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1 General introduction

The economic well-being of individuals and households is determined by their core resources
income and wealth. Private wealth fulfills a multitude of functions for individuals and
households, that go well beyond the utility derived from consuming parts or all of the
regular income. Davies and Shorrocks (2000) name a few: private wealth is useful for
consumption smoothing, households prepare themselves for shocks and expected low
income periods (precautionary savings, old-age protection); it is also accumulated to
make bequests to the descendants; large fortunes are associated with both economic and
political power. Hauser (2007) refines the purposes of wealth even further: individuals
generate capital income from their investments directly for consumption; parts of the
wealth portfolio, such as real property, directly benefit their holders through their usage;
wealth signals status and wealth indicates a household’s position, its upward mobility; and
lastly, it also benefits the socialization of children through better education. It is telling,
then, that private wealth is much more unequally distributed than disposable incomes
(Figure 1.1).

According to the OFECD Wealth Distribution Database and Income Distribution Database,
which includes 18 OECD countries, the average share of household disposable income in
the top decile is roughly 25 %, whereas the richest wealth decile holds more than 50 % of
all assets (see also OECD, 2015). Data suggest that these estimates are conservative with
respect to many countries such as the United States (Bricker et al., 2014) or Germany
(Westermeier and Grabka, 2015). Evidence about the distribution of incomes in Germany
seems to be readily available from survey data and published on a regular basis (see

Goebel et al., 2015), and even top incomes appear to be represented well in surveys
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Figure 1.1: Distributions of household disposable income and net worth across deciles.
Average over 18 OECD countries. Source: OECD Wealth Distribution Database and OECD In-
come distribution data base, OECD (2015).
(Bartels and Schroder, 2016). It is considerably more difficult to adequately map the asset
holdings of households due to the skewness of its distribution. However, evidence about
the distribution of wealth and its development in the long run are supposed to be core
criteria for decision makers in social policy.

There are alternatives to survey data, such as register data (Waldenstréom, 2016) and
evidence from wealth or inheritance tax statistics (Henrekson and Waldenstréom, 2016).
Researchers also draw conclusions from capitalized incomes reported by taxpayers (Saez
and Zucman, 2016). However, in Germany the wealth tax was abandoned in 1997, after the
German Federal Constitutional Court (Bundesverfassungsgericht) rightfully criticized its
inconsistent taxation of real property and other assets in 1995. In effect, even for the time
period up to 1997, the tax data are hardly useful for researchers, as deviating definitions
and assessment rules do not match with research agendas and would paint a biased picture
(Bartels and Bonke, 2015). Alternatively, an official statistics of inheritances and gifts is
available, as wealth transfers still are subject to taxation in Germany (Bach et al., 2014b;
Bach and Thiemann, 2016). However, a closer look reveals that the tax statistics only
records the aggregate of taxable wealth (Reinnachlass). The taxable wealth accounts for
a mere fraction of the actually transferred assets, as only transfers exceeding a certain

amount—corresponding to generous high tax allowances—are subject to taxation in the first



place.

The launch of an income and consumption sample (Einkommens- und Verbrauchstich-
probe EVS) by the Federal Statistical Office would have presented researchers with an
opportunity to access micro data on private wealth from 1978 onwards. However, a major
drawback is that until 1993 real property was valuated with a uniform price (Einheitswert)
instead of market values resulting in limited comparability (Statistisches Bundesamt, 2014).
Furthermore, if the income exceeds a certain threshold, households are excluded from the
sample, severely limiting the usability of the sample for the analysis of highly concentrated
net worth. A time series on aggregate private wealth published jointly by the German
Federal Statistical Office and the German Federal Bank (Statistisches Bundesamt, 2013) is
available from 1991 onward. However, it also includes the private non-profit sector and real
property is evaluated with replacement values, which frequently deviate from the market
values (Grabka and Westermeier, 2015). Once decidedly favorable official data sources
such as register data or wealth tax data are dried up, household survey data remains as
an empiricist’s last resort.

This thesis consists of four research papers, two of which are setting out to improve the
survey data situation, and two of which consider the joint distribution of wealth and wealth
transfers, in order to assess the possibilities and boundaries of inheritance data collected
in surveys. In Chapter 2, it is shown, by means of a simulation project similar to Watson
and Starick (2011), how the process of multiply imputing for item non-response might be
adjusted to account for very unequally distributed wealth assets. Adjusting for item non-
response, however, is not enough to compensate for missing high-net-worth-individuals in
the data. Once wealthy households are missing from the data, due to either non-observation
bias (Eckerstorfer et al., 2015) or systematic unit non-response (Kennickell, 2007, 2009;
Bover et al., 2014; Vermeulen, 2014), top wealth shares and aggregates calculated from
survey data are biased downward. Chapter 3 sets out to guide empiricists through several
cures that have been proposed to counter the absence of the wealthiest households. In

Chapter 4 the joint distribution of wealth and wealth transfers, as recorded by a new
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German household survey, is exploited to assess the role of inheritances and gifts for the
current distribution of household net worth. In the fifth chapter of this doctoral thesis,
the scope is widened to assess the role of inheritances and gifts for households’ financial
situation in a European cross-country comparison and focusing on the correlation between

wealth transfers and both disposable income and education.

1.1 Wealth

Statistical analysis in surveys is generally facing missing data. The second chapter, entitled
‘Longitudinal wealth data and multiple imputation — An evaluation study’, is dedicated
to the successful imputation of missing items in survey wealth data. As in longitudinal
studies for some missing values there might be past or future data points available, the
question arises how to successfully transform this advantage into improved imputation
strategies. In a simulation study, six combinations of cross-sectional and longitudinal
imputation strategies for wealth panel data are compared. The imputation quality is
assessed using wealth data collected for the German Socio-Economic Panel study (SOEP)
from waves 2002, 2007 and 2012 (Frick et al., 2007, 2010b; Grabka and Westermeier,
2014). The simulation data sets are generated by blanking out observed data points: item
non-response is induced by a missing at random (MAR) and two differential non-response
(DNR) mechanisms. Three imputation methods are considered: a state-of-the-art multiple
imputation using chained equations (MICE, see for instance Royston, 2004 and van Buuren
et al., 2006), an imputation procedure for panel data known as the row-and-column method
(Little and Su, 1989) and a regression prediction with correction for sample selection. The
regression and MICE approaches serve as fallback methods if only cross-sectional data is
available.

The contribution of this chapter to the literature is manifold. First, single imputation
proves to have undesired properties, because the uncertainty reflected by the respective
parameters based on a single stochastic imputation is likely to be biased downwards, since

the estimators treat the imputed values as if they were actually observed ones (Rubin,



1.1 Wealth 5

1986, 1987). Yet, many surveys still address missing values with single imputation methods
(e.g. wealth in the Panel Study of Income Dynamics, 2011; income variables in the SOEP,
see Frick and Grabka, 2005). The drawbacks of case-wise deletion strategies have been
well documented (Little and Rubin, 1987). Multiple imputation addresses this issue. In
many ways this work is a follow-up study to the evaluation study of single imputation
methods for income panel data conducted by Watson and Starick (2011). However, apart
from their focus on income variables there are quite a few more differences: they only
consider the MAR assumption as a non-response generating mechanism, an issue that is
addressed in this study. Furthermore, they focus on single imputation methods and leave
it to other researchers to evaluate the performance of multiple imputation methods.

Despite a lack of theoretical justification, the US Survey of Consumer Finances (Kennick-
ell, 1991) and its European counterparts in Spain or France apply imputation procedures
similar to MICE for the imputation of cross-sectional wealth variables (see Bover, 2004).
Since the initiative for a harmonized European panel survey on household finances started
(see European Central Bank, 2013a,b), the question of how to impute for missing wealth
items in panel data is of renewed interest.

As Chapter 2 shows, the univariate row-and-column method by Little and Rubin (1987)
performs surprisingly well considering the cross-sectional evaluation criteria. For trend
estimates and the measurement of inequality, combining MICE with the row-and-column
technique regularly improves the results based on our catalogue of six evaluation criteria
including three separate inequality indices. As for wealth mobility, two additional criteria
show that a model based approach, such as MICE, might be the preferable choice. Overall
the results show that if the panel variables, which ought to be imputed, are highly skewed,
the row-and-column technique should not be dismissed beforehand.

However, once a cure for item non-response is found, survey wealth data quickly shows

its next chronic disease: survey data tends to be biased towards the middle class.! In the

1 The term ‘middle class bias’ is typically associated with income variables as documented in Riphahn
and Serfling (2005) or Frick and Grabka (2005).
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third chapter, entitled ‘Estimating top wealth shares using survey data — An empiricist’s
guide’, we take into consideration that survey data often fails to adequately cover the
highly relevant group of multi-millionaires and billionaires, which in turn results in biased
estimates for both aggregate wealth and top wealth shares, and yields large corridors of
uncertainty (see Westermeier and Grabka, 2015). In order to overcome the under-coverage
and obtain more reliable measurements of wealth inequality, researchers are simulating the
tail of wealth distributions using Pareto distributions both with and without information
on high-net-worth-individuals from rich lists (see Bach et al., 2016 and Vermeulen, 2016
for recent examples). In a series of Monte Carlo experiments, this chapter assesses the
determining factors for such an exercise to yield reliable results. The contribution of this
chapter is to shed light on some aspects of enhancing survey data using Pareto simulated
tails that previously have been neglected.

First, aggregate private wealth and top wealth shares are estimated under conditions
typically encountered by empiricists. It is shown that wealth data, which is plagued by
differential non-response, as opposed to a non-observation bias, might not be treated with
a simple maximum likelihood estimation of the top tail based on survey data alone (as
in Eckerstorfer et al., 2015), as estimates are still inherently biased downward. Including
rich list data and switching to a regression estimation (as in Bach et al., 2014a, 2016
or Vermeulen, 2014, 2016) impacts top wealth shares, but the aggregate wealth remains
biased downward. In the last step of the simulation, it is show what potential effects are
to be expected, if publishers of rich lists data systematically overestimate the top fortunes
as suggested by Raub et al. (2010). Overall, all empirically encountered estimations of the
aggregate wealth and top wealth shares using corrected data yield inherently biased results,
once the survey weights are uninformed and no additional data is available for calibration.
In an application using German survey wealth data, it is shown that re-weighting the
provided frequency weights based on exogenous information possibly affects the estimates
more severely than choosing the right parameters of the Pareto distribution. However,

three separate empirically derived functional forms of non-response yield wildly different
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estimates. The validity of exogenous data—and the rich list data—remains a matter of trust

on the part of the empiricist.

1.2 Inherited wealth

In Germany, taxes on inheritances and gifts are virtually regressive due to its comprehensive
exemptions on large assets (Bach and Thiemann, 2016). Research suggests that saving
rates from income and intergenerational wealth transfers (inheritances and gifts) are two
key determinants of wealth held by private households (Davies and Shorrocks, 2000);
accordingly, we observe a surge in research on inherited wealth over the last few years
(Semyonov and Lewin-Epstein, 2013; Arrondel et al., 2014; Mathé et al., 2014; Fessler
and Schiirz, 2015). A key point since the 1980s is the debate over which of the two
determinants contributes more to the current net worth of private households (Modigliani,
1986, 1988; Kotlikoff and Summers, 1981; Kotlikoff, 1988). Recent research stresses
that intergenerational transfers are a dominant factor for households’ positions in the
distribution of wealth (Piketty, 2011, 2014; Piketty and Zucman, 2015), thus fueling a
discussion about the legitimacy of wealth without effort. Figure 1.2 depicts the inheritance
flow in France, Germany and UK as reported in Piketty and Zucman (2015), himself
drawing from works by Schinke (2013) for Germany and Atkinson (2013) for Britain. The
inheritance flow as a percent of national income suggests that after two economic shocks
due to World War I and II the inheritance flows are rebounding to their former levels since
the 1980s.

The fourth chapter ‘Breaking down Germany’s private wealth into inheritance and
personal efforts — A distributional analysis’ investigates the role of inheritance in the
distribution of wealth in Germany. Recently collected survey data from the German Panel
on Household Finances (PHF)? allows to compute inheritance-wealth ratios for various

quantiles based on several assumptions concerning the capitalization of past bequests and

2 For an overview of PHF waves 1 and 2 see Deutsche Bundesbank (2013, 2016).
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Figure 1.2: Inheritance flow in France, Germany and UK, 1900-2010.

Source: Piketty and Zucman (2015, p. 1339).
gifts. Traditionally, the classic methodology introduced by Kotlikoff and Summers (1981)
and Kotlikoff (1988) was opposed by Modigliani (1986, 1988). The former proposed to
capitalize past inheritances and gifts and compute the inheritance-wealth ratio. The latter
proposed to merely adjust past inheritances and gifts for inflation before computing the
inheritance-wealth ratio. However, none of the two concepts provided researchers with
a satisfying formula to compute inherited wealth as a percent of net worth—and their
application yields wildly different results. Thus, in Chapter 4 the analysis relies on a new
approach by Piketty et al. (2014), which we deem superior to the prior approaches, as it
divides households into ‘rentiers’ and ‘savers’. As rentiers consumed more than they would
have been able to from their labor income alone, their inheritance-wealth ratio is 100 %,
which cannot be exceeded by any household. This is the major advantage of the method
as compared to both Kotlikoff and Summers (1981)/Kotlikoff (1988) and Modigliani (1986,
1988), as these approaches allow single households, or whole (sub-)populations to have
inherited more than 100 % of their current net worth.

However, as shown in Chapter 3, the results based on survey data might be severely
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biased to the middle class. The PHF markedly improves the data situation with regard to
wealth and inheritances in Germany, but it still applies that participation is voluntary and
false information is not penalized. It is reasonable to assume that particularly the richest
one percent of the population concentrates large fortunes and inherits fundamentally
different portfolios of assets (primarily valuable business assets). Therefore, in another
exercise, we assume that the results for the bottom 99 % of the households are intact
and combine them with exogenous sources for wealth (Vermeulen, 2014) and inheritance
(Piketty and Zucman, 2015) for the overall population, thus, assessing the role of inherited
wealth for the top percentile anew.

Our results indicate that wealth inequality below the top-1% is hardly affected by
inheritances: the share of inheritances in wealth is about one third on average and it does
not change much across quantiles of the wealth distribution. We also find that retirees
exhibit similar inheritance-wealth ratios to the whole population. Additionally, including
pension wealth reduces the significance of past wealth transfers for the poorer wealth
deciles in particular, whereas the pension wealth of the upper middle class or the upper
class reduces the ratio only by a few percentage points. The findings for the upper class
are not the result of the low interest rate: we modify this assumption and assume that the
top-1% might invest into risky stock markets with higher returns. We find that not until
an equity risk premium of 9 % would their inherited wealth share align with the value
observed for the middle class. However, the combination of PHF data with alternative
sources arrives at a much higher inheritance-wealth ratio for the wealthiest: more than 80
% of their wealth might be inherited.

The fifth chapter ‘Comparing the joint distribution of intergenerational transfers, income
and wealth across the Euro area’ widens the scope of Chapter 4. We investigate the current
role of wealth transfers in the Euro-area (Austria, Belgium, France, (West) Germany,
Cyprus, Greece, Portugal, and Spain). Whereas harmonized data on household incomes
has been available and is used by researchers (Bénke and Schroder, 2014), the availability

of harmonized wealth data was limited before the Eurosystem Household Finance and
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Consumption Survey (HFCS)? was released, this is the first time that cross-country
comparisons focusing on Europe are possible. We also contribute to the literature by giving
an overview of the inheritance and gift taxation in each country. The chapter describes the
distribution of intergenerational transfers in the Euro-area in absolute terms and analyzes
the socio-demographic characteristic of heirs applying several regression analyses via logit
and OLS. Additionally, we analyze the role of past intergenerational transfers for current net
worth using recently established methods by Wolff and Gittleman (2014) and Piketty et al.
(2014) as well as fractional logit models that explain the relative importance of transfers
received, while controlling for several socio-demographic characteristics simultaneously.
The joint distribution of income and transfers reveals that the relationship between
income and the propensity to receive an inheritance or gift is higher in core Europe,
indicating less intergenerational mobility, whereas the correlation between income positions
and the capitalized present values of those transfers is high across the board. A series of
country-specific multivariate regressions confirms these findings and suggests that higher
education also goes hand in hand with higher absolute transfer values. As expected,
the present transfer values monotonously increase with household net worth. However,
when analyzing the capitalized present value as a percent of current net worth on the
household level we see some of the results reversed, as apparently the relative importance
of intergenerational transfers does not increase with the level of income or wealth. Using a
fractional logit regression we find that for higher income quintiles the ratio of current net

worth attributable to past intergenerational transfers tends to be decreasing.

1.3 Concluding remarks

In summary, Chapters 2 and 3 explore possibilities to improve the measurement of wealth
distributions with data collected in household surveys. The results concerning item non-

response in wealth surveys are encouraging. A different set of imputation methods might

3 For an overview of the first wave of HFCS data, harmonization and participating countries see European
Central Bank (2013a,b).
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improve the imputation quality for highly skewed variables such as wealth assets and
liabilities. The results concerning unit non-response—and differential non-response—are
decidedly less encouraging. The Monte Carlo experiments suggest that the methods
proposed so far, for correcting for the missing rich in household surveys, fail to yield
reliable results under empirically encountered circumstances. Top wealth shares and
aggregate wealth remain biased if the survey weights are uninformed about the actual
response probabilities. The findings emphasize the need to use exogenous information in
sample design. Moreover, they underline the present lack of exhaustive data sources and
constitute an appeal to tax authorities to cooperate more closely with researchers and
survey data providers.

This also applies to chapters 4 and 5 of this thesis. While the results for 99 % of the
households are firmly rooted in the empirical framework, there is reason to believe that
the top tail of the German wealth distribution is insufficiently covered by surveys such
as the SOEP or the HFCS, which in turn inhibits the computation of inheritance-wealth
ratios for the wealthiest households. HFCS data providers from France and Spain greatly
benefit from the stratification using tax registers, and are enabled to release superior data.
Chapters 4 and 5 suggest that in order to limit the tax burden to inherited wealth an
inheritance and gift tax is preferable to a wealth tax. For research purposes, only data
derived from the latter would yield sufficient evidence about the distribution of wealth
for the whole population. Wealth-related tax registers for scholarly use do not necessarily

increase the tax burden, however, as a 0% tax-rate would suffice.
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2 Longitudinal wealth data and multiple imputation

— An evaluation study

2.1 Introduction

Large-scale surveys are usually facing missing data, which poses problems for researchers
and research infrastructure providers alike. In longitudinal studies for some missing
values there might be past or future data points available. The question arises how
to successfully transform this advantage into improved imputation strategies. Single
imputation proves to have undesired properties, because the uncertainty reflected by the
respective parameters based on one single stochastic imputation is likely to be biased
downwards, since the estimators treat the imputed values as if they were actually observed
ones (Rubin, 1987, 1986).* Multiple imputation addresses this issue. Our study examines
the performance of several multiple imputation methods for the adjustment for item-non
response (INR) in wealth panel data. Wealth is considered a sensitive information that is
usually collected with rather high non-response rates compared to less sensitive questions
such as demographic variables like age, sex, migration status (e.g. Riphahn and Serfling,
2005; Frick et al., 2010b). In addition, there is a rather high state-dependency in terms of
ownership status of wealth components, which facilitates the consideration of longitudinal
information in the imputation process.

In many ways this work is a follow-up study to the evaluation study of single imputation

4 The drawbacks of case-wise deletion strategies have been well documented (Little and Rubin, 1987).
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methods for income panel data conducted by Watson and Starick (2011). They conclude
their study with a few remarks: future research should test the performance of imputation
methods under different assumptions concerning the non-response mechanism, an issue
that we are trying to address in this study. Furthermore, they focus on single imputation
methods and leave it to other researchers to evaluate the performance of multiple imputation
methods. Again, this is something we are tackling with this study. In our simulation study
we compare six combinations of cross-sectional and longitudinal imputation strategies
for German wealth panel data collected for the German Socio-economic Panel Study
(SOEP) in 2002, 2007 and 2012. We create simulation data sets by setting observed
data points to missing based on three separate non-response generating mechanisms. We
examine the performance of imputation models assuming the mechanisms are missing
at random (MAR) or the data suffers by differential non-response (DNR). We test the
performance of multiple imputation by chained equations (MICE, named after one of
the first popular implementations, see Royston, 2004). We test a univariate imputation
procedure for panel data known as the row-and-column method introduced by Little and
Su (1989). Additionally, we test a regression specification with correction for sample
selection including a stochastic error term, which was the standard imputation method for
the SOEP wealth data in survey waves 2002 and 2007.

The paper is organized as follows: Section 2.2 gives an overview of wealth surveys and
their imputation strategies and of item non-response in the SOEP wealth data, Section 2.3
describes how we generate simulation data sets with missing values from observed cases.
Section 2.4 explains the evaluation set-up in detail and the criteria we are choosing to
compare the imputation methods. In Section 2.5 we summarize the imputation methods
and discuss their strengths and weaknesses. Section 2.6 details the performance of these

methods using our simulated wealth data derived from the SOEP. Section 2.7 concludes.
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2.2 Wealth surveys and incidence of item non-response in SOEP wealth

data

Household panel surveys typically provide their users with imputed information. However,
such surveys differ with respect to the imputation strategies applied to address item
non-response and also in the way how available longitudinal information is incorporated.
In the following we present panel surveys, which collect wealth information, and their
imputation strategies. Their consideration might give useful clues for the imputation of
wealth data in this study.

The recently established Eurosystem Household Finance and Consumption Survey
(HFCS) is a household survey conducted in 15 euro area countries and organized by the
European Central Bank (ECB) (see European Central Bank, 2013b). This survey uses an
iterative and sequential regression design for the imputation of missing data, similar to the
sequential approach we evaluate in this paper (see Section 2.5.1). The method used by the
HFCS is adopted from similar surveys by the Federal Reserve Board and Banco de Espafia
(see Kennickell, 1991, 1998; Barcelo, 2006). The number of implicates provided by the
HFCS is five, which seems to be the generally agreed on number of imputations provided
with survey data.® In most of the participating countries the HFCS will be continued as a
panel study (see European Central Bank, 2013a). However, the sequential approach the
data providers are using has only been tried and tested in cross-sectional surveys thus far.
We argue that the evaluation of multiple imputation strategies for longitudinal wealth
data will increase in relevance in the future.

The Survey of Health, Aging and Retirement in Europe (SHARE) is a cross-national
panel survey including more than 85,000 individuals from 20 European countries aged
50 and older. SHARE also imputes data using a method that is similar to MICE (see
Christelis, 2011).

The Household, Income and Labour Dynamics in Australia Survey (HILDA) is a

5 The same number of implicates is also provided by e.g. the SCF, the SOEP, and SHARE.
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household-based panel study which collects information about economic and subjective
well-being, labor market dynamics and family dynamics in Australia (see Watson and
Mark, 2002). HILDA uses a combination of nearest neighbor regression imputation and
the row-and-column imputation, depending on the availability of longitudinal information
from other waves of the survey (Hayes and Watson, 2009). The US panel study of income
dynamics (PSID) is the longest running household panel survey, it started in 1968. The
PSID asks about nine broad wealth categories; INR is imputed using a single hot-deck
imputation technique, home equity is imputed using a simple carry-forward method (see
Panel Study of Income Dynamics, 2011).

The German Socio-economic Panel Study (SOEP)-the survey used for this study—is
a longitudinal representative survey collecting socio-economic information on private
households in Germany (Wagner et al., 2007). In contrast to other wealth surveys that
interview only one household representative, the SOEP collected wealth information
separately for all household members (with age 17 or older) in 2002, 2007 and 2012. This
survey strategy seems to be advantageous compared to collecting wealth information by
one reference person per household only, given that accuracy and comparability to official
statistics seem to perform better (Uhrig et al., 2012). One major drawback of this strategy
is inconsistency on the household level. Given that asset values held by several household
members can deviate from each other and may result in an even higher share of INR. The
major disadvantage of surveys collecting the data solely interviewing one reference person
is that the risk to overlook wealth, assets or debts of other household members increases.
However, the methods we test in this evaluation study can be easily applied to wealth data
collected at the household level, we do not expect the results to be significantly different in
such a set-up. The first wave of SOEP data was collected prior to the German reunification
in 1984 with 12,245 respondents. The original sample was eventually supplemented by
10 additional samples to sustain a satisfactory number of observations and to control
for panel effects. In 2002, an additional sample of high-income earners was implemented

(2,671 individuals), which is particularly relevant for the representation of high net worth
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individuals in the sample given that income and wealth is rather highly correlated. In
2012, more than 21,000 individuals were interviewed.

The SOEP wealth module collects 10 different types assets and debts: value of owner-
occupied and other property (and their respective mortgages), private insurances, building
loan contracts, financial assets (such as savings accounts, bonds, shares), business assets,
tangibles and consumer credits.

A filter question is asked whether a certain asset is held by the respondent, then the
market value is collected and finally information about the personal share of property is
requested (determining whether the respondent is the sole owner or, if the asset is shared,
the individual share).

The imputation of wealth data consists of three steps (for more information see Frick
et al., 2007, 2010b): First, the filter imputation determines whether an individual has
a certain asset type in his or her portfolio. These variables are imputed using logit
regression models. Second, the metric asset values are imputed. And third, a personal
share is imputed with logit regressions. In this simulation study we concentrate on item
non-response (INR) for the metric asset values.5

In Table 2.1 we summarize the observed INR incidences for the SOEP wealth data 2002,
2007 and 2012 for the metric values and the filter variables. The respective share of INR
varies between about zero for debts on other property and about 14 percent for private

insurances.

6 (Partial) unit non-response and wave non-response—persons or households dropping out of the sample
for a limited time or permanently—do not receive any imputation treatment in the person-level SOEP
wealth data. Unit non-response generally is addressed by survey weighting procedures (see Kalton,
1998).
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Table 2.1: Item non-response rates in SOEP Wealth Questions.

missing share of  missing share of
Wave Type of wealth question filter missing  (metric) missing
information filter in %  values* values® in %
gross home market value 83 0.48 1,104 4.60
wealth other property 227 0.79 453 1.90
financial assets 418 1.89 1,822 7.63
building-loan contract (in 2002 together with private insurances)
2002 private insurances 333 1.53 3,308 13.85
(n=23,892) business assets 243 1.15 350 1.46
tangible assets 373 1.70 592 2.48
gross debts owner-occupied property - - 63 0.26
debt debts other property - - 6 0.00
consumer credits 251 1.19 366 1.53
gross home market value 139 0.67 1,093 5.23
wealth other property 178 0.85 364 1.74
financial assets 239 1.14 1,931 9.25
building-loan contract 187 0.90 921 4.41
2007 private insurances 221 1.06 2,781 13.32
(n=20,886) business assets 177 0.85 290 1.39
tangible assets 199 0.85 214 1.02
gross debts owner-occupied property - - 179 0.86
debt debts other property - - 40 0.19
consumer credits 180 0.86 212 1.02
gross home market value 308 1.68 958 5.22
wealth other property 350 1.91 341 1.81
financial assets 470 2.56 1,469 8.00
building-loan contract 349 1.90 812 4.42
2012 private insurances 390 2.12 2,385 12.99
(n = 18,361) business assets 344 1.87 270 1.47
tangible assets 402 2.19 196 1.07
gross debts owner-occupied property - - 276 1.50
debt debts other property - - 53 0.29
consumer credits 395 2.15 219 1.19

(*) Note that the absolute number of missing metric values, as well as the share, is determined by the sample
members who did report that they are holding a certain asset type and could not or refuse to provide a value,
it excludes all members who did not report filter information, which has yet to be determined in a separate
pre-value imputation. That is why for some variables with a low incidence (such as business assets) the filter
information is missing for more individuals than the metric value.

2.3 Simulating non-response

The first step in every imputation procedure that accounts for INR in a data set is to make
an assumption concerning the non-response mechanism, which may be either explicitly
formulated or implicitly derived from the imputation framework. The commonly used
framework for missing data inference traces back to Rubin (1976), who differentiates the
response mechanism for three assumptions: Missing Completely At Random (MCAR),

Missing At Random (MAR) and Missing Not At Random (MNAR). If the observation is
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assumed to be MCAR the probability of an observation being missing does not depend
on any observed or unobserved variables. With MCAR, excluding all observations with
missing values yields unbiased estimators, but also results in a loss of efficiency. Under
MAR, given the observed data, the missing values do not depend on unobserved variables.
That is, two units with the same observed values share the same statistical behavior on
other variables, whether observed or not. If neither of the two assumptions holds, the data
is assumed to be MNAR: the response status is dependent on the value of unobserved
variables (e.g. the missing value itself) and cannot be accounted for by conditioning on
observed variables.

The most commonly used assumption about the non-response mechanism is MAR.
However, ‘as with other statistical assumptions, [...] the missing at random assumption
may be a useful approximation even if it is believed to be false’ Allison (1987, p. 77).
Thus, we focus on the evaluation of the imputation methods described in Section 2.5 only
assuming MAR and two variants of MNAR. We focus on three components of the asset
portfolio covered by the SOEP: home market value, financial assets and consumer credits.
Home market value is easily the most important component in the average wealth portfolio
in Germany. Financial assets are subject to both comparatively high non-response rates
and rather high incidences. Additionally, regression models for the home market value
tend to yield a good model fit, whereas models for financial assets tend to have a relatively
poor model fit (Frick et al., 2007). We choose consumer credits as the third component
to cover in this study, because it exhibits rather low incidences and modeling for both
response and asset value tends to fare mediocre; the reason being that the imputation
cannot rely on a high number of sound co-variates given that the SOEP does not collect
additional information about this type of liability in comparison to other assets.

A large pool of fully observed observations remains after blanking out all INR cases,
which turns out to be useful for the creation of simulation data sets. Depending on
component and wave there are between 2 291 and 8 103 nonzero asset values (see the

sum of ‘Number to be imputed’ and ‘Nonzero observations’ in Table 2.1). Since it is not
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possible to compare imputed values with the true ones in our imputation set-up, we need
to go one step back and create a simulation data set. Basically, we estimate a set of logit
regression models for the non-response mechanism based on the full data set including all
observations with empirically missing data.

The variables included in the non-response models are the employment status und
the total personal income, the interview mode, a set of socio-demographic variables (e.g.
gender, age, number of children, years of schooling, region) and a rather small set of
supplemental economic indicators (e.g. financial support received). Additionally, a set of
dummies indicate non-response in other wealth components in the same survey wave and
a lag (or lead) dummy variable indicates non-response of the same variable in one of the
other waves as state-dependency matters for INR in subsequent waves (Frick and Grabka,
2005). The simulation data sets, then, are generated by taking all complete cases of one
wealth variable and one wave and predicting missingness based on the non-response models
and conditional on non-response in other wealth variables and in other waves as already
predicted. In order to fully generate the same patterns of missing values, depending on
missingness in other variables and waves in the simulation data set, we need to update the
prediction in a second sequence.

However, since then the predicted probability that the value of a certain wealth compo-
nent is missing is highly dependent on whether the value has been observed in any of the
two other waves, the share of observations in our simulation data sets with non-response
in every wave was too high compared to the original dataset, as the information on the
response status in other waves is the most important predictor. Therefore we added a small
stochastic component to the predictions to incorporate uncertainty. After the addition of
this random error terms the share of observations for which information from the other

two waves is available for longitudinal imputation is approximately the same as in the
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original datasets.”

Table 2.2 displays the McFadden R? for the non-response models under MAR, the
number of observations with missing values and the number of nonzero observations for
the simulation assets and waves. Note that the number to be imputed is fixed at around
10 percent of all valid nonzero observations, which is a rather high non-response incidence
for home market value and consumer credits. The share of missing values for questions
concerning the financial assets tends to be higher than 10 percent. However, the majority
of our performance criteria are not affected by the share, as the focus is on the differences
between imputed and observed data sets using only the respective imputed cases.

However, to assume the (non-)response mechanism is fully explained once we conditioned
on observed variables may be putting things too simple. Thus, we simulate two additional
response mechanisms under the assumption of differential non-response: in two different
set-ups we assume that the probability to provide the value of a certain asset depends on
the value itself. The empirically observed relationship between non-response incidence and
the corresponding values tends to be U-shaped, which is better documented for income
questions than it is for wealth questions: In fact, Frick and Grabka (2005) state that the
incidence for non-response of a component of the post-government income for the lowest
and highest income deciles is between 28 and 60 percent higher than for the fifth and sixth
income deciles. Additionally, characteristics that are typically observed for low income
and low wealth households, such as level of schooling and part time employment, have
significant explanatory power in non-response models (Riphahn and Serfling, 2005). As
Kennickell and Woodburn (1997) conclude with U.S. wealth data, the higher the household

wealth is, the higher the probability that the household refuses to participate.®

7 Sequentially inducing non-response across several waves, assets and NR assumptions is a lengthy and
complex exercise; the code for this section as well as Sections 2.4 and 2.6 is available to researchers,
we urge our readers to not hesitate to contact us, if anything is unclear. The code covering the data
preparation and imputation is based on the imputations of waves 2002 and 2007 and even lengthier;
as it would be a massive undertaking to provide it with decent commentary, it is available from the
authors upon request.

8 Vermeulen (2014) gives a comprehensive overview of the potential effects of differential non-response
for high-net-worth-individuals on the measurement of inequality in the European HFCS survey data.
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Table 2.2: Descriptive statistics for observed and simulated data (#1).

INR Wave McFadden Mean Number Nonzero Coefficient
assumption R? in € to be observations of
imputed Variation

Observed 2002 Home market value - 243,769 - 7075 0.731
Financial assets - 39,798 - 8103 3.209

Consumer Credits - 26,544 - 2088 4.792

2007  Home market value - 237,508 - 6775 0.762

Financial assets - 40,114 - 8377 3.651

Consumer Credits - 17,935 - 2978 2.850

2012  Home market value - 230,613 - 6164 0.726

Financial assets - 44,740 - 7377 2.901

Consumer Credits - 16,866 - 2552 4.911

MAR 2002 Home market value 0.595 225,724 707 6368 0.773
Financial assets 0.410 44,921 810 7293 2.026

Consumer Credits 0.524 26,475 208 1880 1.733

2007  Home market value 0.518 214,858 677 6098 0.746

Financial assets 0.391 54,026 837 7540 6.060

Consumer Credits 0.618 16,191 297 2681 2.048

2012 Home market value 0.540 202,057 637 5527 0.789

Financial assets 0.406 59,015 737 6640 3.010

Consumer Credits 0.597 18,689 255 2297 1.871

DNRI 2002 Home market value - 204,609 716 6359 0.634
Financial assets - 15,762 808 7295 1.894

Consumer Credits - 10,168 176 1912 1.801

2007  Home market value - 190,218 692 6083 0.756

Financial assets - 11,242 809 7568 2.917

Consumer Credits - 6,190 301 2677 2.304

2012  Home market value - 195,064 636 5528 0.873

Financial assets - 11,287 773 6604 2.306

Consumer Credits - 6,682 256 2296 1.871

DNRII 2002 Home market value - 283,085 760 6315 0.705
Financial assets - 73,853 805 7298 2.253

Consumer Credits - 39,505 209 1879 1.748

2007 Home market value - 284,654 637 6138 0.800

Financial assets - 75,950 858 7519 2.690

Consumer Credits - 41,856 309 2669 2.334

2012 Home market value - 301,754 626 5538 0.924

Financial assets - 84,956 763 6614 2.629

Consumer Credits - 36,835 261 2291 6.917

Source: SOEP v29, the number of observations to be imputed in the simulated data sets vary slightly
around 10 percent of the nonzero observations in the observed data sets, as the exact number of missing
values in each data set depends on a stochastic components under both MAR and DNR. Likewise, the
exemplary results here for MAR, DNR1 and DNR2 are from #1 of the randomly generated data sets.
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Under the assumption that wealth components share a similar non-response behavior,
we assume in the DNR1 data sets that the probability that a value is missing is the higher,
the lower the true value is (i.e. differential non-response at the bottom of the distribution).
In the DNR2 data sets, we assume the contrary, the higher the actual value of the asset
the higher is the probability that the value is missing. Table 2.2 compares the effects on
the mean and the coefficient of variation of one of the respective generated simulation
data sets. Consequently, the means for the observations to be imputed in the DNR1 data
sets are substantially lower, whereas in the DNR2 data sets they are substantially higher
than in the data sets containing all observed cases.

As all non-response generating mechanisms have a stochastic component, we can easily
repeat the steps involved for each assumption to generate 1 000 simulation data sets per
item non-response assumption. Those 1 000 data sets are imputed separately using each
of the six imputation methods presented in Section 5, yielding in total 3 x 6 x 1 000

imputation procedures.

2.4 Evaluation criteria

Our evaluation criteria differ from those of Watson and Starick (2011); we focus on a
set of 8 instead of 11 criteria applied by the authors. We divide the main applications
of wealth data into three sections. (I) Cross-sectional analyses focus on point estimates,
trend and distributional analyses. (II) Inequality measurement focuses on the computation
of the GINI coefficient and other inequality indices. (III) Longitudinal analyses focus on
wealth mobility. (I) and (II) are rather closely related and should be adequately replicated
by the imputation procedure. (III) is an additional focus, which we tackle in a separate
evaluation. We divide the criteria into two subsets to account for the comparatively higher
importance of wave-specific trend and inequality analyses (six criteria in Section 2.4.1)
compared to rare analyses that specifically make use of the panel structure of the data
(two additional longitudinal criteria in Section 2.4.2). Ultimately, an ideal imputation

model would account for cross-sectional, longitudinal and inequality accuracy.
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Generally, multiple imputation is supposed to yield valid inference as, in comparison to
single imputation, the parameters calculated using imputed data do not exhibit biased
standard errors. Thus, in the last step of this evaluation we assess the impact of the
imputation methods on statistical inference. We compute the relative bias of standard

errors (2.1) and compare the results by non-response assumption, method and asset.

o X (SE®0); —SE(§)>
SE0) = = 2.1
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A

SE(0) is the empirical standard error of the mean calculated using the originally observed
data, SE(@) ;j is the standard error of the mean calculated using the j-th replication of

imputed data. Hoogland and Boomsma (1998) suggest that the bias shall not exceed 5%.

2.4.1 Wave-specific evaluation criteria

Finding suitable evaluation criteria for multiple imputation is challenging. Most criteria
applied by Watson and Starick (2011) are not applicable to the task at hand, as they would
be heavily biased in favor of a replication of the observed value; for instance, an evaluation
of the correlation between observed and imputed value does neglect the fact, that it is
not the goal of multiple imputation to create a valid value for an individual missing item,
but rather create a valid data set that takes the uncertainty of the imputation procedure
into account. Hence, multiple imputation is best understood as simulating values for valid
inference. In this study, we chose to evaluate trend, distributional and inequality accuracy
jointly in a set of six evaluation criteria that take the overall data set into account instead
of the replications of single values.

