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contribute to the intergenerational income mobility in Germany, endowments account
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Introduction

The rise in income inequality in many industrialized countries over the last three decades
has brought the distribution of income back onto the agenda of policy makers and economic
researchers. In the United States and Germany, the inequality of market incomes increased
from around 44 to 51 Gini points between 1980 and 2010 (Solt, 2016). Long-lasting or
increasing income disparities raise the question of whether this persistence is passed on to
the next generation. Based on the theoretical framework of Becker and Tomes (1979, 1986),
a vast literature emerged in order to measure the intergenerational transmission of income
and to evaluate social mobility and equality of opportunity. Motivated by Solon (1992, 2004),
the intergenerational income elasticity (IGE) has been the most commonly used measure as
a rationalization of the theoretical base. It quantifies the intergenerational transmission of
parents’ income (dis)advantages to their children. For example, an intergenerational income
elasticity of 0.3 implies that an offspring’s future income will be 3 percent above the filial
generation’s average income if his or her parents’ income is 10 percent above the parental
generation’s average income. Since availability of multi-generational data has improved in
the last decades, there are more accurate estimates of the intergenerational income elasticity
for most industrialized countries, such as the United States (Solon, 1992; Zimmerman,
1992; Mazumder, 2005; Gouskova et al., 2010), France (Lefranc and Trannoy, 2005), Italy
(Mocetti, 2007; Piraino, 2007), Denmark (Hussain et al., 2009), Finland (Pekkarinen et al.,
2009), Norway (Nilsen et al., 2008), Sweden (Björklund and Jäntti, 1997; Björklund et al.,
2012), Germany (Vogel, 2006; Eisenhauer and Pfeiffer, 2008; Schnitzlein, 2009; Coban and
Sauerhammer, 2016), the United Kingdom (Blanden et al., 2004), Australia (Leigh, 2007),
and Canada (Corak and Heisz, 1999), and for some developing countries (Harper et al.,
2003; Nunez and Miranda, 2011). Additionally, some cross-country comparisons have been
undertaken (Solon, 1999; Corak, 2006; Björklund and Jäntti, 2009; Black and Devereux, 2011;
Corak et al., 2014; Bratberg et al., 2017) and the change in intergenerational income mobility
over time has been investigated for certain countries (Lee and Solon, 2009; Chetty et al.,
2014).
Although there has been considerable progress in economic models of intergenerational
income transmission, leading to new insights into the underlying mechanisms (Solon, 2004;
Hassler et al., 2007; Raaum et al., 2008), there has been limited attempts to identify the
relative importance of the mechanisms underlying the intergenerational income transmission.
After all, it is critical for a policy recommendation to know if the intergenerational income
elasticity can be interpreted as a causal impact of a family’s financial resources, some sort of
human capital transmission or something else. Thus, once the size of the intergenerational
income mobility is estimated, the follow-up question naturally arises: why do children born
to wealthy families earn more than less fortunate children? By using adoption data to create
a natural experiment, several studies investigated the separate impact of nature (genetic
transmission) and nurture (environmental transmission) on the intergenerational transmission of income (see Björklund et al., 2006; Sacerdote, 2007, among other). Although these
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studies employ structural decompositions of the intergenerational transmission of income
by utilizing natural experiments, they neglect the impact of a family’s financial resources in
shaping their children’s level of human capital and future income. Therefore, the mechanisms
underlying the intergenerational income mobility can be condensed to two transmission
channels when nature and nurture are taken together. On the one hand, families directly
pass their level of human capital through nature, e.g. the genetic transmission of certain
traits, and nurture, e.g. the transmission of environmental properties, such as aspirations,
skills, and at-home nonfinancial investments, to their children. When more educated families
experience higher incomes within their cohort, the intergenerational transmission of incomes
might be explained in part by the transmission of a family’s endowments. On the other hand,
more affluent families might have more and better opportunities to invest in the education
of their offspring by enrolling their children in private schools and universities as well as
financing additional private tuition, which might not be affordable for children from poor
families. Once these divergent investments are reflected in a higher human capital and a
higher adult income of the children, the intergenerational transmission of incomes might be
explained in part by the transmission of a family’s financial investments.
Most empirical studies employ descriptive decomposition methods in order to calculate
the contribution of parents’ human capital to the intergenerational income mobility. Blanden
et al. (2007) find that parents’ education accounts for 46 percent of the intergenerational
transmission of income in the United Kingdom. Utilizing the PSID for the Unites States,
one third of the intergenerational income elasticity is attributable to the transmission of
education due to Eide and Showalter (1999). In Denmark, parents’ health status contributes
28 percent to the relationship between the fathers’ and sons income (Eriksson et al., 2005).
Hirvonen (2010) depicts that the transmission of education and IQ is the major contributor
to social mobility in the upper middle class of Sweden. Differing from path analysis as a
decomposition method, Österbacka (2001) applies a variance decomposition method and
concludes that the largest share of the intergenerational income correlation is transmitted
through education and occupation in Finland. In contrast, Cardak et al. (2013) use stochastic
properties of intergenerational income elasticity to decompose the estimate for the United
States into the investment and endowment effect without the need for additional data.
They find an investment effect of approximately one third and an endowment effect of
approximately two thirds.
Since descriptive decomposition methods are common in the social mobility literature,
we apply a path analysis method proposed by Blanden (2013) and compare obtained results
with a more structural and causal approach developed by Lefgren et al. (2012). The former
divides the intergenerational income mobility into three components: (i) the extent of
intergenerational income persistence if intergenerational educational persistence were the
only determinant, (ii) the impact of inequalities in parental income on filial income within
education groups, and (iii) the cross-effect between parental education and children’s residual
earnings. The latter approach applies a structural decomposition to establish an upper
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and lower bound for the investment and endowment effect using suitable instruments for
the transmission of a father’s human capital (endowment effect) and financial resources
(investment effect).
Therefore, our paper builds on the existing literature and seeks to determine the extent to
which the investment and endowment effect contribute to the estimates of intergenerational
income mobility in Germany and the United States. Relying on harmonized individual
data allows us to perform a country comparison regarding the relative importance of the
transmission channels. To the best of our knowledge, this is the first study investigating
and determining the mechanisms underlying the social mobility in the United States and
Germany by employing a structural decomposition method. The empirical results suggest
that the investment and endowment effect almost equally contribute to the estimated intergenerational income mobility in Germany, while the investment effect is more pronounced
in the United States. These findings are true for both the descriptive and the structural
decomposition method. Furthermore, we make use of unconditional quantile regressions in
order to reveal nonlinearities in the transmission mechanisms along the income distribution.
There is a mild but steady downward trend of the endowment effect in the United States
along the income distribution, whereas no clear trend can be observed in Germany. However,
the endowment effect is smaller in the United States than in Germany across all income
percentiles. The opposite is true for the investment effect.
The rest of the paper is organized as follow: Section 2 presents the conceptual framework
of the descriptive and structural decompositions, deriving the link between the fathers’
and sons’ human capital and income. Section 3 describes the data and discusses possible
measurement issues. The results of the estimations are presented in Section 4. Finally, Section
5 concludes.

