270 + vy Covlyi™™ 4

where b’ is the spouse of the uncle/aunt of aa.

We can recursively compute the covariances for the spouses of the siblings in law of the parents and the

siblings of the siblings in law of the parents of any degree.

Horizontal covariances
Siblings in law a — b

We have to compute the covariances between "a" and "b". Let n = m, f be the gender of a and [ = m, f the



gender of the b. We project a on his/her spouse o’ who has gender n’

amn _b)l n n' a'n bl N\ __ n a’;n’ b, n’ a’,n' bl
Cov(z,271) = CO”(TzzZt 1 +7"zyyt 1 s2) =r2,Covu(zy 7Zt—1>+7"zy00”(yt—1 124 1)
C a,n b, C n n’ o n’O a’,n’ bl n’C a’,n'
ov(z ", y0") = OU(TzzZt 1 +7"zyyt 1 7yt 1) =r;,Cov(z | 7yt—1)+rzy ov(y; | ayt— )

) b, n b,l n " bl
C’ov(yf_nl,zt_l) OOU(TyzZt 1 +ryyyf Ilvzt 1)—7‘ COU(zt 1 th 1)"‘7‘ C’ov(yt {L:Zt 1)

an bl n a’,n' o a’';n’ bl n’ a’,n'
Cov(y,"1,9,"1) = COU(TyzZt 1 "‘7" yyt 1 ’yt 1) —TyzCOU(Zt—l vyt—1)+TyyCOU(yt 1 7yt 1)

where o’ and b are siblings.
Spouse of the siblings in law a — b’

We have to compute the covariances between "a" and "b'". Let n = m, f be the gender of @ and I’ = m, f

the gender of the /. We project b’ on his/her spouse b

) b, bl
Cov(=, 2 4) = Cov(=y, vt 2pty 4l ylty) = rl.Cou(=, 20 + 1t Cov(=, yiy)

l a,n

, bl bl b,
C’ov(zf”l,yt 1) COU(Zf—quyzth +T§;yyt—1) = TézCOU(zt 17Zt 1) +7" COU(Zt nl7yt 1)

Cov(y,#21) = Cov(yh,rhuzyty + vyt ) = rl.Cov(yly, 204)) + vk, Cov(yi ™yt )

an WU\ amn 1 bl 1 bl 1 a,n bl
Cov(y 1, yi21) = Covlyy "y ry2my + 1y 7)) = 1y, Cov(y,, 2h) + 7" yCov(yi 1,y 1)

where a and b are siblings in law.
Sibling of the sibling in law

"

We have to compute the covariances between "a’" and "c¢". Let n’ = m, f be the gender of @’ and 0o = m, f

the gender of the ¢. We project o’ on his/her sibling b who has gender [

n _ n’,l bl n’,l, bl _ .l b,l n’,l b,l c,0
COU(Zt 1 7Zt 1) = Cov(r;, 2, 1T Yl 17Zt 1) =7, Cov(z” 17215 1>+rzy Cov(y;”"y,2.%)

a’,n’ _ n',l bl n’,l, bl n’,l n’,l b,l c,0
Cov(z;_y 7yt 1) = Cov(r, 2" 1H T Yl 17yt 1) =T OOU(Zt 173115 1)+7’zy Cov(y/"1,y:%)

4 !
a'n’ _coN n’,l bl n’,l, bl _ .l b,l n’,l b,l c,0
Cov(y; 1, 2%) = Cov(ry 2y + 1y iy, 20%) = 1y Cov(z 1, 20 ) + 1y Cov(y,” 1, 27%)

Cov(y,=1" ,yi) = Coolry2t =ty + i yrt 1 yi?)) = r Cov(y, yg %) + 7y Cou(yp )

where b and c are siblings in law.

We can recursively compute the covariances for siblings in law, spouses of the siblings in law and siblings of

the siblings in law of any degree.
Cousins in law

We have to compute the covariances between "aa" and "cc". Let n* = m, f be the gender of aa and 0* = m, f



the gender of the cc. We project cc on ¢ (his/her father or mother) who has gender o
Cov(2f™", 5" ) = Cov(z{™", G2z + Gyoyih) = GLCou(5"" 2% + G, Cov (™" ,yi%)

Cov(z; aa,n” ,yfco ) = Cov(z aa,n” Bo 02t 1 +Booyt °) = B? C’ov( aa,n” zf’_ol)JrB Cov( aa,n” Y%
Cov(y; ™", 2" ) = Cov(y ™™, G22% + Goy) = G2,Cov(y ™™, 20%) + Gy, Covly; " y%))
Cov(y ™" 7yfc’o*) Cov(y; aa,n’ ,B° 0%t +B°Oyt °) = BZ. Cou(y! aa,n” ,20%) + By - Cov(ys aa,n’ Y20

where ¢ is the sibling in law of the uncle/aunt of aa. We can recursively compute the covariances for cousins

in law of any degree.

J No Direct Effect and Assortative Mating Only in z

We next consider a latent factor model with no direct effect (8 = 0) and assortative mating only in z. This
model is less general than the previous one but it has the advantage that we can show how the parameters

are identified.

We write the outcome y for an individual from generation ¢ as
yl =2 ok b (J.1)

where the superscript k¥ = m stands for males and & = f for females. We assume that the socioeconomic

status of the child, zF, depends on the father 2™ ; as well as on the mother z,f:l

2P =~FZE | +ef + ok (1.2)
# o =akar +(1-ah)z

Regarding the shocks, we assume that z¥ and ef are shared by all siblings of the same gender, can be
correlated across siblings of different gender and are uncorrelated to each other and with the other variables
(in particular with zF ; and y!_;, I = m, f). Finally u¥ and vF are white-noise errors.

Notice that from (J.1)

C’ov(yf7 zf) = Jfk

J.1 Assortative mating process

We assume there is assortative mating only in z, i.e we assume that the coefficients of y;”; in the linear

projections of z{_l and y{_lon zi* | and yi* | are zero. This means that we can write ztf_1 as

10



;oo 9
Ri—1 =

m m
oo PemafZi—y +twi—y
m

where wy™; is uncorrelated with 2z;*; and ", and

oo 92 m m f f
e e Fwl T Uy
z

We have that
O',l2um = Uif (1 — pimzf)

We use these matching functions to write years of schooling, yF, and social status, zF, as a function of the

father social status z]" ;. We can write (J.2) as
= o (akam + (1= ab)sl ) + e 4o

= o (ab - aty

_ k m k., m k k
= Ginze1 T gmwitq tef +uy

Oz k k
——pomar ity + w?l)) +ep Ty

Oz

where
O.f
Glzm = ’7]6(0‘]2@ + (1 - ag)ﬁpzmzf)
g = Y(1-ab)
and (J.1) as

k _ o~k m k, m k k k k
yr = Gzt + gmwit Hef ay o +uy

All these expressions will be used to compute correlations between relatives that are related through their
fathers. However, when we consider relatives that are related through their mothers, we use the expressions

for y¥ and zF as functions of mother

o =Gyl g+ gfol et v

where
Gk, — Ak kOzm 1—ak
zf 0 (az o Pzmzf +( az))
gf = rak
and (J.1) as

yr =Gzl |+ ghwl | +ef +af +of +uf

E ok 2 2 2 _
We then have that the model has 13 parameters v¥,a%,0%,,02,.,02., k =m, f, Opmys, Oemes, Pomos-
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J.2 Covariances

J.2.1 Main covariances

We first compute the main covariances (husband-wife, parent-child and siblings). Then, the covariances for
other relatives are obtained recursively. We again use the notation in Figure 1 to denote individuals with
different degrees of kinship.

Husband and wife a — a’

We have to compute the covariances between "a" and "a’". Let n’ = m, f be the gender of ¢’ and n = f,m

the gender of a

T n
n o a'n' z a’n
Cov(y,"1, 9,7 ) = Cov (a szZth T ayt 1)
on!
Ozn a',n' a/,n' Oz 2
= pz'mszO’U(Zt71 7yt71 ) = 7pzm,zfo-znl = O'Zfo'zrnpanZf
Uzn’ O-zn’

Parent—child aa — a’

We have to compute the covariances between "aa" and "a’". Let n* = m, f be the gender of aa and n’ = m, f

the gender a’. We project aa on o’ (his/her father or mother).
OOU( Fo ’Z:&IL’{L,) = COU(Gzn’Zt ’11 ﬂzt 1 ) Gzn’g

Cov(z™" ,yy"1") = Cou(GLy 2"y yi"1) = Gla

Cov(y, " ,ztaL?/) :Cov(Gm/zt ’1,,zt 1 ) Gm,a

Covly™"yi") = Cov(Gly = wi"]) = Gluol
Notice that in this case the four covariances take the same value.

Grandparent—child aaa — o’

We have to compute the covariances between "aaa" and "a'". Let n’ = m, f be the gender of o’ and

n** = m, f the gender of the aaa. We project aaa on aa (his/her father or mother) who has gender n*

’ i

Cov(z(t4™" 201) = G lCov(zf™" 571

oo oo

Cov(zt4™ yiot) G Cov(z0™™, 207)

’ o

Cov(yss™  210) = GLiCou(z™" 27)
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aaa 'n. (l, TLI aa 'n, ll, n
C’ov(yt+1 ’yt—71 ) = Gzn* Cov(z 2401 )

Siblings o’ — b
We have to compute the covariance between "a'" and "b". Let n’ = m, f be the gender of @’ and | = m, f

the gender of the b. We project a’ and b on their father or mother GP2 who has gender k

a’,n' GP2,k ' GP2k a’,n' 1 GP2,k GP2,k b,l
Cov(z;_y >Zt 1) Cov( zkzt s AR Wy e Gl ghwy T 4 ert)

— (n l n' 1 2
- szzkazk + 9i gkawk + Ogn' gl

a’,n’ _ GP2,k n’ GPQk a’,n’ GP2,k 1 GPQk
Cov(z/ | ’yt ‘1) = Cov( mas 4 gt w +el Gl + gy +€t )
=G7 szcrzk +g,C gkawk + Ot gl
S N w GPZE | on' GP2E an | a GP2k | ol G2k
Cov(yy " ,y") = Cov(Glz, 5" + gpf w telr Tx szth 2 T LWy +e t 1‘*‘3% ‘)
- G szgzk +gk gkro.wk + Oen' gl =+ O gn’ gl

J.2.2 Other covariances

Consanguine relatives ("blood")

Vertical covariances
Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and [ = m, f

the gender of the b. We project aa on @' (his/her father or mother) who has gender n’
Cov(z0%™ 20ty = Cov(GT, ,zta f” 2ty =an /C'ov(zf i ,zf )

bl *
COU( aan’” 7yt—1) COU(Gzn’Z: ?ayt 1) G ’COU(Z? f 7yt 1)
Cov(y; pon Zt 1) Cov(GZ, 'Zf ?’Zt 1) =G% 'COU(ZZJ f,zfll)
Cov(y; aa,n’ ,y ) C’ov(G" 'z f T 7yfll) GZ;,Cov(zt ’?/,yfll)

where o’ and b are siblings.

Horizontal covariances
Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the bb. We project bb on b (his/her father or mother) who has gender [
CO?)( aa,n™ bbl ) CO’U( aa,n* Gllzt 1) lCO’U( aa,n™ Zfll)
Cov(z™" ,yfb’l*) Cov(z; aa,n” Gllzt D)= Gt C’ov( gamn ,zf’fl)
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Cov(y ™" ,sz’l*) Cov(y; aa,n’ Gllzt 1) :G C’ov( aa,n’ zfll)
Cov(y, " ,yfbl ) = Cov(y; aa,n’ Gllzt ) =Gt Cov( aa,n’ zfll)

where b is the uncle/aunt of aa.