Chambers (2001) notes the imputation results should reproduce the lower order moments
of the distribution of the true values. Given that we can directly compare the lower order
moments between imputed and observed data sets, we chose to include the absolute rel-

ative difference in means (2.2) for the assessment of trend accuracy and the absolute
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difference in the coefficient of variation (2.3) as an indicator of distributional and
inequality accuracy. Generally, the dot symbol indicates imputed values, whereas symbols

without dots indicate observed values.

cra) = | =9 (2.2)
Yy
cre)=|2 -2 (2.3)

Additionally, distributional accuracy is achieved when the distributional properties of
the original data set is replicated by the imputed data sets. The Kolmogorov-Smirnov
distance (2.4) is the higher the more the two tested empirical distributions of the imputed
and the true values deviate from each other. Thus, the smaller the Kolmogorov-Smirnov

distance is, the more accurate the imputation method.

dxs = max <
J
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For the assessment of inequality we include three additional criteria. The Gini coeffi-
cient is especially sensitive against changes in the center of the distribution. The mean
log deviation is sensitive for shifts at the bottom of the distribution. Those two criteria
are complemented by an inequality measure for the top tail of the distribution, by using

the 99/50 ratio of percentiles.’

9 This indicator is not responsive to outliers—a relevant phenomenon in wealth analyses—compared to e.g.
the half squared coefficient of variation (HSCV).
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2.4.2 Longitudinal evaluation criteria

We apply two additional evaluation criteria that help to examine the effects of the
imputation on wealth mobility. The first criterion assesses the distributional accuracy
of wealth mobility between waves (2.5) for specific components and includes all
observations with a positive value for the specific wealth type in two waves simultaneously.
Here, wealth mobility is defined by the change in wealth decile group membership in 2002
vs. 2007, 2007 vs. 2012 and 2002 vs. 2012. A standard Chi-square test for fit of the
distributions is performed, where the imputed cell frequencies are the observed ones and

the expected cell frequencies are the true cell frequencies.
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Thus, the higher the Chi-square test statistic (2.5) the worse the imputation method
can replicate the observed mobility for the wealth component in consideration.

The second longitudinal criterion is the cross-wave correlation (2.6) for each wealth
type separately: before and after the imputation procedure the differences of the correla-
tions between each wealth type are compared and should be close to zero. The higher the

deviation from zero the worse the performance of the imputation method.'®
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10 For comparison’s sake we need to mention that we opt to not include four criteria applied by Watson
and Starick (2011) that we find do not add another dimension to the evaluation at hand and, thus,
are redundant. This includes the preservation of skewness and kurtosis, since the replication of the
shape of the distribution is covered by the Kolmogorov-Smirnow distance (2.4). Furthermore, unlike
Watson and Starick (2011) we do not include Pearson correlations between two wealth types. There is
not enough covariation for this criterion to be applied for the asset types we choose for this study.
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2.5 Imputation methods

The imputation methods which can be considered in our simulation study are limited by
the fact that we are interested to use multiple imputation techniques. We have to rule out
all single imputation techniques beforehand. This includes all carryover methods, which
use valid values observed in the last or next wave of the survey (and variations thereof,
which have been applied in the PSID for home equity). This also excludes, more generally,
all imputation methods without a stochastic component. The methods we choose to
examine are commonly used by other important wealth surveys (see Section 2.2).

We also refrain from considering (longitudinal) hotdeck imputation given that Watson
and Starick (2011, p. 711) already present evidence in a simulation study that the
hotdeck imputation method does ‘not perform particularly well on either cross-sectional

or longitudinal accuracy’.

2.5.1 Multiple imputation by chained equations (MICE)

MICE is an iterative and sequential regression approach that grew popular among re-
searchers, because it demands very little technical preparation and is easy to use. We
present the basic set-up for imputations using chained equations in this chapter, but for
more detailed information we refer to van Buuren et al. (1999), Royston (2004), and van
Buuren et al. (2006), among others. Multiple imputation by chained equations (MICE) is
not an imputation model by itself, it is rather the expectation that by sequentially imput-
ing the variables using separate univariate imputation models there will be convergence
between the imputed variables after a certain number of iterations. For each prediction
equation all but the variable for which missing values ought to be imputed are included,
that is, each prediction equation exhibits a fully conditional specification. It is necessary
for the chained equations to be set up as an iterative process, because the estimated
parameters of the model are possibly dependent on the imputed values. Formally, we
have p wealth components Y1,Y>,...,Y,, and a set of predictors (without missing values)

Z, then for iterations n = 0,1,... N, and with ¢; as the corresponding model parameters
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with uniform prior probability distribution, the missing values are drawn from
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until convergence at n = N is achieved. That is, in iteration (n + 1) the dependent
variables of each imputation model g;(.) are updated with the corresponding imputed
values of the last iteration n (or the ongoing iteration, if the dependent variable already has
been imputed). The MICE imputation converges, once the distributions of ¥7,Y,....Y,
all have become stationary conditional on the observed data and the other imputed wealth
variables. One of the main advantages is that the univariate imputation models g;(.) may
be chosen separately for each imputation variable, which is also why even though MICE
lacks any theoretical justification, it is widely used by researchers and practitioners. We
did not make use of this specific feature at the project at hand, as all wealth variables
exhibit similar statistical and distributional characteristics. However, we barely adjusted
the set of additional independent variables Z; for each imputation variable Y;. The most
important variables among Z; are the lag and lead variables of the respective asset value,
which are drawn from the other waves. Additionally, and in line with the experiences of
other countries and surveys for the imputation of wealth data, the independent variables
Zj we choose are in line with the framework laid out in Barcelo (2006). We present a
detailed overview and further explanations in Appendix 2.C.

We specified the imputation models g;(.) in (2.7) using predictive mean matching (PMM)
to account for the restricted range of the imputation variables and to circumvent the
assumption that the normality of the underlying models holds true. Predictive mean
matching (PMM) was introduced by Little (1988) and is a nearest-neighbor matching

technique used in imputation models to replace the outcome of the imputation model
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for every missing value (a linear prediction) with an observed value. The set of observed
values, from which the imputed value is randomly drawn, consists of (non-missing) values
derived from one randomly drawn out of the five nearest neighbors which are closest to

the linear prediction.

2.5.2 Regression with Heckman correction for sample selection

For the first two waves of wealth information in the SOEP, the researchers opted for
a regression design with Heckman correction for sample selection for the imputation
of the missing asset values (Frick et al., 2007, 2010b). The first step involved a cross-
sectional imputation of missing values for 2002. The data were then used for a longitudinal
imputation of the 2007 data using the lagged wealth data from 2002 as covariates. The
third step was a re-imputation of 2002 wealth data using the now-completed longitudinal
information from 2007, and starting a cycle of regression models with longitudinal info
until convergence between 2002 and 2007 was achieved. In total, Frick et al. (2010b)
repeat this cycle five times; as this study aims to replicate their approach, we conduct
the same number of iterations. The stochastic component in each step, which is necessary
to generate multiple implicates, is added through the assignment of randomly drawn
residuals derived from the respective regression models. With the 2012 wealth data and
three available waves, the pool of available longitudinal information grows considerably.
We add the regression models for 2012 after convergence between 2002 and 2007 has been
achieved, with 2007 now serving as the base year. Consequently, longitudinal information
from the survey wave 2007 is used for the imputation of missing values in 2002 and 2012
alike.

The variables included in those models are similar to the set of covariates used in
the MICE approach (see Appendix 2.C). As in Frick et al. (2007, 2010b) we use ‘life
satisfaction” and a dummy for civil servants as selection instruments. However, generally

in the Heckman regression the prediction equation does not include the metric values of
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the other wealth types, as they are not imputed yet.!! All imputation models are specified
separately. Additionally, in comparison to the MICE procedure, this regression model
imputation does not include draws of the model parameters—the stochastic component is
generated by draws from the residuals—, the uncertainty in the model estimation is not

propagated in the imputations.

2.5.3 Row-and-column imputation technique

Little and Su (1989) proposed the row-and-column imputation technique (RC) as a
procedure for item non-response adjustment in panel surveys. It takes advantage of
available cross-sectional as well as individual longitudinal information. It combines data
available from the entire panel duration for every unit (row) and cross-sectional trend
information (column) and adds a residual derived from a nearest neighbor matching,
thereby attaching a stochastic component to an otherwise deterministic approach.

Since we have three waves of wealth data, the column effects (for any wealth asset) are

given by

_ (3-Ut)
>k Uk

Ct (2.8)

and are calculated for each wave separately. ¢ is the sample mean wealth asset for

t = 2002,2007,2012. The row effects are given by

Ti:f.zyif (2.9)

and are calculated for each member of the sample. y;; it is the value of the wealth asset

11 There are a few exceptions: The regression model for home value (other property values) additionally
includes the home debt (other property debt). The imputations for both these values are generated
in an iterative process in itself, since both values have very high explanatory power in the respective
models.
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for individual ¢ in wave t. m; is the number of recorded waves in which the asset value of
individual ¢ has been observed.

Originally, the row-and-column-method was designed as a single imputation method.
However, the last step—assigning the residual term from the nearest neighbor-may be
modified in such a way that for every individual unit and wave multiple imputed values
can be derived. After sorting the units by their row effects r;, the residual effect of the

nearest complete unit / in year j is used to calculate the imputed value for unit i:

residual term

Yit
T’j * Ct

(2.10)

Uit is the single imputed value using the residual effect from the nearest neighbor I. To
generate multiple imputations we only need two additional steps. Instead of only assigning
the residual of the nearest neighbor in (2.10), we assign the residuals of the k nearest
neighbors. Then terms (2.8) and (2.9) are identical for every computation and the residual
terms are used to generate k imputed values for every unit ¢ and every year ¢t. Since there
is a tradeoff between the number of imputations and the distance to the ‘farthest’ nearest
neighbor, we reasoned that the generally agreed on number of five imputations would
present a reasonable balance (see e.g. the HFCS, other SOEP-variables, the Survey of
Consumer Finances (SCF)). However, this decision is merely based on our expectations and
has not been subject to an empirical analysis. It is also noteworthy, that the residual terms
of the five nearest-neighbors have been randomly assigned to imputed values independently
for every unit ¢ in order to avoid any systematic differences of imputation accuracy in the

five imputation data sets.

2.5.4 Row-and-column imputation with age classes

When using the row-and column imputation the donor of the residual term (and the

distance between donor and recipient) in (2.10) is solely depending on the sorting of the
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units by their row effects r;. Additionally, the trend component (2.8) is calculated using
the complete sample. At the same time, as Watson and Starick (2011) state, recipients
and the respective donors should have similar characteristics, and those characteristics
should be associated with the variable being imputed. They introduce an addition to
the basic row-and-column imputation; the method is extended to take into account basic
characteristics of the donors and recipients. For a comparison between the standard
row-and-column imputation and an imputation with age classes (RCA, see Table 2.3)
we match donors and recipients within longitudinal imputation classes defined by the
following age classes (at the time, the survey was conducted) in the respective wave:
17— 19,20 — 24,25 — 34,35 — 44,45 — 54,55 — 64,65 and older. Thereby it is guaranteed
that donors share their residual with recipients from the same age range. The column
term (2.8) is calculated using observations from the respective age classes.

A restriction of the row-and-column imputation is that it cannot be applied if no
longitudinal information on the person level is available, thus we need a fallback method
(e.g. the first wave of a respondent, or a specific wealth component is collected for the first
time). As for the evaluation, we need a set-up that determines the superior combination of
basic and fallback imputation methods simultaneously (see Table 2.3). The results of the
evaluation should provide answers to several questions: (1) If a row-and-column imputation
is used for observations that have valid information in other waves, does the addition of
age classes improve the performance when compared to the standard row-and-column
imputation? (2) Which combination of basic and fallback methods yields the best results?

Basic imputation method means the technique that is used for observations with missing

Table 2.3: Basic and fallback imputation methods, and evaluation set-up.

Basic Fallback
acronym used —for observations with missing values, —for some observations with missing values, only
in Section 5 information from other waves is available— cross-sectional information and variables are available—
MICE-RC Standard row-and-column imputation Multiple imputation by chained equations
REG-RC Standard row-and-column imputation Regression model with Heckmann correction
MICE-RCA Row-and-column imputation plus age classes Multiple imputation by chained equations
REG-RCA Row-and-column imputation plus age classes Regression model with Heckmann correction
MICE Multiple imputation by chained equations

REG Regression model with Heckmann correction
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values and values from other waves of that same individual have been observed. Fallback
imputation method means that for an observation with missing values only cross-sectional
information and variables are available and, therefore, only either of the two model based
approaches can be applied. Hence, in addition to the combinations using model based and
row-and-column imputations, we test the performance of using a multiple imputation by
chained equations as both basic and fallback method (MICE), and we proceed similarly

with the regression with Heckman correction (REG).

2.6 Results

As we illustrated in Table 2.3, we compare the performance of the six combinations of
prevalent imputation methods using the eight evaluation criteria we discussed in Section
2.4. As we wanted to compare the performance of the methods on a metric scale, we refrain
from any ranking of the results. Second, we favor the property that the punishment for
large deviations is larger than for smaller deviations, which should depend on the overall
variance of the outcomes considering the individual evaluation criteria. That means, if the
overall variance is small, outliers are punished harder, and deviations that are close to each
other are punished similarly. Again, this is a property that is not fulfilled by any ranking of
the results. It is, however, fulfilled, if we choose a distance measure that shows the distance
between a well-defined optimum and the respective values calculated with imputed data.
The optimum is simple to define, as all criteria are either calculated in a way that zero
is representing no deviations from the original data or may be transformed to have this
respective property. As for the distance measure, using the Euclidian distance would either
require a normative decision on a weighting matrix or, alternatively, all criteria would
contribute similarly (after normalizing). In order to avoid normative weighting we choose
the Mahalanobis distance measure, as it additionally accounts for the observed covariance
structure (Mahalanobis, 1936), and thereby is removing any redundancy in our evaluation
criteria.

Our evaluation shows the distance between the ideal imputation (all values are zero for
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all criteria) and the deviation of the imputed values from this ideal point after using the
respective imputation method (all tables in this section). Furthermore, this evaluation
set-up allows us to compare the distances directly and interpret them on a metric scale, as
the respective outcomes for the different methods are independent from each other (but
depending on the overall variation and covariation of the evaluation criteria).

As already mentioned, we show the results for the three wealth items, the three years,
and the three assumed non-response mechanisms separately and compare the outcomes for
the imputation methods. The evaluation criteria (equations (2.2) — (2.4), plus inequality
indices) are used for the trend, distributional and inequality evaluations. The longitudinal
criteria (2.5) and (2.6) are additional criteria, which can solely be computed using the
joint results of two waves (2002/07, 2007/12 and 2002/12) as reported in Section 2.6.2. In

Section 2.6.3 we present the results for the relative bias of standard errors.

2.6.1 Evaluation of trend, distributional and inequality accuracy

If we would have solely considered the home market value in this study (Table 2.4), we
would conclude that the combination of MICE and the RC imputation yield better results
than a pure MICE imputation: Only taking into account the average distances for the
trend evaluation reveals that in all cases the MICE imputation performs worse than the
combinations with the RC imputation with and without age classes. Looking at the
performance for all single waves, in all cases the addition of the RC technique as basic
imputation improves the performance of MICE. Combining REG with the RC imputation
on the other hand does not regularly improve the results. What is even more surprising,
even though the combination of MICE and RC technique seems to perform best overall,
the pure MICE approach rarely performs better than the pure REG approach. A possible
explanation for these findings is that the home market values tend to be an asset type with
a rather high state-dependency. The RC approach as univariate imputation technique,
which solely considers future and past observed values and an overall trend effect, is

closer to the trend and inequality estimates based on the observed data sets than both
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model-based approaches that may incorporate the uncertainty of the imputation procedure.
Note that these outcomes are basically independent of the non-response mechanism that
is assumed.

Generally, financial assets exhibit less state-dependency than home market values and
regression models for both the imputation of the metric values and the non-response
mechanism are mediocre compared to other asset types (Table 2.5). Thus, there is
comparatively more uncertainty to consider by the imputation method, and the lag or lead
variables have, in theory, considerably less explanatory power. However, if the mechanism
of missingness is MAR, combining MICE with the RC method, again, yields the best results.
If the missing mechanism is differential non-response at the bottom of the distribution,
MICE-RCA seems to yield the best results as well. Only if differential non-response at the
top is assumed, it is equally viable to choose between any RC method including age classes.
Interestingly, including age classes does not improve the results for the RC technique, the
differences between RC and RCA seem to be random.

Interestingly, for the evaluation criteria that are considered in this study and for financial
assets, it seems to be more viable to choose a pure REG approach over a pure MICE
approach if there is differential non-response at the top. Combining REG and RC improves
the results under MAR. However, it is notable that all combinations of MICE with the
RC method again regularly perform better than both pure model based approaches under
any non-response assumption, but considerably less so under DNR2.

Consumer credits have the lowest state-dependency of the three wealth types we consider
in this study. Note that the SOEP wealth data is collected in five-year intervals and credit
periods for consumer credits are typically shorter. Following the same argumentation
we already laid out for home market values und financial assets, we expect that the RC
imputation performs rather weak. The results of the evaluation prove us mostly wrong.
As shown in Table 2.6, both RC methods perform oftentimes better if MAR, DNR1 or
DNR2 is assumed. Additionally, RCA has an advantage as compared to RC. One possible

explanation is that even if the overall state-dependency is much lower for consumer credits,
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Table 2.4: Performance of imputation methods: home market value.

Wave Wave Wave  Overall
2002 2007 2012  average

distance
Missing at random (MAR)
REG 493 564 5.46 5.34
REG-RC 5.23 5.86 5.82 5.64
REG-RCA 5.32 5.81 5.93 5.69
MICE 6.05 7.02 6.76 6.61

MICE-RC 4.12 494 4.73 4.60
MICE-RCA 416 4.91 4.73 4.60
Differential non-response 1 (DNRI)

REG 5.79  6.32  5.77 5.96
REG-RC 6.50 6.25  6.46 6.40
REG-RCA 6.47 649  6.65 6.54
MICE 6.98 724 691 7.04
MICE-RC 5.61 5.52 5.57 5.57
MICE-RCA 5.53 572 5.71 5.65
Differential non-response 2 (DNRII)

REG 6.45 591  6.06 6.14
REG-RC 6.34 494 538 5.55
REG-RCA 5.76 445  5.08 5.10
MICE 596 591  5.80 5.89
MICE-RC 5.59 442  4.68 4.90

MICE-RCA  5.02 3.96 4.42 4.47

Note: Bold figures indicate the smallest average
distance among the six imputation variants.

the state-dependency at the bottom of the distribution may still be considerably high
and the RC imputation might still yield more accurate imputed data sets in this case.
Incorporating age classes seems to improve the results, because consumer credits are more
prevalent among younger age classes, who are paying off their debts as they get older.

Comparing the distributions of the distances to the optimal imputations separately for
the MAR assumption for all three waves and all assets jointly, confirms the conclusions we
draw above (Figure 2.1).

Including the RC imputation does improve the performance of MICE considerably
and significantly. The distance between the optimal imputation and MICE versus both
MICE-RC and MICE-RCA is roughly 1.3 units higher, the respective means and stan-

dard deviations are shown in Figure 2.1 together with the boxplots of the distributions.



2.6 Results 37

Table 2.5: Performance of imputation methods: financial assets.

Wave Wave Wave  Overall
2002 2007 2012  average

distance
Missing at random (MAR)
REG 582  6.37 546 5.88
REG-RC 5.41 5.78 5.19 5.46
REG-RCA 5.43 5.86 5.15 5.48
MICE 6.60 581  5.18 5.86
MICE-RC 5.49 4.81 4.89 5.06
MICE-RCA 5.59 491 4.85 5.10
Differential non-response 1 (DNRI)
REG 6.28 6.89 6.07 6.41
REG-RC 580 6.84 6.09 6.24
REG-RCA 5.68 6.73 6.11 6.17
MICE 6.82 6.53 6.03 6.46
MICE-RC 6.17 6.18  5.69 6.01
MICE-RCA 6.12 6.09 5.70 5.97
Differential non-response 2 (DNRII)
REG 7.09 6.51 6.59 6.73
REG-RC 738 626 6.31 6.65
REG-RCA 749 6.24  6.37 6.70
MICE 838 772 754 7.88
MICE-RC 7.22 6.49 6.44 6.72
MICE-RCA 7.35 6.44 6.40 6.73

Note: Bold figures indicate the smallest average
distance among the six imputation variants.

Considering the performance of REG versus REG-RC and REG-RCA the differences are
miniscule. Moreover, results for REG exhibit considerably more variance over the 1000
simulation data sets. Similar figures for DNR1 and DNR2 are presented in Appendix 2.B.

Additionally, we observe that the incorporation of age classes in the RC imputation
does not improve the overall imputation results. Watson and Starick (2011) report an
advantage for the performance of the RC imputation with age classes for the imputation
of income items. One possible explanation, why we do not identify a similar advantage, is
that there are less regular trends of increase and spend-down of asset values over the life

cycle for home market value und financial assets as compared to income variables.
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Table 2.6: Performance of imputation methods: consumer credits.

Wave Wave Wave  Overall
2002 2007 2012  average

distance
Missing at random (MAR)
REG 4.25 4.51 3.83 4.20
REG-RC 479 462 259 4.00
REG-RCA 4.09 431 2.25 3.55
MICE 535 4.65  4.63 4.88
MICE-RC 4.44 3.70 4.10 4.08
MICE-RCA 4.34 3.48 4.24 4.02
Differential non-response 1 (DNRI)
REG 4.97 4.36 4.48 4.60
REG-RC 5.52  3.90 3.44 4.29
REG-RCA 4.39 3.95 3.84 4.06
MICE 5.30 5.26 4.97 5.18
MICE-RC 4.55 4.50 4.38 4.48
MICE-RCA  4.22 4.38 4.51 4.37
Differential non-response 2 (DNRII)
REG 4.96 4.56 5.77 5.10
REG-RC 477 516  4.51 4.81
REG-RCA 4.85 4.86 4.39 4.70
MICE 507 485  4.63 4.85
MICE-RC 5.09 4.89 4.80 4.93

MICE-RCA  4.41 4.71 4.74 4.62

Note: Bold figures indicate the smallest average
distance among the six imputation variants.

2.6.2 Evaluation of wealth mobility

As for the two additional longitudinal criteria, which focus on the changes in the observed
mobility structures before and after imputations, the overall average distances include all
pair-wise comparisons (2002/2007, 2007/2012, and 2002/2012) and are presented in Table
2.7. We expected that using RC imputations would overestimate the state-dependency
for the wealth assets and undermine the actually observed mobility structures. This
expectation gets confirmed to a certain extent.

Under MAR the pure MICE approach seems to perform better than the pure REG
approach and all combinations with the RC method (at least for home market value and

financial assets). This is to be expected, as the mobility seems to be severely reduced, once
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Figure 2.1: Boxplots for the distances to optimal imputations by imputation methods
under Missing at Random (MAR).

the only included variable is the lag or lead variable of the respective variable that is to be
imputed. What is more surprising is that the REG approach performs considerably worse
than MICE. One possible statistical explanation could be that the regression set-up is not
taking into account one source of uncertainty, which the MICE procedure does take into
account: the drawing of the respective model parameters. The only stochastic component
in the REG approach is the drawing of a residual from the observed residuals, whereas
MICE imputes values after drawing of the respective model parameters. Here, REG might
underestimate the uncertainty of the imputation procedure and produce too less variation
in the imputed values, thereby as well reducing mobility.

For differential non-response and especially consumer credits the results are less clear.
MICE seems to reproduce the observed mobility structures slightly better than REG, in
many cases the combination of MICE and the RC imputations yield satisfying results too,
but generally distances to an optimal imputation seem to increase. We conclude that (1) a

researcher interested in mobility structures would probably prefer the model based MICE
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Table 2.7: Average performance on longitudinal evaluation criteria, all assets.

Home Financial Consumer  Overall

market assets credits  average
value distance
Missing at random (MAR)
REG 1.51 2.11 2.47 2.03
RC-REG 2.53 2.25 2.56 2.45
RCA-REG 2.56 2.10 2.52 2.39
MICE 0.71 0.94 3.05 1.57
RC-MICE 1.79 1.37 3.00 2.05
RCA-MICE 1.77 1.33 2.94 2.01
Differential non-response 1 (DNRI)
REG 1.77 2.77 3.08 2.54
RC-REG 2,77 2.52 3.19 2.83
RCA-REG 2.81 2.50 3.15 2.82
MICE 1.14 2.57 3.15 2.29
RC-MICE 2.30 2.36 3.13 2.60
RCA-MICE 2.35 2.37 3.12 2.61
Differential non-response 2 (DNRII)
REG 1.27 2.35 3.26 2.29
RC-REG 2.23 2.31 3.53 2.69
RCA-REG 2.21 2.31 3.48 2.67
MICE 1.46 0.77 3.29 1.84
RC-MICE 1.72 1.40 3.62 2.25
RCA-MICE 1.63 1.42 3.60 2.22

Note: Bold figures indicate the smallest average distance
among the six imputation variants.

approach to an univariate imputation procedure such as the RC method, and (2) even
though REG yields imputed values using model prediction equations as well, the REG

imputation performs worse than the MICE approach.

2.6.3 Evaluation of standard errors

Interestingly, inference seems to be affected differently for assets, and less for non-response
assumption or imputation method (Table 2.8). Overall, the relative bias of standard errors
is smallest for the imputation of home market values, it is slightly higher for financial
assets under MAR and DNRI1, and it is the highest for any of the imputation of consumer
credits. The negative impact on standard errors by RC or RCA is not alarming in any of

the cases analyzed here. Hoogland and Boomsma (1998) suggest that the relative bias of
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standard errors should not exceed 5 percent; here, only standard errors of the imputed
values of consumer credits are showing worrisome results, but they do not indicate that
a specific method yields considerably worse results. As for the intuition, why consumer
credits are impacted the most, apparently once small liability values are missing (DNR1),
imputation data sets tend to overstate the standard errors, and vice versa (DNR2 and
MAR, see Table 2.2). This appears to be the result of generally poor imputation models,
as the set of covariates with high explanatory power is smaller than for other assets in the
SOEP as well as considerably less observations to rely on. Our experience with SOEP
data shows that it is substantially more challenging to impute for missing liability values,

which is reflected by the results of this study.
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Table 2.8: Relative bias of standard errors. Note: Bold figures indicate that the relative
bias exceeds 5 percent.

Home Financial Consumer Overall

market assets credits bias
value

Missing at random (MAR)
REG -1.80 5.88 -9.94 -1.95
RC-REG -0.85 0.14 -10.98 -3.90
RCA-REG -1.00 0.27 -10.98 -3.90
MICE 3.04 5.49 -6.10 0.81
RC-MICE 1.22 1.52 -7.60 -1.62
RCA-MICE 1.13 1.67 -7.73 -1.64
Differential non-response 1 (DNRI)
REG -1.33 9.00 19.01 8.89
RC-REG -1.17 3.66 11.19 4.56
RCA-REG -1.32 3.77 11.21 4.55
MICE 1.72 2.16 4.28 2.72
RC-MICE -0.16 -2.18 1.51 -0.28
RCA-MICE -0.31 -2.20 1.50 -0.34
Differential non-response 2 (DNRII)
REG -0.74 -0.34 -7.38 -2.82
RC-REG -0.22 -0.03 -9.20 -3.15
RCA-REG -0.08 -0.01 -9.04 -3.04
MICE 1.24 0.59 -7.56 -1.91
RC-MICE 0.88 0.19 -8.92 -2.62
RCA-MICE 1.05 0.22 -8.71 -2.48

Note: Bold figures indicate the smallest average distance
among the six imputation variants.

2.7 Conclusion

In an assessment of the performance of several imputation methods for longitudinal wealth
data we use a set of eight evaluation criteria and three assumptions for the non-response
mechanism. The overall result does not yield that a single imputation method performs
consistently better for all wealth types in a cross-sectional and longitudinal analysis. We
compare the row-and-column imputation (with or without age classes) for observations
with available longitudinal data with two methods that rely on the prediction equations
of regression models. In our analyses of the performance of the imputation methods we
identified several effects the researcher has to consider for studies using multiple imputation

and imputed data.
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As for the trend and inequality evaluation, if the missing data are truly missing at random
(MAR), for all three assets we consider the combination of MICE and row-and-column
imputation is at least among the best performing methods. Unexpectedly, this holds
true independently of the level of state-dependency prevalent in the items. If the missing
data are missing not at random and instead are the result of differential non-response
(DNR1 and DNR2) the combination of the row-and-column imputation with MICE does
improve the performance in our evaluation study as well. This is the core outcome of this
study: If the missing at random assumption is violated, the row-and-column imputation
technique yields less biased overall imputation results for trend and inequality estimates.
We like to stress that—based on this study and our experience with data imputation—this
conclusion holds only true for variables that are highly skewed (such as assets, net worth
or income variables). The imputation technique itself-and thus an improvement of the
performance—is applicable to panel data only.

Furthermore, we find that adding age classes to the standard row-and-column imputation
as introduced by Little and Su (1989) does not regularly improve the performance based
on our criteria and the input data. However, there is an advantage for the imputation of
consumer credits.

As for the wealth mobility criteria, the conclusions are less clear. Generally, MICE
seems to reproduce the observed mobility structures better than the regression approach,
in many cases the combinations of MICE and the row-and-column imputations yield
satisfying results, too. However, it is clearly noticeable that for most assets and non-
response assumptions the mobility is reduced, once the row-and-column imputation is
applied. Hence, a data provider needs to weigh the options: for the SOEP we decided
that the method of choice depends on data usage; as the data are mainly used for trend
and inequality analyses and much less for mobility analyses, we opt for the combination of
MICE and the row-and-column imputation.

One thing that remains to be addressed is that we refrained from including partial unit

non-response (PUNR) in this simulation, e.g. individuals within households that choose
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not to respond, whereas the rest of the household did. The reason is that analyses with
the SOEP wealth data focus on the individual level observation and PUNR, observations
would only affect household wealth estimators. However, we do not expect the results
to be significantly different, had we considered PUNR observations. Potential extensions
to this study could be the inclusion of additional wealth types, examining the effects of
imputation methods on the total net worth and the aggregate net worth, and additional

imputation methods we did not consider for now.
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2.A Predictive mean matching versus standard regression design

As described in Section 2.5, for the basic MICE and MICE with row-and-column imputation
we chose to impute values using predictive mean matching. However, it might be the case
that predictive mean matching performs worse than a standard regression design, if the
missing at random assumption is violated, as potential donors with observed values similar
to the missing ones might be rare in the upper tail of the wealth distribution (differential
non-response at the top). Therefore, for this robustness check we repeat the multiple
imputation using MICE, MICE-RC and MICE-RCA assuming DNR2 and choosing a
standard regression instead of predictive mean matching. The results have been computed
identically to Section 2.6. Overall, for all assets the results are very similar to the results
using predictive mean matching. We conclude that in our simulation set-up and under
differential non-response at the top, the results for MICE do not improve, if a standard

regression imputation is used.
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Table 2.9: Performance of imputation methods under DNR2, for MICE with standard
regression design instead of predictive mean matching.

Wave Wave Wave  Overall
2002 2007 2012  average

distance
Variable: Home Market Value
REG 5.79 5.92 5.71 5.81
REG-RC 5.40 4.88 5.00 5.09
REG-RCA 5.06 4.43 4.83 4.77
MICE 5.78 5.56 5.54 5.63
MICE-RC 5.00 4.55 4.53 4.69

MICE-RCA 4.61 4.08 4.36 4.35
Variable: Financial Assets

REG 11.04  6.16 6.73 7.98
REG-RC 10.50  6.05 6.68 7.74
REG-RCA 10.59 5.87  6.72 7.73
MICE 10.90 6.24 6.74 7.96
MICE-RC 10.47  4.89 5.67 7.01

MICE-RCA 10.63 4.68 5.59 6.97
Variable: Consumer Credits

REG 7.28 6.93 6.48 6.90
REG-RC 7.68 6.67 5.96 6.77
REG-RCA 7.80 6.63 6.05 6.83
MICE 8.31 7.55 7.03 7.63
MICE-RC 7.61 7.00 6.29 6.97
MICE-RCA 7.76 6.94 6.30 7.00

Note: Bold figures indicate the smallest average
distance among the six imputation variants.
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Figure 2.2: Boxplots for the distances to optimal imputations by imputation methods
under Differential Non-Response 1 (DNRI).
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Figure 2.3: Boxplots for the distances to optimal imputations by imputation methods
under Differential Non-Response 1 (DNRII).
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2.C List of covariates

Below is a list of all covariates used in the imputations using regressions with Heckman
correction for sample selection and MICE. For the regressions the choice of variables is
based on Frick et al. (2007, 2010), for MICE all of the variables below have been included
as it is one large imputation that handles missing values for all assets simultaneously. The
variables include (1) a set of covariates determining the non-response (variables of the
non-response model under the MAR assumption mentioned in Section 2.4), (2) covariates
that are considered good predictors for the variable we want to impute (3) economic
variables that are possibly related to the outcome variable (according to economic theory)
and (4) variables that are good predictors of the covariates included in the rest the groups
of variables. However, the last group is especially important in the first iterations and the
more association between the imputation variables is expected. Generally, we hereby follow
the guidelines laid out in Barcelé (2006) for the independent variables in the prediction
equations. We additionally include dummies indicating non-response in other assets and
other waves (for the respective asset).

As in the regressions using Heckman correction, in MICE we include lagged and/or
lead variables of the assets we impute. Theoretically, for MICE we could build one giant
model covering all assets in all waves. While all would be imputed in one step, we chose
to code a sequence of MICE procedures, which impute all assets (in one chain) and draw
the respective lagged and/or lead variables from the results of the other waves, as it is
easier to check the properties of models in between imputations. To set this up, we first
cross-sectionally impute all of the 2007 variables in one step drawing lag and lead variables
from the 2002 and 2012 variables (unless they are missing as well). This completes the
set of lead variables for the imputation of the 2002 variables. After this, we run the 2007
imputations again and may use the partially imputed 2002 variables as covariates. The
procedure for the 2012 assets is carried out in a similar manner, drawing from the already

imputed 2002 and 2007 variables.



terprise (yes=1)

2.C List of covariates 49
Variable Description Home market Financial Consumer
name value assets credits
How dwelling was ac- 3 dummies: acquired by purchase, inheri- X
quired tance or newly built?

Age Age of the re- Missing values were estimated on the basis X2 X2 X2
spondent of the age of other household members and
the relationship to the head of household
Age of house 7 dummies: Year of construction: be- X
fore 1918, 1918-1948, 1949-1971, 1972-1980,
1981-1990, 1991-2000, 2001 and later
Savings account Dummy: Household holds savings account X
(ves=1)
Capia02 4 dummies for the categorical CAPI- X
information on the market value of owner-
occupied property (<150.000, <200.000,
<400.000, >400.000)
Capic02 4 dummies for the categorical CAPI- X
information on the value of financial assets
(<5.000, <20.000, <100.000, >100.000)
Capig02 4 dummies for the categorical CAPI- X?
information on the value of consumer cred-
its (<5.000, <10.000, <50.000, >50.000)
Children Dummy: children younger than sixteen in X X
the household (yes=1)
Civil servant Dummy: civil servant (yes=1) X? X! X?
Condition of house 2 dummies. Dwelling is in a good condition X
(yes=1); Dwelling needs major refurbish-
ment (yes=1)
Credit Dummy: household raised a consumer X
credit (yes=1)
Credit value Monthly amount of loan repayment X
Debts owner- Debts related to owner-occupied property X2
occupied property (edited/imputed; the first of the imputed
versions is taken)
Dishwasher Dummy: Dishwasher in the household X
(ves=1)
District type 10 dummies on categorical information of X
the district’s size
Dividend Dividend income in the household, metric X
information are logarithmized, categorical
information from are recoded into 6 dum-
mies, one for each category (<250, <1.000,
<2.500, <5.000, <10.000, >10.000)
Dwelling satisfaction  Satisfaction with the dwelling. For those X
without a valid info. the mean of all other
household members was used or (if no
household member gave a valid informa-
tion to this satisfaction question) a random
number between 0 and 10 was taken
Education Years of education. Those who are still X X
in education are assigned the minimum of
seven years.
Enterprise Dummy: household owns a commercial en- X X

continued on next page
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Variable Description Home market Financial Consumer

name value assets credits

Equipment 2 dummies: household with garden / bal- X
cony

Estimated rent Estimation of monthly rent by owners if X2
they had to rent their dwelling

Financial worries Dummy: At least some concerns about fi- X
nances (yes=1)

Household income Annual post-government household income X2 X2
in eruos

Inheritance Dummy: Household received inheri- X
tance/other windfall profits in the previous
year (yes=1)

Dissatisfaction with Dummy: Individual is unhappy with X! X! X!

life his/her life (life satisfaction<6)

Satisfaction with life ~ Dummy: Individual is happy with his/her X! X! X!
life (life satisfaction>=9)

Missing Dummies for all those variables where miss- X X X
ing values exist: missing or valid informa-
tion

Monthly savings Dummy: Household has monthly savings X
(yes=1)

New car Dummy: Purchase of a new car in the last X
12 months (yes=1)

No debt owner- Dummy: Debts for owner-occupied prop- X X

occupied property erty (no debt=1)

No partner Dummy: no partner within the household X
(ves=1)

No paym. to others Dummy: no payments/support to persons X
outside the household (yes=1)

Occupancy Year moved into dwelling X2

Owner Dummy: Does the person have own prop- X X
erty (yes=1)

Partner’s filter Dummy: Does the partner possess the re- X X
spective wealth component (yes=1)

Partner’s value Partner’s value of the respective wealth X2 X2
component

Paym. dwelling (met- Monthly loan payments for owner-occupied X2

ric) property in €

Old-age provisions 5 dummies: Interest in building- X
up private old-age provision (very
strong/strong/medium/less/not at all)

Public sector Dummy: Individual works in the public X
sector (yes=1)

Region 97 dummies: Raumordnungsregion X

Rent income Dummy: Household receives income from X
renting leasing (yes =1)

Rent income (metric) Household income from renting leasing in X2
the previous year in €

Rent level 6 dummies identifying regional level of rent X

Residential area 3 dummies on type of residential area: pre- X
dominantly old houses / predominantly new
houses / other

Self-employed Dummy: individual is self-employed X
(ves=1)

continued on next page
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Variable Description Home market Financial Consumer
name value assets credits
Sex Dummy: female = 1 X
Size housing unit Size of the housing unit in square meters. X2 X?