2

Conceptual Framework

Our decomposition methods are based on the theoretical framework of Becker and Tomes
(1979, 1986), where each family maximizes a utility function depending on the consumption
of the parents and the future income of their children. Children’s income is raised when
they receive investments in human capital from their parents. In addition, children’s income
is influenced by a variety of inherited endowments including race, ability, and other characteristics, family reputation and connections, and knowledge, skills, and goals provided
by their family environment. However, endowments and investments in human capital are
not independent, as better-endowed children have a higher return to human capital than
worse-endowed children and therefore the incentive to invest in their human capital is higher.
The equilibrium income of children is thus determined by the income and endowment of
their parents as well as by their fortuitous endowment and their luck on the labor market.

4

2.1

Intergenerational income and educational persistence

In the empirical literature, particular attention has been given to the intergenerational persistence of income and education. Intergenerational income persistence measures the influence
of parents’ income on the adult income of their children. In contrast, intergenerational
educational persistence analyzes, how strongly the educational success of children depends
on the educational degree of their parents. These two measures are commonly considered
separately from one another, but are indeed closely related. The standard approach in order
to measure intergenerational income persistence is based on the estimation of a log-linear
equation of the form
f
s
log(yis ) = α1 + β log(yi ) + u1i
,
(1)
f

where yis is the lifetime income of the son and yi is the lifetime income of the father, respectively.1 The intercept α1 gives the average lifetime income in the son’s generation, and the
slope β is the intergenerational income elasticity. It states that an increase in father’s lifetime
income by 1 percent increases the expected lifetime income of his son by β percent. If β = 0,
son’s lifetime income is independent of his father’s lifetime income. In this case, there is
complete intergenerational mobility in a society. In contrast, the higher the value of β, the
stronger the link between the lifetime income of a father and his son is, and consequently,
the lower the intergenerational income mobility. Deviations from the expected income of the
son due to factors orthogonal to the income of the father are summarized in the idiosyncratic
s
error term u1i
.
The estimation of the intergenerational educational persistence provides the advantage
that data on education are usually more easily available and constant over an adult’s lifetime.
The intergenerational educational persistence is measured equivalently to the intergenerational income persistence by estimating a linear equation of the form
f

s
Edis = α2 + γEdi + u2i
,

(2)

f

where Edis and Edi correspond to son’s and father’s education level, respectively. The slope
γ is the intergenerational educational persistence and can be interpreted in such a way that
an increase in a father’s education by 1 unit raises the expected education of the son by γ
s
units. Again, the residual term u2i
captures all deviations from the expected education level
of the son orthogonal to his father’s education.

2.2

Descriptive decomposition

Linear threefold decomposition
It is a widely accepted stylized fact that the education level is one of the most important
determinants of a person’s lifetime income. The relationship between education and income
1 Since

the analyses are limited to father-son pairs, the explanations refer to the effect of father’s lifetime income
on son’s lifetime income. In principle, the subsequent relationships apply to any parent-child pair.
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can be estimated for the fathers by
f

f

f

log(yi ) = θ f + δf Edi + νi

(3)

log(yis ) = θ s + δs Edis + νis ,

(4)

and for the sons by

where δf and δs correspond to the rate of return to education for the generation of the fathers
f
and the sons, respectively. In contrast, νi and νis capture income variations that are due to
a father’s or son’s fortune in the labor market. This includes, for example, benefits from a
generous union contract, unusually good or bad job matches, or working in a firm that goes
out of business (Lefgren et al., 2012). Blanden (2013) shows that in order to decompose
the intergenerational income elasticity β, the simple Mincer equations (3) and (4) can be
combined with the mobility measure estimations (1) and (2) to obtain
!
Cov(log(y s ), ν f )
δs
1 Cov(ν s , Ed f ) 2
2
(1
−
R
)
+
REd f ,
β = f γ R2Ed f +
Ed f
δ
Var(ν f )
δf Var(Ed f )

(5)

where R2Ed f is given by equation (3), Cov(log(y s ), ν f )/Var(ν f ) is the estimated coefficient from
a regression of the son’s lifetime income log(yis ) on his father’s income due to luck in the
f
labor market νi , and Cov(ν s , Ed f )/Var(Ed f ) is the estimated coefficient from a regression
f
of the luck component of son’s income νis on the father’s education Edi . The first term
of equation (5) can thus be interpreted as the magnitude of the intergenerational income
elasticity if educational persistence were the only transmission channel and therefore captures the endowment effect. Holding the intergenerational transmission of education fixed,
the endowment effect increases if the relation between the rates of return to education in
both generations rises or if the relationship between education and income in the fathers’
generation is more pronounced. The second term of equation (5) measures the impact of the
association between son’s lifetime income and the within-education group inequalities in
paternal incomes and can thus be interpreted as the investment effect. The investment effect
increases if the within-education group income inequality increases, which might be due to
divergent rates of return to education between individual occupations with the same amount
of human capital or a strong regional variation in the quality of schools and universities
(Blanden, 2013). Finally, the third term of equation (5) gives the cross-effect between paternal
education and the residual income of the son.
Nonlinear threefold decomposition
The threefold decomposition of Blanden (2013) implicitly assumes that the relationship
between fathers’ and sons’ lifetime income is linear, i.e., that the intergenerational income
elasticity is constant along the entire income distribution. However, Becker and Tomes
(1986) already pointed out that the intergenerational income elasticity can take a concave
run when poor families experience credit market constraints that do not apply for rich
6