Affinity relatives ("in-law")
Vertical covariances
Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — ¥/

We have to compute the covariances between "aa" and "b'". Let n* = m, f be the gender of aa and I" = m, f

the gender of the b’. We project b’ on his/her spouse b with gender [

o bl (el b,l
Cov(z2%™ 7z ) Cov(z2o™ s pamai 2 ) = —Z—pam s Cov(z] aa,n’ L 200)
2t zt
aa,n® bl aa,n* O, b,l o, aa,n® b,
Cov(z; Y1) = Cov(z o PamofZy ) = ; pom s Cov(z, 2 Z)
z z
aa,n* b1l aan® O, b,l o, aa,n® bl
COU( )y Rt — 1) COU( 3 pzmzfzt—l) pzmszO'U( - 1)
Ol Ol
o bl o b,l
aa,n™ aa,n’ z s _ Yz aa,n™ s
Cov(y; ,yt ) Cov(y; 70—pzmzfzt_1) = Pam 5 Cov(y, S 2)
2zt zl

where b is uncle/aunt of aa.

Horizontal covariances
Siblings in law a — b
We have to compute the covariances between a and b. Let n = m, f be the gender of a and [ = m, f the

gender of the b. We project a on his/her spouse a’ with gender n’

(o O sn

a,n a’n’ bl z a’;n’ bl

Cov(z™, 20" )) = Cov (U ~Pamal %1 5 % 1) == pomosCov(zi T, 271)
n

m

a’;n’ bl

Ozn 'n’ bl
pz’"zfzt 1 Y1 )

= o pZmeCO’U(Zt 1Yt

z n’

a,n bl
Cov(z"1,y;21) = Co

b,l Ozn

a n
Pompf 2y 1 5 %41

a’,n’ bl
pZmeCOU(Zt 1% 1)
Z”/ O-Z",

Ozn a’;n’ bl
= rpzmszov(ztgl JYpq)

on!

O yn a'm’ bl
o, pz"”zfztfl s Y1

(5
Cov(y™, 20" ) = Cov (
Cov(yf’f’l/,yf’ 1) =Cov (

\ \

where a’ and b are siblings.

We now compute the covariances between "a’'" and "b'". Let n’ = m, f be the gender of "a'" and I' = m, f

the gender of the b'. We project b’ on his/her spouse b with gender I

a’',n' bl a’'.n’ Oy b,l 2 a’',n’ bl
Cov(z; 1 ,2.77) = Cov | 2] s pemar gy | = Pamrs Cov(zy 1 2"1)
z
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o

bl
ey Pamyf 21

z

g bl

)21

a' ' bl a’,n' a’,n’
Cov(z 7y, 21) = Cov | 2,1, pom s Cov(zy ] )

2l

a’'n’ bl a'n O b,l g a’'n’ bl
Cov(y,1 y2,21) = Cov (ytl o PomoiZy 1 | = l P Cov(yy 1 1 21)
z" z
a’'.;n’ O b,l g a’',n’ bl
COU(yt 1 ’yt 1) Cov (%1 o PrmzfZe_q | = l 2 Cov(y, 1 27 1)
z z

where "a’" and "b" are siblings. Notice that since "a’" is the spouse of "a", n = f when n’ = m and viceversa.

Spouse of the siblings in law a — b’

We have to compute the covariances between "a" and "b'". Let n = m, f be the gender of a and I’ = m, f

the gender of the b'. We project b’ on his/her spouse b with gender I

a,n an OV b,l g b,l
COU(Zt lvzt 1) COU(thlv o pzmzfztfl) = ; pszme}(Zt 10 %t 1)
z z
o bl O b,l
a,n 2 Ay _ 0, a,n
Cov(z;” 17yt 1) Cov(z” l Pamzt2{ 1) = 2= pamor Cov(z, 2/")
z z
a,n o b,l a,n b,
Cov(y;” 17Zt 1) Cov(y;""7, o PamzfZyy) = } 2 Cov(yy 2, 27 4)
z" z"
an b\l an O b,l g a,n bl
Cov(ytflﬁytfl) = Cov(ytfh = Pzmzf thl) = Pzmzf Cov(ytflv 2y 1)

z

z

where a and b are siblings in law.

J.3 Correlations

We now compute the correlations in y for different degrees of kinship using the formulas for the covariances
we derive above. We denote the correlations by p;,—;,;, where ¢ and j denote the corresponding relatives,

and n and [ are the genders of ¢ and j respectively

Husband and wife a — a’

0,5 Oym
Pa—a’ = T Pzfam
O‘yf O'ym,
Parent—child aa — da’
pt Ozns 0wt
Paa,n*—a’ ,n' = G
Uyn* Uyn/
Grandparent—child aaa — a’
TL
Paaa,n**—a’,n' = G /paa n*—a’,n’
Siblings o’ — b
’ O,k O,k 17 Ok Ok O_n! .1 O _n! .l
Pa’ ,n'—bl = ngG,lzk = . +QZ g;v = = e + T
y"/ Uyl O'yn/ Jyl Uy /UJZ O'ynlo'yl
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Uncle/aunt (siblings of the parents) aa — b

« O, n! ’ O,k O 4k 1y Ok Ok g n'
__(m Y n 1 z z n' 1 Y%w w en’ el
Paa,n*—bl = Gzn’a_ . szszO_ A +gk gko_ Lo + oo <J3>
yn yn yl y" yl yn yl
Cousins aa — bb
x Ol
_ Y
Paa,n*—b,l* = Gzl Paa,n*—b,l

O'yl*

Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — ¥

(o Oyl

l/
— _=z Yy
Paa,n*—b' I’ = Pzmzf Paa,n*—b,l (J4)
Ol Uyz’
Siblings in law a — b or a’ — b’
Oyn O yn’ n 1 Ozk Ok n 1 Owk Ok Oon’ gl
Pa,n—bl = —Prmzf — — Gk + 9k 9k e
O n! Oyn y"’ Uyz O'yn/ O'yl O'yn/Uyl
o Oyl ' Ozk Ok 1] Ok Ok O ,n’ ol
Par b 10 = —Z—pamas —— | GLGy, R St fe (J.5)
Sl O'yl/ O'yn/ O'yl O-yn’ Uyl Uyn’ Uyl
Spouse of the siblings in law a — 0/
_ Oy Oyt
Pa,n—b" 1! = Pom o f Pa,n—b,l
0,1 O'yz/

J.4 Identification

Our baseline model cannot be solved analytically, that is we cannot write the parameters of the model as
functions of the correlations between different types of relatives. However, to provide some intuition about
how the parameters are identified, we show identification in this restricted model with no direct effect (5 = 0)
and assortative mating occurring only in the latent factor z (i.e. we assume that the coefficients of yi™ in
the linear projections of z,f:l and yg:l on z", and y;", are zero).

Assortative process. First, note that the ratio of the spouse of the sibling in law to the sibling in law (or the
ratio of the uncle in law to the uncle) identifies

Pan—b' ! _ Paan*—b I/ O /Uyl/

= =Pemt (‘]6)
Pa,n—b,l Paa,n*—b,l Uzl/ayl

Moreover, o,m and o,r are observable. Notice that the ratio on the left-hand side corresponds to an instru-
mental variable regression in which the outcome of the spouse b in the spousal regression b’ —b is instrumented
with the outcome of the spouse’s sibling in law a (or the spouse’s nephew or niece aa). This IV regression

effectively swaps the correlations in equation (J.6) for covariances and therefore identifies p,m ¢ % Then,
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if there are no gender asymmetries in the variances, that is, if o,y = oym and o,r = 0,m, the IV regression

estimates the assortative parameter p,m,s.

The IV approach therefore needs to be based on sufficiently distant in-laws. In particular, notice that the
ratio of sibling in law to sibling does not identify the assortative parameter, i.e. the spouse’s sibling a’ is not
a valid instrument for the spouse b in the spousal regression b — b’. The reason is that the sibling component
x is shared by siblings but not by spouses or other in-laws. For the identification of the assortative process,
we therefore need to “break” the sibling link by comparing kinship moments that are sufficiently distant.

In the general model with potential gender asymmetries, we can use the product of the ratios of the corre-

lations with the brother in law and his wife (I = m and I’ = f) and with the sister in law and his husband

(I = f and I’ = m) to identify the assortative mating parameter, p,m,r,

Pa,n—b",f Pa,n—b"m _ pgmzf (J?)
Pa,n—b,m Pa,n—b,f

The assortative mating parameter can also be identified from the product of the ratios of the correlations
with uncle and his wife (I = m and I’ = f) and aunt and his husband (I = f and I’ = m). In contrast,

standardizing the outcome variable by gender would not fully abstract from gender asymmetries. As is clear

from equation (J.6), the estimates would be still biased by the gender difference in the variance share of the
o /O’yl/

latent variable, —=——*—.
/oy

Intergenerational process (considering extended kins in the parent generation). Next, we can identify the

n*
!
zn's

reduced-form intergenerational transmission parameters, G n',n* = m, f, from the ratio of the spouse of

the uncle to the sibling in law,

paa,n*fb’,l’ . Gn* O'yn'

zn'
Pa’ ,n' —b" 1’ Oyn*

Notice that this ratio corresponds to the instrumental variable regression in which the outcome of the parent
a' in the parent-child regression aa — a’ is instrumented with the outcome of the parent’s sibling in law " (or

the parent’s own parent, see below).

As for the assortative process, researchers need to consider sufficiently distant relatives in order to abstract
from sibling links and to isolate the intergenerational process. In particular, notice that we cannot use the
ratio of uncle to siblings to identify the intergenerational parameters because x is shared by siblings but is
not transmitted to their descendants. Accordingly, the corresponding IV approach in which the outcome of

the parent o’ is instrumented with the parent’s sibling b (i.e., the child’s aunt or uncle) is biased.

Intergenerational process (considering grandparents). Alternatively, one can identify the strength of the
intergenerational process from multigenerational data across three generations (as in Lindahl et al., 2015,
or Braun and Stuhler, 2018). In our simplified model, the ratio between the grandparent-child and the

parent-child correlations identifies

Paaa,n**—a’,n/ Gn**
- Yzn'>
Paa,n*—a’ n'

n*

*
zn'

The reduced-form intergenerational transmission parameter G depends in turn on the strength of the
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intergenerational transmission ¥, the assortative parameter p,m s, and gender-specific weights. The corre-

sponding IV approach of using the outcome of the grandparent a’ as an instrument for the parent aa in the

. . . . . . . ** 0,
parent-child regression aaa —aa swaps these correlations with covariances, and therefore identifies G7,, ;T: .
o

Once the G™,, n’,n* = m, f are identified, we can identify the share of the variances of yf and 3™ explained

zn'»

2
by the latent factor, Z;—"', n' = m, f from the parent child correlations

y"

2

O n _ Paa,n*—a’n’
2 n'
Uy" zn’

Next, using the definition of GQ;/ for different gender combinations, we have that

o zf o,m
z 2
1- pznlzf

k k k k[ 9zm
Y :sz—’)/ az(g_przmzf_l)

z

k k 9.f
sz -G Pzmf

and we can identify v* and of, k = m, f. If there are no gender asymmetries, that is if 7/ = y™ = ~,

af =am =1L 0, = oym and o,r = 0,m, the reduced form intergenerational transmission parameters are

1
2 9yt
o4

all equal to 4 (1 + p,ms) and we can identify the pure intergenerational transmission parameter, v, by

Paa—b"
N = Pal —v! 2paa—b/
= =
L+ 2= o+ pa—ty

Next, using the eight uncles correlations for different gender combinations (n*,l,k = m, f)

« O, n! ’ O,k O,k 17 Ok Ok O n'
_(om Y n Gl z z n' 1 Y%w w en’ el
Paa,n*—bl = Gzn’ zk™ zk + 9k 9k +
Uyn* 'U"', O'yl O'yn' O'yl O',L/n/ O'yl

we can identify af,t,, n' = m, f and om.s. Finally from the three siblings correlations for different gender

combinations
’ .k O,k r 3 O,k O,k T _n' 1 T, n'..1
Par i —by = Gy Gl —— == + g} g, ———* 4 2
Tyn’ Oyl Tyn! Oyt Tyn/ Oyl Oynt Oy

we can identify ain,, n' =m, f and oum,s.

