Investment Losses and Inequality∗
Do not cite or circulate
Maximilian Wenzel
Freie Universität Berlin†

Johannes König
DIW Berlin ‡

January 2019

Household investment behavior should follow some basic principles
implied by the Global Capital Asset Pricing Model (GCAPM). Rational investors will take some, but no uncompensated, risk. Empirical
tests of these predictions are difficult to implement, as they require
asset information at the household level. This type of data is found
in a few, select countries. However, several national surveys provide
information on household portfolios aggregated at the level of asset
classes. In this paper we build a bridge between analyses relying on
asset-level data and those with aggregated data. Hence, we replicate
the analysis of Von Gaudecker (2015), who applies a GCAPM to the
household portfolios of the Dutch Household Survey (DHS). We artificially aggregate the asset information in the DHS and show that
a class-based GCAPM will produce investment losses that come very
close to unclassed estimates. Relying on this result, we apply the classbased GCAPM to portfolios in Austria, Belgium, Germany, Ireland,
and Spain and analyze investment losses and inequality.

Keywords: Capital Asset Pricing, Household Portfolios, Inequality, Investment Behavior
JEL Classifications: D12, D14, D31, G11,
∗ We thank Carsten Schröder and Hans-Martin von Gaudecker for valuable discussions and comments. We thank Hans-Martin von Gaudecker especially for providing his do-files and guidance in
using them. The usual disclaimer applies. Financial support by Hans-Böckler-Foundation is gratefully acknowledged.
† Department of Economics, Freie Universität Berlin, Boltzmannstr. 20, 14195 Berlin, Germany
(e-mail: maximilian.wenzel@fu-berlin.de).
‡ DIW Berlin/SOEP, Mohrenstr. 58, 10117 Berlin, Germany (e-mail: jkoenig@diw.de).

2

Maximilian Wenzel and Johannes König

Introduction
Efficient household investment behavior is a central issue in economics and finance.1 Households use their savings to finance future consumption and to pass
on wealth to their children – both important channels for individual welfare. Thus,
losing out on potential returns from investment is a substantial source of welfare
loss. Economic policy-makers should aim to improve households’ investment behavior if it is found to be sub-optimal. Furthermore, investment losses affect wealth
inequality, as found in Lusardi and Mitchell (2011a). If high-return investment
opportunities are only available to high-wealth households (Calvet et al., 2007),
wealth inequality will grow over time. Wealth inequality in turn affects both the
macroeconomy (Kaplan et al., 2018) and political institutions (Piketty, 2018), and
must therefore be considered in economic policy-making.
Researchers have analyzed whether investors hold efficient financial portfolios
by considering the fundamental trade-off between the expected return of a portfolio (mean return) and its risk (return variance). Investors behave efficiently if they
take on the least amount of risk for any given return. This principle defines a set of
efficient portfolios: those giving the highest return at any given level of risk. Researchers define an efficient, benchmark portfolio by the mean returns and variance
of a fully diversifying investor. When we relate mean portfolio returns and variance in a graph, combinations of the benchmark portfolio and the risk-free asset
trace out the mean-variance-efficient frontier. Households should hold a portfolio
on this frontier to avoid unrewarded, unsystematic risk. Thus, any household portfolio’s efficiency can be assessed by comparing its expected return and variance to
the mean-variance-efficient frontier. The GCAPM enables the researcher to locate
household portfolios in the mean-variance-graph and to derive the distance from
the efficient frontier, which defines the return loss.
In contrast to the theory, empirical analyses show that households do not hold
efficient portfolios, since they are either out (do not participate in risky financial
markets) or down (hold under-diversified portfolios bearing unsystematic risk) in
the terminology of Calvet et al. (2007). Differences in the levels of financial
literacy are seen as one of the major contributing factors to this finding (Calvet et al. (2007), Lusardi and Mitchell (2007), Guiso and Jappelli (2008), and
Von Gaudecker (2015)). Further factors that may contribute to investment losses
beyond financial literacy have been advanced in the literature: among them are
costs for entering risky financial markets and transaction costs (Vissing-Jorgensen,
2002; Haliassos and Michaelides, 2003), investor inertia (Agnew et al., 2003; Bilias et al., 2010) and “home-biased” investment strategies, which implies a lack of
diversification (French and Poterba, 1991; Goetzmann and Kumar, 2005; Kimball
1 Major contributions to this literature were made by Markowitz (1952), Sharpe (1964), Lintner (1965),