families. Consequently, rich families will invest in the human capital of their children until
the marginal costs equal the marginal rate of return, while credit-constrained families might
be forced to invest less than the optimal amount in their children’s education. Thus, a small
increase in a poor father’s income will have a stronger impact on his son’s income than a
small increase in a rich father’s income would have. In this case, the intergenerational income
persistence will be more pronounced for poor families than for rich families, resulting in
a concave run of intergenerational income elasticity. However, neither does a concave run
of intergenerational income elasticity need to follow from credit market constraints nor is
market failure implied by concavity. If the income of a father correlates with the unobservable
talent of his son, poor fathers—regardless of whether credit market constraints exist—will
reduce investments in the human capital of their sons as a result of a lower expected rate
of return. Likewise, a concave run is not a clear indication for credit market constraints.
This relationship might be triggered by institutional, social, or unobservable circumstances
which influence poor and rich families in different ways (Grawe, 2004). On the other hand, a
convex run of the intergenerational income elasticity can be observed if educational policy is
designed in such a way as to ensure a basic level of human capital for all sons, regardless of
their father’s income. Beyond this socially guaranteed level, all families experience credit
market constraints, such that the total amount of human capital investment in the son is
dependent on paternal income (Bratsberg et al., 2007). Assuming that the unobservable
talent of children is not independent from the socio-economic status of their family, the
intergenerational income persistence among poor families consequently will be lower than
among rich families, resulting in a convex run of the intergenerational income elasticity (Han
and Mulligan, 2001; Grawe and Mulligan, 2002).
Since the nonlinear threefold decomposition is to be undergone along the income distribution of the sons, equation (1) and (4) are estimated applying unconditional quantile or RIF
regressions at different income quantiles (Firpo et al., 2009).2 For this purpose, the values of
the dependent variable log(yis ) are transformed into their corresponding RIF values using the
estimation formula
q − 1[yi ≤ ŷq ]
d i , ŷq , F̂) = ŷq +
RIF(y
,
(6)
f̂(ŷq )
where F̂ is the estimated cumulative income distribution of the sons, q is the unconditional
income quantile, f̂(ŷq ) gives the kernel density estimate at the income value ŷq and 1[yi ≤ ŷq ]
is an indicator function, which takes on a value of one if a son has an income less than or
equal to ŷq at the particular quantile and a value of zero otherwise. Equations (1) and (4) can
then be estimated via OLS utilizing the transformed RIF values.

2.3

Structural decomposition

The descriptive decomposition methods are likely to overestimate the impact of education in
the intergenerational transmission process if the residuals of the respective equations are
2 The

estimation methods of the remaining equations remain unchanged.
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mutually correlated via unobservable talents or abilities (Hirvonen, 2010). To overcome this
shortcoming, a more structural approach is needed that decomposes the intergenerational
income elasticity into the causal effect of the fathers’ financial resources, the mechanistic
transmission of human capital, and the impact of fathers’ human capital on their permanent
income. In contrast to Blanden (2013), Lefgren et al. (2012) directly model fathers’ investment
in the human capital of their sons by extending and reformulating equation (2) to
f

f

HCis = ψ + π1 log(yi ) + π2 HCi + εis ,
f

(7)

f

where HCis = δs Edis and HCi = δf Edi . Thus, son’s and father’s human capital are measured
in Euros or US dollars, respectively. According to equation (7), a father may influence the
human capital of his son via financial investments as well as through the direct transfer
of human capital. Whereas the parameter π1 represents the share of father’s income that
is invested in his son’s human capital, multiplied by the efficacy of this investment, the
parameter π2 is the share of father’s human capital that is directly passed on to his son
independent of the financial investments. Substituting equation (7) into equation (4), the
lifetime income of the son as a function of father’s lifetime income and human capital is
given by
f
f
log(yis ) = π0 + π1 log(yi ) + π2 HCi + ηis ,
(8)
where π0 = ψ + θ s and ηis = εis + νis . Finally, substituting equation (3) into equation (8) yields
f

f

log(yis ) = π0 + π1 θ f + (π1 + π2 )HCi + π1 νi + ηis .

(9)

Equation (9) precisely depicts the intuition that an increase in the lifetime income of the
father can influence the lifetime income of his son via two different transmission channels. If
the father’s income increase can be ascribed to the father’s higher human capital, this raises
the financial investments in the human capital and, in turn, the adult income of his son (π1 ).
Meanwhile, the higher human capital of the father directly influences the human capital of
the son, which in turn leads to an increase in his adult income (π2 ). In contrast, an increase in
father’s lifetime income which is solely due to a good fortune in the labor market influences
the child only via higher financial investments (π1 ).
Given the model of Lefgren et al. (2012), the OLS estimator β̂ OLS obtained from equation
(1) converges in probability to
plim(β̂ OLS ) = π1 + π2

Var(HC f )
.
Var(HC f ) + Var(ν f )

(10)

The estimated intergenerational income elasticity thus depends on three different factors.
First, π1 is the influence of the father’s income when his human capital remains constant.
Second, π2 describes the impact of the father’s human capital when his income remains
unchanged. Last, Var(HC f )/(Var(HC f )+Var(ν f )) gives the share of the variance in the fathers’
income that can be explained by the variance in their human capital, which equals R2Ed f in
8

equation (5). Thus, the first part of the sum can be interpreted as the investment effect, while
the second part represents the endowment effect.
f
In the following, it will be assumed that there exists an instrument Zi for the income of
the father which can be used in an instrument variables (IV) estimation of equation (1). The
estimated parameter β̂ IV then converges in probability to
plim(β̂ IV ) = π1 + π2

Cov(HC f , Z f )
.
Cov(HC f , Z f ) + Cov(ν f , Z f )

(11)

Equivalently to equation (10), π1 and π2 are the ceteris paribus influences of the father’s
income and human capital, respectively, while Cov(HC f , Z f )/(Cov(HC f , Z f ) + Cov(ν f , Z f ))
represents the share of the covariance between paternal income and the instrument that is
attributable to human capital. From equations (10) and (11) it follows that β̂ OLS = β̂ IV if and
only if π2 = 0 or
Cov(HC f )
Var(HC f )
=
.
Var(HC f ) + Var(ν f ) Cov(HC f , Z f ) + Cov(ν f , Z f )

(12)

Since equation (12) does not generally hold, a significant difference between the OLS and
the IV estimator implies π2 , 0. If thus a Hausman test for endogeneity is rejected, it
may be assumed that in addition to the pure investment effect, the intergenerational transfer of income is also carried out via the direct transfer of human capital. In this case,
f
different instruments Zi should yield different estimates of β̂ IV , depending upon their
covariance with the human capital and luck component of the father’s lifetime income.
This circumstance can be used to determine the magnitude of the investment effect and
the endowment effect, respectively. Consider first the cases, where the chosen instrument is correlated solely with the human capital component of father’s income and thus
Cov(HC f , Z f )/(Cov(HC f , Z f ) + Cov(ν f , Z f )) = 1. In this case, β̂ IV converges in probability
f
to π1 + π2 . In contrast, if Zi is exclusively correlated with the luck component of father’s
income and thus Cov(HC f , Z f )/(Cov(HC f , Z f ) + Cov(ν f , Z f )) = 0, β̂ IV converges to π1 . A
direct comparison of the two IV estimators in combination with the OLS estimator β̂ OLS then
allows for the identification of the investment and the endowment effect.
Unfortunately, one will generally not be able to find perfect instruments for the father’s human capital and luck component. However, on the monotonicity condition that
Cov(HC f , Z f ) and Cov(ν f , Z f ) have the same sign, each estimate for β IV lies in the range
between π1 and π1 + π2 . Thus, if one chooses an instrument that is highly correlated with
the luck component of father’s income, β̂ IV can be interpreted as an upper bound for π1 . In
contrast, an instrument which is primarily correlated with the human capital component of
the father’s income yields a lower bound for π1 + π2 . Finally, the difference between the two
estimators gives a lower bound for π2 . A complementary bounding procedure is possible
using only instruments for the human capital of the father. In this case, the IV estimator
β̂ IV again captures a lower bound for π1 + π2 . A direct estimation of R2Ed f via equation (3)
9

then yields a lower bound for Var(HC f )/(Var(HC f ) + Var(ν f )). These results in conjunction
with the OLS estimator β̂ OLS then again allow to estimate an upper bound of π1 and a lower
bound of π2 .