For missing values, the mean of those with
the same number of rooms resp. the same
number of household members (if the infor-
mation on the amount of rooms was also
missing) was imputed
Size of household 3 dummies for size of household (one person X X
/ two or three / 4+ persons)
Fixed interest securi- Dummy: Household owns stocks (yes=1) X
ties
Type of house 8 dummies: Type of house (farm house, one- X
or two-family house, one- or two-family row
house, 3-4 unit building, 5-8 unit building,
9- or more unit building, other)
Value owner-occupied  Market value of owner-occupied property X2
property (edited /imputed; the first of the imputed
versions is taken)
West Dummy: West Germany (yes=1) X

Table 2.10: List of all covariates used in the imputations using regressions with Heckman
correction for sample selection and MICE.
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2.D Results for individual evaluation criteria

Assumption: Missing at Random

Financial Assets

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.048 -0.234 0.100 -0.0269 -0.0839 -7.33
REG-RC -0.028 -0.142 0.095 -0.0303 -0.1048 -6.75
REC-RCA -0.043 -0.237 0.093 -0.0314 -0.1120 -6.08
MICE -0.064 -0.274 0.105 -0.0274 -0.1351 -4.29
MICE-RC -0.035 -0.140 0.082 -0.0320 -0.1400 -5.76
MICE-RCA -0.050 -0.237 0.081 -0.0330 -0.1470 -5.31
Wave 2007

REG 0.021 -0.383 0.144 -0.0583 -0.2924 -23.86
REG-RC 0.146 0.012 0.141 -0.0247 -0.1540 -9.83
REC-RCA 0.132 0.059 0.140 -0.0230 -0.1265 -9.54
MICE -0.103 -0.188 0.081 -0.0153 -0.0652 -5.35
MICE-RC 0.035 -0.018 0.083 -0.0132 -0.0806 -6.02
MICE-RCA 0.020 0.026 0.081 -0.0113 -0.0510 -4.89
‘Wave 2012

REG -0.002 -0.781 0.131 -0.0632 -0.3297 -22.14
REG-RC 0.127 -0.055 0.128 -0.0270 -0.1718 -8.68
REC-RCA 0.131 -0.054 0.130 -0.0254 -0.1568 -8.62
MICE -0.083 0.251 0.078 -0.0108 -0.0506 -3.90
MICE-RC 0.014 0.275 0.063 -0.0073 -0.0596 -1.71
MICE-RCA 0.018 0.276 0.065 -0.0060 -0.0452 -1.50
Home Market Value

Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG 0.018 0.044 0.088 0.0089 0.0227 0.02
REG-RC 0.036 0.007 0.101 0.0032 0.0104 0.13
REC-RCA 0.035 0.014 0.103 0.0051 0.0115 0.14
MICE 0.009 -0.062 0.110 -0.0044 -0.0042 0.03
MICE-RC 0.027 -0.055 0.071 -0.0079 -0.0094 0.15
MICE-RCA 0.027 -0.048 0.073 -0.0060 -0.0084 0.14
Wave 2007

REG 0.016 0.014 0.084 0.0038 0.0163 -0.23
REG-RC 0.021 0.016 0.082 0.0021 0.0047 0.07
REC-RCA 0.022 0.015 0.083 0.0027 0.0066 0.04
MICE 0.001 -0.061 0.094 -0.0067 -0.0094 -0.21
MICE-RC 0.010 -0.017 0.058 -0.0065 -0.0133 0.12
MICE-RCA 0.010 -0.018 0.060 -0.0059 -0.0113 0.08
Wave 2012

REG 0.007 -0.022 0.073 0.0041 0.0135 -0.13
REG-RC 0.021 0.005 0.074 0.0095 0.0150 0.32
REC-RCA 0.019 -0.005 0.075 0.0097 0.0159 0.18
MICE -0.015 -0.032 0.080 -0.0055 -0.0087 0.08
MICE-RC 0.003 -0.026 0.051 -0.0021 -0.0074 0.23
MICE-RCA 0.000 -0.034 0.051 -0.0020 -0.0065 0.11
Consumer Credits

Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.076 0.094 0.110 -0.0012 -0.0137 -1.53
REG-RC -0.051 0.277 0.100 -0.0015 -0.0368 0.23

continued on next page
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Consumer Credits

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REC-RCA -0.044 0.283 0.110 -0.0021 -0.0417 0.48
MICE -0.190 -0.338 0.130 -0.0559 -0.2546 -6.95
MICE-RC -0.129 -0.178 0.110 -0.0440 -0.2166 -4.46
MICE-RCA -0.122 -0.179 0.110 -0.0447 -0.2222 -4.19
‘Wave 2007

REG -0.711 -1.043 0.111 -0.1121 -0.3591 -24.40
REG-RC -0.408 -0.831 0.096 -0.0965 -0.3079 -17.34
REC-RCA -0.396 -0.854 0.096 -0.0985 -0.3149 -18.17
MICE -0.463 -0.631 0.104 -0.0873 -0.2578 -16.05
MICE-RC -0.266 -0.575 0.076 -0.0776 -0.2434 -12.47
MICE-RCA -0.254 -0.598 0.077 -0.0794 -0.2497 -13.11
‘Wave 2012

REG -0.177 -0.462 0.095 -0.0281 -0.0566 -6.50
REG-RC -0.142 -0.686 0.094 -0.0529 -0.2179 -10.54
REC-RCA -0.141 -0.730 0.094 -0.0525 -0.2037 -11.75
MICE 0.021 -0.410 0.088 0.0065 0.0237 1.46
MICE-RC 0.016 -0.657 0.087 -0.0255 -0.1404 -2.59
MICE-RCA 0.016 -0.704 0.087 -0.0249 -0.1258 -3.62

Longitudinal criteria

Financial Assets Home Market Value Consumer Credits

Chi-square Cross-wave Chi-square  Cross-wave Chi-square Cross-wave
test stat. correlation test stat. correlation test stat.  correlation
336.57 0.139 902.44 -0.121 222.00 0.020
370.21 -0.227 901.46 -0.281 172.60 -0.176
333.63 -0.235 918.06 -0.284 168.77 -0.175
102.52 0.117 341.59 -0.018 277.46 0.028
143.00 -0.256 570.30 -0.192 191.79 -0.248
126.25 -0.263 501.67 -0.194 186.67 -0.246

Table 2.11: Mean results all evaluation criteria, assumption: missing at random (MAR).

Assumption: Differential non-response I

Financial Assets

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG 0.216 0.160 0.131 0.0112 0.0852 -9.45
REG-RC 0.211 -0.270 0.131 -0.0168 -0.0110 -9.21
REC-RCA 0.207 -0.340 0.130 -0.0148 -0.0075 -8.21
MICE 0.222 -0.273 0.119 -0.0085 -0.0166 -3.84
MICE-RC 0.220 -0.316 0.118 -0.0216 -0.0587 -6.08
MICE-RCA 0.216 -0.378 0.116 -0.0194 -0.0545 -5.44
‘Wave 2007

REG -0.416 -0.316 0.136 -0.0224 -0.1161 -55.74
REG-RC 0.113 -0.648 0.132 -0.0377 -0.1347 -15.61
REC-RCA 0.108 -0.609 0.129 -0.0345 -0.0993 -14.61
MICE 0.180 -0.254 0.105 -0.0122 0.0199 -2.39
MICE-RC 0.216 -0.130 0.117 -0.0219 -0.0644 -6.56
MICE-RCA 0.211 -0.089 0.114 -0.0185 -0.0290 -5.29

continued on next page
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Financial Assets

Wave 2012 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.486 -1.216 0.109 -0.0496 -0.2343 -51.85
REG-RC 0.039 -0.765 0.108 -0.0345 -0.1272 -15.31
REC-RCA 0.041 -0.755 0.108 -0.0337 -0.1150 -14.93
MICE 0.202 -0.158 0.102 -0.0027 0.0672 -0.67
MICE-RC 0.203 -0.071 0.095 -0.0085 -0.0052 -1.19
MICE-RCA 0.204 -0.066 0.095 -0.0079 0.0066 -1.03
Home Market Value

Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG 0.100 0.154 0.111 0.0289 0.0380 0.10
REG-RC 0.094 0.089 0.125 0.0160 0.0182 -0.22
REC-RCA 0.092 0.088 0.125 0.0182 0.0205 -0.19
MICE 0.089 0.039 0.139 0.0190 0.0206 -0.05
MICE-RC 0.080 0.036 0.100 0.0067 0.0053 -0.32
MICE-RCA 0.078 0.035 0.100 0.0088 0.0076 -0.31
‘Wave 2007

REG 0.109 0.164 0.114 0.0317 0.0469 0.85
REG-RC 0.103 0.133 0.113 0.0283 0.0345 0.77
REC-RCA 0.106 0.142 0.119 0.0282 0.0364 0.74
MICE 0.105 0.107 0.133 0.0303 0.0359 0.76
MICE-RC 0.095 0.115 0.095 0.0245 0.0274 0.77
MICE-RCA 0.098 0.123 0.101 0.0244 0.0293 0.74
‘Wave 2012

REG 0.105 0.097 0.104 0.0305 0.0424 0.71
REG-RC 0.106 0.061 0.114 0.0273 0.0323 0.77
REC-RCA 0.107 0.045 0.119 0.0268 0.0331 0.71
MICE 0.099 0.083 0.124 0.0281 0.0325 0.64
MICE-RC 0.093 0.043 0.091 0.0206 0.0211 0.64
MICE-RCA 0.094 0.028 0.096 0.0200 0.0219 0.58
Consumer Credits

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG 0.313 0.449 0.131 0.0422 0.2105 0.32
REG-RC 0.306 0.510 0.128 0.0310 0.1536 0.47
REC-RCA 0.312 0.514 0.127 0.0318 0.1498 0.08
MICE 0.374 -0.065 0.169 0.0154 0.0326 -1.19
MICE-RC 0.356 0.057 0.154 0.0089 0.0186 -1.18
MICE-RCA 0.361 0.056 0.154 0.0091 0.0144 -1.17
‘Wave 2007

REG -0.122 -2.203 0.145 -0.0766 -0.2927 -41.76
REG-RC 0.107 -1.504 0.157 -0.0522 -0.1940 -23.13
REC-RCA 0.105 -1.492 0.154 -0.0512 -0.1874 -22.46
MICE 0.361 -0.200 0.155 0.0087 0.0962 -0.37
MICE-RC 0.368 -0.136 0.149 0.0046 0.0517 -0.87
MICE-RCA 0.366 -0.122 0.147 0.0060 0.0580 -0.47
‘Wave 2012

REG 0.118 0.034 0.136 -0.0295 -0.0354 -15.98
REG-RC 0.186 0.169 0.144 -0.0224 -0.0728 -11.58
REC-RCA 0.186 0.160 0.145 -0.0219 -0.0597 -12.14
MICE 0.222 0.075 0.134 0.0120 0.0783 -3.44
MICE-RC 0.240 0.168 0.132 0.0040 -0.0026 -3.73
MICE-RCA 0.240 0.150 0.133 0.0046 0.0103 -3.96

continued on next page
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Longitudinal criteria

Financial Assets

Home Market Value

Consumer Credits

Chi-square Cross-wave Chi-square  Cross-wave Chi-square Cross-wave
test stat. correlation test stat. correlation test stat.  correlation
418.87 0.213 1139.16 -0.176 197.20 -0.054
447.85 -0.216 1152.72 -0.360 194.76 -0.183
443.89 -0.216 1161.64 -0.365 192.60 -0.177
398.90 0.181 785.63 -0.066 205.39 -0.023
426.31 -0.287 961.66 -0.291 172.28 -0.343
426.77 -0.286 1028.53 -0.295 172.46 -0.337

Table 2.12: Mean results all evaluation criteria, assumption: differential non-response at

the bottom (DNRI).

Assumption: Differential non-response I1

Financial Assets

Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.462 0.887 0.319 0.0467 0.0748 3.86
REG-RC -0.515 0.475 0.248 -0.0121 -0.0524 0.05
REC-RCA -0.546 0.407 0.253 -0.0117 -0.0567 0.13
MICE -0.403 0.123 0.232 -0.0570 -0.2091 -3.71
MICE-RC -0.413 0.160 0.135 -0.0622 -0.2028 -3.79
MICE-RCA -0.443 0.102 0.140 -0.0619 -0.2081 -3.91
‘Wave 2007

REG -0.690 1.240 0.297 0.0850 0.3024 6.04
REG-RC -0.647 0.801 0.243 0.0442 0.1427 2.78
REC-RCA -0.657 0.795 0.241 0.0436 0.1672 2.71
MICE -0.544 0.340 0.189 -0.0077 -0.0068 -5.20
MICE-RC -0.471 0.453 0.133 -0.0051 -0.0339 -4.88
MICE-RCA -0.481 0.447 0.131 -0.0055 -0.0102 -5.18
‘Wave 2012

REG -0.603 1.117 0.275 0.0825 0.3098 7.37
REG-RC -0.661 0.544 0.230 0.0355 0.1420 3.15
REC-RCA -0.662 0.595 0.232 0.0363 0.1540 3.05
MICE -0.594 0.441 0.217 0.0026 0.0285 -0.63
MICE-RC -0.560 0.228 0.144 -0.0082 -0.0335 -2.27
MICE-RCA -0.560 0.290 0.144 -0.0073 -0.0212 -2.87
Home Market Value

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.052 0.107 0.108 0.0245 0.0388 0.26
REG-RC -0.050 0.047 0.091 0.0077 0.0120 0.14
REC-RCA -0.047 0.054 0.087 0.0116 0.0160 0.22
MICE -0.073 -0.015 0.087 0.0013 0.0066 0.01
MICE-RC -0.061 -0.011 0.069 -0.0072 -0.0069 -0.04
MICE-RCA -0.058 -0.006 0.065 -0.0035 -0.0029 0.02
‘Wave 2007

REG -0.064 0.117 0.110 0.0280 0.0464 0.45
REG-RC -0.046 0.062 0.081 0.0131 0.0185 0.38
REC-RCA -0.042 0.071 0.076 0.0159 0.0234 0.36
MICE -0.078 0.007 0.096 0.0033 0.0087 0.08
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Home Market Value

‘Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
MICE-RC -0.049 0.025 0.065 0.0020 0.0032 0.21
MICE-RCA -0.045 0.034 0.060 0.0047 0.0081 0.17
‘Wave 2012

REG -0.046 0.085 0.095 0.0252 0.0391 0.45
REG-RC -0.039 0.024 0.078 0.0163 0.0207 0.45
REC-RCA -0.042 0.003 0.076 0.0168 0.0226 0.40
MICE -0.068 0.013 0.082 0.0031 0.0071 0.13
MICE-RC -0.047 -0.013 0.061 0.0023 0.0012 0.19
MICE-RCA -0.050 -0.034 0.059 0.0027 0.0028 0.15
Consumer Credits

Wave 2002 Mean Coeff. of Var. KS-distance  Gini coeff. MLD  p99/p50
REG -0.418 0.006 0.199 -0.0470 -0.0980 -0.44
REG-RC -0.540 -0.083 0.203 -0.0776 -0.1766 -3.07
REC-RCA -0.538 -0.050 0.204 -0.0789 -0.1846 -3.09
MICE -0.612 -0.320 0.201 -0.1340 -0.3744 -8.57
MICE-RC -0.625 -0.295 0.172 -0.1287 -0.3512 -7.85
MICE-RCA -0.622 -0.267 0.174 -0.1301 -0.3596 -7.69
‘Wave 2007

REG -0.735 -0.090 0.177 -0.0166 0.0136 -3.38
REG-RC -0.629 0.099 0.171 -0.0083 0.0037 -2.23
REC-RCA -0.625 0.112 0.170 -0.0089 0.0063 -2.22
MICE -0.925 -0.133 0.213 -0.0319 -0.0588 -6.11
MICE-RC -0.759 0.014 0.177 -0.0197 -0.0520 -3.76
MICE-RCA -0.755 0.025 0.175 -0.0204 -0.0499 -3.63
‘Wave 2012

REG -0.562 0.040 0.156 -0.0155 0.0335 -4.73
REG-RC -0.485 0.132 0.141 -0.0169 -0.0291 -4.01
REC-RCA -0.487 0.118 0.145 -0.0146 -0.0118 -3.91
MICE -0.681 0.027 0.186 -0.0092 0.0101 -3.31
MICE-RC -0.581 0.053 0.149 -0.0146 -0.0559 -2.97
MICE-RCA -0.583 0.051 0.151 -0.0120 -0.0379 -2.92

Longitudinal criteria

Financial Assets

Home Market Value

Consumer Credits

Chi-square Cross-wave Chi-square Cross-wave  Chi-square Cross-wave
test stat. correlation test stat. correlation test stat.  correlation
2009.71 0.063 283.6 9 -0.108 304.44 0.022
1436.30 -0.328 221.85 -0.294 295.77 -0.259
1425.01 -0.334 203.01 -0.296 290.35 -0.266
469.17 0.024 489.29 0.008 311.75 0.089
272.81 -0.330 252.18 -0.206 307.64 -0.243
273.08 -0.336 207.75 -0.206 305.22 -0.251

Table 2.13: Mean results all evaluation criteria, assumption: differential non-response at

the top (DNRII).
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Table 2.14: Relative bias of standard errors: home market value.

Wave Wave Wave Overall

2002 2007 2012 bias
Missing at random (MAR)
REG -0.17  -475 -0.48 -1.80
REG-RC 030 -3.09 024 -0.85
REG-RCA 0.03 -3.02 0.00 -1.00
MICE 3.97 2.11 3.03 3.04

MICE-RC 247  -0.41 1.59 1.22
MICE-RCA 2.20 -0.19 1.39 1.13
Differential non-response 1 (DNRI)

REG 0.55 -449 -0.06 -1.33
REG-RC 033 -397 0.14 -1.17
REG-RCA 034 -435 0.05 -1.32
MICE 3.45 -0.65 2.36 1.72

MICE-RC 143  -2.70 0.78 -0.16
MICE-RCA 147  -3.11 0.70 -0.31
Differential non-response 2 (DNRII)

REG 095 -3.13 -0.02 -0.74
REG-RC 0.70 -2.18 0.82 -0.22
REG-RCA 0.81 -2.07 1.02 -0.08
MICE 2.61 -1.02 2.13 1.24

MICE-RC 1.92  -0.94 1.65 0.88
MICE-RCA 1.98 -0.78 1.95 1.05

Note: Bold figures indicate that the relative
bias exceeds 5 percent.
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Table 2.15: Relative bias of standard errors: financial assets.

Wave Wave Wave Overall
2002 2007 2012 bias
Missing at random (MAR)

REG 3.13 3.19 11.32 5.88
REG-RC 1.74  -2.49 1.17 0.14
REG-RCA 2.37  -2.58 1.01 0.27
MICE 5.07 6.26 5.14 5.49

MICE-RC 2.65 0.65 1.25 1.52
MICE-RCA 3.27 0.65 1.09 1.67
Differential non-response 1 (DNRI)

REG -3.97  7.07 23.91 9.00
REG-RC -1.08 1.62 10.43 3.66
REG-RCA -0.65 1.49 10.47 3.77
MICE 1.72 2.02 2.73 2.16

MICE-RC 0.07 -5.27 -1.33 -2.18
MICE-RCA 0.09 -5.41 -1.29 -2.20
Differential non-response 2 (DNRII)

REG -0.44  -0.55  -0.04 -0.34
REG-RC -0.05 -0.43 0.40 -0.03
REG-RCA 0.15 -0.45 0.26 -0.01
MICE 0.47 0.44 0.87 0.59

MICE-RC 0.19 -0.27 0.64 0.19
MICE-RCA  0.40 -0.28 0.53 0.22

Note: Bold figures indicate that the relative
bias exceeds 5 percent.
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Table 2.16: Relative bias of standard errors: consumer credits.

Wave  Wave Wave Overall
2002 2007 2012 bias
Missing at random (MAR)

REG -4.96 -24.64 -0.23 -9.94
REG-RC -6.39 -26.15 -0.41 -10.98
REG-RCA -6.39 -26.15 -0.41 -10.98
MICE 0.07 -19.10 0.73 -6.10
MICE-RC -1.80 -21.16 0.15 -7.60

MICE-RCA  -1.84 -21.48 0.11 -7.73
Differential non-response 1 (DNRI)

REG 16.52 35.72 4.79 19.01
REG-RC 10.21  20.94 2.41 11.19
REG-RCA 10.15 20.98 2.50 11.21
MICE 9.29 -2.02  5.57 4.28
MICE-RC 6.04 -5.04 3.53 1.51
MICE-RCA 6.00 -5.00 3.51 1.50
Differential non-response 2 (DNRII)

REG 1.35 -19.96 -3.53 -7.38
REG-RC 0.99 -24.52 -4.06 -9.20
REG-RCA 1.22  -24.29 -4.04 -9.04
MICE 3.38 -24.67 -1.40 -7.56
MICE-RC 2.07 -26.82 -2.02 -8.92

MICE-RCA 240 -26.48 -2.05 -8.71

Note: Bold figures indicate that the relative bias
exceeds 5 percent.
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3 Estimating top wealth shares using survey data —

An empiricist’s guide

3.1 Introduction

In the wake of a renewed discussion on inequality, distributive justice, and social cohesion,
the distributions of income and wealth are, again, in the focus of science, media, and policy
makers (Piketty, 2014). While research on income and its distribution in Europe and
across the world is widely available, research on wealth is comparatively scarce. One reason
might be that until recently the availability of comparable data for Europe was severely
limited, which changed after the Eurosystem’s Household Finance and Consumption Survey
(HFCS) became accessible to researchers (European Central Bank, 2013a,b). Although
the latest report by the OECD (2015) thoroughly analyzes income inequality, there is
only one chapter dedicated to research on wealth inequality. It addresses two major
problems: finding comparable data sources, and the fact that information on the long-term
developments is even harder to come by.

One issue is that researchers need to rely on survey data, if tax return data is not
available.'?> However, survey data typically has the problem of a middle-class bias, it
lacks a sufficient number of observations for the margins of the distribution. Due to the
pronouncedly skewed distribution of net worth, the upper tail of the wealth distribution is

of utmost relevance when analyzing wealth inequality. Some wealth surveys try to overcome

12 Even if wealth tax data is available, the information does not typically cover the whole population, as
only taxable wealth components are recorded.
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this problem by oversampling rich households.'® However, even with an oversampling of
affluent households, there is the tendency that the truly rich households—in particular
multi-millionaires and billionaires—are still not adequately represented in such surveys
(Westermeier and Grabka, 2015). In order to overcome the under coverage of high-net-
worth-individuals and -households in wealth survey data, researchers started simulating
the top tail of wealth distributions using Pareto distributions both with and without
information on high-net-worth-individuals from rich lists.

The aim of this study is to shed light on some aspects of enhancing lacking survey
data using Pareto simulated top tails that are previously neglected. Using Monte Carlo
experiments, we show that wealth data, which is plagued by differential non-response,
as opposed to a non-observation bias, might not be treated with a simple maximum
likelihood estimation of the top tail, as estimates are still inherently biased downwards.
Including rich list data and switching to regression estimation impacts top wealth shares,
but the total net worth is still biased downwards. In the last step of the simulation, I show
what potential effects are to be expected, if publishers of rich lists data systematically
overestimate the top fortunes. Overall, all empirically encountered estimations of the
aggregate wealth and top wealth shares using corrected data yield inherently biased results,
once survey weights are uninformed and no additional data is available for calibration. As
shown in an application using German survey data, if survey weights are re-calibrated to
carry information on the distribution of households from exogenous sources, the estimates
change tremendously. U.S. and Spanish survey data, which include sampling via wealth
strata, are the best guesses as to how response behavior and wealth may be related.

In one stream of the existing literature, the bulk of studies explore the consistency of
‘rich list” data from magazines such as Forbes with the power law distribution (Klass et al.,

2007; Brzezinski, 2014). Generally, these studies fall under the label econophysics (see

13 ‘Relatively wealthy households account for a disproportionate share of the total wealth, and existing
evidence suggests that the likelihood that they will not complete interviews when included in a sample is
disproportionately high. Thus, there are potentially both bias and variance implications stemming from
the treatment of wealthy households. Standard designs used when measuring income or expenditure
might not be adequate for measuring wealth.! (OECD, 2015, p. 147).
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Chatterjee et al., 2005) and are concerned with questions of exact statistics and alternative
models describing the distribution of wealth (Clauset et al., 2009). Some of the most recent
works concentrate on the question of whether rich-list data, such as the yearly-published
list of billionaires by the American Forbes magazine, can be better described using other
distributional assumptions (Brzezinski, 2014; Capehart, 2014). While the questions studied
among the researchers in the econophysics camp are valid questions to study, the more
relevant questions for public finance and policy makers are, (1) do power law distributions
approximate the reality well enough; and (2) can we draw conclusions for the estimates
of wealth distribution and top wealth shares? The statistical properties of rich-list data
alone are of limited use, once a researcher needs to impute for missing observations at the
upper tail of the distribution between rich-list data and survey data.

The second stream of literature is decidedly more empirically oriented and studies
whether Pareto distributions are a useful complement to survey data. For instance,
Vermeulen (2014) shows in a Monte Carlo experiment that the inclusion of rich lists’
entries (such as the Forbes magazine) increases the precision of estimators for both the
Pareto index and, as a result, the key figures of the entire wealth distribution, if compared
to survey estimates without top-net-worth-holders from rich lists. Using data from the
HFCS, he presents results for adjusted wealth distributions based on arbitrarily chosen
minimum values for the Pareto distribution. Bach et al. (2014a) carry out a similar exercise
using survey wealth data and rich list data from Germany. Eckerstorfer et al. (2015) rely
only on survey data and present a method for the identification of a Pareto distribution’s
minimum value using statistical hypothesis testing and Austrian data from the HFCS.
They assume that, due to the skewness of wealth distributions, there is a non-observation
bias at the top in survey data, as very rich households are randomly missing from the
sample. Vermeulen (2014), on the other hand, based his simulation on the assumption that
the under coverage at the top does not solely happen by chance, based on several reports
on response rates in the US Survey of Consumer Finances (SCF), instead concluding that

the response rates decrease due to differential non-response (as reported by Kennickell and
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Woodburn, 1997; Kennickell and McManus, 1993). The term encapsulates the observation
that the non-response rate is increasing, the higher the net worth value of a household is,
i.e. the richer a household, the lower the probability that it is included in a survey sample.
Survey data alone then yields severely downward biased results, even more so without a
dedicated oversample for very rich households, as included in the SCF (Kennickell, 2007,
2009) and some countries that are part of the HFCS sample (European Central Bank,
2013a). The 2011 Spanish subsample of the HFCS includes such an oversample for very
wealthy households; it is based on individual wealth tax file information from the 2007
wealth tax.!* All people with taxable wealth over €108,000 in Spain were subject to this
tax. The wealth strata were chosen based on the percentile distribution of households filing
a wealth tax return. The resulting cooperation rates show that non-participation is much
less likely for the middle class (wealth below €500,000) than for the upper class (wealth
greater than €6 million). The former strata had cooperation rates exceeding 50 percent,
the latter below 26.5 percent (Bover et al., 2014, p. 27). Findings from the 2002, 2005,
and 2008 Encuesta Financiera de las Familias conducted in Spain confirm the progressively
increasing non-response rates (Bover, 2004, 2008, 2011). As for the mechanisms that might
cause differential non-response, they remain largely unexplored, but it is straightforward
to think of a series of unknown household characteristics that might correlate with both
net worth and response probability (e.g. availability of the household’s head and time use,
the value of opportunity costs), none of which are observed by survey providers or used in
the post-stratification of the survey weights, thus yielding weights that do not reflect the
distribution of households in the sampling population.

In Section 3.2, a series of Monte Carlo experiments is conducted, adjusting several of
the assumptions and testing various methods used by researchers to correct for the under
coverage of high-net-worth-individuals and -households in survey studies. In Section 3.3
the findings are applied to to German survey wealth data, showing how re-calibrating

the survey weights might affect top wealth shares, and compares the results. Section 3.4

14 The wealth tax in Spain was discontinued afterwards, but re-established in 2011.
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concludes.

3.2 A simulation study

The correction for the missing rich in survey data, using a Pareto distribution as an
approximation for the upper tail, involves several steps. First, the parameters of the
Pareto distribution must be identified. In Section 3.2.1, non-observation bias is illustrated
using a similar simulation set-up to Eckerstorfer et al. (2015). It is shown that both sample
estimates and Pareto-corrected estimates become more precise as more observations are
sampled from the tail of a wealth distribution (Specification 1). Next, the assumption
of non-observation bias as the motivating factor is changed to differential non-response
and it is shown that non-informative survey weights, ceteris paribus, result in downward

biased estimates, even though a Pareto-correction is applied (Specification 2).

3.2.1 Non-observation bias versus differential non-response

It is assumed that the top net worth population of a fictive country consists of 600,000
households with a net worth greater than 1 million; they are distributed following a Pareto

distribution

0 W < W

folw)=9y ; (3.1)
o W > wy

Wy, 18 the threshold parameter of a pareto distribution, also called minimum value. All
data exceeding this threshold follow a Pareto distribution. The parameter « is known as the
Pareto index or the scaling parameter, which determines the shape of the distribution—the
lower « the higher the inequality of the wealth distribution in the upper tail exceeding the
threshold parameter w,,.

In the first Monte Carlo experiment, « is set to 1.3 and w,, equals 1 million (cf.
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Eckerstorfer et al., 2015). To estimate the Pareto index from the data, the maximum
likelihood estimator is used, as it is the preferable estimator compared to the regression
estimator (Clauset et al., 2009). The units of the sample are denoted by i = 1,...,n,
hence, w; equals the net worth of household i. Then, the maximum likelihood estimator

for Pareto index « is given by

ami=1+n

zn:ln i ]_ . (3.2)

i—1 Wm

Samples with varying sample sizes are drawn from this population: the number of
Pareto distributed households n varies between 100 and 2,000 observations in steps of
100.15 As each step involves 1,000 samples, in total 20,000 samples are drawn and the
respective Pareto index is calculated using equation (3.2).

In contrast to Eckerstorfer et al. (2015), the x-axis does not show the sample size as a
percent of the population, it is shown in absolute numbers. The precision of the estimation
depends on the absolute sample size rather than the relative sample size, i.e. the overall
size of the population is only relevant for the extrapolation of the aggregate wealth. As the
sampled total net worth in the top panel of Figure 3.1 depicts, the median aggregate wealth
is likely biased downwards before correction. However, estimates of the Pareto index are
unbiased (against the median) and the precision expectedly gets higher as the sample size
increases. On the lower right panel in Figure 3.1 the total net worth is recalculated, based
on the extrapolation of the Pareto estimates. As it is known how many units exceed w,,

from the overall population, it is straightforward to calculate the resulting total net worth

15 Based on my own calculations, the 2012 sample of the German Socio-economic Panel Study (SOEP)
has 270 households that have a net worth exceeding €1 million, in the German subsample of the HFCS
data there are 246 households with a net worth greater than €1 million (means over 5 implicates, see
Table 3.2). In the Austrian subsample only 113 households exceed 1 million, while in Belgium, Finland,
and Italy the number varies between 200 and 300 households. In Spain and France the number is well
above 1000 households, which in turn seems to greatly affect variance between separate implicates of
the multiply imputed data (see Appendix 3.B).
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Figure 3.1: Specification 1. Deciles of the estimated a,,; and total net worth for sample
sizes between 100 and 2,000 of a Pareto distributed population with an actual a = 1.3,
Wy, = 1,000,000 and population size N = 600,000.

via the expected mean:

00 a<l1
EW) = . (3.3)
ctm a>1

The corrected estimates for the total net worth are unbiased, the precision increases with
the sample size. In this case, any downward bias would be the result of a non-observation
bias. Sample selection randomly excludes very rich households and the resulting estimated
totals are too low.

However, surveys in Spain and the US show that the non-response rate is increasing
with the level of wealth (Kennickell and Woodburn, 1997; Bover et al., 2014, p. 27). Hence,
differential non-response might be a more viable explanation for the lack of statistical
power at the top of wealth distributions and biased top wealth shares in survey samples.

Eckerstorfer et al. concentrate their study on a statistically sound method to determine the
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correct minimum value w,, and apply the method to HFCS data from Austria, assuming
only a non-observation bias. They note that their method could also be applied if the
data suffer from differential non-response. As shown next, differential non-response yields
biased estimates of Pareto index « and, thus, biased totals, even if both the threshold
parameter w,, and the population size exceeding w,, are known.

In Specification 2, the same Monte Carlo experiment as in Specification 1 is repeated,
assuming that the probability to refuse to participate in the survey increases with the
level of wealth. For this simulation, any assumption of the mechanism would suffice, as
long as it progressively increases the probability of non-response with the level of net
worth. Vermeulen (2014) calculates non-response probabilities for the 1992 sample of the
U.S. Survey of Consumer Finances, as reported in Kennickell and Woodburn (1997): the
mechanism is (approximately) described by Pr(non-response) = 0.1 + 0.04In(w). This
means a person with a net worth value of 1 million would refuse with a probability 65.3%
and a person with a value of 10 million with a probability of 74.47%.16 However, it
is assumed that the survey provider increases the gross sample size by a factor of 3 in
order to ensure that the net sample size stays roughly the same as in the first simulation.
Implementing the same mechanism in our data and drawing random gross samples of,
again, increasingly large gross sample sizes between 300 and 6,000 units yields net samples
of roughly the size as in Specification 1.

In Figure 3.2 we estimate Pareto index «, again using the maximum likelihood estimator
ami- However, the true mechanism of non-response is unknown to the researcher; hence,
the empiricist assumes a random sample. This assumption is empirically warranted if no
external data for calibration is available. Additionally, it is mathematically identical to an

estimation of the Pareto index « from survey data with complex sampling without using

16 Low response rates are not unique to surveys in the US. The response rate for the first wave of the
German HFCS subsample was as low as 18.7%; overall the rate was below 50% in about half of the
countries included in the HFCS (European Central Bank, 2013a, p. 41).
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weights as in Eckerstorfer et al. (2015).17

The total net worth calculated from the sample is severely biased downward (top
panel in Figure 3.2). Additionally, estimating Pareto index « using the survey data with
an unknown non-response mechanism results in an overestimation of the Pareto index
(bottom left panel in Figure 3.2). In the Monte Carlo experiment the estimates are about
0.14 units too high. Hence, the first result is that if the survey data are plagued by
increasing non-response rates, then a,,; cannot be consistently estimated. The effect of
an overestimation of « leads to a corrected total net worth that is consistently too low

(Figure 3.2, bottom right panel), in this case, roughly 550 Billion or 20% less than the real
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Figure 3.2: Specification 2. The impact of differential non-response on the estimation
of a.. Deciles of the estimated a,,; and total net worth for gross sample sizes between 300
and 6,000 of a Pareto distributed population with an actual « = 1.3, w,,, = 1,000,000 and
population size N = 600,000.

17 In practice, the mechanism of non-response is never completely unknown to survey providers and unit
non-response is addressed when calculating the survey weights, which combine sampling probabilities
with additional paradata, that are possibly correlated with the wealth level of households. Thus,
including survey weights in any estimation of Pareto index « is advisable, especially if an oversample of
rich households is included in the sample. This was the case in Germany, Austria and several other
countries included in the HFCS (European Central Bank, 2013a). Estimation without survey weights
will surely yield biased results stemming from the complex survey sampling.
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value. Note that it is still assumed that both the value of the threshold parameter w,, and
the number of households exceeding it are known, both of which are unknown in practice.

Survey statisticians differentiate between sampling error and sampling bias. The
former case describes a situation where a survey sample’s calculated value differs from
a population’s aggregate private wealth purely by chance, as the value from a sample is
never identical to the actual value. In this case, due to the skewness of the distribution,
some super rich individuals or household are excluded from the sample. Their inclusion
would drive up the mean and, subsequently, the aggregate private wealth. Their absence
from the sample causes a sampling error.

A sampling bias, however, is to be expected if some members of the intended population
are less likely included in the sample than others: in this case, differential non-response
with respect to wealth. For the sake of simplicity, let us assume that private wealth
W is independently identically Pareto distributed following equation (3.1). A sampling
error is less of a problem, because any sampled value is still drawn randomly from the
underlying distribution, thus the expected value equals the population’s mean (is unbiased)
as estimated by formula (3.3).

If the survey sample suffers by differential non-response, the probability to be included
in the sample depends on w. In the example in Specification 2 it was Pr(i € s|w;) =
0.9 — 0.04 In(w;); more generally, one could describe such a response function as Pr(i €
slw;) = a — bln(w;). In this case, the probabilities to be sampled depends on the value
w itself and, thus, differs at different points of the wealth distribution. With a fixed at
0.9, and wy, supposed to be known, the empirically observed sample distribution exhibits
much less inequality depending on b. As it is difficult to show analytically, one typically
resorts to Monte Carlo experiments. However, for Specification 2 it is possible to show
that the sample distribution differs from f,(w).

For some probability density functions (pdf) f,(yi|f), depending on parameters 6, it
is possible to derive the sample pdf of Y;, defined as fs(y;|i € s), where S denotes the

selected sample. It is obtained by application of the Bayes theorem (Peffermann et al.,
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1998):

fsil0®) = fo(yili € s) = Pr(i € slyi) fp(yil0) /Pr(i € ). (3.4)

The parameters 6* are a function of § and the parameters indexing Pr(i € sly;).
It is important to note that, as Pr(i € sly;) # Pr(i € s) for all y;, the sample and
population probability density functions are different and survey weights derived from
the sampling become informative (if available). In most cases empiricists resort to
Monte Carlo methods to show the impact of various non-response mechanisms on the
population pdf. This paper’s assumptions on the differential non-response affecting a
Pareto distributed wealth tail generally yield sample pdfs that are not Pareto distributed
any more, which becomes visible when examining the resulting shapes. One of the
properties of a Pareto distribution is that the conditional probability distribution of a
Pareto distributed random variable, given that it is greater or equals a particular value
wy exceeding the threshold value w,,, is again a Pareto distribution with unchanged
Pareto index o but minimum value w; instead of w,,. This property does not hold, if
the sampling suffers by differential non-response, indicating that the resulting sample pdf
fs(wi|a, wi,, 0*), with 6* a function of parameters indexing the biased sampling procedure
Pr(i € s|lw;), is not Pareto distributed (see also counterexamples in Appendix 3.A and

3.C). With population distribution f, (w;|a, wy,) = aw?, *w; *~* and the probability to be

sampled conditional on household wealth given as Pr(i € s|w;) = a — bln(w;) the sample

distribution can be written as

oo
fs(w|o,wp, a,b) = (a — bln(w))aww =/ /(a —bIn(w))aww™ " dw.  (3.5)
Wm,
As in Specification 2 the wealth distribution was Pareto with an index of 1.3 and a

threshold value of 1000000
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W; ~ Pareto(a = 1.3, w,, = 1000000),

the sample distribution reduces to

8.20245 * 107 * (a — bIn(w))
Js(wla,b) = w23 x (a — 14.5847 x )

(3.6)

For comparison’s sake one might now plot both population distribution and the sample
distribution from Specification 2 (with a = 0.9 and b = 0.04) to visualize that the sample
distribution clearly exhibits less inequality and smaller mean (Figure 3.3).

To prove that the sample pdf necessarily has a smaller mean than the population pdf
it is possible to compute the expected means. For a Pareto distributed random variable
the expected value is given by (3.3). Thus, in Specification 2 the expected value of the

population pdf equals 4% million. For the sample population the expected value is given
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Figure 3.3: Population pdf (black) and sample pdf (grey) in Specification 2.
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by

E) = [ wfi(wla,b)dw

T 820245 % 107 % (a — bl
_ / w 10" % (a — b n(w))dw (3.7)
w23 x (a — 14.5847 % b)
43 %10% —7.43 % 107D

a — 14.5847bh

In order to illustrate by how much the expected value differs between sample and
population pdf depending on different values of parameters a and b, Figure 3.4 shows
E,(W)/E,(W) with a fixed at 0.9 (left panel) and b fixed at 0.04 (right panel).