Notice that, under classical measurement errors, all correlations would decrease in the same proportion and
therefore, since in this model the parameters are identified as ratios of correlations, classical measurement
errors will not bias our estimates. In the general model with 3* different from zero, classical measurement
errors can bias the results. However, since our estimated 5* are close to zero, we expect that measurement
errors do not affect much the estimates. To confirm this intuition, we have calibrated the parameters of the
general model when we increase all the correlations by 10%. The estimated parameters are very close to our

benchmark estimates (the results are available upon request).
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K The Reduced Form Model

We now study when our general model can be written as a reduced form model where the transmission takes
place only through the male line. We consider the following reduced form model where the outcome y for an

individual from generation ¢ only depends on his father, and is given by
Yo = Byity + 20 + @+ ug (K.1)
and the socioeconomic status of the child, z;, only depends on the father z;™
ze =zt t e+ v (K.2)

Substituting (K.2) in (K.1)
Yo = Byity + vzt e v+ o+ g (K.3)

Regarding the shocks, as in the general model, we assume that =, and e; are shared by all siblings and are
uncorrelated to each other and with the other variables (in particular with zJ*; and y",). Finally u; and v;

are white-noise errors.

We can now compare (K.2) and (K.3) with the expression for zF and yF as a function of the father obtained

for the general model

2f =G+ szyﬂl +gpw™y +ef +op (K.4)
i = Bynyity + B2y ety + ety + e +op 4 a) 4 uf (K.5)
where
k k(o k k
sz = 7 (az + (1 - CMZ)T'Z)
GlgjnL = ’Yk(l - O‘];)TZL
g = —-ab)
k k( k k k
By = B (ay +(1- ay)r;’;) +Gym
ok, = BF(1-af)

It is then easy to see that there are two key differences between the two models:

1. The errors in (K.2) are assumed to be orthogonal to y; and z/", whereas in (K.4), zF depends on

y;~1 and therefore, unless G’;m = 0, if we project y;” on 2™, the new error will be correlated to y;" ;.

2. In the reduced form model, zj™; has the same coefficient in (K.2) and (K.1), whereas in the general
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model, the coefficient of 2} is different in (K.4) and (K.5).

Then, we have that the general model can be written as a reduced form model if and only if the following

two conditions are satisfied
1. G’;m:0<:>’yk=0,ora§:10rr%20

2. Bfm:Glgm{:}ﬁk:Qora’;:10rr;”z:O
We then have that the general model can be written as a reduced form model

1. In the trivial case when just the father matters (¥ = oz’y“ =1,0oraf =1and g¥ =0, or a;j =1 and
7k =0).
2. When 8% = 0 and y"; does not influence thq once the effect of 2" ; has been netted out (r7; = 0).

3. When v* = 0 and 2™, does not influence yg:l once the effect of yi"; has been netted out (r;, = 0).

4. When y;” ; does not influence ztf_1 once the effect of 2" ; has been netted out (r7; = 0), and 2", does

not influence yg:l once the effect of yi”; has been netted out (r; = 0).

Notice that Case 2 corresponds to a latent factor model with assortative mating only in z (this is the model
we consider in Section J) and Case 3 to a direct effect model with assortative mating only in y. In our baseline
specification, our calibrated parameters are close to satisfy the restrictions of Case 2, however, it is worth
mentioning than using only male moments we cannot identify all the parameters. From Subsection J.4, we
know we can identify G2}, from the ratio of the correlation with the spouse of the aunt to the correlation

with the brother in law

Q" — Paa,m—b",m
zm
Pa’,;m—b',m

m
zm

2
and using G7;, and the father son correlation, we can identify 2 from

ym

2
O,m o Paa,m—a’,m

O Gm,
However, as it is shown in Subsection J.4, to identify p,m,s we need the ratio of the correlation with the
spouse of the aunt to the correlation with the aunt, and the ratio of the correlation with the spouse of the
uncle to the correlation with the uncle, and therefore we need moments involving females. Moreover, to

*
n

identify 4™ and of* we need to use G,

for different gender combinations, that is we again need to use
moments involving females. Finally to identify o2., we need the correlations between nephew and uncle
(brother of the father and brother of the mother), G7;, and G7} and therefore we need female moments
to identify G7%. Since we cannot identify 7. using only male moments, we cannot identify 0., from the

brothers correlation.
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L. The Genetic Model

The genetic model is nested in our general model by imposing the following restrictions:

e There is no a direct effect of parents outcome on children outcome (3* =0, k = f,m), and hence

yi =2 ) g

Then Cov(yy, zF) = 02 and prye = 0. /0 k.

e The latent factor is genetic and therefore it is transmitted from parents to children as

m f
kA1t 2 k
t = D) + vy

where v} is uncorrelated across relatives and to 2", and 2{_; (7* =1 and 02, =0, k = f,m).

e The share of the variance explained by the latent factor is equal across genders (aik =02 k=fm)

e There is assortative mating only in the observed outcome y (p,mys, pym.s and p,m s are functions of

pymys and some of the other parameters of the model).

The genetic model has only 5 parameters: o2, oﬁm,afcf,awml.f,pymyf.

L.1 Assortative mating process
f

Under the assumption of assortative mating only in y, the coefficients of the linear projections z;_; and y{_l

m m
on z;"; and y;*, are

1 O,f o
moo__ z _ _ _ z
TZZ - ﬁi(pzmzf - pz"”y""Pymzf) - 0 = szzf - pz’”y""py"hzf - 7pymzf
— Pimym) Tom Oym
o)
m z
rzy - pymzf
Uym
1 Oyf o
mo__ Y _ _ _ z
Tyz - ﬁi(pzmyf - szympymyf) - 0 = pz""yf - pzmympy"”yf - 7py""yf
( pzmy"") Ozm O'ym
Oy f
m _ Y
Tyy = o Pymy!
y7n

and the coefficients of the linear projections of 2z ; and y;*; on zt’:1 and y,{:l are:

f 1 O,m (o O'g
2z p) Pzmzf = Pzfyf Pzmyf Pzmzf Pzfyf Pzmyf Pzmyf Pymyf
(1- )o o Oyi 0
Plryr) OzF yf yfOym
f o 0=
sz - o panyf
yf
1 Oym o
| —— \ \ — — . — 7z
ryz - (1 — 2 ) o (pymzf - pzfyfpymyf) =0 = Pymzf = Pzfyf Pymyf = o Pymyf
,Ozfyf 2f yf
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fo_ gym
Tyy = 5 Pymy!
ot
Then, we have that
2
o
m _ .f _ z _ z
Toy = Tay = o Pymzf = P ymyf
Yy yl Oym
Oyt
m Y-
Tyy = o Pymy!
y"L
f_ %
r — Pymyf
z z Yy
y Tys
and )
2 2
2 2 ( 0% ) 2 2 0% 2
Opm =0, — | —=—pymys | Oim =0 |1 — —=pim s
w z ymy Yy z 2 FPymy
TymOyf Ty

We can write zF and yF as a function of the father

k _ k m k m k. m k
2 = Gzt + Gyn¥ity + gmwity + v

where

1 o2 1
5 = pymyf ) gfn =35
O'ymO' f 2

1
/J\(k k
zm 5 ) Gym ;

and

k __ k m k m k m k k k
Vi = Gyn¥yit1 + Gonzity + gmwiy +vp + a7y +ug
and we can write 2 and y¥ as a function of the mother

k k k k k
zp = szztf—l + Gyfytf—l + gfwg—1 + vy

where

and

yf = GE oyl |+ GE 2]+ ghwl | +of +af +uf

L.2 Covariances

L.2.1 Main covariances

We use the notation in Figure 1 to denote individuals with different degrees of kinship. We first compute
the main covariances (husband-wife, parent-child and siblings). Then, the covariances for other relatives are
obtained recursively.

Husband and wife a — a’

We have to compute the covariance between "a" and "a’". Let n’ = m, f be the gender of o’ and n = m, f
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the gender of the a.

! !
a,n a ,n
Cov(y; 1, Yy 1 ) = OymTys Pymys

Parent—child aa — o
We have to compute the covariance between "aa" and "a’". Let n’ = m, f be the gender of @’ and n* = m, f
the gender of the aa. We project aa on o’ (his/her father or mother) who has gender n’ and we denote by n

the gender of the spouse of a’

/ 1 2
Cov(z1*" sz)( Pym f+1>
’ 2 \oymoys yry
’ 1 g, n!
Cov(aanyf’l):<y pmf—|-1> ,
2 oy Yy
/ 1 02
Cov(yd®™ 22" :< f+1>
(yy =1 ) 5 Uymgyfpy y
C aa,n™ a,/ _1 0-1/”/
ov(y Y1 ) = 9\ g P yr 1 !
Y

Siblings a’ — b
We have to compute the covariance between "a’" and "b". Let n’ = m, f be the gender of o’ and | = m, f

the gender of the b. We project @’ and b on their father (or mother) GP2 who has gender k, and we denote
by k' the gender of the mother (or the father)

a'n’ bl . n' GP2,k n _GP2k |, n' GP2k GP2.k I _GP2,k GP2.k
Cov(z 1 1 25) = Cov(Gypyy +szt ot gE wils Gyk Uiyt Gz gy )
2
(1 o2 1, 1 o2 Lo, o
o §ayma fpymyf k + 4UZ + §O'ym0' fpymyf + Zoz B 2 Py y?
: Tyn
1 ( o2 1
== - pyrnyf U
2 OymTys
o'\ o n  GP2k GP2.k ' GP2,k GP2,k I _GP2,k GP2.k
Cov(z_1  yty) = Cov(Gyry; s +sz2t o gk wils Gyk Uiyt Gz + gy )
1 02
= — | ———p s+ 1 U
2 O'yWLny vy
'’ bl o n' GP2k n' _GP2k | n/ GP2k GP2,k | _GP2k , 1 GP2k
COU(% 152 ) = COU(G kYt—2 +szt o+ gE Wiy Gyk Yoo +Gopzly T+ gpwila )
1 02
= 5 Uymg py7nyf + 1 J
a'n' bl - n GP2k GP2.k / GP2k I GP2k | _GP2.k GP2.k l
Cov(y,1 »y-1) = Cov(Gyrys +sz2t ) tgpw + 17G W Gl 0+ ghw S - ay)
1 ( o2
= = 7pymyf—|—1 o’ + Opmps
2 OymTys

L.2.2 Other covariances

Vertical covariances
Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and I = m, f

23



the gender of the b. We project aa on a’ (his/her father or mother) who has gender n’

. 1 o? ?
Cov(z pon Zt 1) COU(Gzn/Zt 1 +Gn /3/? T azfl1) 1 (mpy’"uf "’1) o?
ym Py

2 2
byl * 1 o
Cov(z™"" yply) = Cov(@luzy + Gyl )y = | (0 o ,”y’”yf“> -
-

o? 2
2
(Jymoy Pury! +1> 7z

aa,n™ bl n* b,l
Cov(y; ,201) = Cov(B Zf 1 +Bynyt 1 7Zt 1) =

zZn

2

2

o2 1 o:

pu pymyf + ]. U + 2 pynLyf Opmaf
me O'ymO'

,4;\)_1 %\»—A

b,l
COU( g 7yt71) CO’U(B” Zt 1 J'_Bynyg IL’yt 1)

where a’ and b are siblings.