3

Data and measurement issues

To examine the intergenerational income mobility empirically, long-term panel data of
two-generation households, that capture information on children while they are still living
with their parents and follow them into adulthood, are required (Corak, 2006). For a valid
country comparison, data also need to be highly comparable. We therefore decide to use the
Socio-economic Panel (SOEP) for Germany and the Panel Study of Income Dynamics (PSID)
for the United States. Both studies collect information on all adult persons of a household
and survey them repeatedly in the subsequent years. Further, the SOEP and the PSID are
part of the Cross-National Equivalent File (CNEF) project, which offers a harmonized panel
data set of the underlying national household surveys (Frick et al., 2007).

3.1

Measurement errors and life-cycle bias

In order to measure lifetime income exactly, all of a respondent’s income statements over the
entire working life would be required. However, within very long-lasting surveys the number
of people who continue to participate is often considerably reduced. This so-called panel
mortality can correlate with certain characteristics of a person (e.g., income or education),
resulting in a relatively homogeneous longitudinal sample (Fitzgerald et al., 1998). This
circumstance can lead to substantial distortions of the estimation parameters (panel attrition
bias) (Solon, 1989, 1992).
For this reason, lifetime incomes are usually approximated by means of annual income
observations, which consist of a permanent as well as a fluctuating component (Solon, 1989,
1992; Zimmerman, 1992). If parental income is approximated by income data from only
one particular point in time, the classical errors-in-variables problem occurs and leads to a
systematic downward bias of the estimated elasticity (attenuation bias) (Wooldridge, 2010).
Therefore, Solon (1992) proposes to form an average of five valid annual income observations
for the parental generation in order to reduce the variance of the fluctuating component.
This procedure does not completely eliminate the bias, but can significantly reduce it. The
estimator for the intergenerational income elasticity can then be interpreted as a lower bound
for the true estimation parameter.3
Haider and Solon (2006) additionally point out that the approximation of children’s
lifetime income depends on the chosen stage of life. Since individual income during a
person’s working life assumes a hump-shaped run, income observations at young ages are
lower and thus the lifetime income of a person is underestimated. Meanwhile, income
3

In the approximation of the children’s lifetime income, measurement errors only lead to higher standard
errors.
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differences between high- and low-skilled workers are smaller at the beginning of their
working lives and only increase over time. If incomes are thus observed at the beginning of
the working life, this in turn leads to a downward bias of intergenerational income elasticity
(life-cycle bias). This circumstance is verified by Böhlmark and Lindquist (2006) for Sweden
and Brenner (2010) for Germany. Haider and Solon (2006) show that for the sons the age
range between mid-30s and mid-40s produces a good approximation of the life-time income.
Schnitzlein (2016) uses the income of sons between 35 and 42 years of age.

3.2

Sample definition and variables

The selected samples from the SOEP and the PSID are defined congruently so as to ensure
reliable comparability of the results. The analysis is based on data from the years from 1984
to 2013. The individual annual labor income is used, which includes wages and salaries
from both paid employment and self-employment as well as bonus payments, income from
overtime, and profit sharing (Grabka, 2014; Lillard, 2013). The SOEP sample does not include
imputed income data.4 All income statements are deflated to 2010.5 In order to be able
to compare the results with the existing literature, annual real incomes of less than 1,200
Euro/US dollar are not included in the estimates. To avoid a bias due to wage developments
in East Germany after reunification, the analysis for Germany is limited to the persons who
lived in West Germany in 1989 (Schnitzlein, 2009). In order to estimate the intergenerational
educational persistence, the individual years of education are utilized as an approximation
for father’s and son’s education.6
The generation of the parents is restricted to the income observations of the fathers and
the generation of the children to the income observations of the sons.7 Fathers’ incomes are
drawn from the period from 1984 to 1993, from which at least five valid income observations
must be available. The lifetime income of the fathers is approximated by the formation of
the average of the annual incomes. Only income observations from the age of 30 to 55 years
are considered. Thus, the fathers belong to the birth cohorts of the period from 1933 to
1959. The income observations of the sons are drawn from the years from 2003 to 2013,
during which time period at least one valid income observation must be available. Again, the
lifetime income of the sons is approximated by the formation of the average of the annual
incomes. Only incomes from the age of 35 to 42 years are taken into account. Thus, the sons
belong to the birth cohorts of the period from 1961 to 1978, which do not overlap with the
cohorts of their fathers.
4 Missing

income statements are estimated in the SOEP with the help of personal and household characteristics
as well as past income data (Frick et al., 2012). The CNEF-PSID features no imputed income data.
5 For the SOEP, the Consumer Price Index and, for the PSID, the Consumer Price Index of All Urban Consumers
and All Items based on the recommendation of Grieger et al. (2009) are utilized.
6 This approach implicitly assumes that the impact of one more year of education on the level of education is
linear and constant across nations and generations. Since there is no harmonized measure of education levels
in the data, nonlinearities or discontinuities in the transmission of years of education to the level of education
cannot be investigated (Chevalier et al., 2009).
7 This limitation is due to the divergent labor market participation of women in both countries, which can lead
to a bias of differences in intergenerational income elasticity.
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Finally, a total of 353 and 602 father-son pairs are recorded in the SOEP and PSID,
respectively (Table 1). On average, the sons earn more than their fathers in both countries. In
Table 1: Descriptive statistics
Father

Son

Mean

Std.Dev.

Mean

Std.Dev.

40590.37

19576.16

46941.29

27652.96

Age

46.78

4.54

38.17

1.79

Years of Education

10.93

2.55

12.75

2.94

64019.61

59658.27

67280.92

69782.23

Age

43.82

5.46

37.87

1.88

Years of Education

13.20

2.41

13.82

2.03

SOEP
Income

Father-Son Pairs

353

PSID
Income

Father-Son Pairs

602

Source: SOEP (1984-2013), PSID (1984-2013).