If b = 0.00 the probability to be sampled is independent of the level of wealth, and,
thus, there is no sampling bias (Figure 3.4, left panel). The greater b is, the steeper the
non-response function, the more the sampled mean is biased downwards. The higher
the parameter a is, the higher the overall survey response, the smaller the sampling bias
(Figure 3.4, right panel). In Specification 2 the expected downward bias between sampled
expected value and the population’s expected value is 32.39%. Via extrapolation this
directly translates to biased estimates of the population’s aggregate private wealth.

Taking the results of this section further, in Specification 3 it is assessed how the

ML estimation of the Pareto index as a function of the threshold parameter, which is

T ‘ ‘ ‘ ‘ ‘

. . . . )
0.00 0.01 0.02 0.03 0.04 0.05 0.75 0.80 0.85 0.90 0.95 1.00
Parameter b (a=0.9) Parameter a (b=0.04)

Figure 3.4: Expected value of sample pdf as a function of non-response parameters a and
b.
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Correcting for the missing rich in
survey data

Assumption: Assumption: Assumption:
Non-observation bias Differential non-response Informed survey weights
Specification 1 Specification 2

Eckerstorfer et al. (2015) (1) ML estimation

(1) Weighted ML estimation
(1) Weighted Regression
incl. rich list data

Vermeulen (2014)

Assumption:
Uninformed survey weights

Assumption:
Biased rich list data
Specification 5

(1) ML estimation (1) Regression estimation
Specification 3 incl. rich list data
Specification 4
Application
Section 3

Figure 3.5: Overview. Correcting for the missing rich in survey data: assumptions, spec-
ifications and literature.

unknown in practice, behaves, assuming the sample suffers from differential non-response.
In Specification 4 the effect of adding rich list data is shown, in which case an empiricist
needs to switch to a weighted regression estimator. In addition, Specification 5 tests the
impact of biased rich list data on the estimates assuming both informed and uninformed
survey weights. The theoretical results of the simulations will then be compared to German
wealth data in an application in Section 3.3; it is also discussed how a re-calibration of
survey weights based on assumptions concerning the relationship between response and

wealth levels might be conducted.

3.2.2 Maximum likelihood estimation of Pareto index « as function of the threshold

parameter w,,

In a survey environment the threshold parameter w,, is crucial for the correct estimation
of Pareto index o but unknown. If we set w,, too low, we include data in the estimation

of a that do not follow a Pareto distribution and, thus, will end up with biased results.
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Eckerstorfer et al. (2015) note, the inclusion of observations below the true minimum
value of w,, yields downward biased estimates of «, the exclusion of data above w,, yields
upward biased estimates of . In the source cited, Clauset et al. (2009, p. 10), estimation
behavior of « as a function of w,,, is simulated, but the data below the threshold parameter
follow an arbitrarily chosen exponential distribution. In fact, it is easy to prove another
case using a different representation below the threshold parameter. Empirically, the
expected value of a does not follow a clear pattern, as the shape of the plot depend on
the empirical distribution of the data below the threshold parameter w, (see Appendix
3.A and 3.B for simulated and empirical results, respectively).

In Specifications 3, 4, and 5, a population of 30 million households is assumed and net
worth is distributed following a lognormal distribution below a certain threshold w,, and

following a Pareto distribution above w,,. This means the wealth distribution is given by

0 w < Wy
_ (nw—p)?
fp(w) = L_e 202 0<w< wy - (3.8)
woy/ 2w
Pt w > W,

In effect, this population is characterized by a strictly positive net worth, which does
not diminish the results of the simulation, as one may solely look at the upper parts of the
distribution exceeding w,,, the Pareto distributed tail. The parameters and sample sizes
are chosen to roughly resemble the West German population from Socio-Economic Panel
study—with increased wealth concentration at the top—, so that the effect of non-response
can be illustrated: With parameters 4 = 11 and ¢ = 1.8, and the Pareto distribution
characterized by w,,,=1,000,000 and « = 1.4, the result is a population with an aggregate
wealth of about 9.9 trillion, which translates to a mean net worth of roughly 330,000, the
top percentile holds a share of 37.7% and the top 0.1% a share of 19.5% of the total net
worth. It is assumed that an individual (or household) responds to the survey with a

probability of P(Response) = 0.62 + 0.02  In(w;) — 0.0024  In(w;)?. This relationship
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between wealth and survey response is directly derived from the 2012 Spanish EFF strata,
as documented in Bover et al. (2014, p. 27). Figure 3.6 depicts the prototypical densities
of the (log) wealth distribution before and after taking the response probabilities into
account, as well as the response probabilities as a function of (log) wealth.

What is the resulting shape if the Pareto index « is estimated as a function of the
threshold parameter, which is unknown in practice? In this simulation the ML estimator
is used, while the survey weights are uninformed about the non-response mechanism. As
the gross sample size in this simulation is 30,000 households, the non-response results in
a net sample size of roughly half the size. Figure 3.7 shows that the resulting estimates
of the Pareto index using maximum likelihood estimation are, in this case, against the
median, about 0.15 units too high at the threshold value w,, = 1 million. In addition, the
higher the assumed threshold value is set, the less precise the estimation of Pareto index
« is. An upward biased Pareto index directly translates to downward biased estimates
of the inequality of the Pareto distributed wealth. Had a researcher only used the raw

sample, he would estimate a total net worth of 6.8 trillion (see Figure 3.7, right panel).

é ™ ~ - é
2 ; =
[ lognormal distributed H Pareto distributed s
a p=11, 0=1.8 : a=1.4, wn=1,000,000 o
' © Ja
~ \
LD_ -
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Figure 3.6: Simulation set-up. Assumptions in the Monte Carlo experiments in Specifi-
cations 3, 4 and 5.
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The ML estimation of the Pareto index and a simulation of the tail based on the results
barely improve on lacking survey data, if non-informative survey weights are included.
By the raw sample, the top-0.1% of the population holds 10.1% of the net worth; the
target value would be 19.5%. The re-assessment slightly improves on the raw sample as
Figure 3.8 shows: after applying a Pareto correction the top wealth shares are somewhat
higher, as the wealth is redistributed from households in the 90th to 99th percentiles,
whose wealth is overestimated before correction, to the top percentile. However, while the
estimates are slightly improved, they are still far from acceptable. Generally, if the survey
weights are uninformed, the number of Pareto distributed households is too low, and their
distribution too equal, both before and after correction. For comparison’s sake, the same
simulation with informed survey weights using a weighted ML estimator is repeated in

Appendix 3.C.

3.2.3 The regression method including rich list data

In a next step, it is assumed that information on the net worth of the top 50 net worth
holders is available to the researcher from an external source. This is where the so-called

rich lists come into play. It is evaluated, whether external data may be used in order
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Figure 3.7: Specification 3. Impact of differential non-response on the maximum like-
lihood estimates for the Pareto index o and total net worth, plotted as a function of the
value assumed for w,,. 1,000 samples each, drawn from test distributions, Eq. 3.8 , see also
Fig. 3.6.
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Figure 3.8: Specification 3. Impact of differential non-response on the top wealth shares
before and after Pareto correction, plotted as a function of the value assumed for w,,. 1,000
samples each, drawn from test distributions, Eq. 3.8, see also Fig. 3.6.

to obtain unbiased estimates, if a survey sample suffers from differential non-response
and the very rich are missing as a result. As in Specification 3, we draw a net sample of
about 15,000 households. Then, we add the 50 wealthiest households taken from the base
population for the estimation (each carrying a survey weight of one). In this case, using a
sample combined of two sources, the maximum likelihood estimator would yield biased
results, hence leaving us with the regression method as the only option. As above, N;
denotes the frequency weight of household i; Ny, is the sum of the frequency weights
exceeding the net worth of household 7; thus, it corresponds to the rank of a household, if
survey weights are included. The regression estimator then is the estimated parameter
from a regression of the log of the net worth on the log of the rank of all households

holding a net worth of w,, and higher:

In(Nuysw;) = € — Greg In(w;). (3.9)

It is assumed that the weights are uninformed, i.e. the frequency weight for any
household is the inverse of the sampling probability. The same specification is, again,

repeated with informed survey weights in Appendix 3.C.
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Figure 3.9: Specification 4. Including rich list data in the regression estimation. Regres-
sion estimates for the Pareto index o and corrected total net worth, plotted as a function of
the value assumed for w,,. Uninformed survey weights. 1,000 samples drawn from the test
distribution, Eq. 3.8, see also Fig. 3.6.

In Figure 3.9 the results on the left hand side depict the median estimates and selected
percentiles of the estimation of Pareto index «. If the non-response mechanism is unknown,
« is underestimated at the threshold w,, = 1000000 by 0.04 units, and steadily decreases
thereafter as less and less households are included in the estimation. Apparently, if the
survey sample is affected by differential non-response, including rich list data will result in
an underestimation of the Pareto index, the inequality in the top tail is too high. The
target estimate of an unbiased total net worth would be 9.9 trillion. An obvious question
arises: if the Pareto index « is too low, why are estimates of the aggregate wealth too low?
The adjustment for the missing rich here is plagued by two separate biases with countering
effects: on the one hand, the Pareto index is too low, resulting in an overestimation of
wealth concentration for the Pareto distributed part of the wealth distribution. On the
other hand, the number of observations above the Pareto threshold w,, is too low. In effect,
too few observations are distributed too unequally in the re-assessed tail of the wealth
distribution, and the latter effect dominates the computation of the aggregate wealth.
Only if the survey weights are informed about the exact mechanism of non-response, is an
empiricist able to determine how many households are in the tail of a wealth distribution.

As Figure 3.10 shows, while the aggregate wealth of the population is underestimated
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by 1.4 trillion, the shares of the wealthiest 1 % and 0.1 % of households are likely to be
improved. To be more precise, it is likely that the corrected estimates overshoot the mark:
as the re-assessment of the top tail is fed with both wealth data that is biased to the
middle-class and rich list data at the very top, a (relative) redistribution from the lower
deciles to the top takes place (see sample shares and median of the wealth held by 90th to
99th percentiles), resulting in top wealth shares that are too high and wealth levels held
by the upper middle-class that are too low. As the 90th to 99th percentiles are equally
important for the aggregate wealth, but their net worth is falsely assessed, the aggregate

wealth is still biased downward; the top wealth shares are biased upward.

3.2.4 The impact of biased rich list data

The dubious nature of data taken from rich lists published in magazines largely remains
unresolved. Assuming that mistakes in the journalistic black box are merely random would
have a negligible effect on the estimated Pareto indices of the top tail. However, if the
lists’ entries are too high or too low, they have a significant impact on the estimations.
Admittedly, since neither the sources of data nor the method of obtaining the information

are made public, the details of such lists ultimately cannot be verified. There are results
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Figure 3.10: Specification 4. Including rich list data in the regression estimation. Top
wealth shares plotted as a function of the value assumed for w,,. Uninformed survey
weights. 1,000 samples drawn from the test distribution, Eq. 3.8, see also Fig. 3.6.
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hinting at an overvaluation of assets in the Forbes magazine. When US federal tax
authority researchers compared the tax data of deceased persons and the Forbes list, they
discovered that the list overestimated net worth by approximately 50 percent, primarily
due to assessment difficulties, fiscal distinctions, and poor assessment of liabilities (Raub
et al., 2010).

In the last specification of this simulation study, the possible impact of an overestimation
of billionaires’ wealth in rich lists on the relevant estimates is assessed. In Specification ba
it is assumed that the survey weights are informed about the non-response mechanisms,
in Specification 5b the survey weights are non-informative. The Pareto index is estimated
using the weighted regression estimator including the top 50 rich list entries, however,
they are multiplied with a random normal variable with a mean of 1.4 and a standard
error of 0.15, resulting in an overestimation of billionaire’s wealth by 40 % on average.

The impact of biased rich list entries on the estimation of the Pareto index is severe.

Table 3.1 shows the results, depending on the assumed value of the threshold parameter,

Table 3.1: Specifications 5a and 5b.

5a - survey weights informed 5b - survey weights uninformed

Assumed Pareto Total Wealth share Wealth share Pareto Total Wealth share Wealth share
threshold index mnet worth top-1% p90-p99  index net worth top-1% p90-p99
w,, in millions in billions in % in % in billions in % in %
1.0 1.341 10,910 43.1 31.8  1.332 9,192 46.0 30.0
1.2 1.339 10,900 43.3 31.6  1.322 9,198 46.7 29.5
14 1.337 10,910 43.2 31.6 1.315 9,046 46.3 29.4
1.6 1.334 10,910 43.5 314  1.310 9,029 46.0 29.4
1.8 1.332 10,910 43.5 314 1.305 9,009 46.2 29.4
2.0 1.330 10,870 43.2 31.6  1.302 8,984 46.2 29.4
2.2 1.328 10,730 43.2 31.7  1.299 8,979 45.9 29.3
2.4 1.327 10,880 43.4 314 1.296 8,948 45.9 29.5
2.6 1.328 10,830 43.1 31.5  1.293 8,865 45.6 29.7
2.8 1.328 10,770 43.0 31.7  1.289 8,821 45.4 29.7
3.0 1.329 10,780 43.1 31.6  1.286 8,955 45.6 29.6
3.2 1.327 10,720 43.0 31.6  1.283 8,849 45.1 29.9
3.4 1.327 10,760 42.8 31.7  1.279 8,808 44.9 30.1
3.6 1.326 10,710 42.7 31.6  1.275 8,774 44.9 30.0
3.8 1.325 10,750 42.8 31.6 1.274 8,833 44.9 30.0
4.0 1.324 10,730 42.9 31.6  1.273 8,753 44.7 30.1
Actual values 1.400 9,875 37.7 34.5  1.400 9,875 37.7 34.5
Before

correction (at 1.547 6,800 28.1 39.2  1.547 6,800 28.1 39.2

Wy, = 1 million)

Median estimates weighted regression method using biased rich list data. Estimated Pareto index, total net worth and
shares as a function of the value assumed for wy,. Test distributions given by Eq. 3.8, see also Fig. 3.6.
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as well as the actual values and median values calculated from the raw samples (at wy, = 1
million). At the threshold value, the index is about 0.07 units too low and appears
to decrease slightly thereafter. If the survey weights are non-informative, the Pareto
index quickly decreases, the higher the threshold value is assumed to be. The impact
on the corrected total net worth is substantial. Against the median the total net worth
is either about 1 trillion too high, or at least 700 billion to low, which in turn means
that, if both the rich list is biased upward and the weights are uninformed, the two biases
somewhat offset each other. However, in both cases this directly translates to top wealth
shares that are consistently too high; the aggregate wealth is then missing from the upper
middle class (p90-p99). Assuming that an empiricist’s survey weights are informed about
the correct non-response mechanism, the impact of biased rich list data is less severe
than in Specification 4. Empirically, an empiricist might want to factor in both effects
in the estimations, as the rich list data are likely to be biased upward and the survey
data probably suffer from differential non-response. Overall, it remains questionable
whether researchers might want to put a lot of confidence in the results of such an exercise.
Moreover, in a study by Brzezinski (2014), Pareto distributions were consistent with the
distribution of rich list data covering U.S., China, and Russia in only about one-third of
the cases. This leads to the question of whether there might be alternative distributional
assumptions or estimation techniques for simulating the super-rich population that is
otherwise omitted from survey data. On the other hand, Capehart (2014) finds that
the results of goodness-of-fit tests might change for the positive once researchers take

measurement error into account.

3.3 Application: German survey data

The primary goal of the German Socio-Economic Panel (SOEP), and other similar surveys,
is not to measure the share of the top-1-percent wealth holders. These surveys serve
multiple purposes that might not even be related to wealth (for an overview of the SOEP

survey, see Wagner et al., 2007). However, the claim to be representative for the whole



3.3 Application: German survey data 83

population and certain features of the surveys make them useful for the task at hand.
Additionally, as there is no tax or register data available in Germany—similar to most other
countries—survey data remains as the last trustworthy and publicly available source for a
scientific analysis of the distribution of wealth and wealth inequality.

As shown in Section 3.2, once survey data suffers from differential non-response, both
ML estimation without rich list data and regression estimation including rich list data will
yield biased results, as both the Pareto index and the number of households exceeding
the threshold value are biased. However, both biases may be corrected if the survey
weights are informed about the non-response mechanism. To be more precise, the survey
weights need to be explicitly informed about the relationship between non-response and
wealth. Thus, this Section provides an illustration: How to inform survey weights about
wealth-related non-response using exogenous information and, hence, obtain the correct
distribution of household net worth. Notwithstanding this announcement, it turns out
that valid exogenous information is of utmost importance, as depending on the source the
exercise produces wildly different estimates.

The German Socio-Economic Panel Study (SOEP) is a longitudinal representative survey
collecting socio-economic information on private households in Germany. Additionally, a
module collecting wealth information was included in 2002, 2007 and 2012. In 2002, the
SOEP sampled high-income individuals for the last time, it is reasonable to assume that
the precision at the top of the wealth distribution was much higher in 2002, and slowly
decreased afterwards due to panel attrition. Table 3.2 summarizes the data with regard to
net worth of private households.

The framework we use to estimate the upper margin of wealth distribution is, as in
the simulation study, twofold and based on estimation from survey data alone and a
combination of survey data with data on the absolute peak of distribution derived from all
those with the respective citizenship on the list of billionaires published annually by the
US Forbes magazine. However, the Forbes lists does not provide sufficient details every

year to be able to determine whether these individuals are also living in the respective
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Table 3.2: Summary statistics: Net worth of private households in Germany, according to
SOEP survey 2002, 2007 and 2012.

Survey wave 2002 2007 2012
Mean 149838 153998 154380
Median 37247 39220 46680
p90 361239 372899 380740
p95 538470 562386 563100
P99 1272189 1375940 1349640
Share of top-1% 21.1 % 21.6 % 18.2 %
Share of top-0.1% 7.6 % 71 % 5.3 %
Max. in million euros 62.7 31.7 45.5
Aggregate private wealth in billion euros 5.800 6.116 6.278
Number of households n N n N n N
> €500000 1089 2342967 986 2522275 862 2516656
> €1000000 334 620910 304 683088 270 708424
> €3000000 47 88204 56 133175 42 108366

Source: SOEPv30, own calculations, means over 5 implicates of multiply imputed data.

country.'® Likewise, billionaires who are living in one of the countries, but did not hold
the respective citizenship, were excluded from the analysis (Table 3.3). In this process, it
is assumed that each individual on the Forbes list represents a single household.'®

In the first step, the ML estimator (see Spec. 3 in Section 3.2.2) and the regression
estimator including rich list data (see Spec. 4 in Section 3.2.3) are applied to the 2002,
2007, and 2012 SOEP wealth data. It is shown how the estimation of the Pareto index, as

a function of the threshold parameters, yields shapes that are reminiscent of the results in

Table 3.3: Entries in the Forbes list of billionaires at the time of SOEP survey wealth
modules.

Germany 2002 Germany 2007 Germany 2012

Number of entries 34 55 55
Aggregate wealth in billion euros 159.8 185.4 188.7
Max. in billion euros 30.9 15.1 19.1

US Dollar-Euro exchange rates as of March 1 of the respective years. Source: own
calculations based on Forbes magazine’s yearly-published list of billionaires.

18 Moreover, there may also be individuals living in Germany who are not German nationals but should
be classified together with other private households.

19 It is not possible to tell from the Forbes list whether the households of these individuals include other
members or not.
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Section 3.2.2, leading to the assumption that the data suffers from differential non-response.
The empirical results are highly volatile, often driven by very few observations leaving
the estimation, as the threshold parameter wy, is set higher (Figure 3.11, left panel).
Furthermore, the left hand side, depicting the weighted maximum likelihood results, shows
that any regular shape hinting at an empirical w,, is missing. However, the shapes are
reminiscent of what is shown in the Monte Carlo experiment simulating survey data with
differential non-response: After decreasing estimations for «, there is a local minimum
between €1 and €1.6 million. However, to locate w,, and « in this corridor would certainly
be bold. The margins of error are large, given the sample size, and the Pareto index
a certainly is a good deal too high (see Spec. 3). Including the survey weights in the
estimation would only offset the effects of differential non-response, if the weights reflect
the true response probabilities along the distribution of wealth (see Spec. 3b). Once the
weighted regression method is applied and the respective German rich list members from
the Forbes magazine are incorporated, the curves align and do not vary a lot between
the survey waves (Figure 3.11, right panel). There are two main results for regressions
including rich list data: (1) once survey weights are informed about the non response
mechanism, which results in an unbiased estimation of the Pareto index « after the true
Wy, is reached, then the curves turn into a straight line at the true Pareto index in the
simulation (Vermeulen, 2014, see also Spec. 4b in Appendix 3.C). (2) If the survey weights
are uninformed, the estimates for Pareto index « decreased steadily, while already being
downward biased at w,, (Spec. 4). The empirical results using SOEP wealth data are
more reminiscent of the latter case, hinting at differential non-response in the data.
Next, the calculated Pareto indices, as a function of the Pareto threshold value shown
in Figure 3.11, are used to compute the aggregate private wealth in Germany. Using
weighted maximum likelihood estimators and re-simulating the data barely impacts the
estimates for aggregate wealth. Originally, the total net worth varied between €5.8 trillion
in 2002 and €6.2 trillion in 2012. As shown in the left panel of Figure 3.12, the estimated

values are rather close to the ones observed without correction for the missing rich. This
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Figure 3.11: SOEP survey 2002, 2007, 2012. Estimation of Pareto index as a func-
tion of threshold parameter w,,. Means over 5 implicates of multiply imputed data. Source:
SOEPv30, Forbes’ list of billionaires, own calculations.

is to be expected if one solely tries to correct for non-observation bias but the data suffers
from differential non-response. If differential non-response is assumed and the regression
method plus rich list data from the Forbes magazine are used, one can expect that the
resulting values are less, but still downward, biased (Spec. 4). If it is assumed that w,, is
at €1 million (and not varying over time), the re-assessment adds about €1 trillion in

2002, €1.2 trillion in 2007 and €1.4 trillion in 2012.

Re-calibrating survey wealth data based on external sources

In order for a re-assessment of top wealth with survey data to work, the most obvious first
solution is to reweight the data, as it is biased to the middle class using non-informative
weights (see Figure 3.6). The steps include: (1) Based on the response as a function
of wealth each household is assigned both the probability to respond and the inverse
probability. (2) A household’s inverse probability is multiplied by its uninformed frequency

weight.2? (3) The aggregate number of households is divided by the sum of (2), yielding a

20 The uninformed frequency weight refers to the household’s weight as provided through the survey
distributor. For instance, in the SOEP data there is an oversample for East German households and
one would want to preserve the ratio between East and West after re-calibration.
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Figure 3.12: SOEP survey 2002, 2007, 2012. Total net worth and top wealth shares

based on corrected data using regression method including rich list data, as a function

of threshold parameter w,,. Means over 5 implicates of multiply imputed data. Source:

SOEPv30, Forbes’ list of billionaires, own calculations.
scalar to adjust the weights to the population size. (4) Each household’s new frequency
weight is then given by product of a household’s specific value of (2) and the scalar (3).
For this reweighting to be applicable, the functional form of non-response needs to be
known, which is not the case for Germany and the SOEP data. As they are the only
source of information on the subject matter, the Spanish EFF strata (Bover et al., 2014)
or the U.S. SCF strata (Kennickell and McManus, 1993) may be used to describe response
probabilities as a function of (log) wealth. Alternatively, some financial institutions release
their own reports on the (global) distribution of wealth. For instance, Credit Suisse’s report
delivers enough information to determine the varying response probabilities depending
on the level of wealth in Germany. Hence, using the equation below, the SOEP survey

weights can be transformed to mirror the number of households within the strata provided

by Credit Suisse for 2012 for the respective reporting year (Credit Suisse, 2012).
 Spanish EFF: P(Response) = 0.622 + 0.020 * In(w;) — 0.00242 * In(w;)?
« U.S. SCF: P(Response) = 0.425 + 0.021 * In(w;) — 0.00183 * In(w;)?

« Credit Suisse: P(Response) = 0.340 + 0.023  In(w;) — 0.00256 * In(w;)?
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In all three cases including a quadratic term substantially increases the fit with the
empirical strata. Note that such a re-calibration mathematically only affects the relative
probabilities to respond between two households with differing wealth levels as it adjusts
the frequency weights according to the functional form, even though the overall non-
response rate in the SOEP might differ. The re-calibration is completely relative. It
does not affect statistical power or anything else. It is best illustrated as revoking the
net sample to the gross sample in Figure 3.6, thus, eliminating the effect of differential
non-response on the household level.

The exemplary result for the 2012 SOEP data is shown in Figure 3.13. For once, the
Pareto indices are still decreasing after re-calibration using EFF and SCF strata, hinting
at either the wrong functional form of the non-response generating mechanism—the middle-
class bias might be more severe—or the Pareto distribution does not yield a good fit for the
top tail of the German wealth distribution. For the Credit Suisse re-calibration, the Pareto
indices are slightly, but steadily, increasing. Assuming the threshold value would be at
about €2 million, inequality at the top is lowest for Credit Suisse and highest for the SCF
strata. Note that it is the same for aggregate wealth (Figure 3.13, top left panel), meaning
that the Credit Suisse strata yields a substantially less unequal Pareto distribution, but
also substantially higher wealth levels overall. Trusting in their data would mean that the
SOEP survey underestimates upper middle class wealth (say, p95-p99), as compared to the
EFF and SCF non-response assumptions, while the shares of the top-1% and top-0.1% are
about the same or lower. Likewise, if one does put trust into the non-response mechanisms
as reported for Spanish or U.S. surveys, the top wealth shares are considerably higher than
for the raw survey data and slightly higher than for the Credit Suisse strata. Note that
in every case, the Pareto indices are higher than without re-calibrating the weights and
using rich list data (cf. Figure 3.12), meaning less inequality at the top. The aggregate
wealth is also higher, depending on the re-calibration between €1.5 and €5 trillion.

As shown, re-calibrating the survey data using exogenous sources has a much more

severe impact on the estimates than choosing a threshold value or setting the Pareto
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Figure 3.13: SOEP survey 2012. Total net worth, estimated Pareto index and top
wealth shares after re-calibration of survey weights. Data sources: SOEPv30, Forbes’ list
of billionaires as of March 2012, Bover et al., 2014; Kennickell and McManus, 1993; Credit
Suisse, 2012, own calculations.

indices (see variation in Figures 3.11 and 3.12). Thus, the source of bias impacting the
measurement of top wealth shares with survey data the most are non-informative survey
weights. The results in this section show that the resulting corridor, depending on the
non-response assumptions, is very broad. Moreover, from an empiricist’s point of view,
none of the results above could reasonably be ruled out from the outset. The balance sheet
data, as provided by the German Federal Statistical Office (Destatis, 2015), uses different
definitions and delimitations of household wealth as compared to survey data, which means
it is not advisable to compare it directly to survey data (Grabka and Westermeier, 2015).
For now, there is no benchmark available. As all three assumptions on the non-response

are within the realm of possibilities, the results leave us with a glaringly wide corridor
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of possible values for aggregate private wealth and top wealth shares. The validity of

exogenous data—and the rich list data—remains a matter of trust on the part of empiricist.

3.4 Summary and conclusion

It is safe to say that in countries without reliable tax return data, or otherwise obtained
register data, on the distribution of wealth, policy makers remain largely uninformed about
the extent of wealth concentration at the top. Empiricists started improving upon lacking
survey data by assuming a Pareto distribution at the top and computing new estimates
with and without rich list data.

As other simulation studies show, once the survey weights are informed about the
relationship between response and wealth, the weighted maximum likelihood estimator is
unbiased. Regression estimation including rich list data then improves the precision of the
estimates (Vermeulen, 2014). However, the simulations conducted in this study show that
if the data suffer from differential non-response and the survey weights are uninformed,
then the maximum likelihood estimator yields estimates of the aggregated wealth and
top wealth shares that are biased downwards. Adding rich list data and switching to a
regression estimation falls short of compensating for the bias, as it underestimates the
total net worth, while it overestimates top wealth shares, as too few households in the tail
are distributed too unequally. Moreover, there is strong indication that rich list data, such
as the yearly published Forbes list, actually overestimate billionaires’ wealth, which in
turn yields estimates of the top wealth shares and aggregate wealth that are systematically
too high. Researchers are not readily able to assess these biases.

The best remedy for lacking survey data is a re-weighting of the survey weights based on
either additional assumption or valid data. As such data is not available for Germany, the
Spanish EFF and the US SCF response probabilities as a function of wealth were applied
in the application of this study to hypothetically show how additional data might be
used to compensate for differential non-response. Additionally, households are re-weighted

to match their distribution in Credit Suisse’s 2012 wealth report. Before re-calibration,
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both the ML estimator without rich list data and the regression including rich list data
yield estimates of the aggregate wealth that might still be biased downwards. After re-
calibration, the aggregate wealth was higher by more than €1.5 or €5 trillion, depending
on the assumed non-response mechanism. The 2012 top wealth shares of the top-1%
and the top-0.1% increase by more than 10%. However, all estimations depend on the
empirically unknown threshold parameter, the assumed relative response probabilities of
the households—which might shape up differently to other countries such as Spain or the
US—and the assumption that wealth is actually distributed following a Pareto distribution
at the top.

If anything, the findings emphasize the need to use exogenous information in sample
design, which allows for creating appropriate weights taking non-response into account.
Survey providers must know the exact response probabilities to offset the effects of
differential non-response as well as to calculate totals and top wealth shares reliably. Only
then can developments in the long run be reasonably analyzed. Until more exhaustive
data sources are accessible to researchers—or tax authorities are willing to cooperate more
closely with survey providers—it might be a more viable choice to put the efforts in steadily

well-run surveys that include dedicated oversamples of high-net-worth-households.
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3.A Simulation: Pareto index as a function of threshold parameter

without non-response (ML estimation)

As in Clauset et al. (2009), I compute the estimates for o as a function of w,,, using
the maximum likelihood estimator a,,;, and examine the resulting plot. In this Monte
Carlo experiment, simple random samples of 30000 households are drawn from equation
(3.8), without non-response. Only the median estimates for varying Pareto indices a and
threshold values w,, are of interest. This simulation was carried out 1,000 times for each
value of wy,.

In Figure 3.14, wy, is fixed at 1,000,000 and « varies between 1.2 and 1.7, in Figure
3.15, « is fixed at 1.4 and w,, varies between 750,000 and 1,750,000. We observe that the
estimates for Pareto index « are increasing with w,, until the true Pareto index value is
reached, at which point none of the observations of the log-normal distributed samples are
included in the estimations. Plotting ML estimates of the Pareto index as a function of
Wy, with survey data from the German Socio-economic Panel Survey or Euro-area HFCS
data yields some results that are fairly close to the shapes in Figure 3.8 for some countries
(see Section 3.2.2 and Appendix 3.B).

The simulation shows that the estimated value of « as a function of w,, exhibits a
robustly straight line, if the data truly follow a Pareto distribution and there is no non-
response. At least a range of values could be given, which, with a very high probability, also
includes the threshold value wy,. One would like to choose the value shortly after the plot
becomes a straight line. In this case, setting w,, too low leads to results that overestimate
the concentration of wealth in the top area (as « is too high). However, in this example
it is by set-up of the simulation data that the parameters of the Pareto distribution are
easily identified using a plot. In this case, the mode of data generation makes sure that
there is a relatively hard transition between log-normal and Pareto distributed wealth. In
empirical data the identification of the parameters is hardly as straightforward as in this

Monte Carlo experiment and involves a battery of other problems, Clauset et al. (2009)
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offer a very detailed review of the estimation techniques and possible pitfalls. As the shape

of the plot depends on the distribution below w,, in specifications 3 to 5, the resulting

Pareto indices below the true w,, are not plotted.
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Figure 3.14: ML estimation without non-response. Pareto index « plotted as a func-
tion of the value assumed for w,,, for various actual «. 1,000 samples each, drawn from test

distributions, Eq. 3.8 , see also Fig. 3.6.
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3.B Empirical results: Pareto index as a function of threshold parameter

using HFCS data (weighted ML estimation)

As seen in Appendix 3.A, estimation of the Pareto index as a function of the threshold
parameter may give a hint at the value of the threshold parameter. Here are results
of (weighted) maximum likelihood estimates using the Eurosystem Household Finance
and Consumption Survey (HFCS, wave 1). Empirically the resulting shapes vary: some
are reminiscent of the plots resulting in the simulation, such as net wealth data from
Austria, Belgium, France or Italy. Others exhibit a global maximum before seeing a
decrease of the Pareto index, such as Finland and Spain. The specific shapes depend
on the distribution of wealth below the threshold parameter—assuming that the data are
indeed Pareto distributed. Fewer observations are included in the estimation of the Pareto
index as the threshold parameter is set higher, hence, the estimates typically become more

erratic.
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3.B Empirical results: Pareto index as a function of threshold parameter using HFCS data (weighted

ML estimation)
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3.C Replication of Specifications 3 and 4 with informative weights

Since survey weights are allowed for, when calculating the Pareto parameter with a
regression estimator or maximum likelihood estimator, these should, as far as possible,
take into account the structure of the differential non-response. Here, for comparison’s
sake, it is assumed that the researcher knows about the non-response mechanism and
survey weights are informed accordingly. This means the alternative weighted maximum
likelihood estimator is used instead of the unweighted ML estimator. N; is the frequency
weight of a household i, Ny, is the combined frequency weights of all households

exceeding the threshold value w,:

N; n W; -
=1 . In — .
Gum + Nw>wm |J:zl " wm]

If the survey weights are (perfectly) informed about the differential non-response the
median estimates of the Pareto index are unbiased at the true value of w,,, and thereafter
(Figure 3.17, left panel). However, the margin of error is rather high as seen by the
10th and 90th percentiles. The weighted maximum likelihood estimator turns out to be
unbiased, but not efficient. Overall, even if the researcher knows the exact mechanism
of the differential non-response—which is usually not the case—, estimates of the Pareto
index « vary strongly due to a lack of precision. This lack of precision directly translates
to corrected values of aggregate private wealth (Figure 3.17, right panel) and top wealth
shares (Figure 3.18), which are unbiased against the median but not very precise given
the net sample size of roughly 15,000 households.

Specification 3b: Replication of Specification 3 with informed weights. Weighted
maximum likelihood estimation of Pareto index « as a function of w,,. Assumption: dif-
ferential non-response.

Next, it is illustrated, how informative survey weights change the results of specification 4.

As in Vermeulen (2014) the incorporation of informed survey weights, a weighted regression
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Figure 3.18: Specification 3b. Informative weights, ML estimator: Impact of differential
non-response on the top wealth shares before and after Pareto correction, plotted as a
function of the value assumed for w,,. 1,000 samples each, drawn from test distributions,
Eq. 3.8, see also Fig. 3.6.

estimator and including the top 50 entries from a rich list (assuming they are unbiased)
greatly improves the precision as compared to the ML estimator in specification 3b without
rich list data. Furthermore, estimation precision of the Pareto index increases (almost)
independently of the chosen threshold value (Figure 3.19, left panel). The corrected totals
using this rich list estimation are unbiased and efficient. This serves to illustrate that the

real problem an empiricist faces is not the estimation of the parameters but to obtain
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survey data that is informed about the underlying mechanism of non-response. Only
then the number of household exceeding the threshold is correct. The slight under- or
overestimation of top wealth shares as depicted in Figure 3.20 disappears as the sample
size grows larger.

Specification 4b: Replication of Specification 4 with informed weights. Weighted
regression estimator (including top 50 rich list entries) of Pareto index « as a function of

Wp,. Assumption: differential non-response.
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Figure 3.19: Specification 4b. Informative weights, REG estimator plus rich list: Im-
pact of differential non-response on the maximum likelihood estimates for the Pareto index
«a and total net worth, plotted as a function of the value assumed for w,,. 1,000 samples
each, drawn from test distributions, Eq. 3.8 , see also Fig. 3.6.
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Figure 3.20: Specification 4b. Informative weights, REG estimator plus rich list: Im-
pact of differential non-response on the top wealth shares before and after Pareto correc-
tion, plotted as a function of the value assumed for w,,. 1,000 samples each, drawn from
test distributions, Eq. 3.8, see also Fig. 3.6.

3.D On the progressivity of non-response rates and the estimation bias

The problems when correcting for the missing rich are also closely related to the question
of exactly how many households exceed the value of w,,. This number is unknown if the
survey weights are uninformed. This section serves as an illustration for the observation
that the overall non-response rates impact top wealth shares and aggregate wealth less
than the factor, how quickly the response rates decrease depending on the households’ net
worth. In order to accomplish this, specification 4 is repeated exactly as in Section 3.2.3,
but the assumed non-response mechanism is changed. From mechanisms NR(1) to NR(4)
the overall response rates are increased, as indicated by the term independent of wealth in
the formulas below. However, in NR(1) the response rates decrease slower than for NR(4),

as the quadratic term is smaller.

NR(1) P(Response) = 0.4 + 0.02 * In(w;) — 0.0016 * In(w;)?

NR/(2) P(Response) = 0.5 + 0.02 * In(w;) — 0.0020 * In(w;)?

NR(3) P(Response) = 0.6 + 0.02 * In(w;) — 0.0024 * In(w;)?

NR.(4) P(Response) = 0.7 + 0.02 * In(w;) — 0.0028 * In(w;)?
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As in specification 4 the resulting Pareto indices and the number of households exceeding
the threshold value are used to extrapolate the aggregate private wealth. Figure 3.21
depicts the median relative bias of the estimates as compared to the population’s target
value of roughly 9.9 trillion. While the overall response rates in NR(1) are much lower
than in NR(4), the underestimation of aggregate wealth is more severe in the latter case.
As mentioned above, the driving mechanism is not the Pareto index itself (much less the
threshold value), but the number of households an empiricist assumes to be exceeding the
threshold value. This number is the lower the quicker the response rates increase.

Specifications 4c: Various non-response generating mechanisms. Weighted
regression estimation of Pareto index a as a function of w,,, including rich list data.
Assumption: differential non-response, underlying response mechanism unknown.

The biased aggregate wealth after correction directly translates to a bias when computing
the top wealth shares (Figure 3.22). The top wealth shares are less overestimated under
NR(1) and seem to somewhat increase with steeper non-response functions. However,
since the top wealth shares are a relative measure having the aggregate wealth in the

denominator, there is less variation than for the aggregate wealth for different non-response
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Figure 3.21: Specification 4c. REG estimator plus rich list: Impact of differential non-
response on the maximum likelihood estimates for the Pareto index o and total net worth,
plotted as a function of the value assumed for w,,. 1,000 samples each, drawn from test
distributions, Eq. 3.8 , see also Fig. 3.6.