Horizontal covariances
Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the ay. We project bb on b (his/her father or mother) who has gender [

1 2
Con(sf™ ) = o™ GLat!, + Gl = § (-2 +1) o
Tym Oy
3
aa,n® _bb,l* aa,n* Bl B 1 02 2
COU( » Yt ) COU( lzt 1+ ylyt 1) g pymnyrl 0,
O'yma'yf
3
C aa,n* _bb,l* Co aa,n” Gl G 1 0'3 2
ov(yy " Lz ) = Cou(y; lzt 1+ ylyt 1) 3 pymys + 1] 0
8 O'ymO'yf
* 1 o2 3 1 o? 2
bb,l * 2
Cov(y, aa,n* Ly ) = Covu(y aa,n* ,B zZt 1+Bylyt 1) 3 (O'ysz'yf Pymyt +1) UzJFZ (Uym;yf Py yf) Ogmpf

where b is the uncle/aunt of aa.

L.3 Genetic transmission

Suppose that each person has only one gene with two alleles, A and B. One of the allele is inherited from
the father and the other one from the mother. Let X4 and Xp be the random variables representing the

potential values each allele may take and suppose that the outcome of interest Y depends on Z = X4 + Xp
Y=2+4+U

where U is mean independent of Z.

We have to compute

E (Zt | Z" = 2", thfl = Zf)

The distribution of the child Z; conditional on the parents X7, | = 2%, Xg', | = 2}, Xj;’ti1 = xf;,
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X j;vt_l = xé is multinomial with the following probability mass function

x + xﬁ, with probability
W+ xé, with probability
g+ xfl, with probability

[N [ ST

g+ xé, with probability

Then, the distribution of Z; conditional on X7, | = a7, Z;"; = 2™, Xf; —1 = xf;, Zg:l = 2/ is also

multinomial, and the probability mass function is

N+ xQ, with probability
)+ 2 — zg, with probability i
2™ =+ xﬁ, with probability i

2™ =+ 2 — xi, with probability i

Then,
- m oyt f L (m f L sm f f
I (Zt | XAt 2% Xag g Zt—l) = 1 (XA,t—l + XA,t—l) + 1 (XA,t—l +2Zi - XA,t—l)
1 m m 1 m m
+Z (Zt—l — X1+ Xi;,t—l) 1 (Zt—l — XAt thq - Xi;,t—l)

1 L 1 m Lim
= ZthA + ZZt—l T (Zt—l + ZtJ:1> =3 (Zt—l + thfl)

Since £ (Zt | XK1, Zi%y, Xﬁ’til, Zif_l) does not depend on X7}, ; and Xi;’tfl, using the law of iterated
expectations

m 1 m
E (Zt | Z{"y, thil) = 9 (Zt—l + th71)

If we now consider that each person has n genes, each with two alleles, A; and B;. For each gene, one
of the allele is inherited from the father and the other one from the mother. Let X4, and Xp, be the
random variables representing the potential values each allele may take and suppose that the outcome of
interest Y depends on Z = Y7 | (Xa, + Xp,) = >, Z,, where Z, = X4, + Xp,. For each gene i, given
XA io1 = @0, 20y = 2", ij;,t—l = xﬁi, there are 4 possible realizations of the child alleles of gene
i, and therefore 4™ possible genomes. Then, the distribution of the child Z; conditional on the parents

m — m m —_ m .f — f f — f m — m m i m f —_ f
XA o1 =Th, 2 =21, XAl,t—l =Ty Ll = F0 XA o1 = TR Ly =2 XAmt—l =T,
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Z / 1= = 2} is also multinomial, and the probability mass function is

zy + mﬁl) + (:C’}{Q + mﬁz) +..+ (a:;‘” —+ scf;) , with probability -

)+ z{ — x£1> + (xfz + ‘be) + ..+ (I'ZLR + xﬁn) , with probability -

2t — ol + x£1> + (:c’}fz + x£2> + ..+ (x%n + xﬁn) , with probability 4%

2" —aly + o — xgl) + (x"A“2 + xQZ) +..+ (x;’f + xzn) , with probability 7+

N
Il
i Vi T VS

(z{" —aly + z{ — xf;l) + (25” —aly, + zg — x£2) + ..+ (z;” —aly + 2l — x;’;n) , with probability -

As in the model with just one gene, all the a:’j‘i cancel when we compute the conditional mean

E (Zt |X1Tl,t—17ZTlt—17X£1 t—le{t—lﬁ vXXL ,t—1> Z'rrzr,lt—hX,J;n,t—ler{,t—l)

1. ” m
= §ZI,t71+”'+ Z t—1 T th 1t +2Z7J:t 1= (Zt—l"‘thA)

Then, since the conditional expectation above only depends on Z["; and thil, using the law of iterated

expectations

E (Zt | Z% 4, th—l) = b} (Zt—l + th—l)
Let us now consider two siblings ¢ and j. We have to compute

The distribution of Z;; Z;; conditional on the parents X7, | =27}, X7, | = 27, Xﬁ,tq = :Ef;, X}];,tq = xé

is multinomial with the following probability mass function
2
(as;’;” + xf;) with probability %

TN+ xA) (xA + J:B> , with probability
'y + xA) (scB —+ :cA) , with probability

®l— |l ool

2+ ) (xB + xB) , with probability
2

with probability - 16

A
x +x

ZuZj B

B

B

oo|— 0ol

B
) (ac LT+ A) , with probability
h)

(:L‘B + xB) , with probability
2

W+
oy +x
D+ ) with probability - i6

(x [ B) , with probability

ool

xB +:cA

w3 =3

g+ xB> with probability 15

Then, the distribution of Z;;Zj; conditional on X7, | = a7}, Z]"; = 2™, X£ 1 = x£7 thil = 2/ is also
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multinomial, and the probability mass function is

Then,

2
(x;"l + xﬁ) with probability 1—16
Z‘ZL + 37,4) (Zm — .I?T + JjA> , with pI‘Obablhty %

Y —|—$A)

'y + 2 — xA) , with probability é

M =+ 2 — CC};) , with probability

=

2
'y + 2 — xA) , with probability 11—6

(o
(
(
(
(z + 2! —x£>
( )
(
(
(

Lyl =

o=

(zm -z + z£> , with probability
a4 2 — xi (zm — W+ 2 — xi) , with probability &
2

m

M =+ xi) , with probability %

2™ — 3]+ :cA> (zm —z 42l - x£> , with probability &

2
Zm =+ 2f — xA) , with probability %6

E (ZitZ‘t | X X1, Zi4, X,J;,t—l’ th—l)
= (XA +x4) (x5 +x5) + (x5 + 27 - x5) + (27— x5+ x5) + (27— x5 + 27 - x5))
16 (X +27 - x4) (x5 +x4) + (xx3 + 27 - x5) + (27— x5+ x5) + (27— x5 + 27 - X5))

+16 (zm- x4 xf) ((xw+ x5) + (xp+ 2/ - x0) + (27— xp + x0) + (27— x3 + 27— X))

+1—6 (zm—xp+ 27— x4) ((xz+ X)) + (X5 + 27 xX5) + (27— x5 + x4) + (27— x3 + 27— x{))
1 1
s (xn+xf) (27 +2m) + ¢ (X + 27 x)) (20 + 2)
1 . 1 |
3 (Zm— Xm 4 X{,) (27 +27) + 5 (Zm— X4z - Xjf,) (2 + zm)
1 2
1 (Z{sﬁﬁ + th—l)

Since E (Zitht | XK1, Zi%y, tht_l, th_1> does not depend on X7}'; ; and Xf,’t_l, using the law of

iterated expectations

E (Zitht| Z"y, th—l) = i (Zgril + Zg:l)Q

We then have that E (Zitzjt| zm ., th_l) 5 (Zit\ zZm th_l) E (th| zm th_1) and Zi; and Zj; are

uncorrelated conditional on Z" ,, th—1- Then, we can write

Zit = <Ztn11 + th71> + et

1
2

where e;; and ej; are uncorrelated across siblings.
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M The General Model with Two Unobservable Factors

We assume that the value of the output y for an individual from generation ¢ is given by
k Ck | k| .k M.1
yt_/Byt1+Zt tz 7ty oy (M.1)
where the superscript k& stands for males (k = m) and for females (k = f). We assume that

~k k k
Y1 = ayytnil + (1 - ay)y.tf—l

ztG * and ztc ** are two unobservable factors. The genetic factor of the child, z; Gk , depends on the father z,” ’m
as well as on the mother z,” ’f

LGk _ ZtG 7+ ZtG { Gk

R (M.2)
The cultural factor of the child, zt , also depends on the father th 1 as well as on the mother 2z, ’f

LCik ~ C.k C.k

2t *'YszlﬁLet + vy (M.3)

B, = ahe 0T+ (1 - ak)2%]

Regarding the shocks in model (M.1), we assume that =¥, and ef’k are shared by all siblings of the same

gender, can be correlated across siblings of different gender and are uncorrelated with the other variables (in

Gk C,k

particular with ztG t *Fand y¢—1). Finally u¥, v;”" and v;"" are individual’s white-noise error terms.

M.1 Assortative mating process

We assume there is assortative mating both in years of schooling and in the cultural factor. In particular we

C,f f Gm _Cm moo.
consider the linear projections of zt 1, z7pand vy, on 2,77, 207 and i ¢

G.f — G,m Cm m G,m
201 = Tiese Zly Friee 0y TG, Yt Hwy
c.f G,m C,m c,m
2 = Tlee 401 Frle,e 0T +rle, gty +wly
f _ m G,m m C,m m . m m

Y1 = TyzG ) +ryzc 2y +ryy Yi—1 T €1

The coefficients of the linear projections depend on 15 correlations, p.c.m c.m, p,G.mym, p.cmym, PG50,

szvfyfv pzafyf» PrGmyG.fy PrGmyC.f, PrG, smoys fy P2Cm G fy PrCom,CLf, pzcﬂmyﬂf? pysz«f> pymzcvf and pymyfa as

- Gk _Ck . .
well as on the standard deviations of 2,7, z,] and y¥ ;, k = m, f. However, since we assume there is no

assortative mating in the genetic factor, we have that r’t o =17t ¢ = TZ;G = 0, which implies

Doy = (pzc,mympzc,mym - pZG,ch,m) pzc,m;c,f + (pzc,mzc,mpzc,mym - pZG,mym) Pym G, f (M4)
PLomym 1
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o (sz,rnym,pZC,myWL - pZG,mzC.m,) po,mzC,f + (pZG,WlZC,mch,W‘Lym - pZG,lem) pymzc,f
PG myC.f = 5
pZC,m,ym, - 1
_ (pzc;,mympzc,mym — pZG’,mZC,m) PzCimys + (sz,ch,mch,mym — pZG,mym) Pymys
PG myf = D) _1
pzc,mym
which reduces the number of free correlations to 12.
The remaining coefficients are:
TG0 = ; T2 (pocimacit = Pacomym pym=c.s)
2G2C — 2 Z&a Tz z&mym Pymz&
(1 - pZC,mym) 0,Cm
mo 1 0,G.f ,
Tzc;y = 1 P) (pymzc,f - po,mympo,mZG,)‘)
( _po,myM) O'ym
Tm = 1 9201 ( le] c,f — c c )
2C2C — (17 2 )0’ PzCmzCf — PzCimym Pym 2C\f
pZC,rnym, 2Cm
P = 1 ch,f( c.f — p.C im0, )
2Cy (1_p2 ) Oom py’"z ’ Pz ,mympz »m 2
L Cimym y
1 Oy f
m Y
ro = (Pscimys — PaCimym Pymoyt)
z 2 z z Yy
Y (1 - po,mym) 0,Cm
1 Oyt
m _ 4+ Yyl
Tyy = (1 — 3 )0 (py myf — pZC,"mympZC,rnyf)
pzc,m,ym ym