Germany the income of the sons is 15.6 percent higher, while in the United States it is only
5.1 percent higher than the average income of the fathers. The average age of the fathers is
mid-40s in both countries, older than that of the sons, whose average age is late-30s. The
younger age of the sons also explains the higher variance in incomes. German fathers on
average spent 10.93 years in education, while their sons exhibit 12.75 years of education. In
the United States, fathers’ and sons’ educational attainment is relatively similar with 13.20
and 13.82 education years, respectively. One the one hand, the higher educational years
of the fathers in the United States might be due to a higher compulsory school attendance.
While in most German federal states 9 years of schooling are mandatory, most US states
require children to stay in school until the age of 16 to 18. On the other hand, the aftermath
of World War II significantly contributed to the lower educational attendance of the German
fathers.

3.3

Descriptive evidence

Taking a closer look at the bivariate relationship between fathers’ and sons’ incomes shows
that there is a considerable positive correlation in both countries (see Figure 1, upper Panel).
The slope of the OLS regression is higher for the United States than for Germany. However,
income data points in both countries are heavily scattered around the regression line. In
order to examine nonlinearities in the bivariate relationship, a Nadaraya-Watson estimation
is additionally depicted. Both countries show deviations compared to the OLS estimation.
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Figure 1: Intergenerational income and educational correlation
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Source: SOEP (1984-2013), PSID (1984-2013).
Notes: The Nadaraya-Watson estimation uses the Epanechnikov kernel with a bandwidth based on Silverman’s rule of thumb.

However, the 95 percent confidence intervals include the OLS regression line over nearly
the entire distribution of paternal income. From the bivariate evidence, therefore, it cannot
be concluded that the intergenerational income elasticity changes significantly along the
income distribution of the fathers. Regarding the correlation between the fathers’ and sons’
years of education, the slope of the OLS estimation is larger for Germany than the United
States, implying that son’s years of education depends more strongly on the education years
of his father in Germany than in the United States (see Figure 1, lower Panel). However, while
the 95 percent confidence interval of the Nadaraya-Watson estimation always completely
contains the OLS estimator in Germany, the results significantly deviate from linearity in
13

the lower education percentiles in the United States. Thus, sons from low-skilled fathers
experience a better education than the OLS estimation would predict. This nonlinearity
might also explain the lower OLS slope in the United States.

4

Empirical results

The bivariate estimations already give a first impression of the differences in the intergenerational income and educational persistence between Germany and the United States. However,
in order to avoid distortions of the estimators due to divergent age and cohort structures,
additional control variables are considered (Schnitzlein, 2016). Including polynomials for
the fathers’ and sons’ age, their birth years and the number of valid observations of the
sons, the obtained estimates slightly decreases (see Table 2). Notwithstanding, Germany
Table 2: Intergenerational income elasticity and educational persistence
Germany
β

0.331***

0.331***

0.331***

(0.083)

(0.081)

(0.081)

γ

0.545***

0.530***

0.535***

(0.054)

(0.054)

(0.056)

Cohort Controls

No

Yes

Yes

No

Yes

Yes

Age Controls

No

No

Yes

No

No

Yes

Obs.

353

353

353

353

353

353

0.053

0.083

0.089

0.224

0.236

0.243

0.449***

0.441***

0.435***

(0.029)

(0.030)

(0.030)

R2

United States
β

0.486***

0.455***

0.452***

(0.069)

(0.071)

(0.071)

γ

Cohort Controls

No

Yes

Yes

No

Yes

Yes

Age Controls

No

No

Yes

No

No

Yes

Obs.

602

602

602

602

602

602

0.108

0.140

0.143

0.284

0.295

0.297

R2

Source: SOEP (1984-2013), PSID (1984-2013).
Notes: The table contains estimates of intergenerational income elasticity β and educational persistence γ for the PSID and SOEP
sample without annual imputed individual labor earnings data. Intergenerational income elasticity estimates are based on a lower
annual earnings limit of 1,200 Euro/US dollar. Cohort Controls include: Birth cohort of fathers and sons. Age controls include: the
number of years in sons’ earnings average and two polynomials of average age for fathers and sons. Standard errors are clustered at
family level and are estimated by paired bootstrapped approach with 1,000 replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

still shows a lower intergenerational income persistence with an estimate of 33 percent than
the United States with an obtained value of 45 percent. In contrast, families in the United
States experience a lower educational persistence than families in Germany. While one more
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of father’s education year provides his son with 0.44 additional years of education in the
United States, the education years of German sons increases by 0.54 years. These contrasting
results already illustrate that intergenerational educational persistence cannot be perfectly
transformed into intergenerational income persistence. Instead, additional determinants
might strongly influence intergenerational income persistence, such that countries can even
switch positions in the ranking of intergenerational mobility.

4.1

Descriptive decompositions

Since the educational attainment of an individual is most important in predicting his or her
current income and income growth, the descriptive threefold decomposition involves the
fathers’ and sons’ rate of return to education and connects them with both intergenerational
persistence measures. In the United States, the return to education is for both generations
higher than in Germany (see Table 3). While each year of education raises a father’s (son’s)
Table 3: Linear threefold decomposition

Germany
United States

β

γ

δf

δs

R2Ed f

0.331***

0.545***

0.089***

0.087***

0.320***

0.254**

-0.005

(0.083)

(0.054)

(0.010)

(0.008)

(0.044)

(0.104)

(0.012)

0.486***

0.449***

0.167***

0.115***

0.229***

0.374***

0.024**

(0.069)

(0.029)

(0.017)

(0.011)

(0.033)

(0.074)

(0.012)

β
Germany
United States

Difference





f
f
Cov log(yis ),νi
Cov νis ,Edi
 


f
f
Var νi
Var Edi



δs
δf



f
Cov log(yis ),νi
 
f
Var νi



γ R2Ed f



1 − R2Ed f





f
Cov νis ,Edi
1

 R2 f
Ed
δf Var Ed f
i

0.331***

0.179***

0.172**

-0.020

(0.083)

(0.032)

(0.071)

(0.046)

0.486***

0.149***

0.289***

0.048**

(0.069)

(0.023)

(0.057)

(0.024)