3.D On the progressivity of non-response rates and the estimation bias

assumptions. As explained in Section 3.2.3, in this specification are two biases, which
somewhat counter each other: (1) the inequality at the top is overestimated, as the Pareto
index is too low; but (2) the number of Pareto-distributed households is too low. The

effect on the aggregate wealth is a downward bias; the effect on the top wealth shares is

an upward bias.
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samples each, drawn from test distributions, Eq. 3.8 , see also Fig. 3.6.
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3.E Replication of Specification 4: Are the patterns changing for

varying Pareto indices or threshold parameters?

In this last section of this appendix, specification 4 is repeated once more, but this time with
varying Pareto indices and threshold parameters. For an explanation of the simulation we
refer to Section 3.2.2, in Figures 3.23 and 3.24 the parameter w,, = 1,000,000 is fixed and
the Pareto index is varying between 1.3 and 1.6. In Figures 3.25 and 3.26 the Parameter

a = 1.4 is fixed and the threshold value w,, varies between 0.75 and 1.75 million (see also

Eq. 3.8, Fig. 3.6).
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Figure 3.23: Impact of Pareto index «. Impact of differential non-response on Pareto-
corrected aggregate private wealth (regression including rich list data) for various values of
Pareto index, plotted as a function of the value assumed for w,,. 1 000 samples each, drawn
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from test distributions, Eq. 3.8 , see also Fig. 3.6.
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Figure 3.24: Impact of Pareto index a. Impact of differential non-response on Pareto-
corrected top wealth shares (regression including rich list data) for various values of Pareto
index, plotted as a function of the value assumed for w,,. 1 000 samples each, drawn from

test distributions, Eq. 3.8 , see also Fig. 3.6.
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Figure 3.25: Impact of (population) threshold value w,,. Impact of differential non-
response on Pareto-corrected aggregate private wealth (regression including rich list data)
for various values of w,,, plotted as a function of the value assumed for w,,. 1 000 samples
each, drawn from test distributions, Eq. 3.8 , see also Fig. 3.6.
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Figure 3.26: Impact of (population) threshold value w,,. Impact of differential non-
response on Pareto-corrected top wealth shares (regression including rich list data) for
various values of w,,, plotted as a function of the value assumed for w,,. 1 000 samples
each, drawn from test distributions, Eq. 3.8 , see also Fig. 3.6.



4 Breaking down Germany's private wealth into
inheritance and personal efforts — A distributional

analysis

4.1 Introduction

The achievement principle and the equality of opportunities are two core pillars of a
modern, liberal social order. Accordingly, one’s position in the distribution of wealth
is to be determined by the personal efforts and should not reflect the privilege of birth.
Whether, and to what extent, the distribution of assets really reflects citizen’s economic
efforts remains debated. Some argue that the heavy concentration of wealth is the result of
the unequal distribution of inheritances and gifts—and, therefore, criticize the dominance
of wealth without effort. On the other hand, some praise those with large fortunes as
capable ‘self-made men’ and dismiss criticisms of wealth inequality as being rooted in
envy.?! Accordingly, the ongoing media sensation surrounding Thomas Piketty’s 2014 book
‘Capital in the 21st Century’ is motivated by his prediction that our society is heading
for a new ‘rentier’ society, in which wealth will be concentrated in the hands of a few
beneficiaries.

The aim of this study is to shed light on the importance of inheritances and gifts in

Germany by means of empirical analysis, and to fuel the debate on the legitimation of

21 A broader analysis of this discourse-to what extent inheritances are consistent with the achievement
principle and which normative assumptions shape the German inheritance legislation and taxation—
can be found in Beckert (2008, 2013).
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wealth inequality with new facts: we hope that empirically robust results de-emotionalize
the ongoing discourse. Furthermore, our results might prove useful due to their implications
for fiscal policy. A re-introduction of a wealth tax in Germany, for instance, surely depends
on the assessment of the roots of existing fortunes.

We consider the following problems: What share of the observed private wealth of the
German population is attributable to the receipt of inheritances and gifts, and, on the
other hand, what share is attributable to the savings off of the income generated through
personal efforts? We divide households into separate groups, which are determined by
their current net worth position, and compute the relative importance of inherited wealth
along the distribution of wealth. For the sake of simplicity, henceforth we use ‘inheritance’
synonymously to ‘inheritance and gift.

For Germany, this is the first time that such an assessment of inheritances is conducted.??
This stems mainly from a lack of appropriate data. However, starting in 2010, the German
Panel on Household Finances (PHF) included questions that make this analysis possible.
We in underline this in Section 4.2, where we describe the pitfalls of alternative data.
The PHF survey is commissioned and prepared for analysis by the German Federal
Bank (Deutsche Bundesbank). A description of the data set can be found in Section 4.3.
Subsequently, we present the descriptive results concerning the distribution of wealth and
inheritances, as projected by the survey, in the same section.

Another reason for this study is that recently a new and effective conceptual classification
of the term ‘inherited wealth as a percent of net worth’ was introduced. Traditionally,
the methodology introduced by Kotlikoff and Summers (1981) and Kotlikoff (1988) was
opposed by Modigliani (1986, 1988). However, neither concept provided researchers with a
satisfying formula to compute inherited wealth as a percent of net worth—and the methods
yield wildly different results. Thus, our analysis relies on a new approach by Piketty et al.

(2014), which we deem superior to the prior approaches. In Section 4.4 we explain the

22 Albeit Piketty and Zucman (2015) offer a macroeconomic assessment of the share of inherited wealth
on the aggregate private wealth in Germany. See Section 4.7.
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conceptual differences in more detail.

Sections 4.5 and 4.6 constitute the core of our contribution. We find that roughly
one-third of the current aggregate private wealth is attributable to inheritances and gifts,
whereas two-thirds are the result of self-generated savings. Moreover, these findings hardly
vary along the distribution of wealth. In particular, our analysis rejects the hypothesis that
the relative importance of inherited wealth systematically increases with household net
worth. Admittedly, the data do not cover millionaires in the three-digit area (or higher),
and therefore they are not suited to draw conclusions for ultra-high-net-worth-individuals’

fortunes.??

We offer an alternative way to attribute their wealth in Section 4.6: the
combined results from the PHF data and other sources may give some useful hints. In
Section 4.7 we compare our results to various comparable studies. The concluding Section

4.8 highlights the implications for fiscal policy.

4.2 Data sources: Wealth and wealth transfers in Germany

4.2.1 Wealth

As long as individual wealth taxes were raised in Germany—until 1997—wealth tax statistics
provided information on the distribution of wealth. Nonetheless, high and highly diversified
tax allowances as well as biased valuation methods never allowed for distributional analyses
without constraints.?*

With the launch of an income and consumption sample (Einkommens- und Verbrauch-
stichprobe; EVS), which is surveyed in five-year intervals, researchers have access to micro

data on private wealth from 1978 onwards. A major drawback is that land and real property

23 A study focusing on high-net-worth-individuals by Wealth-X (2014) (more than 30 million Dollars net
worth) concludes that the share of German multimillionaires, who gained their fortunes exclusively
through inherited wealth, is 28 %, which is particularly high in an international perspective. Furthermore,
31 % build their wealth through both own efforts and inheritance, 41 % are ‘self-made men. As the
study draws from a proprietary data base, its sources and methods are not verifiable.

24 Due to high tax allowances after World War II, only two percent of the private households were subject
to taxation and recorded in the statistics. Assets were recorded in several asset classes that are not
refined enough to correct for their different valuations ez post (Boénke et al., 2015).
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was valuated with a uniform price (Finheitswert) instead of market values, resulting in
limited comparability until EVS 1993 (Statistisches Bundesamt, 2014). Figure 4.1 depicts
aggregate private wealth in Germany according to the EVS. It also depicts extrapolations
and results from alternative sources discussed in this section.

From 1991 onwards, a time series on aggregate private wealth is published jointly by the
German Federal Statistical Office and the German Federal Bank (Statistisches Bundesamt,
2013). However, it combines private households with the private non-profit sector. Another
drawback is the valuation of property values with replacement values, which frequently
deviate from the market values.

In its 2002, 2007 and 2012 survey waves, the Socio-Economic Panel (SOEP) study
collected micro data on individual’s wealth situation. However, some assets, such as
household effects including vehicles, are not recorded. Other assets are difficult to measure
in a survey context. For instance, it is challenging for respondents to state the market
value for their real property, particularly if the acquisition was a long time ago. The SOEP

survey providers impute missing wealth information.??

4.2.2 Inheritances

Statistical recording of inheritances and gifts used to be particularly difficult in Germany.
As wealth transfers are subject to taxation, the tax statistics records the aggregate of
taxable wealth (Reinnachlass). However, the taxable wealth only accounts for a mere
fraction of the actually transferred assets, as their valuation differs substantially from
market values, and only inheritances exceeding a certain amount—corresponding to generous
tax allowances—are subject to taxation in the first place (Bartels and Bonke, 2015).

The SOEP included special surveys on intergenerational transfers in 1988 and 2001; the
results can be found in Kohli et al. (2006). From 2001 onwards the SOEP only records the

receipt of inheritances and gifts if they happened during the preceding year, leading to a

25 Grabka and Westermeier (2014) offer a detailed description of the SOEP wealth module and compare
its coverage with the national accounts. For a more thorough review of the distribution of wealth in
Germany according to the SOEP study see Frick et al. (2010a).
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situation that inhibits the computation of an aggregate inheritance value for any samples
drawn after 2001.

The deficiencies of both the inheritance tax statistics and the inheritance data provided
by the SOEP survey led researchers to try and estimate the numbers using different
sources and methods. Their results, however, diverge significantly: Bach et al. (2014b)
estimate the current annual transfer volume to be €64 billion, an estimate by Beckert
(2013) amounts to €100 billion, an older estimate is for €150-+€200 billion (Beckert, 2008),
Schinke (2013) gives an estimate of €220 billion, and Braun et al. (2011) estimate €300
billion.2

Figure 4.1 depicts aggregate wealth and inheritance volume according to the data sources
discussed above. It is striking that not only do the absolute levels depend on the respective

data source, the trends are also different.

4.3 Wealth and inheritance in the PHF study

The data situation for micro data covering wealth and wealth transfers in Germany was
dissatisfying all around, however, a pan-European initiative lead to the introduction of
a new panel study focusing on household financial situations. Germany was part of the
initiative and provided the data set Panel on Household Finances (PHF), supervised by
the German Federal Bank, as part of the Eurosystem Household Finance and Consumption
Survey (HFCS). The HFCS is a network of euro-area countries and aims to harmonize
and improve the data situation on private households’ finances in the whole euro-area
(European Central Bank, 2013a,b). Within the HFCS questionnaire, the household’s
current wealth position is a core pillar. Moreover, in a separate module the survey collects
information on inheritances and gifts the households received until the time of the survey.

Thus, at a household’s reporting date both its current net worth and all wealth transfers

26 Bach et al. (2014b) are pulling from both the SOEP and the inheritance tax statistics, both sources
yield comparatively low estimates. In contrast, studies drawing from national accounts and mortality
tables for their estimates find the transfer volume to be much larger (Schinke, 2013; as well as Braun
et al., 2011).
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that entered a household’s asset portfolio can be compared.

4.3.1 Wealth

In an attempt to determine the data quality of the PHF survey, we compare its aggregate
values with the Federal Bank’s national accounts. The gross financial assets accumulate
to €3,131 billion according to PHF data, the official statistics record a volume of €4,370
billion as of December 2010. This means that the coverage of generally harder to collect
information on financial assets is quite high (72 %). The gross property assets exhibit a
coverage of 95 %. For the aggregate net worth it is 89 % (Deutsche Bundesbank, 2013).

In the PHF a household’s asset portfolio is surveyed in much more detail than in the
SOEP. For instance, it includes tangible assets, such as vehicles. The average per capita
net worth amounts to €95,000 for the reporting years 2010/2011 in the PHF, while the
SOEP study reports €86,000 for 2012 (Grabka and Westermeier, 2014).

Table 4.1 shows the distribution of wealth along the net worth deciles according to
the PHF study, separately for East and West Germany, on the household level. The net
worth is very unequally distributed: In West Germany the median household’s net worth
corresponds to roughly 43 % of the mean net worth. In East Germany the inequality is
even more pronounced: median net worth corresponds to 22 % of the mean net worth.
The regional discrepancy is considerable: the average East German household holds only
about 27 % of the assets of the average West German household.

Note that the PHF survey suffers from the same drawbacks as any other surveys
collecting wealth micro data, albeit it greatly improved the richness of detail compared
to all other data sources for Germany: this implies a bias to the middle class, which
generally is overrepresented in surveys in comparison to the distributions upper or lower
bounds. The PHF’s survey design tries to compensate for this with an oversample for
wealthy households. However, it is noteworthy that the non-response rates of households is
unusually high. Out of a gross sample of over 20,000 households, only 3,565 were realized

(von Kalckreuth et al., 2012, p. 8). Moreover, the refusal by respondents to answer
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Figure 4.1: Wealth, inheritances and inheritance tax statistics 1991-2013.

questions regarding their financial situation poses a problem, as the possible selectivity
of non-response may have critical impact on the distribution of wealth. In the PHF,
missing values are treated with multiple imputation (Eisele and Zhu, 2013). The adjusted
computations of the standard errors based on multiply imputed data reflect the uncertainty
of this procedure. They are calculated using bootstrapping and the provided replicate
weights by the PHF.

For our purposes, the fragmentary sampling of households in the top percentile proves
problematic. Utilizing a combination of PHF and exogenous sources, Vermeulen (2014)
estimates that the wealth share of the top-1% is about 32-33 percent.?” Using only raw
data, the top wealth share in the PHF is a mere 24 percent. There seems to be a substantial

underestimation of the top percentile’s fortune in the PHF.

27 Alternatively, Bach et al. (2014a), combining SOEP data with Manager-Magazin’s list of German
multimillionaires, conclude that the wealth share is 36 percent. Westermeier and Grabka (2015) arrive
at a share of 31-34 percent based on the 2012 SOEP wave and the Forbes list of billionaires.
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Table 4.1: The distribution of household net worth in East and West Germany by wealth
deciles.

Net worth Aggregate wealth Mean value Percentiles
decile in billion euros (std. err.) in€ (std. err.) in €
East Germany*

1st - Hth 13.5 (3.4) 3,647 (882)

6th 21.6 (3.5) 29,262 (775) 23,520
7th 30.3 (4.9) 40,969 (980) 34,640
8th 52.8 (7.8) 71,546 (2,731) 48,828
9th 98.9 (20.2) 133,777 (6,193) 94,250
10th 267.3 (59.4) 364,314 (31,704) 202,344
Total 484.0 (64.6) 65,500 (8,048)

Top-5% 176.1 (51.2) 493,775 (47,899) 303,980
Top-1% 49.2 (26.0) 897,964 (214,076) 525,400
West Germany*

1st - Hth 300.4 (22.0) 20,924 (1,346)

6th 323.5 (33.4) 113,270 (1,399) 88,820
Tth 517.5 (42.0) 180,732 (2,880) 140,820
8th 761.1 (64.7) 265,676 (2,468) 220,619
9th 1136.8 (91.3) 397,429 (3,907) 321,370
10th 3949.6 (495.0) 1,381,009 (145,593) 511,419
Total 6992.0 (476.0) 243,859 (16,561)

Top-5% 3069.8 (471.0) 2,152,300 (279,031) 766,390
Top-1% 1618.6 (452.0) 5,778,196 (1,031,929) 2,567,874

Source: Panel on Household Finances 2013, own calculations.

*) Definition: Head of the household was living in East/West Germany in 1989.
Note that standard errors are calculated using bootstrapping and PHF replicate
weights.

The ranking of the wealthiest Germans, as published by the German Manager-Magazin,
provides further indication of the missing top asset holders from the PHF sample. According
to the October 2010 issue, the 500 richest Germans hold assets worth a total of €455.5
billion. The most wealthy German holds a fortune worth €17.1 billion, whereas at the
bottom of the list are about 45 families—each having about €200 million. In contrast,
the highest recorded net worth in the PHF study is worth roughly €76 million.?® Yet,
although PHF data does not cover ultra-rich households, it is the best existing source on

the joint distribution of wealth and wealth transfers.

28 The richest individual in the 2012 SOEP study has assets totaling around €45 million.
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4.3.2 Inheritances

The PHF only records inheritances and gifts if they were bequeathed from an individual
not living within the same household. Thus, the calculations primarily—but not exclusively—
cover intergenerational transfers of wealth. From a macroeconomic or fiscal point of view,
the significant amount of transfers within private households, for instance between spouses,
are not subject of this analysis.

According to the PHF, about one-third of the households living in Germany received
at least one wealth transfer from outside the household of any sort before the day of the
interview. As Figure 4.2 depicts, net worth is correlated with the claim of an inheritance
or gift. With regard to West Germany, in the bottom half of German’s wealth distribution
one-fifth of the households record a wealth transfer, while in the richest decile two-thirds
of the households inherited some or all of their assets.

The east-west gap observed for household net worth also spreads to inheritances: not
only is the frequency much higher in West Germany than in East Germany, the level is
higher as well. The aggregate volume of transfers amounts to €1,622 billion (nominal
value) in households where the head of the household was living in West Germany in 1989.
In contrast, if the head was living in East Germany, the transfers amount to €139 billion.
The average transfer received in East Germany is half of the West German average; against
the median, transfers received in East Germany are worth one-fourth of the West German
transfers.

The PHF also surveys the year in which an inheritance was received. Hence, the real
volume of inheritances and gifts in 2010 euros can be determined. Figure 4.3 depicts the
volume of inheritances and gifts since 1951 as well as number of cases as a five-year average
value. Over the course of the last 60 years, the volume of transfers received continuously
increased and reaches a maximum in the 2006-2010 time period, with a volume of €120
billion. In earlier times, the transferred volume was significantly lower.

The underrepresentation of high-net-worth-households mentioned above has the potential

to bias both the aggregate inheritance volume and share of households that received a
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Figure 4.2: Households and inheritances received by wealth deciles, PHF data.

transfer in the upper class: it might be even higher in reality. In comparison to the record
of wealth assets, non-response and implausible values prove to be less problematic here
(Eisele and Zhu, 2013; Le Blanc, 2014). More information on the questionnaire and data

quality are provided in Appendix 4.D.



4.4 Definitions 115

120 - -~ 800
“ - 700 G
£ 100 - =
(%2}
E - 600 3
o 80 - =
g - 500 ¢
c 3 b
25 60 - - 400 %
5 g
€9 - 300 g
HS 3 40 -+ 5:
cC .
£ < 200
3 20 -
e - 100
=
g O T T T T T T T T T T T O
£ 1951 - 1956 - 1961 - 1966 - 1971 - 1976 - 1981 - 1986 - 1991 - 1996 - 2001 - 2006 -

1955 1960 1965 1970 1975 1981 1985 1990 1995 2000 2005 2010

—&— Annual average volume (West) —>—Annual average volume (East, 1991 and later)

—e— Annual average cases (West) Annual average cases (East, 1991 and later)

Figure 4.3: Volumes and case numbers of inheritances received in the 2010/11 PHF sam-
ple, in 2010 prices.

4.4 Definitions

It is our aim to calculate the value of inheritances received as a percent of net worth,
broken down into households’ position in the distribution of wealth. To properly define
this ratio, we apply a micro-economic concept, which is immediately resulting from the
intertemporal budget constraint of households, and is explained in more detail in Piketty
et al. (2014). The theoretical framework is the text book model of a multi-periodic market
economy with perfectly protected property rights, which can be traded under perfect
competition without transaction costs at any time.?? We also assume that all households
hold a non-negative asset portfolio. If we observe any households net worth and inheritance
history jointly at any point in time, we may divide those households in two groups. One
group holds assets totaling at a higher value than the value of their capitalized inheritances.

The intertemporal budget constraint implies that the difference between net worth and

29 In reality, search costs, differing debit and credit interests, uncertain capital income, and asset losses
due to theft, accidents and force majeure, for instance, play a role. We neglect these in our definition,
as they are not recorded in the data.
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capitalized inheritances is accumulated through a household’s own savings. The household
has net savings, i.e. until the day of the interview the persons within this households
consumed less than they would have been able to from their labor and transfer income.3"
Piketty et al. (2014) defines these households as savers. The inherited wealth as a percent
of net worth is therefore given by b*/w, with b* defined as the capitalized inheritances
and with w as the household’s net worth. In contrast to the savers, Piketty et al. (2014)
defines rentiers as households with net assets lower than their capitalized value of all
inheritances. Here, the intertemporal budget constraint implies that this group of people
consumed more than they would have been able from their labor and transfer income
alone. As rentiers did not accumulate any wealth through their own efforts, their net
worth is capped at 100 % by the not yet consumed part of their inheritance.

The inheritances received as a percent of net worth is now well-defined for each single
household. By aggregating the values, we derive the ratio for various groups or the whole

population. For instance, the inheritance volume as a percent of aggregate private wealth

for the whole economy is defined as

_ > min(b*, w)

R (1)

by summation over all households; W is the aggregate net worth of the economy.

4.5 Personal efforts versus inheritance

What is the role of inherited wealth for private households’ wealth in Germany? In order
to be able to divide the households into savers and rentiers, according to our definitions,
we must capitalize all observed inheritances and gifts. We capitalize past wealth transfers

utilizing the yearly-averaged nominal interest rate on German government bonds (Deutsche

30 We define consumption as the difference between income and savings henceforth. Note that the
difference might not necessarily result from consumption; households can invest in human capital,
donate for charitable purposes, or pass wealth to the next generation.
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Bundesbank, 2014) as it is a proper approximation to a risk-free capital market interest
rate.?!

For the time before re-unification, serious valuation issues prevent us from accounting
for inheritances and gifts in East Germany; hence, we concentrate on West Germany. In
addition, as the time series of government bond yields only date back to 1949, two cases
are not readily covered by our method of capitalizing inheritances and gifts.32

Table 4.2 shows the result of dividing households into savers and rentiers. We find that
more than 80 % are savers, i.e. their net worth is higher than their capitalized inheritances.

Rentier households are spread rather equally along the distribution of wealth. This
might seem like an remarkable observation at first, as the frequency of wealth transfers
increases with the level of wealth (Figure 4.1). However, households in the bottom half of
the distribution barely hold assets, resulting in the consumption of their inheritance in
order to maintain their standard of living. Consequently, they qualify as rentiers. Anyhow,
by our definition Table 4.1 overstates the share of rentiers, as households with a negative
net worth are classified as such, even though they never received an inheritance.?

We now concentrate on the upper half of the distribution of wealth. Next to the
disclosure of our results by net worth deciles, and in accordance with Piketty et al. (2014),
we divide the richer 50 % of households into middle class, upper middle class and upper
class. The middle class is made up of households positioned in deciles 6 through 9; the
upper middle class is formed by households from wealth percentiles 90 through 99; for the

upper class only the remaining richest one percent of households qualify. Thus, to qualify

31 For the sake of simplicity, the taxation of capital income is neglected. In the literature we find the
common pattern to capitalize with a real interest rate of 3 percent. Our main results remain the
same, if we adopt this approach (see Table 4.9 in Appendix 4.B). Note that we capitalize all transfers
independently of the specifics of the asset portfolios, i.e. real property, shares or tangible assets. In a
well-run market economy heirs have the option to trade their asset portfolio for risk-free investments
and benefit from the risk-free interest rate.

32 Both cases report the receipt of owner-occupied property, which coincidentally gives us the opportunity
to valuate the cases with their current market value as surveyed by the questionnaire. Thus, we put
the value of the inheritance received on level with the home’s market value.

33 Excluding the group of households with negative net worth from the group of rentiers results in a
decrease of the respective share of 8.85 %-albeit without increasing the share of savers as households in
debt are not covered by the definitions in Piketty et al. (2014). This weakness regarding net borrowers
extends to Tables 4.4 and 4.5 as well as Table 4.9 in the appendix.
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as upper class a household needs at least €2.5 million in net assets resulting in a group of
about 290,000 households. It is striking that the frequency of rentier households decreases
dramatically in the upper class as compared to the rest of the population, we return to
this observation later.

First, for the whole population, the inherited wealth as a percent of net worth is roughly
34 %.3* Consequently, more than two-thirds of German’s aggregate private wealth is
accumulated through the households’ own resources. This ratio barely varies for different
positions across the distribution of wealth. In the bottom half, net borrowers drag down
the observed aggregate net worth. The first two wealth deciles consist almost exclusively
of net borrowers or zero-wealth households, while in wealth deciles 3, 4 and 5, the role of
inheritance is negligible. In the middle class, 37 % of private wealth is inherited. We do
not find a significant difference to the upper middle class. The ratio is lower for the upper
class: 27 % of the aggregate private wealth is attributable to past inheritances and gifts.

Note that the average values we provide hide a lot of the heterogeneity within groups.
The richest decile combines households that exclusively build their wealth from transfers
(roughly one-fifth of the households) with households that never received any kind of
wealth transfer (one-third of the households).

Additionally, Table 4.3 shows the capitalized inheritances as a percent of net worth for
the richest households sorted by their net worth levels. Media attention frequently seems
to revolve around the group of millionaires; they also are a reference group for fiscal policy.
We find that 31 % of all assets in the group of households between €1 and €3 million is
the result of a wealth transfer. Households holding more than €3 million in net assets
exhibit about the same ratio (29 %).

Ultimately, our results show that the pronounced inequality of the distribution of wealth
in Germany might not be the result of a dominance of ‘effortless wealth.” However, this
result is restricted by the fact that our data do not cover the group of ultra-rich households.

As the distribution of wealth is strongly correlated with age, we repeat the analysis

34 If we exclude households without inheritances from the analysis, the ratio is 55 %.
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Table 4.2: Inherited wealth as a percent of net worth, share of rentiers on population, in

%.

Share of rentiers Inheritance-wealth ratio

Share (Std. err.) Ratio (std. err.)
1st - 5th 19.40 (1.94) 17.21 (2.77)
6th 92.40 (5.43) 31.93 (5.13)
7th 19.07 (4.09)  34.75 (4.42)
8th 21.33 (3.50)  40.05 (3.06)
9th 19.50 (3.99) 38.30 (3.47)
10th 17.55 (3.16) 32.57 (4.89)
Total 19.68 (1.31) 33.76 (3.05)
Middle class 20.57 (1.86) 37.32 (2.19)
Upper middle class  19.23 (3.43) 36.18 (3.27)
Upper class 2.09 (1.78) 27.03 (10.82)

Source: Panel on Household Finances 2013, own calculations.

*) Definition: Head of the household was living in East/West
Germany in 1989. Middle class: deciles 6-9, upper middle class:

percentile 90-99, upper class: top-1% percentile.

Note that standard errors are calculated using bootstrapping and
PHF replicate weights. Capitalized inheritances using yearly aver-
ages of long-term yields on government bonds (Deutsche Bundes-

bank, 2014).

Table 4.3: Inherited wealth as a percent of net worth by net worth in %.

Household net Inheritance-wealth ratio
worth in € Ratio (std. err.)
500,000 or under 35.42 (1.99)
500,000-999,999 38.74 (4.50)
1,000,000-2,999,999  30.79 (5.15)
3,000,000 or over 28.56 (11.57)

Source: Panel on Household Finances 2013,
own calculations.

*) Definition: Head of the household was living
in East/West Germany in 1989.

Note that standard errors are calculated us-
ing bootstrapping and PHF replicate weights.
Capitalized inheritances using yearly aver-
ages of long-term yields on government bonds
(Deutsche Bundesbank, 2014).
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separately for age groups. Figure 4.4 depicts the results graphically. We need to take
the ‘age of the household’s head’ in order to classify households by age groups. The
inheritances received as a percent of net worth are U-shaped: Inheritances are relatively
more important for young and old households, whereas middle-aged households are the
least dependent upon intergenerational wealth transfers. For younger households, this
observation stems from their inability to already have accumulated wealth on their own,
instead they depend on consumer credits and student loans, resulting in low levels of net
worth, whereas many young households already received transfers, particularly gifts, from
older generations. Older households also exhibit low levels of net worth, they are already
actively transferring wealth to the next generation.?®

Figure 4.4 also proves that the volume of capitalized inheritances depends much less
on household age than the volume of net worth. There are two contradictory effects at

play: on the one hand, the ratio of households with wealth transfers over all households

increases with age, on the other hand the value of inheritances received per case is lower

450 +
400 -
350 -
300 -
250 -
200 -
150 -

100 -
50 -
0
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M Inheritances and gifts Total net worth

Figure 4.4: Mean capitalized inheritances and net worth by age class.
Source: Panel on Household Finances 2013, own calculations. Capitalized inheritances using an-
nual average yields on long-term government bonds (Deutsche Bundesbank, 2014).

35 Leopold and Schneider (2010) investigate whether households are planning wealth transfers in advance
and when heirs might want to expect them.
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for older households, as older households are made up of the descendants of a much poorer
society.?6

The number of observations in the PHF is not sufficiently high enough to warrant analyses
of the role of inheritances for different birth cohorts and wealth deciles simultaneously.
However, larger age groups surely can be analyzed with greater scrutiny. Particularly
interesting are households for which the division into savers and rentiers proves to be
the most telling. Table 4.4 sums up the results for all households with the household’s
head older than 65. The pattern barely deviates from the results considering the whole
population in Table 4.2. The inheritances received as a percent of net worth remains at
one-third. At the top of the distribution, this value decreases similarly to the decrease in

the highest percentile of the overall population.

36 In West Germany, between 1960 and 1990, the pre-unification era, the ratio of aggregate private wealth
over national income continually increased. At the time of the re-unification it was twice as high as in
1961. The increase continued in re-unified Germany. Simultaneously, life-time incomes of the cohorts
increased rapidly. Within one generation—from the 1935 cohort to the 1965 cohort-real life-time incomes
increased by two-thirds. For the ratio of wealth over national income, we refer to Piketty and Zucman
(2015); the evolution of life-time incomes is documented in Bonke et al. (2015) and Corneo (2015).
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Table 4.4: Inherited wealth as a percent of net worth, share of rentiers on population for
the cohort 654, West Germany, in %.

Share of rentiers Inheritance-wealth ratio

Share (Std. err.) Ratio (std. err.)
1st - 5th 15.40 (3.04)  30.30 (5.83)
6th 28.00 (10.12)  35.71 (8.81)
7th 21.93 (7.83)  48.79 (7.59)
8th 26.94 (9.58) 43.28 (8.26)
9th 10.67 (4.25)  25.98 (7.05)
10th 92.89 (6.72)  30.09 (5.67)
Total 18.77 (2.27)  33.31 (3.33)
Middle class 21.98 (3.78) 36.78 (4.57)
Upper middle class  24.99 (7.44) 32.19 (6.73)
Upper class 3.66 (3.81) 25.95 (9.94)

Source: Panel on Household Finances 2013, own calculations.

*) Definition: Head of the household was living in East/West
Germany in 1989. Middle class: deciles 6-9, upper middle class:
percentile 90-99, upper class: top-1% percentile.

Note that standard errors are calculated using bootstrapping and
PHF replicate weights. Capitalized inheritances using yearly aver-
ages of long-term yields on government bonds (Deutsche Bundes-
bank, 2014).

4.6 Robustness checks

In this section, we evaluate how changes of the assumptions affect the joint distribution
of wealth and inheritances. First, we define wealth differently, adding pension wealth,
from the public pension scheme (Gesetzliche Rentenversicherung GRV) in particular, to
the equation in order to see how the outcomes change for the cohort 65+. Second, we
define inheritances and gifts differently, applying the definitions by Modigliani (1986,
1988) and Kotlikoff and Summers (1981)/Kotlikoff (1988). Third, we assess the robustness
of the results in the richest percentile with two different approaches: we abandon the
assumption of a uniform capitalization for all households and assume that richer households
achieve better interest rates. In addition, we trim the PHF data at its 99th percentile and

combine those presumably reliable findings with results by Piketty and Zucman (2015)
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and Vermeulen (2014), leading to an alternative estimate for the upper class.

4.6.1 Considering pension wealth

Research on the distribution of wealth regularly discards pension wealth, excluding it
from the definition of household net worth, as households must not trade their pension
entitlements—from the statutory pension scheme, at the very least—freely on the market.
Accordingly, we did not include those entitlements in our calculations. We now apply
a broader definition of wealth, including pension rights, and estimate the inheritances
received as a percent of net worth anew.?”

We limit the analysis to households that are led by persons older than 65, as only this
group allows us to transparently forecast their pension entitlements. Only for the cohort
65+ is it reasonable to assume that, technically, all persons with pension entitlements are
receiving pensions. The PHF surveyed annual pension payments from statutory, company,
and private pension schemes. We compute present values as the annual payment combined
with the individual life-expectancy (Wolff, 2015).3® We then add the present value of
pension wealth to the household net worth.

Table 4.5 shows the results if we take pension wealth from statutory, company and
private pension schemes into consideration. For the sake of comparability, we sort the
households by wealth deciles without pension wealth as in Table 4.4. Apparently, and in
relative terms, households in the bottom half of the distribution of wealth benefit the most.
For this population the value of inheritances received as a percent of net worth drops by
18 percentage points. Moreover, the relative value of pension wealth decreases with the
level of household net worth. For the middle class, the inheritance-wealth ratio drops by
10 percentage points, for the upper middle class it decreases by 7 percentage points, in the

upper class the impact of pension wealth becomes almost irrelevant (3 percentage points).

37 Frick and Grabka (2010) estimate the average present value-with a real interest rate of 3 percent—for
pension entitlements to be €307,000 for civil servants and €125,000 for regular retirees.

38 The present value of pension wealth PW is given by PV = R((1 + i) —1)/i(1 +i)"; R is the annual
pension payment, i the discount rate and N the statistical life-expectancy (Statistisches Bundesamt,
2011).
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Table 4.5: Inherited wealth as a percent of net worth, share of rentiers on population for
the cohort 65+, including pension wealth, West Germany, in %.

Share of rentiers Inheritance-wealth ratio

Share (Std. err.) Ratio (std. err.)
Ist - 5th 5.21 (2.27)  12.39 (3.00)
6th 21.30 (9.39) 21.35 (6.97)
7th 15.39 (7.00) 33.24 (5.76)
8th 21.46 (9.00) 30.41 (7.46)
9th 5.64 (2.78)  20.79 (4.96)
10th 15.71 (5.38) 24.73 (4.68)
Total 10.57 (1.88) 22.53 (2.34)
Middle class 16.03 (3.39) 26.40 (3.35)
Upper middle class 17.15 (5.91) 2541 (5.53)
Upper class 2.53 (3.02) 22.97 (8.76)

Source: Panel on Household Finances 2013, own calculations.
Definitions: Head of the household was living in East/West Ger-
many in 1989. Middle class: deciles 6-9, upper middle class:
percentile 90-99, upper class: top-1% percentile.

Note that standard errors are calculated using bootstrapping and
PHF replicate weights. Capitalized inheritances using yearly aver-
ages of long-term yields on government bonds (Deutsche Bundes-
bank, 2014).

For the computation of the pension wealth the annual payments
from statutory, company and private pension schemes are included,
with statutory and civil servants’ pension schemes predominating
the annual payment flows. We approximate the net present value
assuming a real interest rate = 3 %. Results are robust for interest
rates between 0 % and 4 %.

Overall, for the cohort already retired, the addition of pension wealth significantly
decreases the impact of inheritances on household net worth in the lower wealth deciles.
We conclude that, in relative terms, in deciles 7 and 8 inheritances and gifts remain a

substantial source of wealth.

4.6.2 Modigliani and Kotlikoff-Summers

So far we defined inheritances received as a percent of household net worth according to

Piketty et al. (2014), with the characteristic feature of this definition being that households
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are divided in two separate groups: rentiers and savers. The inheritance-wealth ratio
depends on a household’s balance, whether the household net worth w is higher than the
capitalized inheritances b*. If it is lower, the household consumed more than it would
have been able from labor and transfer income alone, i.e. the capitalized inheritance is
best approximated by the current household net worth w. Consequently, the ratio of
inheritances and gifts over net assets becomes 100 %.

The previous approaches by both Modigliani (1986, 1988) or Kotlikoff and Summers
(1981) and Kotlikoff (1988) neglect this distinction and invariably put the accumulated
inheritances in the numerator. The two approaches differ by their mode of capitalizing
past inheritances though. Modigliani (1986, 1988) does not capitalize the inheritances,
he replaces b* with the real value of the past inheritance 8°, i.e. he merely adjusts for
inflation. For the total population, the inheritances received as a percent of net worth are

then given by

pM =, (4.2)

This approach mostly is target of criticism for its implication on asset holders, who
do not work, but have high capital income due to an inherited fortune. They count as
individuals, whose wealth partially results from personal efforts. This happens as their
real returns are positive, but they do not entirely consume it, hence, b° > w holds.

Therefore, most empirical studies adopt the approach by Kotlikoff and Summers
(1981) /Kotlikoff (1988) and capitalize past inheritances. They define inheritances re-
ceived as a percent of net worth as the ratio of capitalized inheritances and gifts over

aggregate private wealth:

pES = 5 (4.3)
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Table 4.6: Inherited wealth as a percent of net worth, according to alternative definitions,

in %.

Kotlikoff and Summers (1981) Modigliani (1986)

(Capitalzing with government bonds) (Adjusting for inflation only)

Ratio (Std. err.) Ratio (std. err.)
1st - 5th 71.07 (22.77)  34.40 (8.31)
6th 193.07 (81.44)  59.64 (17.08)
7th 98.89 (34.98) 39.19 (9.17)
8th 92.89 (12.58)  39.26 (4.43)
9th 65.36 (13.61) 30.71 (4.81)
10th 49.97 (8.67) 26.64 (4.65)
Total 68.61 (8.65) 31.54 (3.30)
Middle class 94.95 (13.21) 38.23 (3.68)
Upper middle class  64.41 (11.09)  29.75 (3.67)
Upper class 27.81 (10.93) 21.87 (10.26)

Source: Panel on Household Finances 2013, own calculations.

Definition: Head of the household was living in East/West Germany in 1989. Middle class:
deciles 6-9, upper middle class: percentile 90-99, upper class: top-1% percentile.

Note that standard errors are calculated using bootstrapping and PHF replicate weights.
Capitalized inheritances using yearly averages of long-term yields on government bonds
(Deutsche Bundesbank, 2014).

As long as the real rate of return is positive, 35° > M holds. A major implication

of this approach by Kotlikoff and Summers is that households, which qualify as rentiers
according to Piketty et al. (2014), exhibit an inheritance-wealth ratio exceeding 100 %. In
theory, this might also apply to the definition by Modigliani. The ratio exceeding 100 %
informs researchers on the extent that the households consumed received inheritances and
gifts. It is, however, not suited to split the aggregate wealth into inherited wealth and
wealth accumulated through households’ efforts.

Despite these reservations, we compute the inheritance-wealth ratio following the
definitions by Modigliani (1986, 1988) and Kotlikoff and Summers (1981)/Kotlikoff (1988).
Household net worth is defined according to our initial approach without pension wealth.
As Table 4.6 shows, the approach by Kotlikoff and Summers results in a substantial

increase of inheritances as a percent of net worth: for the overall population the ratio is
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up from 34 percent to roughly 69 percent. In contrast, Modigliani’s method results in a
slight decrease to 32 percent.