We use these matching functions to write the genetic factor, ztG ’k,

schooling, yF, as a function of father’s genetic factor, ztci

Yy 1. We write (M.2) as

G,k
2 =
where
(M.3) as
C.k
2t = 9" (ak Pt

Cm

ZtGTJFZt f
1

1
2
(Gm

2
Gk

zgm

G.k

+ vy

P (1 - ab)z)

m

Cm
20y F Gz e Y L+ w

k k
Zt 1 +szzt 1 +G myt 1+gmwt

NN =N DN
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the cultural factor, ztc ’k, and years of
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k k. _Cm k m Cm m m C,m C.k
= 7 (a %27 +(1—a7) (rzczczt—l T oyl T wily )) g vy’

_ C,m k . m k Cm Ck C\k
- sz Ri—1 + Cymyt—l + CmWi—1 + €t + Uy

where

Cfm = 7 (Oé];—F(l—Oé )rzc C)
Cgfm = ’yk(l - ai:)r;%y
ko= AF1—ab)

and (M.1) as

yr = gk (a';y:'il +(1- a’y“)yf_l) + ztGk + thk +af +uf

f

Gk , Ck
gt = 8" (abyr, + 1—a)yt,1)+zt + 2% + 2k + uf

C,
= p* (ayyt 1+ ( O‘l;) (T;ZCZt—T + Tﬂ;%”ﬁ + 6?—1))
G,m
¢

cm |, 1 G,k

Z’l"‘ TG0z T 5Tle, Yo T wt1+vt

2 2z 2
ct Zt 1 +Cymyt L+ ok Wt T +et "‘vt’ + @y 4 uy

k k k k m k Gm k Cm k _m
Ye - Bzgmzt 1 +B Zt 1 +B myt—1+gmwt—1 +mez&—l +bm{':t—l

.k C.k k ok C.k k
—|—et + e +xt+vt + v+ uy

where

Bi,., = %

BY, = B*1—ap)rrie + ;rzg o +Ck,
B, = B (a’;+(1—a§)r;;)+; s+ Com
b, = B1—ay)

All these expressions will be used to compute correlations between relatives that are related through their
fathers.

Analogously, we can compute the linear projections of 2=, z>™ and y™, on 24, 257 and y/_|. The

. . P . . . f _F W
assumption of no assortative mating in the genetic factor implies 76,6 = Tyc,6 = Tye =

(pzc Pyl P2Cfyf — PZG,fZC,f) PG.m C.f + (sz,fZC,fpo':fyf - pzc,fyf) PG myf

pZG m 4G, f —

M.5
pgc,fyf _ 1 ( )
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(pzc,fyf,ozc,fyf - pzc.fzc,f) pcm o + (pzc,fZC.fpzc,fyf - pzc,fyf) PzCimys

2
Prcyr =1

PrCm G f =

(pzc«fyf PzCfyf — pchzcvf) Pym 2C.f + (pZG‘sz,f PC fyf — sz,fyf> Pymyf

Pym G f = 5 1
Poc.tyt

The definitions of p,c,m,c.s in (M.4) and (M.5) turn to be identical and therefore the the number of free

correlations is reduced to 10. We can then write the genetic factor, ztG ’k7 the cultural factor, ztc ’k, and years

’f o.f 1, and years of schooling,

of schooling, y¥, as a function of mother’s genetic factor, z,”{, cultural factor, z, |
yl | These expressions will be used to compute correlations between relatives that are related through their

mothers.

M.2 Steady state assumption

We assume that the second order moments of all variables are time invariant. This steady state assumption
implies that p.c.m,c.m, p,cmym, PyG.mym, P,C.7 6.7, pyc.tyf, and p,a.ryr depend on the remaining parameters

of the model as shown below.

We first compute p,a,m,c,m

1 1
Coulaf™ 26) = Con (wamzf»am (1-al >zf{,ZZfT+2z&{)

= "o Cov(zt 2 1)+”y al' C’ov(sz,zf{)

—|—'ym(1—az) Cov (zt {,sz) +'ym(1—a’z")§Cov (zf{,zf{)

and dividing by o,c,m and 0,¢,m and rearranging we have

10,0 0,65
PG mCom — 7Y (1—Cv )2 PC.f LG, f
0,C,m O0,G,m
1 0,G.f lo 2C.f
= ™ z5 pPrCmG + T (1—a ) P,G,m ,C.f
0,Gm 20,0m

analogously we obtain another equation from the steady state assumption on p,c,r,c.s

1 1 0,C,m O,Gm
(1 - (1 - O‘ﬁ)) PzG.f 208 — §7f of =22 =22 PzGmzCum

2 0,C.f 0,G.f
1 0,G,m O,cm
== f 1 - af 2 m faf ,m
27 ( Z) 0,61 P2GmC.f + 27 o0 f PoCm G, f
We now compute p,c,mym
1 1
Cou(y", 26™) = Cov (B™Fy + 2™ + 20, 26™) = Cov (ﬂ% v+ B (L= g, 5+ 52

+026.m +Cov( om ztGm)

(e% 5001) (yt 15 %¢ 71)"’5 5000 (yt 15 %¢ 7{>+ﬁ (l—ay)§COU (yt 172'?1)
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1
+68™(1 —oz;”)iCov (yt 12 1) +026.m +Cov< cm Gm)

and dividing by oy= and o,c..» and rearranging we have

1 Oyf 0,G.f
yf 026G
( Sma m) prcyn — A1 —am) LI
Oym O,G,m
y
g,c,m J,G.f g, f g,G,m
m . m m m Y z7
= P,C.mCom + ﬂ py N ﬂ (1- &%y )7pzc,myf +
Uym O'Z O'ym O'ym

analogously we obtain another equation from the steady state assumption on p,c.r,.s

Tym O ,G,m
1—7 ! 1— o ——plaf T
< ﬂ ( )) PG fyf /8 Qy, Ty 001 PzGmy
g.c,f 0,Gm Tqym g.G,f
- - PzG.fz0.f T+ 76]6 (1 - Oz‘,];) pysz m + ﬁf i PzG.fym + -
Oyf 2 0,G ay Oys

We finally compute p,c.m m

Cov(y,z0™) = Cov(BmGy + 20" + 20, 20™)

= Cov (ﬁmamyl”l +6™(1 — oy )yt 1,7’”0/“2?71” +9"(1 — « )zt {)
+C’ov( m oG m) +02cm
= ﬁma;n’ymaTCOU (yt 1) % — 1) Bm e (l—a )Cov (Z/t 1,25{)
+8™(1 = o)y ok Cov (yt 1,thT)
G,m

+A™ (1= g™ (1 = ak)Cov (yl_y, 22]) + Cov (577, 20™) + o2

and dividing by oy= and o,c.» and rearranging we have

g,c.f ny

(1 - " ;n’)/mam) PzCimym — 6m(1 - a;n)"ym(l - O‘;n)o_ om O PO fyf
z¢m Uqym
g ,m ag.c, g,C,m
= 20T Gmaoim + By ™ (1 — Oé;n)ﬁpymzc,f + 6™ (1 = oy )yl —pzc myf + <
O'yrn, g,Cm Uy ym,
analogously we obtain another equation from the steady state assumption on p,c.r,.r
-pf(1-af o - fffafigcm—ay mym
( 5 ( ) Y ) P20, fyf B y'}/ O.cr Oy Pz, y
0, g.C,m O,m g.c,f
= - pZG,fZC,f + ¢ (1- ai) ylal = Pyt 2Com + Bfag;'yf (1- ag) L posym + =
uf 0,C.f Oyr yf

The six equations for the steady state reduce the number of free correlations to four: p.cm.c.r, pyomys,
pymzc.sy and pym,s. Then, this model has 21 parameters: 6k7’}/k,O'ZG,k,O'ZC,k,Uik,Ugcwk,a’;7a§7 kE=m,f,

Ogmal s TeComeCof s PrCm 1C.f 5 P2Cimyf s PymC.f, and pymy s, just one parameter more than the one factor model.
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M.3 Main covariances

We first compute the main covariances (husband-wife, parent-child and siblings). Then, the covariances for
other relatives are obtained recursively. We again use the notation in Figure 1 to denote individuals with

different degrees of kinship.
Husband and wife a — a’

We have to compute the covariance between "a" and "a’". Let n’ = m, f be the gender of "a’" and n = f,m

the gender of "a"
C an a'n _
ov(y 2, Y ) = OymOys pymys

Parent—child aa — o’

We have to compute the covariance between "aa" and "a'". Let n’ = m, f be the gender of a’ and n* = f,m

the gender of aa. We project aa on a’ (his/her father or mother).

C G,aa,n* _G,a’,n’ - C Gn * G,a',n' Gn C,a',n’ Gn a’,n’ Ga,n
ov(2y vzl ) = ov( zgn'Zi-1 TGz 2y TGyl 2 )

- 2 C,a'n’ _G,a',n n* a’';n’ _G,a',n'
= ngn/O'ZG o Gzn/C'ov(zt 1l + G’yn/C'ov(yt_1 2200

G,aa,n* _C,a',n' _ n G,a',n’ n* _C,a',n' n* a',n’ _C,a'n'
Cov(z,"""" ,z20") = COU(qun'Zt 1 G Gy 50T )

_ n* G,a',n' _C,a',n' n* n* a’'n’ _C,a',n'
= G Cov(z 27", 220" )+ G ,UZCH,—I—Gyn,Cov(yt Lol

G,aa,n* a’,n’ _ * G,a’',n' C,a’,n’ n* a',n’
COU( 7yt—1) - COU(ngn’Zt 1 +Gzn’zt 1 +G n'Yt—1 7yt 1)

C,a'n’  a'n

n* G,a',n'  a'n' n*
= Gl Cov(z27 " sy, y )+ GLyCov(2, 277"y )+Gyn’0—

C,aa,n* G,a',n’ _ C,a’',n' n* a',n’ _G,a,n
Cov(z 2y ) = COU(Czn/Zt [ o A TP e )

n* C,a',n' _G,a',n G,a',n’
= CL,Cov(z 27" 227" ) +Cy, 'Cov(yt 1 7Zt 1)

C,aa,n* _C,a',n' _ * C,a'n' n* a’',n C,a/,n/
Cov(z 21 ) = Cou(Cluz 7" +Cpuyyy 227 )

n _C,a n

_ n* 2 n* a’
- Czn’azc,'rt’ +Cyn’cov(yt 1 %1 )

C,aa,n* a',n’ C,a',n’ a’,n’
Couv(z et = Cov(CT, 270 +C" /yt T ,ytf1 )

~—

_ n* C,a',n  a'n n* 2
- Czn/CO’U(Zt 1 7yt—71 ) + Cyn’g

33



aa,n™ G,a'.n’ . n* Gan n* Can n* an Gan
Cov(y; 227" ) = Cov(Bl, 21" +Blyz 7" + By 1,221 )

7

C,a'n' _G,a'n a'n’

= B /Ucn'+B L Cov(z7 ", 2 )+BZ;'C V(Y- 172'7:G1 )

aa,n* _C,a',n _ n* G,a',n’ C,a’,n' n* C,a’,n’
Cov(y; ™" , 227" ) = Cov(Bl,, 25 + Bl 2 + B, ’yt 1 ’zt 1)
_ n* G,a',;n' _C,a'.n n* a’',n' _C,an
= Bzgn,C’ov(zt N | )+an/Uch/ —l—Byn,Cov(yt 15220
C aa,n* a’'.n’ - C n* G,a’',n’ B C,a',n' Bn
ov(y; Y1) = ov(B zgn’zt 1+ zn’zt 1t ’yt ! 7yt 1)

n* G,a',n’ a',n’ n* C’a n a’
= BZ,.Cov(z"7 ",y { )+ B, Cov(z 7",y )+Byn/0

Siblings a’ — b
We have to compute the covariance between "a’" and "b". Let n/,] = m, f be the genders of the siblings.

We can compute the covariances projecting on the father (k = m) or on the mother (k = f).