-0.155

0.03

-0.117

-0.068

Source: SOEP (1984-2013), PSID (1984-2013).
Notes: The table contains estimates of intergenerational income elasticity β and educational persistence γ for the PSID and SOEP
sample without annual imputed individual labor earnings data. Intergenerational income elasticity estimates are based on a lower
annual earnings limit of 1,200 Euro/US dollar. Standard errors are clustered at the family level and are estimated by paired bootstrapped approach with 1,000 replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

income by 8.9 (8.7) percent in Germany, the United States exhibits a value of 16.7 (11.5)
percent for the fathers (sons). Thus, the rate of return to education has declined in both
countries over time, but the drop is stronger in the United States than in Germany. In contrast,
the variation in years of education explains a greater portion of the variation in parental
income in Germany than in the United States. Whereas 32 percent of income differences
are attributable to the fathers’ education in Germany, merely 23 percent of the fathers’
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income variance can be traced back to education differences in the United States. However,
the correlation between the sons’ income and the estimated luck component of the fathers’
income is stronger in the United States with a value of 0.37 than in Germany with a value of
0.25. Linking these results to the estimates of the intergenerational educational persistence,
the linear descriptive decomposition reports a higher endowment effect for Germany than
the United States. Whereas almost 54 percent of the intergenerational income persistence
is attributable to endowments in Germany, 31 percent are merely due to endowments in
the United States. Since the components of the linear descriptive decomposition, measured
as a percentage, sum up to 100, the opposite is true regarding the investment effect. The
cross-effect of the father’s education on the son’s residual is rather negligible. Regarding the
difference between the intergenerational income elasticity in Germany and the United States
of 47 percent, more than three quarters are due to the difference in the investment effect.
Thus, if the investment effect were the same in both countries, the gap between Germany and
the United States would merely be 11 percent.
Although the decomposition is informative in terms of the average endowment and
investment effect in both countries, there might be considerable nonlinearities in the relative
importance of the two components along the income distribution (see Table 4). Applying
unconditional quantile regressions to the equation (1) and (4) provides insights into possible
shifts in the relative importance of the components and into divergent patterns between the
United States and Germany. In Germany, intergenerational income persistence increases
with a higher income of the sons until the 40th income quantile and remains relatively
constant hereafter at about 0.4. In contrast, the United States exhibits a u-shaped run of the
intergenerational income elasticity, indicating that parental income is more important at the
edges of the sons’ income distribution than in the middle.
In conclusion, two suggestions can be drawn from these results. First, the Bratsberg
et al. (2007) conjecture of a convex run of intergenerational income elasticity rather applies
to Germany than to the United States. This seems reasonable, as the education system in
Germany is largely funded by the public sector, while there is a strong privatization in the
United States. Thus, there might be a compensating effect at the lower end of the income
distribution in Germany. Assuming that low-income sons have also lower education and
income is mainly driven by educational attainment, this would imply that there should be
lower intergenerational educational persistence at the lower end of educational distribution.
Applying unconditional quantile regressions to the intergenerational educational persistence
confirms this suggestion for Germany (see Figure 3 in the Appendix). Second, the pattern
of the intergenerational income elasticity in the United States at least partially reflects the
Becker and Tomes (1986) conjecture, as the estimated values decrease at the upper end of
the sons’ income distribution. Remarkably, the intergenerational educational persistence
exhibits an exactly inverse shape across the ascending percentiles. The highest estimates are
obtained in the middle of the educational distribution of the sons, while the values at the
two ends are notably smaller.
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Table 4: Nonlinear threefold decomposition
Germany
β
20th Percentile
40th Percentile
50th Percentile
60th Percentile
80th Percentile



δs
δf



f
Cov log(yis ),νi
 
f
Var νi



γ R2Ed f

0.148***

0.089

0.024

(0.103)

(0.032)

(0.084)

(0.055)

0.424***

0.184***

0.237***

0.003

(0.076)

(0.031)

(0.065)

(0.040)

0.411***

0.188***

0.228***

-0.005

(0.076)

(0.032)

(0.067)

(0.036)

0.399***

0.189***

0.191***

0.019

(0.080)

(0.034)

(0.069)

(0.037)

0.418***

0.190***

0.191**

0.038

(0.106)

(0.040)

(0.086)

(0.051)

β

40th Percentile
50th Percentile
60th Percentile
80th Percentile



f
Cov νis ,Edi
1

 R2 f
Ed
δf Var Ed f
i

0.262**

United States

20th Percentile



1 − R2Ed f



δs
δf

f

Cov log(yis ),νi
 
f
Var νi



γ R2Ed f





1 − R2Ed f



f
Cov νis ,Edi
1

 R2 f
Ed
δf Var Ed f
i

0.442***

0.167***

0.236***

0.039

(0.086)

(0.030)

(0.075)

(0.034)

0.406***

0.129***

0.224***

0.053**

(0.054)

(0.019)

(0.049)

(0.025)

0.407***

0.122***

0.223***

0.063***

(0.051)

(0.019)

(0.045)

(0.022)

0.392***

0.132***

0.202***

0.058***

(0.052)

(0.020)

(0.045)

(0.022)

0.467***

0.133***

0.256***

0.078**

(0.079)

(0.023)

(0.062)

(0.030)

Source: SOEP (1984-2013), PSID (1984-2013).
Notes: The table contains estimates of intergenerational income elasticity β and the nonlinear decompositions for the PSID and SOEP
sample without annual imputed individual labor earnings data. Intergenerational income elasticity estimates are based on a lower
annual earnings limit of 1,200 Euro/US dollar. Standard errors are clustered at family level and estimated by paired bootstrapped
approach with 1,000 replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

Turning the attention back to the decomposition results reveals that the endowment effect
is significantly smaller than the investment effect over the entire income distribution in
the United States (see Figure 2). Furthermore, there is a mild but steady downward trend
of the endowment effect in the United States. In contrast, there is no clear trend for the
endowment and investment effect across percentiles in Germany. Although the endowment
effect is slightly larger than the investment effect at the lower end of the income distribution,
the relative importance of both components oscillate around 50 percent across percentiles
in Germany. Overall, the endowment effect is stronger across all income percentiles in
Germany, while the investment effect is continuously higher in the United States. Since
17

Figure 2: Descriptive decomposition of intergenerational income elasticity along the income
distribution
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Source: SOEP (1984-2013), PSID (1984-2013).
Notes: The figure contains estimates of the nonlinear decompositions for the PSID and SOEP sample without annual imputed
individual labor earnings data. Estimates are based on a lower annual earnings limit of 1,200 Euro/US dollar. Standard errors
are clustered at family level and estimated by paired bootstrapped approach with 1,000 replications. Full circles: p ≤ 0.05, hollow
circles: p > 0.05.

the parameters of equation (2) and (3) take on the same values across the entire income
distribution, deviations in the relative importance of the endowment effect can be traced back
to nonlinearities in the intergenerational income elasticity or in the rate of return to sons’
educational attainment. The latter is almost constant across the sons’ income distribution
in Germany and only slightly deviates downwards at the 20th percentile (see Table 8 in the
Appendix). In contrast, in the United States the sons’ rate of return to education takes on a
slightly u-shaped curve over the ascending income deciles.