The empirical relationship between inheritances received and household net worth turns
out to be more negative in comparison to Piketty et al. (2014). Following the definition
by Kotlikoff and Summers (1981), only 5 percent of the observed aggregate private wealth

is the result of the households’ own efforts, 95 % are attributable to past inheritances.

4.6.3 The role of inheritances for the upper class

All the results we present have in common that, in relative terms, past inheritances become
less important for the upper class; in comparison to the middle class the ratio is strikingly
small. In this section we critically scrutinize this finding.

In the finance literature, higher net worth typically correlates with higher risk taking.
Wealthy individuals are usually financially educated and exhibit less risk-aversion. Higher
risk-taking, in return, yields higher returns on investments. Taking this into account, the
assumption of a uniform interest rate for the whole population seems unlikely to hold. It
is more plausible that wealthy households positioned in the upper class achieve higher real
interest rates. Whereas a risk-free investment into federal bonds might be representative
of the majority, risk-taking in the upper class is presumably higher.

How does the finding that inherited wealth is less important for the upper class change
once we consider riskier investments? To maximize the impact of the effect we now assume
that households belonging to the upper class invested 100 % of their past inheritances in
broad stock market indices. This means the upper class is capable of realizing an equity
risk premium (ERP), which puts them above the risk-free interest rate on government
bonds.

As we merely try to evaluate the impact, and are not pursuing an exact measurement,
we simplify the methods and assume a constant ERP. Mehra (2008, p. 7) offers some viable
magnitudes: for Germany he proposes an ERP of 9.1 %. In the time period 1946-2005
the ERP was 7.48 %, with regard to the United States though (Mehra, 2008, p. 8).
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Thus, for this robustness check we offer results with an ERP varying between 7 and 9
%. Accordingly, we calculate inheritances received as a percent of net worth anew, for the
upper class only, under the assumption that the households realized these ERPs.

Table 4.7 summarizes the results. The inheritance-wealth ratio in the upper class
increases to 36 percent: in other words, it aligns with the ratio observed in the middle
class. The comparably small effect of marginal increases of the ERP is explained by
capping the ratio at 100 % for individual households. Overall, the observation that the
inherited wealth only explains a small portion of upper class wealth is not an artifact of a
low interest rate for the upper class.

However, this robustness check is still based on the assumption that the upper class is
accurately covered by the PHF data. In Section 4.3 we offered plenty of reasons for doubt.
That is why we now consider the possible effects of a trimming of the data after the 99th
percentile, for which the PHF might actually be representative. In order to carry this
analysis out, we need to draw from alternative sources, and determine the result for the
upper class as a residual.

Once we assume the PHF data covers the highest percentile’s population insufficiently,

the results provide not only false estimates for their top wealth share. Our findings for

Table 4.7: Inherited wealth as a percent of net worth, including ERP for upper class, West
Germany, in %.

Upper middle Upper class

class

Est. in Table 2 Est. in Table 2 ERP Ratio with ERP
7% 35.12

36.18 % 27.03 % 8 % 35.68
9% 36.20

Source: Panel on Household Finances 2013, own calcula-
tions.

Definitions: Head of the household was living in East/West
Germany in 1989. Middle class: deciles 6-9, upper middle
class: percentile 90-99, upper class: top-1% percentile.
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the overall inherited wealth as a percent of net worth does not hold either, as the highest
percentile contributes disproportionally to our calculation. We need exogenous sources
for both values. Vermeulen (2014, p. 29) offers an estimate for the top wealth share of
the richest one percent of the population. His estimate is based on external sources and
arrives at a = 33%, which is 9 percentage points higher than the estimate from the raw
PHF data. For the overall ratio of inherited wealth over the aggregate private wealth
Piketty and Zucman (2015, online appendix) offer an estimate of 5 = 51%. This is about
17 percentage points higher than our estimate in Table 4.2.

The ratio of inherited wealth over aggregate private wealth in the upper class, vy, is then

given by

1 11—«
y=—1|8-

o 1—a&

(B—4a)] - (4.4)

& = 24%, B = 33.76%, and 4 = 27.03% are estimates based on the PHF data.3?

Plugging in the numerical values into formula (4.4) yields v = 81.69%. It means, in
effect, that the inheritance-wealth ratio in the upper class is higher than four-fifth and,
moreover, substantially higher than for the rest of the population. This result suggests
that inherited wealth is the driving force behind the asset accumulation of the ultra-rich

population.

4.7 Comparing the results with previous studies

In the original paper by Piketty et al. (2014), from which we heavily draw, the significance
of inherited wealth for Paris in 1872-1937 was estimated; the authors focused on the
upper half of the distribution of wealth. With regard to the middle class, our results are
strikingly similar to population of Paris one century ago. This refers to both the share of

rentiers and the significance of inherited wealth. For the upper middle class, in 1912 Paris,

39 For the derivation of equation (4.4) see Appendix 4.C.
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the inheritance-wealth ratio was much higher than 2011 Germany: 65 %. The respective
ratio was 80 % for the upper class—very similar to our residual estimate in the previous
section.0

The only study similar to ours that focuses on the present day and uses similar data
and methods is by Wolff and Gittleman (2014) and concentrates on the US. Based on data
of the Survey of Consumer Finances (SCF), which is collected in a similar fashion to the
PHF, and a uniform real rate of return of 3 %, Wolff and Gittleman (2014) find that the
share of inherited wealth tends to decrease for higher levels of household net worth. In
2007, they estimate the US inheritance-wealth ratio to be roughly 15 %. Our results using
a similar capitalization of past inheritances are in Appendix 4.B (Table 4.9). They barely
differ from the results in Table 4.2.

Our study, and the studies by Piketty et al. (2014) and Wolff and Gittleman (2014),
rely on the joint distribution of capitalized past inheritances and net worth, which allows
us to estimate the significance of intergenerational transfers for various quantiles of the
distribution of wealth. Some studies draw from similar data, however, more often than not
similar data are not available, in which case researchers base their studies on theoretical
considerations to provide macroeconomic estimates. As mentioned above, Piketty and
Zucman (2015) estimate that 51 % of the present German aggregate private wealth is
attributable to inherited assets.*! For France they estimate a somewhat higher share of
55 %.42 For Sweden, Ohlsson et al. (2014) estimate this ratio to be almost 50 %.** With
regard to the US, Gale and Scholz (1994) estimate that the lower bound is 51 %. This
presents to be a sharp contrast to the estimates by Wolff and Gittleman (2014) mentioned
above, as their SCF micro data based estimate is in the 20-25 % area.

With regard to Germany, Kohli et al. (2006) investigate the relationship between wealth

40 The overall share of inheritances received as a percent of aggregate private wealth was more than 70 %;
in the upper class the share amounted to more than 60 %.

41 Another estimate by Reil-Held (2004) arrives at 34 %. Reil-Held (2004) also gives a more exhaustive
overview of studies covering Germany.

42 In contrast, Kessler and Masson (1989) estimate that inheritance-wealth ratio in France is 35 %.

43 Klevmarken (2004), meanwhile, arrives at a ratio of 19 % for Sweden.
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and inheritances using SOEP data. Their evaluation indicates that inheritances and gifts
have an equalizing effect on the distribution of wealth, even though a positive correlation
between households’ net worth position and their inherited assets is observed. However,
the authors forgo capitalizing past inheritances and instead combine nominal values from
the 2001 SOEP survey with information on households’ net worth from the 2002 wave.
Thus, we argue the results may hardly be interpreted as an accurate estimate for inherited

wealth as a percent of net worth.

4.8 Summary and conclusion

The PHF data suggest that approximately one-third of the German private wealth stems
from past intergenerational inheritances and gifts. This finding is stable throughout the
distribution of wealth. In particular, the significance of wealth transfer does not increase
with higher wealth levels. Our basic scenario with uniform capitalization suggests the
opposite: For the middle class about 36 % of the net worth is attributable to inheritances
and gifts. In the upper class, meanwhile, this value merely is 27 %.

For the cohort of retirees, the findings turn out to be similar to the whole population. In
particular, the addition of pension wealth reduces the significance of past wealth transfers
for the poorer wealth deciles, whereas the pension wealth of the upper middle class or the
upper class reduces the significance only by a few percentage points. We conclude that the
consideration of pension wealth decreases the significance of inheritances only for small
and medium fortunes. Nonetheless, the importance of inherited wealth is highest for the
middle class.

We also prove that the findings for the upper class are not the result of our assumed
uniform interest rate, as we modified this assumption to an investment into risky stock
markets with higher returns. Not until an equity risk premium of 9 % would their inherited
wealth share align with the value observed for the middle class.

It is noteworthy that our results are based on survey data. Although the PHF markedly

improves the data situation with regard to wealth and inheritances in Germany, it still
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applies that participation is voluntary and false information is not penalized. Overall, the
PHF exhibits a rather high non-response rate coming in at 80 %, and the selectivity might
affect the representativeness of our results. In particular, we assume that the richest one
percent of the population has fundamentally different assets portfolios (primarily valuable
business assets), which are not accounted for by our study. A bias to the middle class
might also result in an under-representation of particularly poor households; however,
as presumably both their inheritance volume and their net worth are low, their absence
should have miniscule impact.

Notwithstanding these deficiencies, we believe that our results for the remaining 99 %
of the households remain intact and are firmly rooted in the empirical framework. Our
analysis finds that inheritances and gifts are not the predominant source of wealth for the
vast majority of the German population; moreover, the significance does not increase for
higher wealth deciles.

The results for the top percentile of the wealth distribution are substantially less backed
by the data, as this population is not sufficiently covered by the PHF data. Assuming
that the results for the remaining 99 % are representative, and combining our results with
exogenous sources, we arrive at the conclusion that more than 80 % of their wealth is
inherited. This is in line with the observation of Piketty et al. (2014) for Paris right before
World War I-and a blatantly higher estimate than the PHF data alone suggest.

Despite this discrepancy concerning the richest percent of the population our results
contribute to a higher level of objectivity in the debate on wealth inequality in Germany.
The highest percentile starts at €2.5 million—and presumably the boundary of representa-
tiveness of our data is much higher. We now may assess a hypothetical re-introduction of
an individual wealth tax, which more often than not is justified by the argument that it
would target wealth that is not earned from the households’ own efforts.

Our analysis suggests that this argument is not sustainable by the data: raising a wealth
tax today, targeting a population with more than €500,000, for example, would affect

some rentiers, whose wealth is 100 % inherited—about one-fifth of taxpayers—, it would,
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however, also affect savers, who never received an inheritance or gift-about one-third of
the hypothetical taxpayers.

To limit the tax burden to inherited wealth, a re-introduction of an individual wealth
tax is the inferior instrument, policy makers are instead advised to revert to an inheritance
tax with a broad assessment basis. In this regard, large scale exemptions for business
assets are detrimental to the viability, as the richest families are enabled to bequeath their
assets free of tax.

Furthermore, the aggregate wealth transfer volume increased rapidly during the last
50 years. According to macroeconomic estimates by Piketty and Zucman (2015), the
volume increased from 2 % of the GDP in 1960 continually to 11 % in 2010, and it is
bound to increase further. Concurrently, the taxation of inheritances decreased from 3.5
% in 1960 to 1.7 % in 2010. The German inheritance and gift tax not only presents an
opportunity to increase equality of opportunity, it also is an opportunity for policy-makers
to reduce labor-related taxes. The political support of a target-oriented restructuring of
the inheritance and gift tax can be improved, if the general public is made aware of the

actual facts.
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4.A Sample sizes of the PHF

Table 4.8: Sample sizes in West Germany™

Net worth Number of

decile households
1st - 5th 963
6th 203
7th 288
8th 345
9th 423
10th 607
Top-5% 342
Top-1% 56
Source: Panel on
Household Finances
2013.

Definition: Head of the
household was living in
West Germany in 1989.
Due to weighting and,
in particular, over-
sampling of wealthy
households, they are
spread unequally
across wealth deciles.



4 B Results for real rate of return » = 3%

135

4.B Results for real rate of return r = 3%

Table 4.9: Inherited wealth as a percent of net worth, share of rentiers on population, in

%.

Share of rentiers

Inheritance-wealth ratio

Share (Std. err.) Ratio (std. err.)
Ist - 5th 19.71 (1.98) 18.25 (2.76)
6th 22.76 (5.50)  33.24 (5.16)
7th 18.54 (4.06) 34.64 (4.40)
8th 21.20 (3.43) 37.78 (3.05)
9th 18.84 (3.90) 38.14 (3.43)
10th 16.17 (2.97) 32.10 (4.80)
Total 19.61 (1.27) 33.34 (2.99)
Middle class 20.33 (1.98)  36.80 (2.76)
Upper middle class  17.72 (3.23) 35.69 (3.18)
Upper class 1.87 (1.75)  26.96 (10.61)

Source: Panel on Household Finances 2013, own calculations.

Definitions: Head of the household was living in East/West Ger-
many in 1989. Middle class: deciles 6-9, upper middle class:
percentile 90-99, upper class: top-1% percentile.

Note that standard errors are calculated using bootstrapping and
PHF replicate weights. Capitalized inheritances using real interest

rate r = 3%.

4.C Proof of ratio (3.4)

Let the actual ratio of inherited wealth over aggregate private wealth be given by = %,

let the actual top wealth share of the richest percentile be given by a. Further on, &

and /3’ = % are the respective values estimated from the PHF data. Assuming that the

distribution of wealth and inheritances is accurately surveyed by the PHF up the 99th

percentile, it holds for the aggregate private wealth that

W=W(>1-a)+aW or W =

1—«

w.

A

1—&

(4.5)

Let v be the inheritance-wealth ratio of the upper class, and 4 the respective PHF
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estimate. The aggregate capitalized inheritances are then given by

B = AW —4aW + yaW. (4.6)

Rewriting (4.6) and utilizing (4.5) yields the overall inherited wealth as a percent of net

worth:
B AW — 3aW + yaW ~1l—« 11—«
—_ = = — AA . 4.
=w W biza =g e (47)

From (4.7) it immediately follows that the share of inherited wealth in the upper class

is given by

=2 (8-b5 +aar=) =5 (8- =55 -90)) (18)

« 1—& 1—a&

or equation (4.4) as in Section 4.4. QED

4.D Inheritances, data quality and non-response in the PHF

Within the PHF questionnaire, Section 6 contains the module entitled ‘Intergenerational
transfers / gifts’. First, a filter question determines whether the household received any

inheritance or gift before the time of the survey:

e 6.01 (Have you / Have you or another member of your household / Has any member
of the household) ever received a substantial gift or inheritance, e.g. money or any

other assets, from someone who is not a part of the household?

It is the respondent’s task to assess whether an inheritance or gift might be ‘substantial’

Next, the respondent provides the number of inheritances and gifts the household received:
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e 6.01A How many substantial gifts or inheritances were received?

In a maximum of three loops the respondent is then requested to answer the following
questions regarding the year in which the transfers were received, its portfolio, and its

values at time they were received:

e 6.02 Was that a gift or an inheritance?

o 6.03 In what year did (you / your household / the household) receive the [inheri-
tance/qift] that was most important for (your current wealth / the current wealth of

your household / the current wealth of the household)?
o 6.04 What type of asset was the [inheritance/gift]?

o 6.05 At the time (you / your household / the household) received the [inheri-

tance/qgift], how much was it worth?

Question 6.02 is modified depending on the number of inheritances and gifts. However,
if a household received more than three inheritances or gifts, only the three most important
(with respect to a household’s current financial situation) are surveyed. Thus, it is to
be expected that the majority of respondents choose the most valuable transfers first.
Furthermore, the household’s main residence is surveyed separately in Section 3 ‘Real
assets and their financing,’

With regard to this questionnaire module on inheritances, neither item-nonresponse nor
implausible values pose a significant problem. Eisele and Zhu (2013) report that respondent
easily recall the values of past inheritances received. They also provide researches with
comprehensive information on the imputation of missing values. The overall highest share
of imputed values is observed for the value of the first transfer and amounts to 8 %, which
is far below the values in other parts of the questionnaire (Eisele and Zhu, 2013, p. 33ff).
Le Blanc (2014) notes, with regard to editing of the data, that few values needed editing,

but some values needed to be converted from DM into €.
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The refusal of whole households to participate (unit non-response) poses a much greater
threat to representativeness of the survey. The selectivity of non-response might bias the
estimates. Overall, at 18.6 %, the response rate of PHF households was rather low (von
Kalckreuth et al., 2012, p. 8); however, the survey providers used the available paradata
and sampling probabilities to re-weight the data, additionally, in an attempt to ensure
representativeness, the household weights were calibrated to match the German micro

census by the German Federal Statistical Office (von Kalckreuth et al., 2012, p. 17).



5 Comparing the joint distribution of
intergenerational transfers, income and wealth

across the Euro area

5.1 Introduction

Private wealth is a crucial factor of economic well-being for individuals and households.
Research suggests that saving rates from income and intergenerational wealth transfers
(inheritances and gifts) are two key determinants of wealth held by private households
(for an overview see Davies and Shorrocks, 2000; for more recent research see Semyonov
and Lewin-Epstein, 2013; Arrondel et al., 2014; Mathé et al., 2014; Fessler and Schiirz,
2015; among others). Since the 1980s there is an ongoing debate over which of the two
determinants contributes more to the current net worth of private households (Modigliani,
1986, 1988; Kotlikoff and Summers, 1981; Kotlikoff, 1988). Research stresses that intergen-
erational transfers are a dominant factor (Piketty, 2011, 2014; Piketty and Zucman, 2015),
thus fueling the discussion about the legitimacy of wealth without effort. Some economists
argue that this development may even pose a threat to democracy (Piketty, 2014).

We investigate the current role of wealth transfers in the Euro-area (Austria, Belgium,
France, (West) Germany, Cyprus, Greece, Portugal, and Spain). As the availability of
data was limited, this is the first time that cross-country comparisons focusing on Europe
are possible. We analyze the percentages of households with a transfer as well as the

conditional present values of transfers received. Additionally, we tackle the crucial question

139
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of how important are wealth transfers for the current distribution of household net worth**
in Europe, computed as inheritance-wealth ratios.

The paper is structured as follows: In Section 5.2 we give an overview of the literature
about wealth transfers in absolute and relative terms in developed countries. In Section
5.3 we describe the data we are using, the Household Finance and Consumption Survey
(HFCS), as well as our reasoning concerning the country selection. We also give an overview
of the inheritance and gift taxation in each country (see also Appendix 5.A). In Section
5.4 we present the distribution of intergenerational transfers in the Euro-area in absolute
terms and analyze the sociodemographic characteristic of heirs applying logit and OLS
regression analyses. Additionally, we analyze the role of past intergenerational transfers for
current net worth using recently established methods by Wolff and Gittleman (2014) and
Piketty et al. (2014) as well as a fractional logit model explaining the relative importance

of transfers received. Section 5.5 summarizes and concludes.

5.2 Literature

5.2.1 The role of inheritance and inter-vivos transfers in absolute terms

Kinemund and Vogel (2011) provide an overview of the studies for Germany (for example,
works by Kohli et al., 2006, 2005), finding that transfers are positively correlated with
education, income and wealth of both the donors as well as the recipients. For Germany,
it is well established that parents of children with higher education usually also hold a
higher degree, which, in turn, results in higher income and more possibilities to accumulate
wealth to bequest (Baumert et al., 2001). In addition, the offspring also typically cash in
on their higher education, profiting from higher earnings and savings. Szydlik and Schupp
(2004) find that there are no differences between genders. Albuquerque (2014) describes
a downward flow of monetary gifts from parents to their children for several countries

in Europe, which may either be motivated by altruism, an accident, or in a strategic

44 Definition: Assets minus liabilities.
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manner (Brunner, 2014). In the first case parents gain utility from knowing that their
children will enjoy their bequest. In the second it is assumed that lifetime is uncertain
and, thus, parents accidentally leave bequests if they die younger than expected. In the
last case parents expect something from their children, such as visits, in exchange for a
bequest. For Austria, Fessler et al. (2008) find that workers receive wealth transfers less
often than the average household; while entrepreneurs receive, on average, the highest
transfers. Karagiannaki (2015) and Wolff and Gittleman (2014) report similar findings for
the UK and the US, respectively.

Cross-country comparisons are rare: Semyonov and Lewin-Epstein (2013) report the
percentage of households older than 50 that received inheritances for many European
countries, Israel, and the US. The data (for most countries SHARE) was collected between
2004 and 2007. The prevalence ranges between 46.2% in Switzerland, followed by Belgium
with 42%, to 17% in Austria, and 4.4% in the UK. Fessler et al. (2008) compare means
and medians for heir and non-heir households and conclude that beneficiaries are better
educated, have higher incomes, and more wealth. They use LWS data, which was surveyed

around the year 2000.

5.2.2 The role of inheritance and inter-vivos transfers in relative terms

Analyzing inheritances and inter-vivos transfers in relative terms, the inheritance-wealth
ratio, requires decisions that imply methodological differences. Namely, Modigliani (1986,
1988) solely adjusts past wealth transfers for inflation to compute the present value of
wealth transfers. Conversely, in Kotlikoff and Summers (1981) and Kotlikoff (1988), past
wealth transfers are additionally capitalized, based on the assumption that transfers are
usually invested in some kind of portfolio and are not held in cash. The first case results in
quite low inheritance-wealth ratios (at most 25%). The second approach yields ratios that
are considerably higher (45 to 80%). However, both approaches have in common that the
share of wealth transfers due to past wealth transfers can exceed 100%, as the summarized

past transfers are not capped at a household’s net worth. Piketty et al. (2014) explicitly
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combine the two rival approaches (for details see Section 5.4). However, as Piketty et al.
use data from the late 19th and early 20th century, their results are only of historical
interest and not immediately relevant to the 21st century. Wolff and Gittleman (2014),
using a similar method, find for the US in 2007 that the present value of transfers as a
percent of net worth varies between 20 and 25%. Corneo et al. (2016) analyze, in a study
similar to this one, the role of inheritances and gifts for the total net worth of (West)
Germany in 2010. They conclude that one-third of wealth is attributable to capitalized
wealth transfers.

Our analyzes in Section 5.4, as well as the studies from Piketty et al. (2014) and
Wolff and Gittleman (2014), are based on the joint distribution of wealth and capitalized
wealth transfers. Only a few studies use comparable data; some studies need additional
assumptions in order to apply macroeconomic estimation techniques. Reil-Held (2004)
estimates that inheritances and gifts account for approximately 34% of Germany’s total net
worth;*® another macroeconomic estimate, from Piketty and Zucman (2015), is considerably
higher: 51%. For France, Kessler and Masson (1989) estimate that the share of wealth
transfers is 35%. The value computed by Klevmarken (2004) for Sweden is 19%. To the
best of our knowledge, cross-country comparisons analyzing the impact of intergenerational
wealth transfers on the distribution of wealth in absolute and relative terms are not

available yet.

5.3 Data, country selection and institutional environment

The Household Finance and Consumption Survey (HFCS) contains information about

households™® net worth, income and indicators of consumption, and credit constraints from

45 Note that the HFCS only surveys inheritances and gifts that are received from a person not living within
the same household. Any macroeconomic estimate includes tax-relevant transfers within households
(e.g. widowhood) and should be, logically, higher than results based on the HCFS for intergenerational
transfers.

46 Our unit of analysis is, therefore, the household and not the individual. However, we provide a
robustness check applying a per (adult) capita definition for the total present value of transfers in
Appendix 5.B (Table 5.11). In the multivariate analyzes we control for household structure.
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almost all Euro-countries*” around the year 2010 (European Central Bank, 2013a,b). In
addition, it contains information about intergenerational wealth transfers from outside the
household. Each household’s reference person?® retrospectively answered a question about
how many inheritances or substantial gifts the household received from any person who
was not a member of the same household.*® Consequently, the total number and amount
of wealth transfers is underestimated because, among others, transfers due to the death of
a partner who was part of the same household are not included. In addition, it affects
the comparisons of countries with different household structures e.g. adult children still
living with their parents. In the HFCS survey, the value of up to three intergenerational
transfers was collected. In a separate module the mode of acquisition of the household
main residence was collected; the choices include ‘inherited’ and ‘gifted’%° The respondents
sorted all transfers according to their subjective importance for their current financial
situation.’® It is also collected in which year the household received the transfer, what
kind of assets the portfolio contained, if it was a gift or inheritance, and from whom it

was received.

5.3.1 Country selection

The HFCS ‘is a milestone for cross-country comparisons’ and its data quality with regard
to institutional environment, relevance, coherence, timeliness, accessibility, comparability
and accuracy is quite high (Tiefensee and Grabka, 2016, p. 137). Nevertheless, they also
show that net worth positions are not unlimitedly comparable between all countries due

to methodological differences. Based on their analysis and the fact that not all countries

47 Austria, Belgium, Cyprus, Finland, France, Greece, Germany, Italy, Luxembourg, Malta, Netherlands,
Portugal, Slovakia, Slovenia and Spain. Estonia, Ireland and Latvia will take part in the next wave.

48 For selection criteria see European Central Bank (2013a, pp. 16-17).

49 As past wealth transfers are collected retrospectively, it is highly likely that the data is plagued by
under-reporting problems and the estimates are biased downwards. This is even more probable the
more members live in a household. We do not know, and it is hard to quantify, whether under-reporting
varies systematically for different age classes or demographic characteristics of the respondents.

50 In France, household main residence is part of the same intergenerational transfers module and not
collected separately.

51 This implies that the sorting does not generally reflect the absolute value of the transfer, but it should
be closely related.
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surveyed wealth transfers, we include the following countries in our analysis: Austria,
Belgium, France, (West) Germany, Cyprus, Greece, Portugal and Spain.5?

Household are, on average, larger in Mediterranean countries; larger households also
tend to accumulate more wealth than smaller ones (European Central Bank, 2013b).
Furthermore, owner-occupied real estate, which is especially common in Mediterranean
countries and usually represents the largest share of net worth, is likely to be transferred
as inheritance, while financial wealth might be passed on to the next generation as inter-
vivos transfers. Fessler and Schiirz (2015) show that welfare state spending is negatively
correlated with household wealth. Though the effect on transfers is uncertain.

To account for the most obvious differences, we divide our country selection into two
groups. The core European countries (Austria, Belgium, France, (West) Germany) possess
a generous welfare state regime with high social expenditures®® at least since the 1980s
and, on average, smaller households with similar structures (based on Figure 5.1, European
Central Bank, 2013b, and Fessler et al., 2014). The Mediterranean countries (Cyprus,
Greece, Portugal and Spain) comprise the second group with, on average, larger households
and less generous welfare state expenditures. In addition, for several years following World
War II these countries were without stable financial markets—and consequently, without

comparable investment opportunities—due to e.g. civil wars and military dictatorships.

5.3.2 Inheritance and gift taxation

Effective average inheritance and gift tax rates depend on tax rates, allowances, exemptions

etc. and are complex to calculate and not available for all countries over time. Based on

52 For Germany, we base our analysis on the western part due to problems of capitalization for past
intergenerational transfers that date from before the fall of the wall. For the rest of this analysis, we use
‘Germany’ and ‘(West)’ Germany synonymously. We restrict the analysis to households with a head of
at least 21 years of age. Additionally, not all countries in the HFCS oversample wealthy households.
Therefore, our analysis for most countries is likely not representative for the very top (Vermeulen, 2014).
To account for missing values, the data is multiply imputed (five implicates) by the data providers
(European Central Bank, 2013b). Our calculations are based on standard applications for multiply
imputed data; we use the provided replicate weights and all standard errors are bootstrapped.

53 These includes: public, mandatory and voluntary private social expenditure in the following fields: old
age, survivors, incapacity-related benefits, health, family, active labor market programs, unemployment,
housing, and other social policy areas.
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Figure 5.1: Social expenditure as percentage of GDP.

Source: OECD.Stat (2015). Note: Data for Cyprus is not available from OECD.Stat.
the tax rates, the thresholds for the maximum tax rate, the maximum tax allowances
(see Appendix 5.A) and the tax revenues (Figure 5.2) we define three types of gift
and inheritance taxation regimes: (1) no or low inheritance and gift tax; (2) moderate
inheritance and gift tax with moderate or high allowances; and (3) high inheritance and
gift tax with low or moderate allowances. As demonstrated by Piketty (2014) the wealth
transfer flow collapsed following the shocks of 1914-1945, but again gained momentum
starting in the 1990s in several European countries (namely France, Britain and Germany).
In addition, Figure 5.2 demonstrates that tax revenues diverged, particularly in the 2000s.
Therefore, our analysis of the institutional settings starts in 2000 and ranges through the
time of the survey (year 2010). For a more thorough summary, we refer to Appendix 5.A,
where all key information is provided in table form.

The first group (no or low inheritance and gift tax) consists of Cyprus, Austria and
Portugal. Cyprus and Austria abandoned the taxation of inheritances and gifts completely
after 2000/2008, respectively, with only a land transfer tax levied, which is in the one-digit
area. In Austria, before 2008 the taxation depended on the level of relationship between
testator and heir, with tax rates moderate or high, but tax allowances low. In Portugal,

since 2004 only a stamp duty is levied on the respective documents. Transfers between
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spouses, or other immediate relatives, are largely exempt. Before the changes occurred,
tax rates were moderate and tax allowances low.

The second group (moderate taxation of inheritances and gifts with moderate or high
tax allowances) consists of Greece and Germany. In both countries the tax rate varies
depending on the relationship and the value of the transfers received. The tax rates are
lower in Greece, the tax allowances higher in Germany.

The third group (high inheritance and gift tax with low or moderate tax allowances)
consists of Spain, France and Belgium. In Spain the applicable tax rate varies not only
depending on the relationship and the value of the transfers received, but it also takes
into account the net worth of the heir. However, since 2004 some regional governments
factually abandoned the taxation of wealth transfers. The tax system in France is similar
to that in Germany, but with higher tax rates and lower allowances. In Belgium we observe
varying gift taxes depending on the region, the relationship, and the value since 2001; and
for inheritance tax since 2002. Another peculiarity in Belgium is a considerable difference
between the taxes on inheritances and gifts.

Almost all countries we consider have more or less extensive exemption clauses applying
to the transfer of businesses and owner-occupied property.

In summary, the inheritance and gift tax regimes might not strongly influence the
incidence of wealth transfers, because for transfers within the closer family tax rates never
exceed 50%°* and are accompanied by allowances and additional exemptions. Ceteris
paribus, among the Mediterranean countries the levels of inheritances and gifts are probably
the highest in Cyprus (no inheritance and gift tax for several years) and the lowest in
Spain. In the Core European countries we expect them to be lower in Belgium and France

than in Germany or Austria.

54 For Austria, Belgium, France and (West) Germany this is already the case since the 1950s (Scheve and
Stasavage, 2012).
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Figure 5.2: Inheritance and gift tax revenue as percentage of GDP.
Source: OECD.Stat (2015). Note: Data for Cyprus is not available from OECD.Stat.

5.4 Who receives wealth transfers and what is the value of the transfers

received?

In the first step of our empirical analysis (Sections 5.4.1 and 5.4.2) we give an overview
of the distribution of intergenerational wealth transfers®® from outside the household (as
defined by the HFCS questionnaire) for eight European countries. We first tabulate the
incidence as well as the conditional mean values of inherited wealth. We calculate the
present value of all past wealth transfers that a household received, in 2010 prices, and
capitalize the past wealth transfers using a real annual rate of return of three percent. The
analysis relies on the intertemporal budget constraint of private households, it is described
by Piketty et al. (2014) in more detail. In short, the idea is as follows: for all households
we observe the joint distribution of all past wealth transfers and net worth at time y. Note
that y = 2010 on average for the surveyed households in our analysis. We capitalize the

past wealth transfers using a real annual rate of return r, which yields the present value

55 Gifts and inheritances are analyzed together. If only looking at gifts, the sample sizes are quite small
in some countries. This is probably due to missing tax incentives in these countries and different asset
portfolios (e.g. if households mainly possess a household main residence it will be most likely be passed
on after death).
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of wealth transfers PVWT,; for all households 7 in any sample or subsample at time y.
This deserves an explanation: we assume that at the point in time any household receives
a wealth transfer it always has the option to make a secure investment yielding a real rate
of return r. Hence, similar to Wolff and Gittleman (2014), we calculate the present value

of wealth transfers

Y
PVWTy=Y W -, (5.1)

t=to

For each single household, ¢, in our sample we determine the actual sum of inheritances
and gifts based on our assumptions: If a household’s net worth is larger than the present
value of transfers, it follows that the household has real savings as high as the residual
(Wyi — PVWT,;). If a household has a net worth less than the present value of wealth
transfers, we conclude that the household consumed part (or all) of the wealth transfer
instead of choosing a secure financial market investment (or lost over time). The residual
resulting from the secure investment is, therefore, interpreted as the household’s savings, as
it was the investment decision of the household to either invest differently (and potentially
more risky) or consume the wealth transfer. The total present value of wealth transfers

for any country or subsample in year y is then given by

TPVWT, = min(PVWTy;, wy;). (5.2)

Additionally, we are interested in calculating the total value of wealth transfers as a
percent of positive net worth, which, according to the literature, are computed at the

aggregate level as the total inherited wealth divided by the total current wealth

5, = TPVWT, TPVWT,
Y > Wyi Wy .

(5.3)
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However, in our application we calculate the ratio on the household levels and average
within countries or subpopulations, as this definition seems more useful with regard to
our typology of households: In line with Piketty (2014), any population can be divided
into three groups of households. For those households that (1) never received a transfer
or has negative net worth, f3,; is always zero. For those households that (2) received a
transfer and the present value falls below the net worth, 3y, is the ratio of the present
value to net worth w,;. For the third group of households that (3) received a transfer but
the present value exceeds the net worth in year y, it follows that 5y is 100%, hence all of
the net worth can be attributed to the transfers, as the household consumed more than it
could have afforded from its own labor or investment decisions. Based on this reasoning
we conclude that the residual that cannot be attributed to the inherited portion of the net
worth must be the result of a household’s saving decision and attributed to the portion
resulting from its own efforts.

The most arbitrary assumption in our analysis is the choice of the real rate of return
r. The base rate we choose is r = 3% in accordance to Wolff and Gittleman (2014). We
add a few robustness checks (see Appendix 5.B) in order to identify systematic changes, if
we vary the real rate of return between r = 1% and r = 5%. Additionally, we check the
variation of §,; depending on a wealth related rate of return, as it seems reasonable that
richer households are financially better educated, have the possibility to invest more diverse
and, therefore, might realize higher rates of return (these results are presented in Appendix
5.B). For some countries (Belgium, France and Germany) it would also be possible to
use the yields of investments in long-term government bonds, as these investments are in
line with our definition of a secure investment. As the time series are not available for all
countries from the 1950s onward, we add the results to Appendix 5.B and note that the

differences to a real interest rate of 3% are negligible.
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5.4.1 Incidence and levels of past intergenerational transfers

As shown in Table 5.1, the incidence of transfers received varies slightly across the European
countries we analyze. In Portugal, the share of households that received at least one wealth
transfer is the lowest (27%), with the highest prevalence observed in (West) Germany
(38%) and France (roughly 40%).

In the core European countries, we find that with increasing household income®® the
probability that a household already received a wealth transfer increases. Households
finding themselves in the highest income quintile record double the incidence of transfers
(more than 50% of all households) as compared to the first quintile. The Mediterranean
countries on the other hand do not exhibit similar variation along the distribution of
income. For instance, in Portugal the incidence varies independently of income (around
25%). This is, amongst other things, explained by the expansion of secondary and tertiary
education since the 1960s, which has greatly improved the educational mobility for the
current generation of heirs.

The higher the observed net worth of a household is, the higher is the likelihood that
it reports a wealth transfer. The picture is very similar for all countries in our analysis.
For the population reporting a net worth below €20,000 it is well below 20% and then
it quickly rises to 70%-75% in countries where this correlation seems to be the most
pronounced (Austria, France and Germany).

In general, the likelihood that a household®” reports a wealth transfer increases with
age.”® However, in addition to lifecycle effects, cohort effects can be identified. Due to

lifecycle effects, the age classes between 45 and 64 have significantly higher percentages of

56 The current gross household income refers to the last 12 months / the last calendar year before the
time of the survey and is composed of the following components: all earned income, pensions (public,
occupational and private), unemployment benefits and other regular social transfers, regular private
transfers, rental income, income from financial assets, income from private companies / partnerships
plus additional other income.

57 Most sociodemographic characteristics of the households are referring to its head. We use ‘household’
and ‘household’s head’ synonymously.

58 Age class according to the age of the head of the household as reported in the HFCS survey data. In
the multivariate part we investigate the last two age classes together due to the low numbers of cases.
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households with a wealth transfers than the younger age classes, as their older relatives
(especially parents and grandparents) more likely already deceased. The age classes over
65, on the other hand, have decreasing percentages of households that report a wealth
transfer. Their older relatives, of which the majority is likely to be deceased already,
presumably lived in much poorer conditions (e.g. due to the two World Wars) and did not
bequest (large) fortunes. For instance, in Cyprus the effect is extremely pronounced, as
the oldest cohort reports only half as many inheritances and gifts compared to the second
oldest cohort. The patterns are very similar across Europe with a few exceptions. Some
countries do not experience a drop for the oldest cohorts.

In the next step, we look at the capitalized conditional mean present value of wealth
transfers across Europe (see Table 5.2). Therefore, we limit the sample to all households
reporting at least one transfer, adjust the values for inflation, capitalize them and sum
them up by households (see equation 5.1). Belgium and Greece are fairly close to each other
(€155,000 and €152,000, respectively). The conditional mean present values in Austria
and Germany are considerably higher (€230,000 and €193,000). Spain records €174,000
and France €137,000. There are two outliers: Portugal at only €85,000 and Cyprus at
€274,000. Linking this to the inheritance and gift tax regimes, we find indeed that the
present values are highest for Cyprus among the Mediterranean countries. However, they
are significantly lower in Portugal than in Spain in spite of the much more steep taxation
in Spain, this is probably because the overall wealth levels are much lower in Portugal for
historical reasons. In addition, as expected based on the tax regimes, Belgium and France
do have the lowest wealth transfer values among the core European countries.

With regard to the joint distribution of income, the capitalized present value is highest
in the highest income quintile. This confirms the strong relationship between a household’s
income position and the expected wealth transfers from previous generations indicating low
intergenerational mobility. While the incidence does vary less for Mediterranean countries,
the absolute value does increase with income as in the core European countries.

Not surprisingly, most countries experience a sharp rise in the conditional mean present
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value of transfers received from the second highest wealth level to the highest with household
net worth above €1 million. For all countries the value at least doubles. Generally, the
conditional present value of the transfers seems to increase monotonically with the wealth
level. The wealth levels above €250,000 show values in the six to seven-digit euros region,
whereas for the lowest wealth level below €20,000 the conditional value never exceeds
€10,000.