Cov(2 G,a'n ’zG, ) = G ngkazc k+szszUZCk+GykGykg En (ngkle + szngk) COU(thi‘f 7’“,2&‘{ Jc)
C,a' k

G, , ,
(Gn kG +Gnszqk) Cov(z,” (f kvytq)"'( Zk:G +Gnszk) Cov(z,2] »9211)*’92 IOk

zgk

G,a' ' Cbl ;2 " Al ,aJc c , G,k a'k
Cov(z, 2y ) = ZkCZkUzCk + G;kcyk w T ngkczkcov(z 21l ) + ngkc kCov(z 7 7y 7))
1 el Cua',k a .k 1 G,k C.k
+ ( chyk + GZkCzk) Cov(z,27 ", y01) + QZ Ckcov(wtflawt 1)
Ga' ;' 2 n' pl 2 n' pl 2 G,k Ca'k
COU( ) ngszgkU G,k + G szo—zcv’“ + Gkakayk + ngszk + szBzgk CO’U(Ztil Rt—1 )
! G,a',k a'k "l " nl C,a'k a'k
+( ng JFG zgk) Cov(z,°7 ", y,-1) + ( 2By JFGnszk) Cov(2,27 7", 4;-1)
2 G,k ! Gk _k
+9k 910 .k +QZ ckcov(wt—l’wt 1) + gk b pCov(wy"7, 7 1)
C,a’,n’ sz n 1 2 G,k _C,a .k G,a' .k a'k
COU( ) szkuzCk +CykGka +CszzgkCOU(Zt 1 *t—1 ) ngkCOU(Zt » Yi— 1)
1 !~ C,a \k G,k C.k
+(ngGyk+C;]szk) (%21 ’ytf P)+ e gk Cov(wy}, wih)
Ca' ' _Cbil roa 2 ro 2 > Ca'k  ak r1 2
COU( ) %t ) = Cgkczko-zcvk+CZkCykayk+<ngCyk +C kczk) COU(Zt—l 7yt_1)+02 Ckawc,k+a.ec,n’ec,L

C,a';n’ by / 2 G,a’ k Cak 1 G,a'k a'k
Cov(z; Yy = ngzkngkJerBka +C gkcm’(zt 1 Rt—1 )JFCszgkOO”(Zt 1Y)

"l C,a' .k a .k Cck Gk ;2 C.k
(C Byk+C;Lszk) cov(z7 " yioy) + e ghCov(wi™§,wih) + ¢ CLO, et e bCov(wi™ el 1) + 0 e e

COU( aln’ ’ tG7bJ) = Zt;kGlzgko. G,k + szszazOk + Bykleg + (Bzng + szngk> OOU(ZgT 7k7z1‘,clgi 7k)
( zng ngk) COU<Zt;17yt—’1) + ( Gyk + B sz) CO’U(Ztil’y?—H)
C, G,k
—|—gmgk0wc r g gkCov(wt T»Wt 1) + b%QkCOU(Et 1wWe1)
C a’ n Cbyl _ nlcl 2 B Cl Cl C Ga k CCL k Cl C G, /,k? a/,k
O’U( = ) = Dok C2k0 00k + yk zgk zk O’U(Zt 1 Rt—1 ) zgk yk OU( -1 7yt71)
n' C,a',k a'\k n' 1l G,k Ck
+ sz r+ By ZCli) Cov(z * yiy) Jng Ckcov(wt 1 wWi1)

’ 2 C.k
e cho on —i—b};” c Cov(eM™ 1w, 1) + O pens pou
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’o b,l 2 2
Cov(y "™y, )= Bznglgka o T szszUZC  + By, Byka .+ (

n' G,a',k a,
+ (Bzng + Bkazgk) COU(Zt 1 7yt71) ( Byk + Bkazk) COU(Zt 1

G,k

zgk
C,a' k

G,k )

e choZ e + (g1 ch + e gb ) Covlwh )+ (0 gk + gt b ) Covwh e,

’ ’ ¢,k
+ (bz ck +cp bfc) Cov(wy™|,€7%1) + O poum pot + Tpnt 41

M.4 Other covariances

G,a',k _C,a'k
sz + szBzgk> COU(Zt

21

Yt 1) + bn bloZ + git gkUwG k

Before we obtain the remaining covariances for different degrees of kinship we compute the linear projections

Ga n’ C,a’',n’ a’,n’ G,b,l C,b,l ’ 7
of 2,77, .7 and y, | onztl,ztlandyt 1,n,l—

m, f, where a’ and b are siblings.

,a'n’ n’,l G,b,l n',l C,b,l G,n',l
Zt—1 = o051 tTee% +7’Zc Z‘/t 1+wt 1
C,a'n' n',l  _G,b,l n',l  _C,b,l [eRTIN/
21 roo.eFli t ooy +7“Zc oty w
’ ’
a’,n _ n',l _G,b,l C,b,l n’,l n’,l
Y1 = Tyefn +r ZCzt 1 T Ty yrty el
Gl o'l R . G,b,l _C,b,l b,l
where w;” ", w,”"] " and E? 1 might be correlated but are uncorrelated with 2,777, ;77" and y,”,. We have
that
l -1
n’,l n’,l n’,l 2
..o Tie,o Tiuay 0. a, 0G1z00  O,G,ly 0,Gb,1,Ga’n'  0,Gb1,Ca/n/  0,Gblyal
n’,l n’,l n’,l _ 2
T.c,e Tio,o Tioy = 0.G.1zCL O, oy O ;Cilgl 0,00,1,Ga’ ;0 0,0b1,Ca’n'  0,Cblya
7 ’
n',l n',l n'7l 2
Tyzc Tyzc ’l"yy O'ZG,lyl ch,zyl Jyz be,zzc;,a/,n/ be,zzc,a/,n/ be,zya',n'

Consanguine relatives ("blood")

Vertical covariances

Uncle/aunt (siblings of the parents) aa — b

We have to compute the covariances between "aa" and "b". Let n* = m, f be the gender of aa and I = m, f

the gender of b. We project aa on @’ (his/her father or mother) who has gender n’

G,aa,n* _G,b, * G,a',n' C,a'n’ n* a',n _G,b,l
Cov(z zo) = Cou(Glyzg + G + Gy 7l ) =
n* G,a',n _G,b,l n* C,a',n’ _G,b,l
ngn/cov(zt 1 ) Zt—1 )+Gzn/COU(Zt 1 » Re—1 )+Gyn’cov(yt 1

C,a',n’
+ Gzn'Zt 1

CO'U( G,aa,n* ,ZCJ)J)

* G,a',n' n*
t—1 COU(GZgn/Zt 1 +G

G,
" Cov(zGa

G?

Zgr

C,a’,n'
n/#t—1

* G,a’',n’
Cov(G7yn 25

CO,U(Zthaa,n* , yf,_ll) _ + Gn + Gn
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c,b,l c,
)+ GZn,COU(zt ‘i "

a’',n’ _C,b,l
WY1 5201 ) =

C’b’l) + Gnn/CO’U(

a 71
n'Yi—1 7yt 1)

C,b,l
» Ri—1 )

)

n/

!t



Gn* C ( G,a',n'
zgn' OU\Z 1

n* G,a’,n’
Crzy

C,aa,n* _G,b,l
COU(Zt o 72”15—717 zgn

~—

Cov(

G,a’,n’

C gn,Cov(zt 1

C,b,l

c, + q,
Cov(z, aa,n” V20 Cov(CLy 2" 'f o

)

Can

7yt 1) + Gzn’cov(zt 1 ) + Gnn/CO’U(yZL IL 7yt 1)

+C% ,thC{ o +Cy, ,yf ?,ztclil) =
G,b,l C,a',n' _G,b,l n* a’';n’ _G,b,l
L2 + O Cov(207 ™ 27 )+ Cpn Cov(y 1 5 2,7)
C,a',n’ a’',n’ _C,b,l
+Czn/zt 1 +Cn WY1 21 ) =

G, C,b,l C, C,b,l a’,n’ _C,b,l
ngn’cov( ‘11 " ) + Ozn/CO'U(Zt [i " ) +C n/CO’U( ? ) Zt—1 )
C,aa,n™ b, o n G,a'n' n* _C,a',n' n*
Cov(z Y1) = COU(ngn/Zf 1 0Lz + O /yf 1 ayt 1)
Cn C (Gan b,l)_i_Cn*C (C’an )+C"C (an )
2gn Y OUNZ 1 Y an L OV Zy 1 ’yt 1 COUY ’yt 1
aa,n* _G,b,l _ n* G,a',n’ C,a',n’ n* a',n’ _G,bl
Cov(y; " ,2,7") Cov(Bly, 27 + B2 + Byt s 24010) =
n* G,a’',n' G,b,l C,a’,n’ G,b,l a’',n' _G,bl
Bzgn/cov(zt 1 ) Z—1 ) zn/COU(’Zt 1 ) % ) yn/Cov(yt 1 ’Zt 1 )
aa,n* _C,b,l n* G,a',n’ C,a',n’ n* a’',n’ _C,b,l
COU( ) R — 1) - COU( zgn’zt 1 +lgzn’zi& 1 +B n'Yt—1 s *Ft—1 )7
G,a',n' _C,b,l n* C,a',n' _C,b,l n* a’ ' _C,b,l
Bl Cov(z27 ™, 220" + Bl Cou(z 20 ™, 221") + By Coulyy 1, 220)
C aa,n’ b,l - C n* G,a',n’ Bn C a’,n’ Bn a’,n'
ov(yy " Lyy) = Cou(Bl, 2z 1" + 125217+ Dy ’yt )=
n* G,a',n' b, C,a’,n’ a’,n’ bl
Bzgn’COU(Zt 1 7yt71) Zn/COU(Zt 1 7yt 1) + Byn’COU(ytfl 7yt71)

where a’ and b are siblings.

Horizontal covariances

Cousins aa — bb

We have to compute the covariances between "aa" and "bb". Let n* = m, f be the gender of aa and [* = m, f

the gender of the bb. We project bb on b (his/her father or mother) who has gender [

G,bb,l*

G,aa,n* 1
" Cov(z; ,G

.
Cov(z5"™ 2

)
Gl lCov( G,aa,n”

COU( G,aa,n* 7ZtC',bb,l*) CO’U( G,aa,n* Cl

C’ lCov( G,aa,n”

G,b,l 1* _C,b,l
zgl?t—1 + G2y +Gyl Yi— 1)
G,b,l G,aa,n* _Cbl * G,aa,n* bl
s 201) + G COU( 221+ Gylcov(zt Y1)

G,b,l
glt 1

Gbl)+0i100v( G,aa,n*

C,b,l
1%t—1

* bl
+CLz "‘Cgl,zytq)

b,l

Y 4+ Ol Cou(zF e yit)
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G,aa,n™  bbl* _ G,aa,n* G,b,l C,b,l
COU(Zt » Yt ) - COU(Zt Bzgl t—1 +le t—1 +Byl t 1)

* G,aa,n* _G,b,l * G,aa,n* _C,b,l G,aa,n* bl
B, Cov(z 1207 ) + By Cov(z 21 ) + COU( s Yp1)

C,aa,n* _G,bb,l* _ C,aa,n* * _G,b,l 1* _C,b,l *
Cov(z ) Z¢ ) = Cou(z Gglzt U TGy + G lyt 1)

= Gl g1 Cov(z C,aa,n” ztG’l{’l)—&—G Cou(z, C,aa,n” ztcﬁl)—i—G ,Cov(z; C,aa,n” ,yf;ll)