4.2

Structural decomposition

Although descriptive decomposition methods are a good starting point for first insights into
the transmissions channels of intergenerational income persistence, they neglect the transfer
of unobserved determinants within the family. In order to overcome this weakness using the
structural decomposition method of Lefgren et al. (2012), valid instrument variables for the
endowment and the investment transmission channel have to be constructed. In order to
accurately instrument the human capital transmission, the fathers’ years of education, level of
education and educational attainment are employed as instrument variables. Father’s years of
education measure total years of schooling, vocational training and university education. As
this variable exhibits peaks at certain values due to the organization of the national education
system, the level of education is defined as an ordered variable with five levels based on the
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fathers’ years of education. (1) less than 9.5 years, (2) 9.5 to 11.4 years, (3) 11.5 to 13.4 years,
(4) 13.5 to 17.4 years, and (5) more than 17.4 years. In turn, educational attainment indicates
the level of fathers’ education with respect to high school education: (1) less than high school
education, (2) high school education, (3) more than high school education. These instruments
should be highly correlated with fathers’ human capital, but can be considered more or less
independent of fathers’ fortune on the labor market. In order to measure the luck component
of fathers’ income, two instruments are constructed based on a father’s unemployment spells
in the observation period and employment status utilizing calendar data from Germany and
the United States. These variables are likely to be highly correlated with human capital level,
however, unemployment might also occur by chance due to exogenous shocks such as mass
layoffs or changing family commitments. Therefore, unemployment spells and employment
status have to be adjusted for the influence of human capital. First, a father’s unemployment
duration is regressed on his level of education, occupation, and industry. The residuals from
this regression are used as an instrument for the fathers’ misfortune on the labor market.
Second, a father’s employment status, which indicates whether a father was unemployed at
least once after the third valid observation in the data, is regressed on his level of education,
occupation, industry and past income in the first three valid observations. Since employment
status is binary, generalized residuals from a probit regression are calculated following the
approach of Gourieroux et al. (1987) and used as instruments for the fathers’ misfortune
in the labor market. Since the obtained residuals from both approaches are orthogonal
to the fathers’ human capital, they capture the variation in unemployment duration and
employment status that is due to exogenous factors. Although such instruments might be
imperfect, they account for a certain extent the income loss of fathers due to misfortune in
the labor market.
Alternative instrument variable estimations of the intergenerational income mobility
are employed using human capital instruments and constructed luck instruments for the
fathers’ permanent income (see Table 5). Instrumenting the paternal permanent income
with years of education (Col. 2), level of education (Col. 3), and educational attainment
(Col. 4) yields quite similar results. Regardless of the chosen instrument, the obtained estimates are always higher than the corresponding OLS estimates. However, the bootstrapped
Durbin-Wu-Hausman test indicates a significant difference between β̂ OLS and β̂ IV only for
the United States. As the high standard errors in Germany are likely to occur due to the
relatively small number of observations, we nevertheless consider it reasonable to reject a
one-factor model of intergenerational income transmission. Using the residuals of unemployment and employment status as instrument variables results in lower estimates for the
intergenerational income elasticity compared to the corresponding OLS values. However,
the IV estimates do not significantly differ from zero in both countries and the results of
the Durbin-Wu-Hausman test do not support a rejection of the null hypothesis of equal
values for Germany. Nevertheless, Lefgren et al. (2012) show that an imperfect instrument
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Table 5: Instruments for the Structural Decomposition of Intergenerational Income Elasticity and
Rank Association
Years of
Education

Level of
Education

Educational
Attainment

Unemployment
Spell Residuals

Employment
Status Residuals

0.495***

0.527***

0.554***

0.188

0.390

(0.177)

(0.170)

(0.192)

(0.472)

(1.113)

0.280

0.150

0.203

0.280

0.280

172.750***

45.646***

64.575***

20.134***

8.141***

0.863***

0.899***

0.869***

0.341

0.401

(0.146)

(0.160)

(0.160)

(0.288)

(0.289)

0.006

0.006

0.014

0.006

0.006

177.933***

44.121***

60.834***

38.364***

31.282***

Germany
Father’s Income

p-value of Bootstrapped
Durbin-Wu-Hausmann Test
First-Stage F-statistic
United States
Father’s Income

p-value of Bootstrapped
Durbin-Wu-Hausmann Test
First-Stage F-statistic

Source: SOEP (1984-2013), PSID (1984-2013).
Note: PSID and SOEP Sample without annual imputed individual labor earnings data are applied. Estimations are based on a lower
annual earnings limit of 1200 Euro/US-Dollar. Controls include: Birth cohort of fathers and sons and number of valid annual income
observations of the sons. Standard errors are clustered at family level and estimated by paired bootstrapped approach with 1000
replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

for luck, that is a valid measure for an upper bound of π1 , is sufficient. In Germany, the
insignificant difference might be due to the small number of observations. Thus, we suggest
that the one-factor model of intergenerational income transmission should still be rejected.
Furthermore, these instrument variable estimates can be used as plausible values for the sum
of the parameters π1 + π2 of the structural model, since they isolate the variation in fathers’
permanent income due to human capital.
Within the structural approach, the intergenerational income elasticity is a function
of paternal financial resources (π1 ), fathers’ transmission of human capital (π2 ), and the
explained variance of the fathers permanent income due to their human capital levels
(R2 ). Once two components of the model are given or estimated, the third factor can be
determined. Thus, there are two alternative approaches to calculate the endowment and
investment effect. First, a suitable measure of the lower bound of the sum π1 + π2 is required,
in order to detect the variation in the fathers’ permanent income only on account of human
capital. Since the results for the various human capital variables are of equal size, we
decide to use fathers’ years of education as an instrument to establish a lower bound for
π1 + π2 . In order to obtain an upper bound for π1 , we use fathers’ unemployment residuals,
because the respective IV estimates for both Germany and the United States are smaller
than those obtained with fathers’ employment status residuals. Once these two components
are estimated and combined with the OLS estimates, the fraction of the fathers’ income

.