The conditional mean present value peaks only in Belgium and France for the oldest
cohort aged 75 or older. In Portugal and Spain the variation across the age classes is rather
low. In Austria we observe a spike for the age class 45 to 54 (€285,000), in Germany it only
increases slightly for cohorts older than 44. The rather liberal legislation concerning the
taxation of gifts clearly left its mark in the distribution for younger households: Austria,
Greece, (West) Germany and Cyprus all exhibit a reversely U-shaped pattern. This is in
line with the observations of the percent of households with transfers, i.e. not only did
the middle aged households report having received a wealth transfer considerably more
often, those transfers were considerably higher as well. This is the result of the cohort
effect offsetting the life-cycle effect in wealth transfers in those countries.

As the observed patterns, and especially mean and median present values, might depend
on the household size, we add a robustness check in Appendix 5.B (Table 5.5) and check
for the variation in per (adult) capita wealth transfers instead. Using per capita transfers

expectedly reduces the values, but does not change the patterns reported in this section.

5.4.2 Correlates of the prevalence and value of transfers received

We estimate a logit model characterized by the specification

pj = F(a+ BX; +¢j), (5.4)

with p; denoting the probability of households in country j of having received a transfer,

a is an intercept, €; are unobservable variables. X, is the matrix of all explanatory



Table 5.1: Percent of households with a transfer.

I. Core European countries

II. Mediterranean countries

Austria Belgium France (W) Germany Cyprus Greece Portugal Spain
All households 357 (1.3) 31.7 (1.2) 399 (0.7) 381 (1.7) 315 (1.7) 30.7 (1.5) 267 (1.3) 30.1 (1.1)
A. Income quintiles
1st quintile 26.2 (2.3) 253 (29) 31.0 (1.5) 24.6 (3.1) 228 (3.7) 283 (3.0) 265 (2.2) 329 (2.0
2nd quintile 29.7 (2.7) 325 (3.2) 338 (1.6) 322 (3.8) 308 (4.1) 33.7 (2.6) 304 (2.6) 29.9 (2.1)
3rd quintile 343 (29) 276 (3.0) 382 (1.6) 37.6 (3.4) 303 (3.8) 314 (2.7) 266 (2.6) 252 (2.6)
4th quintile 38.0 (2.7) 350 (29) 43.1 (1.5) 446 (3.0) 40.3 (4.0) 29.2 (29) 262 (2.3) 29.8 (24)
5th quintile 50.3 (3.1) 379 (2.8) 532 (1.3) 518 (3.00 331 (3.8) 31.0 (2.8) 241 (1.9) 329 (2.3)
B. Wealth levels
Under €20,000 11.6 (1.6) 129 (23) 179 (1.1) 131 (2.2) 79 (2.8) 4.1 (1.1) 11.8 (1.3) 79 (1.7)
€20,000-€99,999 3.3 (2.7) 276 (4.2) 355 (1.9) 282 (3.2) 187 (4.4) 348 (2.9) 281 (2.1) 248 (2.7)
€100,000-€249,999 45.8 (2.7) 276 (2.9) 445 (1.4) 493 (3.2) 303 (3.8) 394 (2.2) 349 (2.2) 274 (1.8)
€250,000-€499,999 544 (3.2) 39.1 (2.7) 56.5 (1.5) 65.3 (29) 365 (4.3) 375 (3.9) 341 (3.5) 39.2 (2.5)
€500,000-€999,999 71.6  (4.3) 48.8 (3.7) 69.0 (2.1) 63 (5.8) 38.1 (4.9) 42.7 (5.6) 334 (4.3) 464 (3.9)
€1,000,000 or over 68.4 (6.8) 51.3 (5.0) 75.1 (2.3) 69.7 (5.8) 517 (4.8) 51.1 (15.6) 44,5 (6.3) 62.1 (5.3)
C. Age classes
21-35 229 (24) 161 (2.8) 248 (1.6) 223 (3.8) 287 (4.0) 225 (1.9) 129 (2.3) 16.0 (2.3)
35-44 348 (3.1) 253 (2.9) 320 (1.5 36.1 (3.0) 310 (3.8) 343 (2.6) 208 (24) 204 (2.1)
45-54 38.6 (2.5) 29.2 (2.8) 383 (1.6) 46.8 (3.1) 383 (3.6) 338 (2.8) 28.0 (2.3) 33.0 (2.2
55-64 444 (2.4) 43.0 (3.1) 517 (1.7) 462 (34) 333 (4.2) 334 (3.3) 305 (2.3) 406 (2.6)
65-74 371 (3.1) 40.0 (3.2) 51.9 (1.7) 39.9 (3.6) 315 (4.7) 304 (3.0) 299 (2.3) 40.7 (2.3)
75 and older 35.1 (4.5) 422 (34) 46.1 (1.9 335 (4.2) 172 (49) 30.6 (3.6) 342 (2.5) 327 (2.2)
Sample size (n) 2,337 2,307 14,929 2,826 1,234 2,915 4,393 6,188
Weighted in Mio. (N) 3.71 4.66 27.51 28.64 0.30 4.06 3.92 16.97

Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped.

households who indicate receiving a wealth transfer at any time before the time of the survey.
Source: own computations from the HFCS survey wave 1 (2013).

The figures record the proportion of
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Table 5.2: Mean present value of transfers received (in €1,000), in 2010 prices and capitalized with r = 3%, recipients only.

I. Core European countries II. Mediterranean countries

Austria Belgium France (W) Germany Cyprus Greece Portugal Spain
Mean present value 230  (19) 155 (10) 137  (4) 193 (13) 274 (23) 152 (8) 85 (7) 174 (11)
Median present value 110 77 46 107 165 113 38 7
A. Income quintiles
1st quintile 119 (28) 116 (26) 73 (6) 97 (21) 157 (57) 98 (9) 50 (5) 98 (8)
2nd quintile 140 (21) 114 (14) 95 (8) 130 (20) 154 (26) 119 (10) 60 (6) 126 (14)
3rd quintile 205 (27) 142 (18) 95 (8) 158 (20) 266 (78) 151 (19) 63 (7) 148 (43)
4th quintile 226 (34) 173 (22) 113 (7) 194 (21) 344 (49) 167 (29) 65 (8) 180 (19)
5th quintile 361 (47) 208 (28) 252 (11) 304 (33) 389 (61) 226 (22) 201 (37) 310 (36)
B. Wealth levels
Under €20,000 6 (1) 6 (1) 5 (0) 6 (1) 6 (2) 10 (2) 6 (1) 6 (1)
€20,000-€99,999 42 (3) 34 (5) 31 (2) 33 (3) 47 (7) 59 (2) 38 (2) 40 (3)
€100,000-€249,999 118 (6) 98 (9) 73 (3) 116 (5) 133 (12) 141 (3) 82 (5) 85 (6)
€250,000-€499,999 231 (13) 135 (12) 143 (5) 204 (12) 199 (22) 246 (13) 116 (14) 141 9)
€500,000-€999,999 435 (33) 220 (23) 256 (14) 414 (29) 277 (40) 436 (54) 252 (44) 300 (36)
€1,000,000 or over 904 (145) 478 (74) 739 (44) 818 (105) 584 (79) 931 (278) 696 (198) 734 (108)
C. Age classes
21-35 176 (48) 60 (15) 45 (5) 116 (38) 244 (37) 139 (10) 42 (8) 149 (31)
35-44 197 (31) 131 (30) 97 (7) 188 (28) 287 (42) 152 (9) 81 (13) 164 (24)
45-54 285 (28) 136 (19) 133 (9) 196 (18) 296 (40) 193 (21) 65 (6) 171 (24)
55-64 239 (34) 154 (19) 141 (9) 201 (30) 310 (79) 191 (28) 83 (19) 190 (25)
65-74 245 (51) 170 (18) 176 (13) 233 (23) 242 (73) 93 (9) 104 (21) 173 (16)
75 and older 181 (49) 226 (33) 200 (14) 182 (22) 154 (36) 109 (18) 104 (18) 185 (48)

154 5 The joint distribution of intergenerational transfers, income and wealth across the Euro area

Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped. The figures show the present value of all
transfers as of the survey year which were received up to the time of the survey in prices of 2010 using country specific inflation rates.
Source: own computations from the HFCS survey wave 1 (2013).
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variables: age, education, work and marital status as well as gender of the reference person,
income® of the household and its size.’C Additionally, we estimate the following OLS

specification:

y; = o+ BX; +¢€; (5.5)

with y; denoting the capitalized present value of all wealth transfer for households in
country j. We sum up all past wealth transfers in prices of 2010. « is the intercept and ¢;
denotes unobservables. X is the matrix of all explanatory variables, which are the same
as for the logit estimation.

The results regarding the probability of receiving a transfer in the individual countries
are shown in Table 5.3. Table 5.4 shows the results for the OLS regressions regarding
the mean intergenerational wealth transfer value (as log) in each country for the heir
population only.

For the household income the following pattern emerges: The higher the income, the
higher the probability that the household reports a wealth transfer. This is especially
pronounced in the core European countries. Both findings also hold for the average amount
of transfers a household receives: Households of higher income quintiles tend to report
higher transfers. The pattern is most salient at the edges of the income distribution.
The findings are connected to those regarding education and intergenerational mobility:
In the core European countries, we find for all countries that households with primary

education had a smaller propensity to receive a transfer compared to those with secondary

59 In the HFCS gross income was collected, usually referring to the calendar year prior to the survey year
or the 12 months preceding the interview.

60 Except for income, all explanatory variables relate to the time of the interview (around 2010). Due to
endogeneity, net wealth is not used as an explanatory variable. Further information about the transfers
cannot be used in the analysis due to the pooled estimation of the transfers. Information about the
tax regimes are only available on the country level and can therefore not be considered due to the low
number of cases. To use the household head as reported in the survey is standard in the literature.
However, in an alternative specification we used the oldest person in the household as its head. The
results suggest that the estimates are fairly robust.
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education. Households with tertiary education, on the other hand, are characterized
by higher propensities. Interestingly, in Cyprus households with lower education had a
higher chance to receive a transfer as compared to secondary education. This might be a
hint that intergenerational mobility is still comparatively high. Considering the present
values, the relationship between education levels and the value of transfers received is very
pronounced in France, Portugal and Greece, i.e. those households that received a transfer
expect a higher value if their head has tertiary education. Research suggests that children
of parents with higher education usually also hold a higher degree, which in turn results
in higher income and more possibilities to accumulate wealth to bequest (see for example
Baumert et al., 2001).

Again life-cycle effects are visible: With increasing age, the likelihood of losing family and
friends and, thus, receiving a wealth transfer is monotonically increasing for most countries.
For the age classes between 45 and 64 we identify significantly higher probabilities of
having already received a transfer than the younger ones. The cohort effect, decreasing
transfers for old cohorts due to poorer living conditions, which are reported in Table 5.1, is
not visible or significant once we control for other sociodemographic variables. In Belgium,
France and Spain the lifecycle patterns of transfer recipients are the most pronounced and
significant. For the mean present value (Table 5.4) of those who received a transfer, in
many countries the 45 to 54 age cohort has received higher transfers than younger cohorts.

We find that self-employed households (compared with employed ones) have, in the
majority of the countries, a higher chance to receive a transfer and, also, report larger
transfer values. One explanation for this might be that the self-employed often inherit the
business that they are working for. Compared with the status married, households led
by widowed or divorced persons have smaller chances of having received an inheritance
or gift. Keep in mind that the inheritance from the deceased spouse is not reported in
the survey, if the spouse used to be part of the same household (see Section 5.3). In the
case of a divorce, it is logical that the incidence is reduced because high transfers mostly

come from (grand-)parents(-in-law), and after a divorce the chances naturally halved for a
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household. Differences between genders are only significant in Austria, Germany, Cyprus
and Spain. In these countries men have a smaller probability to receive a wealth transfer
or the wealth transfers are lower than that for women.

Overall, the patterns we find for the probability to receive a transfer and the patterns for
the average transfer value are quite similar over the countries. Specifically, the correlations
between education and income with the present values of transfers received are high for all
countries. The question arises, what exactly is the role of wealth transfers for the overall
wealth situation of households in Europe? In the next section we explore household’s net
worth and transfers simultaneously by computing the transfers received as a percent of
observed net worth, thereby obtaining an indicator for the impact of wealth transfers on

the distribution of wealth.

5.4.3 Intergenerational wealth transfers and the distribution of wealth

In the previous section, we find that the prevalence of transfers received differs greatly
between socio-economic groups. In addition, some households have not yet received a gift
or inheritance, while others may never receive one. In this section, we investigate past
intergenerational transfers as a percent of net worth (see Table 5.5).

Overall there are basically two tiers of countries. The first consists of the core European
countries Austria and (West) Germany, and the Mediterranean country Greece. For these
countries, the share is around 31%, meaning the share of inheritances and gifts is just
under one-third in those countries. Rather low shares are computed for the second tier:
Belgium, Portugal, Spain and Cyprus. In Portugal both the percent of households with
a transfer and the conditional present values of those transfers tend to be lower than in
the core European countries, resulting in an overall lower inheritance-wealth ratio (15%).
In Spain the mean present values tend to be on par with the rest of Europe (Table 5.2),
however, households receive the wealth transfers later in their lifecycle. In combination

with an overall higher net worth level for Spanish households, the result is a rather low
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Table 5.3: Average marginal effects of the logit estimations for probability of wealth trans-
fer received.

Logit AT BE FR (W)DE CY GR PT ES
1st income quintile -0.090* -0.061 -0.088*** -0.074* -0.059 -0.034 -0.033 0.006
(0.039)  (0.037)  (0.014)  (0.039)  (0.058)  (0.029)  (0.025)  (0.023)
2nd income quintile -0.042 0.017 -0.048%** -0.035 -0.058 0.030 -0.001 0.008
(0.035)  (0.035)  (0.013)  (0.034)  (0.050)  (0.026)  (0.023)  (0.022)
4th income quintile 0.045%**  0.057***  (.031*** 0.037 0.001 -0.011 -0.014  0.050%**
(0.034)  (0.034)  (0.013)  (0.033)  (0.046)  (0.030)  (0.027)  (0.022)
5th income quintile 0.106*%**  0.093***  (.111%** 0.048 0.033 -0.004 0.015  0.088***
(0.034)  (0.035)  (0.012)  (0.030)  (0.046)  (0.020)  (0.025)  (0.020)
Age 21-34 -0.153%*F*%  _0.131*%**  _0.155%*F*  _0.199***  _(0.223*** _0.085*%** _(0.122%¥** _(.191***
(0.034)  (0.041)  (0.016)  (0.039)  (0.047)  (0.028)  (0.034)  (0.033)
Age 35-44 -0.056** -0.058%  -0.044%** -0.061%  -0.127%** 0.019 -0.058%*  -0.121%%*
(0.030)  (0.033)  (0.013)  (0.030)  (0.038)  (0.025)  (0.024)  (0.022)
Age 55-64 0.097*%%*  0.171%%*  0.078*** 0.056* -0.077 0.034 0.010 0.040%*
(0.034)  (0.034)  (0.014)  (0.029)  (0.050)  (0.031)  (0.023)  (0.018)
Age 65plus 0.059  0.232%*%*%  (.101*** 0.045 0.052 0.006 0.041  0.062***
(0.042)  (0.051)  (0.018)  (0.045)  (0.098)  (0.040)  (0.029)  (0.022)
Education primary -0.042  -0.074%**  _0.079%** -0.069** 0.009 0.036* 0.006 -0.027
(0.028)  (0.027)  (0.010)  (0.036)  (0.042)  (0.021)  (0.022)  (0.017)
Education tertiary 0.083***  0.063***  0.099***  0.096*** -0.032 -0.005 0.021 0.023
(0.030)  (0.023  (0.010)  (0.020)  (0.034)  (0.024)  (0.029)  (0.017)
Work status self-  0.155%** 0.066  0.100%** 0.083** 0.031  0.132%FFF  (0.108%**  (0.159***
employed
(0.034)  (0.044  (0.012)  (0.032)  (0.043)  (0.024)  (0.023)  (0.019)
Work status unem- -0.020 -0.009 0.007 0.023 0.024 0.031 0.012  0.046***
ployed/other
(0.036)  (0.035  (0.016)  (0.032)  (0.051)  (0.025)  (0.025)  (0.018)
Work status retired 0.025 -0.045  0.086*** 0.005  -0.182** 0.038 0.045*%  0.059%**
(0.035)  (0.044  (0.016)  (0.040)  (0.087)  (0.035)  (0.025)  (0.021)
Marital status single 0.017 -0.010 -0.069*** 0.031 -0.055 -0.003 -0.028  0.124***
(0.033)  (0.033  (0.013)  (0.036)  (0.077)  (0.020)  (0.028)  (0.020)
Marital status widowed 0.007 0.028 -0.087*F*  _0.111%*¥* -0.233%** 0.006  -0.069** -0.019
(0.043)  (0.038  (0.017)  (0.043)  (0.079)  (0.036)  (0.028)  (0.022)
Marital status divorced — -0.081** -0.048 -0.083*** -0.047 -0.056 -0.008 -0.140%** -0.036
(0.036)  (0.036  (0.015)  (0.036)  (0.064)  (0.036)  (0.031)  (0.027)
Gender man -0.044** -0.010 0.011 -0.056** -0.022 -0.009 0.022 -0.006
(0.020)  (0.020  (0.009)  (0.020)  (0.032)  (0.019)  (0.019)  (0.013)
HH size 1 0.051 -0.030 0.032** -0.074** 0.036 -0.010 0.050** -0.018
(0.033)  (0.031  (0.013)  (0.033)  (0.072)  (0.031)  (0.024)  (0.021)
HH size 3 0.116%** -0.040 -0.062*** 0.029 0.039 0.004 -0.015 0.003
(0.032)  (0.032  (0.013)  (0.029)  (0.049)  (0.025)  (0.020)  (0.016)
HH size 4 0.051 -0.047  -0.038*** 0.058* 0.053 0.043 -0.014 0.019
(0.037)  (0.036  (0.014)  (0.033)  (0.049)  (0.026)  (0.023)  (0.019)
HH size 5plus 0.189*** -0.049  -0.085%** 0.066 0.026 0.068* -0.022 -0.049*
(0.046)  (0.045  (0.017)  (0.045)  (0.051)  (0.036)  (0.032)  (0.027)
Sample size (n) 2,380 2,296 15,004 2,828 1,220 2971 4,399 6,197
Weighted in Mio. (N) 3.77 4.61 27.86 28.66 0.30 4.11 3.93 17.02

Reference groups: 3rd income quintile, age 45-54, education secondary, work status employed, marital status married,
gender women, HH size.

Standard errors in parentheses. All 5 implicates are used, standard errors bootstrapped. *** p<0.01, ** p<0.05, * p<0.1
Source: Own computations from the HFCS survey wave 1 (2013).
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Table 5.4: OLS regression for present value of wealth transfer received (heir population).

OLS AT BE FR (W)DE CY GR PT ES
1st income quintile -0.677FF  -0.612*%  -0.480%** -0.422  -0.0180 -0.251** -0.253  -0.57T7***
(0.263)  (0.317)  (0.136)  (0.314)  (0.431)  (0.119)  (0.242)  (0.213)
2nd income quintile -0.356* -0.413* -0.171 -0.120 -0.184 -0.204* 0.0641 -0.103
(0.201) (0.236) (0.119) (0.226) (0.403) (0.108) (0.196) (0.212)
4th income quintile -0.0106 0.328 0.190* 0.337* 0.605*  0.00263 -0.0905 0.241
(0.214) (0.225) (0.100) (0.203) (0.309) (0.163) (0.277) (0.205)
5th income quintile 0.313 0.509%  0.712%¥*¥*  (0.634%** 0.455 0.228* 0.475%* 0.427**
(0.227) (0.265)  (0.0905) (0.192) (0.346) (0.128) (0.219) (0.210)
Age 21-34 -0.652%* -0.567*%  -0.968*** -0.534 0.0316 -0.253**  -0.492** -0.460
(0.272) (0.342) (0.160) (0.361) (0.328) (0.125) (0.246) (0.332)
Age 35-44 -0.480** -0.450  -0.324** 0.124 0.0659 -0.130  -0.00676 -0.222
(0.202)  (0.281)  (0.127)  (0.214)  (0.260) (0.0799)  (0.212)  (0.214)
Age 55-64 0.0404 -0.0545 0.148 0.135 0.353 -0.0532 0.0332 0.107
(0.231) (0.297) (0.126) (0.194) (0.341) (0.165) (0.194) (0.176)
Age 65plus 0.116 0.105  0.781%**  (.903*** 0.397 -0.319 0.380 0.174
(0.279) (0.355) (0.159) (0.269) (0.648) (0.210) (0.257) (0.252)
Education primary 0.113 -0.206  -0.350%** -0.242 -0.363  -0.192*%F  -0.619*** -0.229
(0.212) (0.224)  (0.0914) (0.213) (0.278)  (0.0951) (0.199) (0.172)
Education tertiary 0.00948 0.208  0.334%** 0.213 0.176  0.299*** 0.530%* 0.0562
(0.166) (0.154)  (0.0765) (0.148) (0.215) (0.108) (0.281) (0.195)
Work status self-  0.632%** 0.195  0.727%%*%  (0.608%** 0.368 0.0939  0.638%**  (.712%**
employed
(0.198)  (0.414)  (0.112)  (0.193)  (0.291)  (0.113)  (0.190)  (0.207)
Work status unem- -0.363 -0.394 -0.246  -0.0712 -0.326 0.0603 0.236 0.165
ployed/other
(0.268) (0.343) (0.184) (0.248) (0.353)  (0.0931) (0.250) (0.199)
Work status retired 0.0265  0.594** 0.0697 -0.0881 -0.429 -0.00858 0.268 0.304
(0.256) (0.265) (0.129) (0.227) (0.623) (0.188) (0.210) (0.278)
Marital status single -0.0362 -0.411 -0.0772 -0.259 -0.702  -0.0802 0.0581 0.427**
(0.226)  (0.268)  (0.118)  (0.312)  (0.530)  (0.112)  (0.212)  (0.210)
Marital status widowed -0.512  -0.0266 -0.261 -0.217 -0.507  -0.0101 -0.122 0.145
(0.313) (0.313) (0.162) (0.326) (0.585) (0.143) (0.237) (0.216)
Marital status divorced -0.441 -0.145  -0.379%** -0.361 -0.307 -0.118 0.0700 -0.177
(0.306) (0.274) (0.130) (0.280) (0.492) (0.155) (0.334) (0.264)
Gender man 0.162  -0.0346 -0.113  -0.0907 -0.452** 0.0522 -0.0958  -0.269**
(0.129)  (0.160)  (0.0827)  (0.147)  (0.209) (0.0814)  (0.182)  (0.132)
HH size 1 -0.00521  -0.0127 0.123 -0.135 0.524 -0.102 0.0299 0.0682
(0.261)  (0.245)  (0.118)  (0.269)  (0.532)  (0.125)  (0.245)  (0.198)
HH size 3 0.416** 0.128 -0.0553 0.0987 0.427 0.0945 0.286* 0.0523
(0.204)  (0.235)  (0.117)  (0.173)  (0.278) (0.0874)  (0.166)  (0.166)
HH size 4 0.481** 0.0113 0.0489 -0.194 0.280 0.0680 0.188 0.0203
(0.239)  (0.311)  (0.135)  (0.262)  (0.333)  (0.111)  (0.216)  (0.214)
HH size 5plus 0.989%** -0.415 -0.255 0.383 0.108  -0.0421 0.334 -0.107
(0.247)  (0.363)  (0.203)  (0.367)  (0.353)  (0.140)  (0.315)  (0.356)
Constant 11.28%FF  10.86%**  10.38%*%*  11.01%** 11.65%** 11.74%%*  10.32%**  1(0.94%**
(0.269)  (0.285)  (0.147)  (0.218)  (0.500)  (0.143)  (0.361)  (0.281)
Sample size (n) 813 T 6,663 1,251 410 844 1,042 2,404
Weighted in Mio. (N) 1.30 1.42 10.34 10.71 0.91 12.4 1.01 5.09

Reference groups: 3rd income quintile, age 45-54, education secondary, work status employed, marital status married,
gender women, HH size.

Standard errors in parentheses. All 5 implicates are used, standard errors bootstrapped. *** p<0.01, ** p<0.05, *
p<0.1

Source: Own computations from the HFCS survey wave 1 (2013).
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inheritance-wealth ratio.’" In Cyprus, the low inheritance-wealth ratio is the result of a
very high mean net worth (European Central Bank, 2013b,c); the capitalized values of the
transfers are rather low in comparison. The result for Belgium is surprisingly similar to
most of the Mediterranean countries and differs greatly from France and Germany, which
deserves an explanation. First, the percentage of households with a transfer is significantly
lower than in Germany or France, in particular for households with a fortune larger than
€1 million. Second, since the overall wealth level in Belgium is rather high—the median
net worth of all households is almost four times as high as in Germany (see European
Central Bank, 2013b,c)—, this results in an overall comparatively small fraction of the
Belgian private wealth that can be attributed to inheritances and gifts.

While the correlation between absolute inheritance values and household income positions
is quite high, the inheritance-wealth ratios barely differ across income quintiles. With
increasing income the opportunities to save parts of the income increase as well. This
results in stable inheritance-wealth ratios across income quintiles (see Austria, Belgium
and France). In Germany, for the highest income quintile the inheritance-wealth ratio
drops by about 17 percentage points as compared to the second highest income quintile.
Overall, the high-income households receive significantly higher wealth transfers, but are
equally capable of saving significant amounts through their personal efforts, resulting in a
decreasing relevance of inheritances and gifts for their wealth position.

The analysis of the relative importance of transfers along the distribution of wealth
reveals two sets of countries. In Austria and (West) Germany the share of capitalized
wealth transfers is highest for the wealth level €500,000 to €1 million and quickly decreases
for the net worth above €1 million. Cyprus exhibits a similar picture, albeit on an overall
lower level. On the other hand in Belgium, France, Portugal and Spain the shares do not
vary a lot between the wealth levels and stay approximately at their overall level. In Greece

we observe a pronounced U-shaped pattern. We conclude that, as in most applications,

61 Keep in mind that at the time the survey was conducted in Spain, the aftermath of the financial
crisis was not yet fully in effect; housing prices were still high. A repetition of the survey with more
up-to-date data presumably would reveal another pattern.
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the relative importance of wealth transfers does not significantly increase with the level of
wealth. For the core European countries plus Cyprus it even decreases with a net worth
higher than €1 million. This observation presents a stark contrast to some observations
made before (Tables 5.1 and 5.2)-whereas the percentages of households with a transfer
as well as the conditional present value of those transfers are increasing with the wealth
level-the value of transfers as a percent of net worth drops for the wealthiest households.
On the one hand, this result shows that those households accumulated a lot more of their
large fortunes through their own efforts, independent of transfers. On the other hand,
financially educated persons tend to have better options for investment, are less risk averse,
and realize higher rates of return on their investment. The assumed real rate of return
(3%) might be too low for those households. However, as can be seen in Appendix 5.B,
the patterns are largely robust to both overall higher interest rates and wealth-related
interest rates.

Transfers as a percent of net worth are steadily increasing over the lifecycle in Belgium
and France, as well as in Portugal and Spain. This is in line with the result that the cohort
effect does not offset the lifecycle effect in those countries (see Tables 5.3 and 5.4). As
expected from those same results, the connection is less clear in Austria and Germany, for
the older cohorts inheritance-wealth ratio is at around one-third. The younger cohorts
exhibit rather high ratios as well, but inter-vivos transfers drive them: more than 50% of
the transfers received are gifts. The high shares for younger generations hardly come as a
surprise in Germany with rather generous tax exempt amounts (since 2009, €400,000 per
child for an inter vivos transfer from each parent every ten years are free of tax, up from
€205,000 before).

In several countries young households have a comparably high share, because of low
initial savings levels. The shares are also high again for old households because of high
absolute values of the capitalized wealth transfers. For middle-aged households the value
of their own savings tends to be higher than their relative low absolute transfer value. The

differences between the age classes are minimal though. In Belgium, France and Portugal



162 5 The joint distribution of intergenerational transfers, income and wealth across the Euro area

(as well as in Spain) the inheritance-wealth ratio increases with age and peaks for the
oldest cohort. In Austria, (West) Germany, Cyprus and Greece the ratio is surprisingly
high for some or all young cohorts. One of the reasons why the ratio is not substantially
higher for older cohorts might be the Second World War and its aftermath, resulting in a

situation where there simply was not much to inherit by heirs of the war generation.

5.4.4 Correlates of the relative value of intergenerational transfers

Using a fractional logit model we further investigate the share of current wealth due to
past wealth transfers for those who received a transfer. The advantage of this model is
that it explicitly accounts for proportions in the (0, 1) interval. We estimate the following

equation:

¢ = Fla+ X +¢j), (5.6)

where ¢; denotes the sum of past wealth transfers as a percent of current net worth for
households, which received a transfer in country j. In addition to the inflation adjustment
we capitalize transfers as a percentage of net worth—with a cap at 100%, i.e. the sum of
capitalized wealth transfers within a household cannot be possibly higher than the net
worth of a household. « is an intercept, ¢; denotes unobservables. X is the matrix of all
explanatory variables: age, education, work and marital status as well as gender of the
reference person, income of the household, and household size.

Table 5.6 shows the results for the fractional logit regressions analyzing capitalized
inherited wealth in prices of 2010 as a percent of current household wealth. The sample is
limited to households that received at least one gift or inheritance. The income of the
household matters: Compared with the third income quintile, the first and second quintiles
show a positive relationship and the fourth and fifth a negative one. This means that with
increasing income, wealth transfers exhibit a decreasing impact on inherited wealth as

a percent of net worth. Naturally, with higher incomes it is easier to save income and



Table 5.5: Present value of wealth transfers received as a percent of net worth, capitalized with r = 3%.

I. Core European countries II. Mediterranean countries

Austria Belgium France (W) Germany Cyprus Greece Portugal Spain
All households 309 (4.2) 144 (1.0) 232 (0.8) 314 (2.6) 128 (1.5) 314 (1.8) 14.8 (1.4) 18.0 (1.1)
A. Income quintiles
1st quintile 414 (7.6) 18.7 (4.1) 268 (2.2) 39.3 (9.4) 133 (5.7) 36.8 (41) 195 (2.3) 226 (1.8)
2nd quintile 30.6 (9.1) 14.7 (2.4) 268 (2.1) 36.1 (5.6) 14.5 (4.0) 40.1 (3.9 215 (2.5) 208 (2.3)
3rd quintile 34.0 (7.6) 124 (2.0) 23.0 (1.9) 39.6 (4.4) 192 (6.5) 339 (4.1) 152 (2.1) 158 (3.7)
4th quintile 30.3 (6.6) 15.8 (2.3) 21.5 (1.5) 37.7 (5.0) 195 (3.7) 30.1 (4.6) 125 (1.7) 185 (2.1)
5th quintile 29.2 (5.0) 133 (1.8) 22.7 (1.3) 254 (3.5) 8.0 (1.9) 26.1 (3.0) 132 (2.6) 16.7 (1.9)
B. Wealth levels
Under €20,000 - - - - - - - -
€20,000 - €99,999 258 (2.8) 16.6 (3.5) 21.0 (1.6) 175 (2.5) 147 (4.3) 345 (3.1) 184 (1.5) 16.3 (2.0
€100,000 - €249,999 31.6 (2.6) 155 (2.3) 188 (0.9) 348 (2.9) 234 (34) 351 (2.0) 182 (1.4) 13.7 (1.5)
€250,000 - €499,999 36.1 (2.7) 14.8 (1.6) 23.1 (1.1) 385 (2.7) 204 (3.5) 272 (29) 11.8 (1.6) 159 (1.5)
€500,000 - €999,999 45.9 (4.6) 16.0 (2.3) 256 (1.6) 39.2 (4.5) 149 (2.8) 273 (5.1) 121 (2.8) 20.1 (3.2)
€1,000,000 or over 23.9 (6.7) 122 (2.0) 245 (21) 226  (46) 100 (2.0) 349 (13.6) 128 (4.6) 214 (3.5)
C. Age classes
21-35 35.7 (8.4) 89 (24) 163 (2.2) 345 (8.1) 234 (3.8) 321 (3.0) 85 (2.1) 16.5 (3.9)
35-44 24.0 (7.1) 126 (3.0) 159 (1.3) 36.7 (3.9) 133 (24) 331 (2.8) 132 (2.7) 153 (2.3)
45-54 28.0 (5.4) 10.7 (1.8) 186 (1.3) 345 (3.0) 116 (29) 353 (3.6) 122 (1.5) 16.4 (2.0)
55-64 349 (6.8) 151 (2.0) 21.0 (1.8) 24.2 (5.3) 112 (3.0) 313 (4.8) 11.0 (2.6) 17.5 (2.6)
65-74 373 (6.3) 13.6 (1.9 277 (1.7) 321 (4.0) 123 (5.0) 21.2 (2.8) 189 (3.8) 214 (1.8)
75 and older 348 (9.6) 219 (3.2) 385 (23) 31.7 (5.1) 115 (4.0) 30.2 (4.7) 257 (3.9 223 (4.6)

Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped.

The figures show the present value of all wealth transfers as of the survey year which were received up to the time of the survey and accumulated at a
real interest rate of 3.0% as a ratio to the respective net worth in the overall population or subpopulations.

Source: own computations from the HFCS survey wave 1 (2013).
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accumulate wealth, thus, even though the absolute present value of transfers is higher for
high income households, their relative importance is decreasing.

With regard to the age classes, the results do not reveal a unified pattern. It seems like
the households over 65 have higher shares of current wealth due to transfers in comparison
with the middle aged ones (45 to 54). However, this finding is only significant in France
and Portugal. For the households under 45 the coefficients point into both directions, no
matter if they are located in core or Mediterranean countries. Positive correlations give a
hint that in Belgium and Spain younger households have already received large fortunes.
So far they have had less time to accumulate wealth off their own income. Hence, transfers
have a much higher impact on their financial situation than for older cohorts.

Self-employed households have a lower inheritance-wealth ratio than employees (except
for Spain). However, in the analysis it is assumed that all accumulated wealth exceeding
the capitalization is due to own efforts, if business owners inherited their business and
consistently generate a higher rate of return, the resulting wealth is defined as savings.
For the self-employed population, an initial transfer might be the reason for the latter
wealth though. In the majority of the countries studied, singles have a higher share of
current wealth due to past intergenerational transfers compared to households led by a
person in marriage. For households led by a widowed or divorced person the share of past
intergenerational transfers also tend to be higher, being divorced or widowed diminishes
the possibilities to increase savings and accumulate wealth thorugh personal efforts. The
gender of the household head does matter significantly, especially in the southern European
countries and France. Men have a smaller inheritance-wealth ratio than women. As is
shown in the first part, there are no significant differences for absolute present value of
transfers between men and women, resulting in the overall conclusion that, all things equal,
the lower ratio is the result of a gender pay gap, which enables men to save larger sums.

In summary, as compared to the analysis in absolute terms, many results are reversed.
Especially the finding that the share of current wealth due to past intergenerational

transfers is actually decreasing with income needs to be emphasized. Remember from the
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first part of this empirical analysis that those households with higher income have higher
chances of receiving inheritances and gifts while also receiving larger transfers in absolute
terms. This suggests that these households are able to build up wealth out of both their

annual income as well as substantial inheritances and inter-vivos transfers.52

62 Keep in mind that the income variable is only a proxy for life-time earnings, as it does refer to the
calendar year prior to the survey year (or the 12 months preceding the survey).



166 5 The joint distribution of intergenerational transfers, income and wealth across the Euro area

Table 5.6: Fractional logit regressions for share of current wealth due to past intergenera-
tional transfers (heir population).

Fractional logit AT BE FR (W)DE CY GR PT ES
1st income quintile 0.457* 0.271  0.621%** 0.006 1.059%** 0.208 0.545***  (.382%**
(0279)  (0.237)  (0.079)  (0.211)  (0.365)  (0.349)  (0.209)  (0.128)
2nd income quintile 0.105 -0.004  0.342%** 0.120 0.419 0.222 0.266 0.123
(0.237)  (0.200)  (0.072)  (0.192)  (0.314)  (0.289)  (0.187)  (0.133)
4th income quintile -0.038 0.083 -0.001  -0.265** 0.211 -0.184 -0.280 -0.019
(0.226)  (0.187)  (0.068)  (0.152)  (0.260)  (0.302)  (0.208)  (0.126)
5th income quintile -0.295 -0.174  -0.158%**  -0.670%** -0.393* -0.147 -0.277  -0.349%**
(0214)  (0.196)  (0.062)  (0.136)  (0.275)  (0.306)  (0.195)  (0.114)
Age 21-34 -0.092 0.468* 0.059  -0.608** 0.216  -0.684** 0.069 0.035
(0265)  (0.267)  (0.105)  (0.229)  (0.281)  (0.338)  (0.310)  (0.216)
Age 35-44 -0.244 -0.059 -0.066 0.018 -0.133  -0.526** 0.286 0.199*
(0.209)  (0.212)  (0.072)  (0.149)  (0.205)  (0.274)  (0.209)  (0.133)
Age 55-64 -0.051 0.068 -0.045 -0.069 -0.042 0.071 0.140 -0.079
(0.224)  (0.201)  (0.070)  (0.140)  (0.302)  (0.351)  (0.189)  (0.102)
Age 65plus 0.256 0.463  0.502%** 0.232 0.440 0.140 0.661%** 0.173
(0.268)  (0.286)  (0.090)  (0.211)  (0.595)  (0.463)  (0.243)  (0.125)
Education primary 0.162 0.031  0.138%** 0.026 -0.084 0.326 -0.275 -0.116
(0.225)  (0.159)  (0.051)  (0.202)  (0.230)  (0.241)  (0.195)  (0.104)
Education tertiary 0.159 -0.103  0.156%** -0.177 0.110 0.055 -0.310 -0.137
(0.214)  (0.134)  (0.049)  (0.096)  (0.191)  (0.280)  (0.255)  (0.102)
Work status self-  -0.176 -0.401  -0.477%FF* -0.079 -0.275  -0.727** -0.274 0.186*
employed
(0.209)  (0.250)  (0.060)  (0.157)  (0.254)  (0.280)  (0.189)  (0.109)
Work  status unem-  -0.190 0.023 0.196* -0.025 0.123 -0.510 -0.367* 0.099
ployed/other
(0242)  (0.222)  (0.097)  (0.159)  (0.313)  (0.206)  (0.216)  (0.111)
Work status retired 0.029 -0.221 -0.073 -0.247 -0.074 -0.040 0.225 0.075
(0.228)  (0.239)  (0.076)  (0.189)  (0.584)  (0.407)  (0.211)  (0.121)
Marital status single 0.005 0.448** 0.188** 0.291 -0.075 0.728* 0.466*  0.435%**
(0210)  (0.206)  (0.073)  (0.193)  (0.629)  (0.344)  (0.257)  (0.124)
Marital status widowed 0.080  0.729%** 0.118 0.288 -0.449 0.726* -0.075 0.216*
(0.370)  (0.235)  (0.089)  (0.242)  (0.583)  (0.408)  (0.250)  (0.133)
Marital status divorced 0.0564  0.609*** 0.116 0.420%* 0.726 0.616 0.210 0.114
(0.260)  (0.221)  (0.083)  (0.181)  (0.440)  (0.437)  (0.292)  (0.152)
Gender man -0.178 -0.095  -0.108** -0.044 -0.331  -0.478%F  -0.421*%*  -0.170**
(0.143)  (0.119)  (0.046)  (0.100)  (0.181)  (0.217)  (0.179)  (0.081)
HH size 1 -0.027 0.035 0.126* -0.028 -0.206  -0.696** 0.253 -0.030
(0.242)  (0.206)  (0.073)  (0.186)  (0.565)  (0.372)  (0.221)  (0.127)
HH size 3 0.145 0.211 -0.058 0.012 -0.216 0.054 0.259* 0.069
(0.228)  (0.192)  (0.067)  (0.136)  (0.291)  (0.299)  (0.165)  (0.096)
HH size 4 0.000 0.188 -0.006 -0.212 0.116 0.041 0.355%* 0.031
(0.333)  (0.227)  (0.074)  (0.154)  (0.287)  (0.202)  (0.201)  (0.110)
HH size 5plus 0.103 -0.125 0.035 0.034 0.009 0.164 0.882*** 0.229
(0.339)  (0.290)  (0.095)  (0.220)  (0.336)  (0.391)  (0.285)  (0.162)
Constant 0.688**  -0.703**F*  -0.394*%*  (.747*** -0.003  2.363*** 0.260 -0.204

(0.279)  (0.233)  (0.088)  (0.181)  (0.391)  (0.391)  (0.332)  (0.161)

Reference groups: 3rd income quintile, age 45-54, education secondary, work status employed, marital status married,
gender women, HH size.