Ciaa,n* _C,bb,l* o C,aa,n* 1* G,b,l 1* C,b,l 1* byl
Cov(z, ) 2 ) = Cou(z ,C zgl%-1 T Caz_ 1 + Cyzytq)
™ C,aa,n* G,b,l 1™ C,aa,n ™ C,aa,n™ b,l
= ., Covu(z" )+ C5 Cov(z ) + Cy Cov(z, Y1)
C,aa,n*  bb,l* _ C,aa,n* * _G,bl 1* _C.b,l
Cov(z ) = Cou(z s Bogiz 7 + Bzl + Byl t 1)
_ 1* Ci,aa,n™ _G,b, C,aa,n* _C,b,l * C,aa,n™ b,
= BzglCOU(Z't 27 ) + COU( » Rt—1 )+ BleOU(Zt 7%—1)
aa,n® _G,bb,l* o aa,n™ C,b,l
CO'U(yt ) % ) - COU( ngl + Gzl 21 + Gyl Ye 1)

= nglCov( aa,n” ztG;l{’l)+G’ Cov(y; aa,n” C’b’l)JrG ,Cov(y; aa,n” yf;ll)

G,aa,n* _C,bb,l* _ aa,n* * _G,b,l 1* _C,b,l *
Cou(z )t ) = Cou(y Cogrze 2y + 0z +Clyt 1)

L o™ 2E41) + O o™ 204 + ClyConty®” 4t

Cov(yy™™ ,y;""")

aan® It _Gibl Ol bl
Cov(y; Bglzt v+ BL 2 +Bylyt71)

= BLCou(yi™™ 2Eh) 4 BLCoo(yi™™  z74) 4 Bl Cou(yi™™ yty)
where b is the uncle/aunt of aa.
Affinity relatives ("in-law")
Vertical covariances

Spouse of the uncle/aunt (spouses of the siblings of the parents) aa — ¥’

We have to compute the covariances between "aa" and "0'". Let n* = m, f be the gender of aa and I’ = m, f

the gender of the b’. We project b’ on his/her spouse b

G,aa,n* _G)b .l G,aa,n* | Gbl C,b
COU( 1y 241 ) = COU( 726,67 +Tzc Cthl +Tzcyyt 1)
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l G,aa,n™ _G,b,l l G,aa,n* G,aa,n* b,
= TszGCOU(Zt ) Rp—1 ) + TszCOOU(Zt ) # ) + TzG COU( yt—l)

G,aa,n* _Cb 1 G,aa,n* | G,b,l C,b,l
Cov(z 201 ) = Cou(z oLz Frie ezt cyyt 1)

l G,aa,n* _G,b,l G,aa,n* _C,bl l G,aa,n* bl
= T.c,cCou(z  27) + e c Cov(z, 221 ) e, Cov(zy S Yitq)

G,aa,n* v, o G,aa,n* | G,b,l C,b,l b,l
CO’U( »Ye—1 ) - COU( ryzczt 1 + ’ryzc Zt—1 + Tyyyt 1)
G,aa,n* G,b,l G,aa,n* G,aa,n™ bl
= yzGCOU( 21 ) + T’chCO’U( )% ) + T COU( ytfl)
Ciaa,n* _Gb U C,aa,n™ 1 G,b,l C,b,l
Cov(z 2o ) = Cou(z 1 T26,6%¢21 + TzG oz ly T+ Tszyf 1)
_ l C,aa,n* _G,b,l l C,aa,n* _C,b,l l C,aa,n* bl
= T.c,cCou(z 2 221) F a0 Cov(zy 221) + TszCOU(Zt Ty
C,aa,n* _CW I C,aa,n™ | G,b,l CLb
Cov(z 521 ) = Cou(z yTaea2 2] + Tzc SR Lo nyt 1)
1 C,aa,n” Gbl C,aa,n™ C,aa,n™ b,l
= 7r.c,cCou(z 200 +rle o Cov(z; V2 )—|—r c, Cov(z JYrq)
C,aa,n* VI o Ciaa,n®™ | G,b,l C,b,l 1 bl
COU(Zt 7yt—1) - COU(Zt TyzGZt 1 + Tyzc Zt—1 + Tyyyt—l)
_ 1 Ciaa,n* _Gb,l C,aa,n* _C,b,l l Ciaa,n™ b,
= rchCOU(zt it )—|—7" LcCov(z 12401 ) 1y, Cov(z JYy)
aa,n* G0l aa,n® 1 G,b,l C,b,l l b,l
Cov(yy™" ,z21") = Cou(yf™" rle.ezy +rie.czy + TGy Y1)
1 aa,n™ _G,b,l aa,n™ _C,b,l aa,n’ b,l
= rlacCov(y/"" ,2,77") +rla.cCov(yy™™ ,z7") +1le, Cov(y ™" ,yi%)
aa,n’™ loR: N4 aa,n® | G,b,l C,b,l
Cov(y 22 ) = Cou(y; yTaea2 7 + TZC ez 'yt r! nyt 1)
l aa,n® _G,b,l aa,n® _C,b,l aa,n® bl
= 7,c,cCou(y,"" , 2] )Jrr c,cCou(y; i) )Jrrzc Cov(y, JYilq)
aa,n* b1l _ aa,n* 1 G,b,l l C,b,l 1 bl
C’ov(yt yYt—1 ) - COU( 1 Ty2G 21 +r Tyzc 220 + TyyYe— 1)

_ ZGCO'U( aa,n* Gbl)+T ZCCOU( aa,n* ZtCl;l)_’_T COU( aa,n* yf,_ll)

where b is uncle/aunt of aa.
Siblings of the siblings in law of the parents aa — ¢

We have to compute the covariances between "aa" and "¢". Let n* = m, f be the gender of aa and o = m, f

38



the gender of the ¢. We project ¢ on his/her sibling b’

G,aa,n™ _G,c,o G,aa,n* o)’ G,b, o,l’ cul ol vl
Cov(z 2077) = Cou(z 7,66 R-1) "y T,y T Tszyt—l)
G,aa,n* _Gb' 1’ G,aa,n* _Cb I G,aa,n*
= zG GCO’U( )+ zG CCOU( 2501 )+ C’ov(
G,aa,n* _C,c,0 _ G,aa,n* o, GV, cu .l o' bl
Cov(z; ,2000) = Cou(z, SToC e %00 —|— TZC ezl + rzcyyt_l)
G, GV, G, C, b J G,
= zC GCov( aa,n” V21 ) + rzc cCov(z;""" n c201 )+ rzc Cov(z"" n
G,aa,n* c,0 o G,aa,n* [eR: N4 cu o,l’
Cov(z; ) = Cou(z ,ryzczt 1+ ryzczt oty yt 1)
G,aa,n™ Gbl ol G,aa,n* Cbl ol G,aa,n* b',l’
= yzGCO’U( )+ ryzCC'ov( 201 ) gy Cou(z Yr 1
C,aa,n G,c,0 C,aa,n* o, G, o, .l ol bl
Cov( 2077) = Cou(z TG ,a % "+ Too,c% 1 16, Y1)

G’

C,aa,n*

v,
1

C 7 ,
TGG Ov(t -1

C,aa,n* _C,c,o o C,aa,n™ o, G,V 1
Cov(z 2277) = Cou(z 1,067
C,aa,n* _G, b O
= zC GC’ov( )2
C,aa,n*  c,0 _ Ciaa,n* ol G,
Cov(z o) = Cou(z STyee 21

v Cuaan® GVl
r? s Cov(z """ |2

aa,n® _G,c,0 aa,n* ol Gl
Cov(yy ™" ,2,°7°) = Cov(yy ™" 706 o2
o aa,n* Gl
= zG GCOU( 20
aa,n® _C,c,0 o aa,n* o, GV,
Cov(y, ™" ,z27") = Cou(y, TNl

G,
7’ c GCO’U( aa,n’ V2001

Gl

aa,n®  c,o0 _ aa,n* o,
Cov(yy " Ly 1) = Cov(yy™" 1 a2y
_ o,l’ aa,n* Gl
= r,cCov(y ™" 2

where y is the spouse of the uncle/aunt of aa.

We can recursively compute the covariance for spouses of the siblings in law of the parents and siblings of

)+TG CCOU( Caan, oL, l)+TG CO’U( C,aa,n* .y

ool oyl v
TTe,c% 1 )

+Tzc Y1

C, [eRNA C,
)+rzc Cov (257%™ V201 )+rzc Cov (252
ol oWl ol bl
+ryzczt—1 +ryy 1)
C,aa,n* _CW I o,l’ C,aan* VI
)‘H" cCOU(t 201" )y Cov(zy YY1
ol! oWl ol Wl
Trlac% 1 e, Y )
aa,n® _C,b' I’ aa,n™ v,
)—f—rZG «Cou(y, 2201 )—i—rzc Cov(y; Y1)
ol oWl ol W\l
g LA B Tzcyyt—1)
aa,n* _Cb I aa,n* bl
)—1—7‘ . CC’ov( V2601 )+rzc Cov(yy™" ,y,-7)

! ol ol bl
+ryzczt 1 +r yy Yi— 1)

o,l’ aa,n* _Cb I A aa,n’™ vl
)—i—rychov( 221 )—l—r" Cov(y; Y1)
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the siblings in law of the parents of any degree.

Horizontal covariances

Siblings in law a — b

We have to compute the covariances between "a" and "b". Let n = m, f be the gender of a and [ = m, f the
gender of the b. We project a on his/her spouse a’ with gender n’ = f,m
a, G,b,l n’ G,a',n' n’ C,a',n’ n' a’',n' _Gbl
Cov(z 27", 27") Cov(rie,az 1" + 1,024 triey¥e1 021 )
n’ G,a',n' _G,b|l n’ C,a';n' _G,b,l n’ a’,n’ _G,b,l
= 1le,cCov(z21 ", 2,27") + 17,0 Cov(z 27" 2 )+TszCOU(yt—1 s 221)
G,a,n _C,b,l G,a',n’ C,a',n’ n' a’';n’ _Cb,l
Cov(z 7", 2,27") = COU(T GLe%—1 +TzG cZ—1 +Tszyt 1 20T)
_ n’ G,a',n' _C,b,l n’ C,a',n' _C,b,l n’ a’,n’ _C,bl
= 1le,aCov(z 27", 2,27") +1la,cCov(z, 27", 2,27") + 706, Cov(y, 0y 2,27")

G,a',n’

n' C
726,671

G,a,n b, n' ,a',n' n' a’'m’ bl
Cov(z27", yi24) Couv(r trieez T T e,y 2 Yitq)

G,a',n’

n’ b,l n’ C,a',n" bl n’ a’',n' bl
rle,cCov(z 7" Y1) + a0 Cov(z, Y aytfl)JFTszCO'U(ytfl Yith)

C,a,n _G,bJl _ G,a',n’ C,a',n’ n’ a’',n’ _G,b,l
Cov(z, 27", 2,27") = OOU(TCGzt 1 ‘|'7"CCzt 1 +Tcyyt 1 2l1)
_ n’ G,a',n' _G,b,l n’ C,a',n' _G,b,l n’ a’';n’ _G,b,l
= 100,6Cou(z 7" 2 77) + 100, Cov(z, 27", 2,777) + e, Cov(y, ), 2,77")
Ci,a,n _C,b,l _ 4 G,a',n’ n’ C,a',n a’';n’ _Cb,l
Cov(z7",2,27") = Cov(rle,ez 7" +71lo,cz " +Tzcy3/t 15221")
o n’ G,a',n' _Cbl n’ Can Cbl a',n’ _C,b,l
= 1lc,aCov(z21 ", 2,27") + 1lc,cCov(z, 5 )"‘7' c Cov(yt 1 221)

G,a',n'

C,a’',n’
C’ov(r c,6 %1

+Tzc cZq

c, bl
C’ov(zt linvyt—l)