IV
IV
IV
attributable to solely human capital R2 = β̂ OLS − β̂lk
β̂hc
− β̂lk
can be calculated via
equation (7). The structural decomposition suggests an upper bound for the mechanistic
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effect of a father’s financial resources (π1 ) of 0.19 in Germany and 0.34 in the United States
(see Table 6). In contrast, the estimated lower bound for the mechanistic effect of father’s
Table 6: Structural Decomposition I of Intergenerational Income Elasticity and Rank Association

Germany

United States

π1

π1 + π2

π2

R2

Endowment
Effect

Investment
Effect

0.188

0.495***

0.307

0.466

0.432

0.568

(0.472)

(0.177)

(0.520)

(30.265)

(1.712)

(1.712)

0.341

0.863***

0.523*

0.278

0.299

0.701

(0.288)

(0.146)

(0.317)

(4.456)

(0.543)

(0.543)

Source: SOEP (1984-2013), PSID (1984-2013).
Note: PSID and SOEP Sample without annual imputed individual labor earnings data are applied. Estimations are based on a lower
annual earnings limit of 1200 Euro/US-Dollar. Controls include: Birth cohort of fathers and sons and number of valid annual income
observations of the sons. Standard errors are clustered at family level and estimated by paired bootstrapped approach with 1000
replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

human capital (π2 ) is substantially higher with a value of 0.31 in Germany and a value of
0.52 in the United States. Combining these estimates with the respective OLS estimator,
an upper bound for the investment effect in Germany of 57 percent is obtained, while the
value of 70 percent for the United States is markedly higher. Consequently, a lower bound
for the endowment effect is estimated to be 43 percent in Germany and 30 percent in the
United States. However, the investment and endowment effects are insignificant for both
countries. Overall, the direct estimation of π1 suffers from two problems. On the one
hand, constructing a valid instrument for the luck component of father’s income within
the given data set turns out to be somewhat problematic. On the other hand, the relatively
small number of observations produces high standard errors of the estimation parameters.
Nevertheless, the values are in line with the results of the linear descriptive decomposition.
In order to avoid the direct estimation of π1 , an alternative bounding procedure is employed. While a lower bound for the sum π1 +π2 is again estimated using fathers’ years of education as an instrument for human capital, a lower bound for R2 is now directly drawn from a
Mincer regression of father’s income on his level of education, occupation, and industry. Thus,

.

IV
1 − R̂2
in combination with the OLS estimate an upper bound for π1 = β̂ OLS − R̂2 · β̂hc

.

IV
and a lower bound for π2 = β̂hc
− β̂ OLS
1 − R̂2 can be calculated using equation (7). This
approach produces more precise coefficients for the United States. The same is true for the
variation of father’s income due to human capital in Germany, however, the results for the
investment and endowment effect are insignificant (see Table 7). The second decomposition
yields an upper bound for π1 of 0.20 in Germany and 0.34 in the United States. The estimation of the extended version of equation (3) gives a lower bound for R2 of 45 percent in
Germany and 27 percent in the United States. Consequently, a lower bound for the π2 is
estimated to be 0.30 in Germany and 0.52 in the United States. In both countries, the upper
bound for the investment effect slightly increases to 59 percent in Germany and 71 percent
in the United States. Hence, the obtained lower bounds for the endowment effect slightly
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Table 7: Structural Decomposition II of Intergenerational Income Elasticity and Rank Association

Germany

United States

π1

π1 + π2

π2

R2

Endowment
Effect

Investment
Effect

0.196

0.495***

0.299

0.452***

0.409

0.591

(0.159)

(0.177)

(0.285)

(0.050)

(0.497)

(0.497)

0.344***

0.863***

0.519***

0.273***

0.292**

0.708***

(0.094)

(0.146)

(0.184)

(0.039)

(0.127)

(0.127)

Source: SOEP (1984-2013), PSID (1984-2013).
Note: PSID and SOEP Sample without annual imputed individual labor earnings data are applied. Estimations are based on a lower
annual earnings limit of 1200 Euro/US-Dollar. Controls include: Birth cohort of fathers and sons and number of valid annual income
observations of the sons. Standard errors are clustered at family level and estimated by paired bootstrapped approach with 1000
replications. *** p < 0.01, ** p < 0.05, * p < 0.1.

decrease to 41 percent and 29 percent, respectively. Overall, the obtained values are very
similar to the first structural approach. In total, the results of the structural decompositions
support the findings of the descriptive decompositions with an investment and endowment
effect of approximately equal size in Germany and a significantly higher investment effect in
the United States. Thus, we conclude that sons in the United States are more reliant on the
financial resources of their fathers, whereas the transmission of human capital within the
family is more substantial in Germany.

5

Conclusion

There has been vast research on and interest in the intergenerational transmission of economic
status in the last years. Estimates of the intergenerational income elasticity for developed
and developing countries differ widely sometimes, leading to the question of the origins
and mechanisms of intergenerational income transmission. Therefore, determining the
relative importance of the transmission channels of the intergenerational income elasticity is
crucial for understanding social mobility and designing government policy in areas such as
redistribution and education. Utilizing harmonized income data from the United States and
Germany, we estimated the relative importance of the transmission of financial resources
and endowments within the family. By applying a descriptive decomposition technique, we
detect a higher endowment effect in Germany than in the United States, whereas the opposite
is true in case of the investment effect. Furthermore, there is a slight positive trend of the
endowment effect across the income distribution in the United States, whereas no clear trend
can be confirmed in Germany. Since path analysis measure rather correlation than causalities
due to the strict exogeneity assumption of the error terms, a more structural approach has
been applied to check the results of the twofold decompositions. However, the overall results
are similar when both the investment and endowment transmission channel are instrumented
with suitable instruments from the fathers’ employment history and educational level. In the
United States the endowment effect account for about 30 percent of the intergenerational
22

transmission of income, whereas in Germany a family’s endowments contribute between
40 and 45 percent to the intergenerational income elasticity. Although these results are in
line with the findings of the descriptive decompositions, they have to be interpreted with
caution, since solely the estimates for the United States in the structural decomposition II
are significant. Nevertheless, the large cross-country difference in the contribution of the
transmission channels emphasizes that it is not the level of the intergenerational income
elasticity, but rather the relative importance of the underlying mechanisms, that has to be
decisive for policymakers. The greater contribution of endowments to the intergenerational
income mobility in Germany indicates that an increase in intergenerational income mobility
can be more effectively achieved through educational policies that enhance the environmental
transmission. In contrast, the large investment effect in the United States calls for more
financial subsidies that promote the human capital accumulation of children from lowincome families.
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Appendix
Figure 3: Intergenerational income elasticity and educational persistence along the income distribution
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Notes: Estimates are based on the PSID and SOEP sample without imputed annual labor earnings data.

29

70

80

Table 8: Nonlinear threefold decomposition
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Notes: The table contains estimates of intergenerational income elasticity β and educational persistence γ for the PSID and SOEP
sample without annual imputed individual labor earnings data. Intergenerational income elasticity estimates are based on a lower
annual earnings limit of 1,200 Euro/US dollar. Standard errors are clustered at the family level and are estimated by paired bootstrapped approach with 1,000 replications. *** p < 0.01, ** p < 0.05, * p < 0.1.
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