Standard errors in parentheses. All 5 implicates are used, standard errors bootstrapped. *** p<0.01, ** p<0.05, *
p<0.1

Source: Own computations from the HFCS survey wave 1 (2013).
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5.5 Conclusion

We conduct a detailed investigation of the distribution of wealth transfers in eight countries
in the Euro-area (Austria, Belgium, France, (West) Germany, Cyprus, Spain, Greece,
and Portugal). Our main finding is that high-income households in European countries
have, in the past, inherited significantly higher amounts than low-income households.
Using a series of country-specific regressions, we confirm these findings and additionally
discover that high education levels strongly correlate with both the probability of receiving
a transfer and the value of those transfers. At the same time, capital transfers seem to
be less relevant to the current asset position for high-income households. Through their
strong income positions and persistently low intergenerational mobility, these households
are presumably able to build wealth both from their regular incomes and from inheritances
and gifts.

Overall we observe quite similar patterns in all European countries included in our
sample. The share of households that received at least one wealth transfer varies between
27% (Portugal) and roughly 40% (France). The capitalized conditional mean present value
of wealth transfers falls between €274,000 (Cyprus) and €85,000 (Portugal). Expressing
the mean present value of transfers in relative terms, as a percent of current net worth, it
never exceeds 32% and shares are lower in the Mediterranean countries (Greece deviates
from the other Mediterranean countries, as does Belgium compared to the rest of core
Europe). In most countries the percentages of households with a transfer as well as the
mean present value of those transfers is expectedly increasing along the distribution of net
worth. However, the importance of those transfers for the current net worth level does not
increase with the level of wealth. In addition, we find that self-employed households tend
to have a higher prevalence, compared with employees, to have received a transfer, and
those transfers tend to be higher than those of employees.

Overall inheritances and gifts may be considered as a channel through which the existing
inequality of opportunity and the resulting economic inequality are amplified. In Germany,

for instance, taxes on inheritances and gifts are virtually regressive due to its comprehensive



168 5 The joint distribution of intergenerational transfers, income and wealth across the Euro area

exemptions on large assets (Bach and Thiemann, 2016). In Austria, Cyprus, Portugal,
and some regions of Spain, inheritance and gift tax has been abolished or abandoned de
facto. We observe the pattern that households from higher income quintiles are able to
accumulate more wealth through an increased capacity to save on their own. In addition,
once high income households report an inheritance or inter vivos transfer, the values are
substantially higher than for low income households, thereby increasing the gap between
rich and poor households. If policy aims to reduce wealth inequality and, more generally,
economic inequality, it must therefore revisit the strong link between high incomes and

high expected values of wealth transfers.
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5.A Taxation of inheritances and gifts: a European comparison

Country

Reference
period:
2000-2010

Tax rate de- Max. tax Max. tax al- Exemptions
pending on rate thresh- lowance (re- / special
level of rela- old newed) regulations
tion(1)

I. No or low inheritance and gift tax

Cyprus

Austria

Portugal

since 2000

since 2008

before 2008

since 2004

before 2004

No inheritance or gift tax, but land transfer tax for gifts

Spouses, 3-8% €170,860 — business
children (since 2008, transfers
€100,000 within fami-
before) lies
Other per- 3-8% €170,860 — —
sons
No inheritance or gift tax, but land transfer tax
Spouses, 2% — €1,100 business
children transfers
Other per- 2-3.5% — €1,100 business
sons transfers
Moderate inheritance and gift tax with low allowances
Spouses, 2-15% €4,380,000 €2200 (10 business
children yIS.) transfers
Other per- 4-60% €4,380,000 €110/440/ business
sons 2,200 (10 transfers
yISs.)
Stamp duty
Spouses, 0% inheri- — — business
children tance; 0.8% transfers
property (tax rate
gift 25%)
Other per- 0/10% — — business
sons inheritance; transfers
0.8/10.8% (tax rate
property 25%)
gift
Moderate inheritance and gift tax with low allowances
Spouses, 3-24% €355,343 €3,641 tax —
children free, children
under age
tax free
(never)
Other per- 7-50% €355,343 €374, plus —
sons €1,820 if
inheritance

in ascending
line (never)

I1. Moderate inheritance and gift tax rate with moderate or high allowances

Greece

since 2010

inheritance and gift tax

Spouses, 1-10% €600,000 €400,000 if primary resi-

children inheritance dence, shares
- married at and business
least 5 years, transfers
only children
under age
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Country Reference Tax rate de- Max. tax Max. tax al- Exemptions
period: pending on rate thresh- lowance (re- / special
2000-2010 level of rela- old newed) regulations
tion(1)
Other per- 1-40% €267,000 €6,000- shares and
sons €30,000 business
from this  transfers
amount on
taxes are
due, depend-
ing on level
of relation
before 2010 Numerous changes, e.g. tax allowances (2004: €19,076 spouses and children)
tax rates (2004: 5-25% and up to 60% for other persons, 2008: depending on
asset: for spouses and children property max. 1%, shares max. 0.6%)
Germany  since 2010 inheritance and gift tax

before 2010

Spouses, 7-30%
children

Other per- 7-50%
sons

€26,000,000

€26,000,000

€500,000,
€400,000 for
children, (10

yIS.)

€20,000/
100,000/
200,000 (10
yrs.)

owner-
occupied
property,
business

transfers
business

transfers

less exemptions, lower tax allowances, thresholds in tax brackets lower
lower tax rate for some ‘other persons’

ITI. High or moderate inheritance and gift tax rate with low or moderate allowances

Spain

France

Belgium

since 2010

before 2010

since 2000

since 2010

inheritance and gift tax (on national level, regional differences)

Spouses, 7.65-34% +
children multiplier:
1-1.2%*
Other per- 7.65-34% +
sons multiplier:
1.59-2.4%*

€797,555,
multiplier
depending

on heir’s
wealth (max.
threshold
€4,020,770)
same as
spouses

€15,956,
€47.858

for children
under age (3
yIs.)

€0/ €7.993/
€15956 (3
yIS.)

business
transfers,
property

business
transfers,
property

*) The corresponding tax rate (amount of transfer relevant) is applied to the taxable amount.
The resulting balance is then multiplied with the corresponding multiplier

(results from the existing assets of the heir and the degree of relationship).)

hardly changes (e.g. lower allowances), but regional governments may deviate

from national legislation since 2004,

this resulted in tax exemptions of up to 99% of estate value

inheritance and gift tax

Spouses, 5-45% (ex-
children cept for
spouses
since 2008)
Other per- 5-60%
sons

€1,805,677

€0-1,805,677

inheritance tax (regional differences)

€156,956 (10
yIS.)

€1,520-
€156,359
(10 yrs.)

business
transfers,
tax reduced
if three chil-
dren under
age
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Country Reference Tax rate de- Max. tax Max. tax al- Exemptions
period: pending on rate thresh- lowance (re- / special
2000-2010 level of rela- old newed) regulations

tion(1)
Spouses, 3-30% €250,000- €15,000- owner-
children £500,000 €25,000, occupied
€65,000- property,
€75.000 business
for children assets, and
under age (3  others de-
yrSs.) pending on
region
Other per- 3-80% €75,000- €620-1,250, —
sons €500,000 €15,000-
25,000 (3
yrs.)
since 2010 gift tax (regional differences)
Spouses, 1-30% €500,000 — owner-
children (max. 7.7% occupied
for movable property,
assets) business
assets, and
others de-
pending on
region
Other per- 1-80% €75,000- — —
sons (max. 7.7% €500,000
for movable
assets)

before 2010 Regional legislation of gift tax possible since 2001, inheritance tax since 2002

Table 5.7: Taxation of inheritances and gifts: a FEuropean comparison.

(1) In some countries spouses and partners have the same legal rights. This is not documented here.
Sources: Legal texts from individual countries, Mennel and Forster (2014), Schupp and Szydlik (2004) and
EY (2014)).
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5.B Robustness checks

In Table 5.5 we assume that the time invariant interest rate on the investment of all wealth
transfers is 3% for all households. In order to check the impact of this assumption on
the relative importance of wealth transfers for the net worth along the distribution, we
conduct a series of robustness checks. Additionally, as the wealth transfers received are not
independent of the number of adults in a household, we check by how much the present

value of transfers would change, if we apply a per-capita definition of transfers.

Long-term interest rates on government bonds

In Section 5.4 we argue that a secure investment would be in line with a rate of return of
three percent (r = 3%), as this is a capitalization rate quite common in the literature (Wolff
and Gittleman, 2014). Alternatively, one might assume that the most secure investment a
citizen may choose is a long-term investment in government bonds (cf. Corneo et al., 2016).
The nominal rate of return then is the (yearly average) nominal yield of such an investment.
The data does not allow us to compute the resulting capitalized values of inheritances and
gifts, as the time series are not entirely available for any of the Mediterranean countries.
However, they are available for Belgium, France and Germany from the 1950s onward. In
Table 5.8 the results are shown for a capitalization of past inheritances and gifts using the
nominal yields of long-term government bonds.

This change of method would have almost no effect on the overall inheritance-wealth
ratio, the maximum deviation would be in France with +0.9%. For the individual wealth
classes all changes are bellow one percent, no patterns are visible. For household income
this change would affect lower quintiles slightly more, but again the changes are negligible.
The shares are somewhat higher for the older cohorts, probably due to higher interest
rates on government bonds in the 1970s and 1980s as compared to a real interest rate of
3%. The variation for both the conditional mean and median value of transfers received is
below €5,000. In summary, applying government bonds instead of a flat real interest rate

hardly affects the outcomes for the countries where time series are available.
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Real interest rates » = 1% versus r = 5%

The second robustness check assesses the impact of a flat low versus a flat high interest
rate. We compare the different outcomes of r = 1% and r = 5% on the wealth transfers
received as a percent of net worth and conditional mean and median present values (Table
5.9). Most importantly, the general patterns we observe along the distribution of wealth
are largely independent of the chosen real interest rate, even though the higher wealth
classes are affected more by a higher rate of return. For the income quintiles there are
no changes of the patterns visible either. The overall increase of share is the lowest in
Portugal (3.9 percentage points) and highest in Austria (9.5 percentage points). However,
in most countries the increase is spread almost equally among the income quintiles. Only
in Belgium the lowest quintile seems to be affected slightly more, in (West) Germany
and Cyprus the middle income classes are experiencing a slightly sharper surge. The
conditional mean values are varying considerably between low and high interest rates: in
Cyprus the mean is up by about €121,000, in Greece and Portugal it is affected the least
(around +€25,000). For the remaining country the difference varies between €47,000 and

€71,000.

Wealth related interest rates

However, assuming that the interest rate is the same no matter the position along the
distribution of wealth may not seem reasonable. It is more likely that households with
a higher level of wealth are better informed about financial markets and investment
opportunities. In addition they hold enough money to be able to divide it into different
investments; consequently they might take higher risks and realize higher rates of returns
than the middle class or households from the bottom half of households. Hence, in this
last step we assume that the real interest rate correlates with the net worth position: The
wealth class below €20,000 includes a significant number of net borrower and zero wealth
observations and is excluded from the analysis. The next class realizes an interest rate of

3%, which then is increasing with every wealth class by 1%, thus leading to an interest
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rate of 7% for households with net worth higher than €1 million. We then compare the
results for the assumption that all realize the same real interest rate (3%) to the wealth
related interest rate in Table 5.10.

As expected, the changes in percentage points are highest for the highest wealth class.
In comparison to a flat real interest rate the changes vary between 2.8 percentage points
in Portugal and 10.8 in Greece. In the core countries Germany, Austria and Belgium
and in Cyprus the second wealthiest class stays ahead of the top class after adjusting to
a wealth related interest rate, only in France we observe a change, albeit the difference
is not statistically significant. As for the Mediterranean countries, compared to a real
annual interest rate of 3% we do not observe any considerable structural differences. The
conclusion that there is relatively small variation in the importance of inheritances and gifts
for net worth between the wealth classes is still viable. We conclude that this observation

is not the result of an arbitrarily chosen interest rate.

Per capita present value

Computing the per capita wealth transfers (Table 5.11) instead of the total present values
per household (Table 5.2), yields a similar picture, albeit on an expectedly lower level.
Mean and median values are depending on the household sizes, which are somewhat higher
in some Mediterranean countries. The patterns we observe do not change: the present
values are increasing with the level of wealth, exhibit various patterns depending on the
age class and are again highest for the highest income quintile. We conclude that switching
to per capita transfers would have reduced the numbers, but not changed the outcomes of

our study.
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Table 5.8: Present value of wealth transfers received as a percent of net worth, capitalized
using country-specific yields of long-term government bonds.

Belgium France Germany

All households in % 14.7 (1.0) 24.1 (0.8) 31.9 (2.7)
Cond. mean present value in 158,412  (10,140) 142,615 (4,205) 196,039 (13,096)
€
Cond. median present value 79,177 46,665 106,981
in €
A. Wealth levels in %
Under €20,000 - - -
€20,000 - €99,999 16.3 (3.4) 21.3 (1.7) 17.5 (2.5)
€100,000 - €249,999 15.5 (2.3) 19.2 (0.9) 35.0 (2.8)
€250,000 - €499,999 15.3 (1.7) 239 (1.1 39.0 (2.7)
€500,000 - €999,999 16.4 (2.3) 26.4 (1.6) 39.3 (4.5)
€1,000,000 or over 12.6 (2.0) 258 (2.2 23.5 (4.9)
B. Income quintiles in %
1st quintile 19.3 (4.0) 27.9 (2.3) 39.9 (9.5)
2nd quintile 15.7 (2.5) 28.0 (2.2) 36.6 (5.6)
3rd quintile 12.8 (2.1) 238 (1.9) 40.1 (4.5)
4th quintile 15.9 (2.3) 221 (L5) 38.0 (5.0)
5th quintile 13.4 (1.8) 23.6  (1.3) 26.0 (3.7)
C. Age classes in %
21-35 19.3 (4.0) 27.9 (2.3) 39.9 (9.5)
35-44 15.7 (2.5) 280 (2.2 36.6 (5.6)
45-54 12.8 (2.1) 238 (1.9) 40.1 (4.5)
55-64 15.9 (2.3) 221 (1.5) 38.0 (5.0)
65-74 13.4 (1.8) 236 (1.3) 26.0 (3.7)
75 and older 19.3 (4.0) 279  (2.3) 39.9 (9.5)

Source: own computations from the HFCS survey wave 1 (2013).

Standard errors are shown in parentheses. All 5 implicates are used, standard errors
bootstrapped.

The figures show the present value of all wealth transfers as of the survey year which were
received up to the time of the survey and accumulated at a nominal interest rate of long-
term government bonds as a ratio to the respective net worth in the overall population or
subpopulations.



Table 5.9: Present value of wealth transfers received as a percent of net worth, real interest rate = 1 versus real interest rate = 5.

I. Core European countries II. Mediterranean countries
Austria Belgium France (W) Germany  Cyprus Greece Portugal Spain

=1% r=5% r=1% 1r=5% r=1% r=5% r=1% =% r=1% r=5% r=1% r=5% r=1% =% r=1% r=5%
All households 25.3 34.8 11.7 17.2 19.2 27.2 26.3 35.8 10.2 15.9 28.5 33.7 12.7 16.6 14.5 21.4
Cond. mean 188 259 125 185 114 161 162 220 218 339 138 164 73 95 141 207
present value
in €1000
Cond. median 94 130 58 94 37 56 89 125 114 199 104 119 31 42 60 97
present value
in €1000
A. Wealth levels
Under - - - - - - - -
€20,000
€20,000
€99,999
€100,000 - 28.2 34.1 13.3 17.0 15.8 21.5 31.0 38.0 20.2 25.8 33.0 36.4 15.8 20.0 11.4 15.9
€249,999
€250,000 - 31.0 39.6 12.3 17.4 19.0 26.8 32.8 43.5 16.8 23.7 23.7 30.1 9.8 14.0 13.1 18.5
€499,999
€500,000 - 38.1 50.7 12.6 19.2 21.4 29.9 33.4 42.8 11.1 18.7 23.6 30.4 9.6 14.0 16.1 23.8
€999,999
€1,000,000 or 17.9 28.4 9.5 15.5 19.9 29.6 17.5 27.9 8.0 13.0 28.7 41.8 10.6 14.3 16.8 26.5
over
B. Income quintiles

23.6 27.6 15.5 17.5 18.6 23.0 15.2 19.5 12.0 15.3 33.4 35.0 16.8 19.6 14.3 17.6

1st Quintile 35.9 46.6 14.6 22.8 225 30.8 36.0 41.6 9.9 15.4 34.1 38.1 16.6 22.1 18.1 26.1
2nd Quintile 25.9 34.2 11.1 18.2 22.4 31.1 30.9 40.9 11.1 18.4 37.5 42.3 18.7 24.3 17.7 23.8
3rd Quintile 28.8 374 9.7 15.1 19.5 26.4 33.6 43.8 15.5 23.8 31.2 35.7 13.1 17.3 12.6 19.4
4th Quintile 25.6 34.0 13.3 18.3 17.5 25.1 32.0 42.1 15.8 23.7 28.0 32.0 10.9 13.9 15.1 21.0
5th Quintile 22.9 33.4 11.2 15.7 18.7 26.9 20.7 30.0 6.4 10.2 22.5 29.3 11.1 14.5 13.2 20.5
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Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped.

The figures show the present value of all wealth transfers as of the survey year which were received up to the time of the survey and accumulated at a real
interest rate of rate either r = 1% or r = 5% as a ratio to the respective net worth in the overall population or subpopulations.

Source: own computations from the HFCS survey wave 1 (2013).



Table 5.10: Present value of wealth transfers received as a percent of net worth, real interest rate = 3 versus wealth related interest

rates.

Austria  Belgium France (W)Germany Cyprus Greece Portugal Spain

Wealth levels

A. real interest rate = 3%

Under €20,000 - - - - - - - -
€20,000 - €99,999 25.8 16.6 21.0 17.5 14.7 34.5 18.4 16.3

€100,000 - €249,999 31.6 15.5 18.8 34.8 23.4 35.1 18.2 13.7
€250,000 - €499,999 36.1 14.8 23.1 38.5 20.4 27.2 11.8 15.9
€500,000 - €999,999 45.9 16.0 25.6 39.2 14.9 27.3 12.1 20.1
€1,000,000 or over 23.9 12.2 24.5 22.6 10.0 34.9 12.8 21.4

B. wealth related interest rate
Under €20,000 - - - - - - - -
€20,000 - €99,999 25.8 16.6 21.0 17.5 14.7 34.5 18.4 16.3

€100,000 - €249,999 329 16.3 20.2 36.6 24.7 35.8 19.2 14.8
€250,000 - €499,999 39.6 17.4 26.8 43.5 23.7 30.1 14.0 18.5
€500,000 - €999,999 52.6 20.8 31.9 44.3 20.1 31.8 14.7 25.4
€1,000,000 or over 32.7 18.9 34.3 31.7 16.7 45.6 15.5 30.6

Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped.

The figures show the present value of all wealth transfers as of the survey year which were received up to the time of
the survey and accumulated at a real interest rate either r = 3% or wealth related, i.e. from €100,000 onwards the
interest rate is increasing in steps of one, yielding an interest rate of r = 7% for the highest wealth level.

Source: own computations from the HFCS survey wave 1 (2013).
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Table 5.11: Per capita mean present value of transfers received (in €1,000), in 2010 prices and capitalized with r = 3%, recipients only.

I. Core European countries II. Mediterranean countries

Austria Belgium France (W) Germany Cyprus Greece Portugal Spain
A. Income quintiles
1st quintile 90 (19) 90 (16) 62 (5) 84 (20) 97 (29) 72 (7) 38 (4) 78 (8)
2nd quintile 100 (13) 85 (11) 71 (6) 100 (17) 80 (15) 68 (6) 32 3) 70 9)
3rd quintile 132 (19) 98 (16) 68 (8) 90 (12) 157 (57) 70 (11) 30 (4) 76 (21)
4th quintile 110 (18) 100 (16) 68 (4) 98 (11) 152 (24) 71 (14) 26 (3) 81 9)
5th quintile 156 (23) 114 (23) 136 (7)y 137 (14) 153 (28) 85 (7) 87 (15) 131 (15)
B. Wealth levels
Under €20,000 5 (1) 5 (1) 5 (0) 6 (1) 6 (2) 11 (1) 7 (1) 7 (1)
€20,000 - €99,999 42 (2) 32 (3) 27 (1) 38 (2) 45 (4) 48 (1) 29 (1) 30 (2)
€100,000 - €249,999 105 (6) 67 (6) 66 (2) 97 (5) 91 (10) 117 (4) 67 (5) 68 (5)
€250,000 - €499,999 203 (15) 129 (12) 141 (7) 205 (14) 153 (22) 192 (26) 146 (26) 157 (12)
€500,000 - €999,999 448 (52) 232 (37) 281 (18) 357 (49) 170 (43) 429 (117) 174 (49) 245 (26)
€1,000,000 or over 552 (161) 483 (122) 787 (77) 501 (92) 436 (109) 786 (485) 1097 (403) 909 (255)
C. Age classes
21-35 100 (28) 33 (8) 28 (3) 65 (20) 142 (22) 74 (7) 29 (6) 75 (18)
35-44 99 (16) 65 (13) 57 (5) 92 (13) 157 (25) 76 (5) 36 (5) 84 (12)
45-54 132 (15) 66 (9) 66 (5) 96 (10) 97 (13) 73 (10) 27 (3) 82 (13)
55-64 128 (15) 98 (15) 83 (5) 106 (15) 140 (40) 83 (10) 35 (6) 86 (9)
65-74 150 (34) 100 (10) 114 (8) 137 (13) 150 (68) 53 (5) 56 (11) 89 (8)
75 and older 115 (26) 186 (32) 147 (11) 129 (18) 100 (32) 73 (12) 58 (9) 114 (25)

Note: Standard errors are shown in parentheses. Means over 5 implicates, standard errors bootstrapped.

The figures show the present value of all transfers as of the survey year which were received up to the time of the survey in prices of 2010 using
country specific inflation rates.

Source: own computations from the HFCS survey wave 1 (2013).



Summary

All research contributions within this thesis are guided by the assumption that evidence
about the distribution of wealth ought to be indispensable for concrete decision making
in social and fiscal policy. This holds equally true for official statistics, scholars, and the
private sector. In Germany, a flagrant lack of official register or tax data for scholarly use
leads to a situation wherein survey data is the last remaining source of evidence about the
distribution of wealth. Two of the four research chapters in this thesis aim to evaluate
methods for the improvement of available survey data both in Germany and internationally.
The other two contributions discuss the possibilities and limitations of survey data for the
analysis of the joint distribution of wealth and wealth transfers using both German and
ex-ante harmonized Euro-area data.

The first research contribution ‘Longitudinal wealth data and multiple imputation — An
evaluation study’ is a simulation exercise that intends to improve the imputation of missing
values in wealth surveys. One distinctiveness of the statistical distribution of wealth assets
is their high skewness. Since in panel studies such as the Socio-economic Panel study
(SOEP) values from past or future waves might be available, the question arises how the
imputation method may be modified—explicitly considering this longitudinal information—
in order to improve the estimates of trend, inequality, and mobility analyses. Through
blanking out of actually observed data points under several assumptions concerning the
non-response generating mechanism—missing at random (MAR) or differential non-response
for rather low or high values—we generate simulation data sets with missing values. We test
the state-of-the-art imputation method multiple imputation by chained equations (MICE),

a specification based on regressions with Heckman correction for sample selection, and
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a third procedure specifically designed for panel data called row-and-column imputation.
MICE and the regression approach serve as fallback methods, if only cross-sectional data
are available. We choose six evaluation criteria that are particularly tailored to wealth
data; additionally, we add three criteria for the evaluation of effects on wealth mobility and
overall statistical inference. Considering trend and inequality estimates, the univariate row-
and-column methods performs surprisingly well. Its combination with MICE as fallback
procedure unanimously improves the imputation quality for all asset types considered.
However, researchers interested in wealth mobility might prefer the imputation with MICE
as basic and fallback, as it best replicates the mobility structures observed in the original
data. Overall, we conclude that, for highly skewed panel data, data providers and users
are advised to not dismiss the row-and-column method beforehand.

The chapter ‘Estimating top wealth shares using survey data — An empiricist’s guide’
picks up where the previous one left off: the treatment of missing values (item non-response)
is not sufficient if individuals or complete households refuse to participate in a survey
(unit non-response). Systematic unit non-response in surveys leads to a middle class
bias, particularly in income and wealth data, as the participation is correlated with a
household’s financial situation. The absence of wealthy households yields estimates of
the aggregate net worth and top wealth shares that are heavily biased downward. In a
series of Monte Carlo experiments this contribution shows that using maximum likelihood
techniques to simulate a Pareto distributed top tail does not improve the estimates, as
aggregate wealth and shares are still biased downward. The addition of rich list data does
improve—and potentially overestimate—top wealth shares, while still yielding aggregate
numbers that are too low. The reason is that rich list data merely replicates the billionaires
of the distribution, whereas the percentiles 90 to 99.9 are underrepresented. Moreover, a
systematic overvaluation of billionaires’ fortunes by rich list data editors yields, ceteris
paribus, aggregate numbers and shares that are heavily biased upward. In an application
to German wealth data it is shown that a re-calibration of the provided frequency weights

based on exogenous information has a much stronger impact on the results than choosing
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the right parameters of a Pareto distributed tail.

The fourth chapter ‘Breaking down Germany’s private wealth into inheritance and
personal efforts — A distributional analysis’ takes advantage of the records of both household
wealth and wealth transfers received from inheritances and gifts in the questionnaire of
the survey Panel on Household Finances, which enables us to compute the significance
of inheritance for different quantiles of the distribution of wealth in Germany. We define
inherited wealth as a percent of net worth at the household level and split them into
two categories: ‘rentiers’, whose assets are completely inherited, and ‘savers’, who saved
off their regular income to accumulate wealth. This definition is useful to compute an
improved inheritance-wealth ratio, albeit still many assumptions are attached. We show
that wealth inequality, at least for 99 % of the German population, is hardly the result of
an unequal distribution of inherited wealth: the ratio is one-third and barely changes along
the distribution of wealth. This observation is nigh on identical for the sub population of
retirees. The addition of pension wealth reduces the significance of inherited wealth for a
household’s financial situation particularly in the bottom half of the wealth distribution,
whereas the numbers in the upper class (the top percentile) decrease by a few percentage
points only. In a series of robustness checks we show that the low importance of inherited
wealth in the top percentile is not an artifact of a conservatively chosen rate of return.
However, once we combine PHF data with exogenous sources on aggregate and inherited
wealth we arrive at an inheritance-wealth ratio of over 80 % for the wealthiest households.

The final research contribution ‘Comparing the joint distribution of intergenerational
transfers, income and wealth across the Euro area’ expands upon the previous chapter with
additional analyses in a European context. With the release of the Eurosystem Household
Finance and Consumption Survey we are able to determine the inheritance-wealth ratio
comparatively for Austria, Belgium, France, West Germany, Cyprus, Greece, Portugal, and
Spain for the first time. This contribution presents prevalence rates of households to receive
wealth transfers, their absolute figures as well as their relative importance for household

wealth. Using logit, OLS and fractional logit regressions we control for a multitude of
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socio-economic characteristics simultaneously. The relationship between the propensity to
receive an inheritance and income is stronger in core Europe than in the Mediterranean
countries, indicating less intergenerational mobility, whereas the relationship between
an inheritance’s value and a household’s income is high in all countries. As expected,
the present value of inheritances received increases with household net worth, however,
considering the inheritance-wealth ratios we see some of the results reversed: the ratio
does not correlate with wealth or income. In fact, the fractional logit regression shows
that the significance of wealth transfers for household wealth is negatively correlated with

income.



German summary

Allen Forschungsbeitrégen dieser Dissertation liegt die Annahme zugrunde, dass die korrek-
te Erfassung der Verteilung von Vermoégen unerléssliche Grundlage konkreter sozial- und
steuerpolitischer Entscheidungsfindung sein sollte. Ob die Erfassung durch die offizielle
Statistik, die Wissenschaft oder durch privatwirtschaftliche Institutionen erfolgt, spielt
hierbei keine Rolle. Ein eklatanter Mangel an Register- oder Steuerdaten zur Nutzung von
Forschern in Deutschland fiihrt zur Situation, dass Umfragedaten die einzig nutzbaren
Anhaltspunkte zur Vermogensverteilung geben. Zwei der vier Forschungsbeitrige dieser
Dissertation beschéftigen sich mit der Frage, wie zum einen die Qualitidt der Umfragedaten
— sowohl in Deutschland als auch international — verbessert werden kann. Zwei weitere Bei-
trage erdrtern die Moglichkeiten und Limitationen von Forschungsdaten zur gemeinsamen
Verteilung von Vermoégen und Erbschaften sowohl am Beispiel von Deutschland als auch
mittels eines ex-ante harmonisierten européischen Datensatzes.

Der erste Forschungsbeitrag ,,Longitudinal wealth data and multiple imputation — An
evaluation study* ist ein Simulationsprojekt, das die bessere Imputation von fehlenden
Werten in Vermogenssurveys zum Ziel hat. Eine Besonderheit der statistischen Verteilung
von Vermogenskomponenten ist ihre extreme Schiefe. Da in Panelstudien wie dem Sozio-
6konomischen Panel (SOEP) aber Werte aus vergangenen oder zukiinftigen Wellen fiir
die Imputation von fehlenden Werten zur Verfiigung stehen kénnen, stellt sich die Frage,
wie durch eine Imputationsmethode, welche explizit die Panelstruktur beriicksichtigt,
bessere und prézisere Schatzungen fiir Trend-, Ungleichheits- und Mobilitatsanalysen
erreicht werden kénnen. Durch das Ausblenden eigentlich beobachteter Datenpunkte nach

verschiedenen Annahmen zum bestimmenden Mechanismus — Missing at Random (MAR)
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oder differenziellen Non-Response fiir besonders hohe oder niedrige Vermogenswerte —
generieren wir Simulationsdatensétze mit fehlenden Werten. Wir testen das im Moment
meistgenutzte Imputationsverfahren Multiple Imputation by Chained Equations (MICE),
eine Spezifikation basierend auf einer Regression mit Heckman-Korrektur fiir Selektivitét,
sowie die speziell fir Paneldaten entwickelte Row-and-Column-Imputation. Auf MICE
und Regression greifen wir zuriick, wenn nur Querschnittsdaten zur Verfiigung stehen. Die
sechs Evaluationskriterien sind speziell auf Vermogensdaten zugeschnitten, drei zusatzli-
che Kriteren dienen der Abschétzung der Effekte auf Vermogensmobilitdt und Inferenz.
Die univariate Row-and-Column-Imputation schneidet entsprechend der Trend- und Un-
gleichheitsanalysen erstaunlich gut ab. Thre Kombination mit MICE als Fallback-Methode
hat fiir alle betrachteten Vermoégenskomponenten die Imputationsqualitdt erhoht. Fiir
Vermogensmobilitdt zeigt sich auf der anderen Seite, dass ein reiner MICE-Ansatz die
bevorzugte Wahl darstellt, da es die in den Originaldatensédtzen beobachteten Mobilitétss-
trukturen am besten repliziert. Insgesamt sollten Datenbereitsteller oder Anwender die
Imputation durch die Row-and-Column-Methode nicht ohne Uberpriifung verwerfen, falls
die Impuationsvariablen stark schief sind und Paneldaten zur Verfiigung stehen.

Das néchste Kapitel ,,Estimating top wealth shares using survey data — An empiricist’s
guide“ kniipft daran an, da die Behandlung fehlender Werte (Item-Non-Response) noch
nicht ausreicht, um der Tatsache Rechnung zu tragen, dass Individuen oder Haushal-
te komplett die Teilnahme verweigern (Unit-Non-Response). Systematischer Unit-Non-
Response fithrt in Umfragen zu einer Verzerrung zur Mittelschicht, besonders mit Blick auf
Einkommens- und Vermoégensdaten, da die Teilnahme mit der finanziellen Situation des
Haushalts korreliert ist. Da Hochvermégende (fast) gar nicht teilnehmen, werden sowohl
das Gesamtvermogen als auch die Anteile der oberen Perzentile am Gesamtvermdgen in
Umfragen stark unterschéitzt. In einer Reihe von Monte-Carlo-Simulationen zeigt dieser
Beitrag, dass die Zuschatzung Top-Vermogender durch einen Pareto-simulierten Rand
mittels Maximum-Likelihood-Methode sowohl Gesamtvermdgen als auch Anteilswerte

deutlich unterschétzt. Die Hinzunahme von Daten aus sogenannten Reichenlisten fithrt zu
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einer Verbesserung bis hin zur Uberschiitzung der Vermdgensanteile der Top-Vermdgenden,
obwohl das Gesamtvermégen immer noch unterschitzt wird, da zwar durch diese Methode
die absolute Spitze repliziert wird, die 90. bis 99.9 Perzentile aber trotzdem unzureichend
reprisentiert bleiben. Zusétzlich wird gezeigt, dass eine Uberschitzung der Vermdgen in
Reichenlisten, ceteris paribus, zu einer eklatanten Uberschitzung der Gesamtvermdgen
fithrt. Die Anwendung auf deutsche Paneldaten zeigt, dass die Korrektur der Gewichte der
Umfragedaten auf der Basis externer Angaben viel stirkere Effekte auf die Schétzer hat
als die Wahl der Parameter der Pareto-Verteilung.

Das vierte Kapitel ,Breaking down Germany’s private wealth into inheritance and
personal efforts — A distributional analysis“ betrachtet die gemeinsame Verteilung von
Privatvermdgen und erhaltener Vermogenstransfers aus Erbschaften und Schenkungen im
neuen Haushaltspanel Private Haushalte und ihre Finanzen zur Berechnung der Bedeu-
tung von Erbschaften entlang der Vermégensverteilung. Durch Definition des Anteils der
Erbschaften und Schenkungen am Privatvermogen auf der Haushaltsebene kénnen selbige
in zwei Kategorien getrennt werden: Erben, welche ihr gesamten Vermogen aus Ubertra-
gungen bezogen haben, sowie Sparer, welche zusétzlich aus eigenen Mitteln Vermdogen
angehéduft haben. Diese Definition erlaubt eine realitdtsnéhere, wenngleich mit Annahmen
behaftete, Berechnung der Rolle von Erbschaften als klassischerweise in der Literatur
iblich. Es zeigt sich, dass die Vermogensungleichheit fiir 99 % der Bevolkerung kaum durch
erhaltene Erbschaften zu erklédren ist: ihr Anteil am Vermdogen liegt bei etwa einem Drittel
und dndert sich minimal entlang der Vermogensverteilung. Fiir Rentner und Pensionére ist
dasselbe Muster zu beobachten. Die Hinzunahme des erwarteten Rentenvermégens redu-
ziert die Bedeutung von Erbschaften vor allem fiir &rmere Dezile, wihrend sich die Werte
in der Oberschicht (dem reichsten Perzentil) nur um wenige Prozentpunkte nach unten
verschieben. Verschiedene Robustheitsanalysen zeigen, dass die geringe Bedeutungen von
Erbschaften fiir die Vermogendsten kein Artefakt einer zu konservativen Kapitalisierung
ist. Sobald die Daten des PHF allerdings mit anderen Schétzwerten zum Gesamtvermogen

und Erbschaftsaufkommen verkniipft werden, ergibt sich ein Erbschaftsanteil fiir das
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Top-Vermogensperzentil von iiber 80 %.

Der letzte Forschungsbeitrag dieser Dissertation ,,Comparing the joint distribution of in-
tergenerational transfers, income and wealth across the Euro area® erweitert die Anwendung
aus dem vorangehenden Kapitel um zusédtzliche Analysen und stellt die Ergebnisse im eu-
ropiischen Kontext dar. Fiir die Lander Osterreich, Belgien, Frankreich, Westdeutschland,
Zypern, Griechenland, Portugal und Spanien kann durch die Verfiigbarkeit des Eurosystem
Household Finance and Consumption Surveys erstmals die Bedeutung von Erbschaften
und Schenkungen fiir das Haushaltsvermdégen im européischen Vergleich berechnet wer-
den. Der Beitrag zeigt sowohl die Pravalenzraten des Empfangs von Vermogenstransfers,
die absoluten Hohen, als auch die relative Bedeutung gemessen am Haushaltsvermogen.
In Logit-, OLS und Fractional Logit Regressionen kontrollieren wir fiir die wichtigsten
sozio-6konomischen Merkmale gleichzeitig. Es zeigt sich, dass der Zusammenhang zwischen
Erbschaftsempfang und Einkommen grofler in Kerneuropa als in den Mittelmeerldndern
ist, was auf eine niedrigere intergenerationale Mobilitdt hinweist, wihrend die Korrelation
zwischen Einkommen und der absoluten Erbschaftshéhe grof in ganz Europa ist. Wahrend
die Erbschaftshohe erwartungsgeméfl mit dem Haushaltsvermdgen steigt, kehren sich diese
Ergebnisse in der relativen Betrachtung der Erbschaft als Teil des Haushaltsvermogens
um. Die relative Bedeutung der Erbschaft korreliert nicht mit der Vermégenshéhe oder
dem Einkommen. Die Analyse mittels Fractional Logit Regression zeigt tendenziell das

Gegenteil, die relative Bedeutung nimmt fir héhere Einkommen ab.
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