+Tzcyy2(£1 ?’yt 1)

n’ G,a',n' b, n’ C,a'n’ bl n' a’,n’
ric,aCov(z, 1" yy) + rie,cCov(z, 2% ayt—l)"‘rzcyco”(yt 1 ’yt 1)

a,n _G,b,l _ n' G,a',n’ n' C,a'\n’ n' G,b,l
Cov(y; ", 2,21") Cov(ry ez 7" +r ez +1y yyt 1 500)
Y G,a'n' G,b,l Ca'n' _G.b,l n , G,b,l
= TyzGCOU(Zt 1 % )—i—r CCOU(Zt 1 2 %—1 )+ryyCOU(yt 15 %21)
an _C,b,l n’ G,a',n’ n’ C,a',n’ n’ a'm’ _Cb,l
Cov(y; 1, 27") Cou(r (BHRCT- P T S SHRCE- DT o S T o )
n’ G,a',n' _C,b,l n’ C,a',n’ _C,b,l n’ a’',n’ _C,b,l
= TyzGCOU(Zt—l y RE—1 )+7"yz000”(2t 1 5 Rt—1 )+TyyOO'U(yt 15 201)

40



a,n _ n’ G,a’,n’ n’ C,a’,n' n' a’'mn’
Cov(y",ypty) = Cov(r? TyacZl1 ez T Ty ety

n' G,a',n' bl n’ C,a’,n’ bl n’ a’,n’
= TyzGCOU(zt 1 ayt—1)+7"yzccov(zt 1 ,yt—1)+7'yycov(yt 1 ayt 1)

where o’ and b are siblings.
Spouse of the siblings in law a — b’

We have to compute the covariances between "a" and "b'". Let n = m, f be the gender of @ and I’ = m, f

the gender of the v'. We project b’ on his/her spouse b

Gan GV Gan 1 G,b,l C.b,l
Cov(z 2210 ) = Cou(zy 1126621 +TZG CZp—1 +TsziUt 1)
1 G,a,n _G,b,l G,amn _C,b)l G,a,n byl
= rle,aCov(z ™", 20") +1le,0Cov(z " 2 27") +rle, Cov(z ™", y)))
G,a,n  Cb U G, l G,b,l
Cov(z""", 220" ) = Cov(z ™" e ,az 1" + 7, CZt t nyt 1)

- lecZGCov(ztG’a’” B +rle.cCou(z D) +ric ,Cov(z eyt

G,an bl _ G,an 1 G,b,l C,b,l l
Cov(z ", y;21) = Covu(z," "1, 621 +Tyzczt 1 ‘|‘7"yyyt ‘)

= 1 Coulel " 24 4 1o Cou(s o 204 4 1, CouaF " )

C,an _G)b .l _ C,a,n | G,b,l C,b,l l b,l
COU( »2t—1 ) - COU( 126,671 + 7nzc Czt + rzcyytfl)
C, G,b,l C, C,b,l C, b,l
e Con(0 20 4 1l o Cov(z0m™, 2080 4 e Cou(z0%™ gt
Can _Cb I Can I G.b,l C,b,l I b
Cov(z 22 ) = Cou(z Th0,6%¢ 1 + Tzc cz’y + Tzcyyt—l)
l C,a, G,b,l C, C,b,l C, b,l
= rle.aCou(z ™", 277" ) + 1he,0Cov(z, ™", 277" ) + rhe Cov(z ",y )
Cian bl _ C,an 1 G,b,l C,b,l bl
COU( ytfl) - COU( ryzczt 1 +r yzczt 1 + T Yy Ye 1)

_ ZGCOU( C’an’ Gbl)_’_r ZCCO’U( Cia,n ZtCl;l)“r‘r CO’U( Canvyfﬁl)

an G an 1 G,b,l C,b,l
Cov(yy", %217 ) = Cov(y" re,02” JFTZG cZy_ +T2nyt 1)
l an _G,b,l an _C.bl l an bl
= 716,cCou(yy", 27 )"'TZG cCov(yy™", 2,27") GyCOU(ZIt Y1)
an _CWI a,n 1 G,b,
Cov(y;™, 221" ) = Cov(y",rc 62y +TZC Czt ! nyt 1)
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. l a,n _G,b,l l an _C.b,l l a,n bl
= 1,0,6Co0(y"", 2, 27") + 10 ,cCovlyy ™", 25 )+Tzcyc’0v(yt Y1)

an bl _ an 1 G,b,l l C,b,l 1, bl
CO’U(yt 5yt—1) - COU(yt 7TyzGZt—1 +Tyzczt—1 +Tyyyt—1)

1 a,n _G,b,l l a,n _Cb)l 1 a,n bl
= ryzGOOUQ/t » Rt—1 )—i—?‘ychOU(yt » Rt—1 )+’I“yy001}<yt ’yt—l)

where a and b are siblings in law.
Sibling of the sibling in law a’ — ¢

We have to compute the covariances between "a’" and "¢". Let n’ = m, f be the gender of @’ and 0o = m, f

the gender of the ¢. We project o’ on his/her sibling b who has gender [

n'\l _G,bl n'l _Cbl bl _G,co

'n’ _G,c,0 _ n’,l
) = Cov(ric ez 1 +7.¢,c% 1 et A )

G,a
Cov(z04' ™ 285

G,bl _G,c,o C,b,l G,C,O)

n',l n',l n’ l G,c,0
7 c,aCov(z 77", 2,°7°) + 1 d cCov(z, 7", 2,01 0

! b,
+ rzcyCov(ytfl, z]

G,a',n' _C,c,0 _ n',l G,b,l n',l C,b,l n’,l b, C,c,o
Cov(z27 " ,2,27") = Cov(rid ez 1 + 7602 1 T, Y i1 Fea )

o n’,l G,bl _C,c,0 n’,l C,b,l _C,c,0 n’,l b,l C,c,0
= rd,cCou(z ), 227°) + rid.cCovlz 2y, 2,05 )+TszCOU(yt—1th—1 )

c,0 _ n’,l G,b,l n’,l C,b,l n',l bl c,0
W) = Cov(rie ez1 +1id 02 1 + 7.6, Y1, Y1)

o n’,l C G,b,l  c,o n',l C C,b,l  c,o n',lC b,l c,0
= 1,6,aC0v(z 1,y "1) + 1,0 Cov(z, 27"y ) + 16, Cov(yiZy, i)

C,a’,n' _G,c,0 n’,l G,b,l n’,l C,b,l n’,l bl G,c,0
Cov(z,21 ™", %77") Cov(ric ez 1 +1.d,c% oYl i )

n’,l G,b,l _G,c,0 n’,l C.bl _G,c,0 n’,l b,l G,c,0
= 1 cCov(z 1", 2,07%) +1ric e Cov(z, 07", 2,1 )—|—7’chC’ov(yt_1,zt_1 )

C,a',n' _C,c,o _ n’,l G,b,l n’,l C,b,l n’,l bl C,c,o
Cov(z,27" ,227°) = Cov(rid ez 1 +7.c,c% 1 t ey Yl A )

n’,l G,b)l _C,c,o n',l cbl _C,c,o n’,l b,l C,c,0
= 1 cCov(z7", 2,0°) +1rld cCov(z 7, 27 )+rzcy00v(yt717zt71 )

C,a',n' co o n',l G,b,l n',l C,b,l n’,l b, c,0
Cov(z27 " ,yh) = Cov(ric ez 1 +1.c 0% ) +Tzcyyt717yt71)

n’,l G,b,l  c,o n’,l cbl  c,o n’,l b,l c,0
= 71.0,6C00(z 7"y, 5) + 1 e Cov(z, 27,y ) + Tzcycov(yt—l’yt—l)

a’',n' _G,c,o o n',l _G,b,l n’,l _C,b,l n',l, bl G,c,0
Cov(y; 2y ,227°) = C’ov(ryzgzt_1 R e ol A A P )

_ n’,l G,b,l _G,c,o n’,l c,b,l _G,c,0 n',l b,l G,c,0
- ryzGCov(zt_l it )—I—rychov(zt_l iy )—l—ryy Cov(y,"1,2.°7°)
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b,l C,c,0

y yt 15 %t—1

a’';n’ _C,c,o n',l _G,b,l n’,l _C,b,l

Cov(y, 1 ,2.°7°) = C’ov(r Larly T el T
n’,l G,b,l _C,c,o n',l

= wCov(z,07", 2,27°) + 1 o Cov(

a',n'  co _ G,b,l n',l _C,b,l n'

Cov(y; 1 y:%) = Cou(r! ZGzt 1t rezly
n', G,b,l n’,

= TyZGCO’U(Zt Ty 1)-|—’FyZCCOU(

where b and c are siblings in law.

cbl _Ce,
Ri—1 1 ”t—1
1 bl
Yoo 1 Yi
C.b,l
2700 Y0

)

o C,c,0

’
)+r;‘y’l00v(yt 120

1)

bl e
)+ Tn ZCOU(ytfp Yih)

)

We can recursively compute the covariances for siblings in law, spouses of the sibling and siblings of the

siblings of any degree.

Cousins in law aa — cc

We have to compute the covariances between "aa" and "cc". Let n* = m, f be the gender of aa and 0* = m, f
the gender of the cc. We project cc on ¢ (his/her father or mother) who has gender o
Cov(z "™, 207) = Cov(s™™™ G021 + GLat + Gyl °1>
_ GggOCOU( G,aa,n* ’ G,b,O)+Go CO’U( G,aa,n* )+GO COU( G,aa,n* yffl)
Cov(z**"" 24) = Cov(z"*"", 02,20 + Co, 275 + Cpoyt®))
= C;’goCov(zf’aa’" ZGhey 4 C;’;Cov(ztc’m’" 2000y 4 C’° ,Cov(z, Graan® )
Cov(z""" yi"") = Cov(z""", B2 f‘i°+Bzo f‘i°+Byo et 1>
= B2,Cov(z"™  20°) + BS, Cou(2*" , 27%°) + Bo, Cov(z*™ y2°))

)_|_Go CO’U( C,aa,n”* 7yi;,_ol)

1) + €9, Cov(z ™

Ciaa,n* _G,cc,0® o C,aa,n* o G,b,0 o* _C.,b,o o*
COU(Zt ) 2t ) - COU(Zt ngozt 1 + Gzozt 1 + G oyt 1)
_ o C,aa,n* _G,b,0 o* C,aa,n
= G9,,Cov(z  2077) + G2,Cou(z
C,aa,n* _C,cc,0* _ C,aa,n* o G,b,0 o* C b,0 o*
COU(Zt ) %t ) - COU(Zt ngo —1 + zo”t—1 + C yo t 1)
C, G,b,0 C,
= C;’goCov( aa,n’ 7)) + 2 Cov(25* n
C,aa,n* cc,0* C,aa,n™ 0 G,b,0 o* C.b,o o*
COU( 7yt ) - COU( Bzgozt 1 + B 0”t—1 + B oyt 1)
o C,aa,n G,b,0 o* Ci,aa,n* _C
= ZgOCOU( ,207°) + B2, Cou(z ,Z
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11,0) + B;;C’ov(ztc’aa’"*

b,
ytf1)

b,
Y —01)



aa,n* _G,cc,0” o aa,n’ ) G,b,0 o* _C.,b,o o*
Cov(yt ) %t ) - OO’U( ngozt 1 +Gzozt 1 +G oyt 1)

= G 50C o (Y} aa,n” ztG}io)—i—G" Cov(y; aa,n’ ztcﬁo)—i-G" Cov(y; " ,yf’_ol)

Cov(z™ ,20°°") = Cov(yy™" csgozf’i°+co zf’1°+0%yt °)

= O, Cou(y™" , 2757) + CZ, Cou(y;™" , 574°) + Cy, Covlyy™™ ™)
Cov(y™" 4" ) = Cov(y™" Bsgozf*?’“wm 250 + By

— BngCov( aa,n’ )—|—Bo Cov(y; aa,n’ Cbo)—!—B" Cov(y; aa,n’ yf’_ol)

where c is the sibling in law of the uncle/aunt of aa. We can recursively compute the covariances for cousins

in law of any degree.
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