Calvet et al. (2007), Cochrane (2009), Grinblatt et al. (2011), and recently Von Gaudecker (2015),
(Fagereng et al., 2017) and Bianchi (2018).
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and Shumway, 2010).
However, the empirics of investment losses are far from exhaustive. Studies
of household portfolio diversification have been limited to a few, select countries,
namely Sweden (Calvet et al., 2007), the Netherlands (Von Gaudecker, 2015), Norway (Fagereng et al., 2017), and France (Bianchi, 2018).2 The underlying reason
is a lack of data availability. Constructing the relevant measures of malinvestment
requires a dataset with complete information on each asset in the household’s portfolio. For most countries these data requirements are not met. The countries for
which analyses exist are also highly specific in their patterns of investor behavior
and are not likely to deliver generalizable results for central Europe or the United
States. However, the Household Finances and Consumption Survey (HFCS) provides data on households’ portfolios broken down by asset classes. Hence, we
adapt the strategy of computing return losses to make do with the data that is available. We calculate return losses using a class-based GCAPM and incur the cost of
losing some accuracy, but gain the tremendous benefit of being able to look at a
broad range of countries in the European Union.
We establish the credibility of the class-based approach by replicating the analysis of Von Gaudecker (2015) using the Dutch Household Survey (DHS). Then
we artificially aggregate the data on financial assets in the DHS and apply the
class-based approach. Preliminary results show that we obtain very similar results
in terms of return losses across both methods. Building on this result, we apply
the class-based approach to the portfolios of several EU countries surveyed in the
HFCS. We choose Austria, Belgium, Germany, Ireland, and Spain for reasons of
data availability and because they are a balanced mix of central and periphery countries. Preliminary results show, that households invest different shares of the overall
financial portfolio into asset classes, indicating variation in comparison with each
other, as well as in comparison with Norway, Sweden, the Netherlands, and France.
In our application, we want to point out which households make inefficient investment decisions and which characteristics these households show. For this exercise,
we use the rich socio-demographic information of the HFCS dataset. In a final step,
we want to investigate how inefficient investment decisions drive wealth inequality.
We observe the distribution of return losses, wealth, and earnings jointly, which
enables to calculate the shares of wealth inequality attributable to 1) initial wealth,
2) earnings and 3) return heterogeneity.
With this paper we contribute to the literature on investment behavior. Recent
contributions are due to Calvet et al. (2007), Von Gaudecker (2015), Fagereng et al.
(2017), and Bianchi (2018). These studies are united in finding return losses across
the range of chosen risk levels. Large absolute losses are associated with higher
wealth, however, not due to underdiversification. Rather, wealthier households in2 Only

two studies are from central European countries. The French data does not cover complete
financial portfolios because it stems from the client records of one large financial institution.
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vest a larger fraction into risky assets. This implies, that less wealthy households
incur larger diversification losses, but due to a smaller risky share of their overall
portfolio absolute losses are smaller.
The literature on return losses is closely connected to the literature on financial
literacy, since financial literacy seems to mitigate return losses. Bernheim et al.
(1998) and Hilgert et al. (2003) are pioneers in this area by providing empirical
evidence on the positive effect of financial education on households finances, especially in terms of insuring against income shocks and efficient investment strategies.
Lusardi and Mitchell (2007), Lusardi and Mitchell (2011a), Lusardi and Mitchell
(2011b), and Lusardi and Mitchell (2014) extended this analysis and contributed
greatly to the literature by establishing standardized financial literacy measurements and applying them in countries around the world. The importance of financial literacy to explain wealth inequality was shown in Lusardi et al. (2017),
where the authors establish a life-cycle model and show that 30 to 40 percent of
retirement wealth inequality is accounted for by financial knowledge.
This extended abstract is structured as follows: Chapter 1 provides an introduction of the methodology. Chapter 2 provides a description of the data. Chapter
3 provides several preliminary results, divided in three subsections, and chapter 4
provides first conclusions and outlook for further research.

Methodology
This section provides a brief summary of the theoretical underpinnings of the global
CAPM model and its empirical implementation. The CAPM is a popular model
to analyze portfolio choice. It was developed in the 1950s and 1960s, with the
foundational contribution of the Mean-Variance-Efficiency analysis by Markowitz
(1952) and extended with the separation theorem due to Tobin (1958).3 The CAPM
incorporates two main dimensions of interest for the investor: the expected return
of an asset and its volatility. The expected return is the percentage change in value
of an asset anticipated by the investor. The volatility, commonly measured by the
standard deviation, is the measure of risk. An asset with zero volatility is risk-free
and its expected return equals the realized return.
Return losses in the CAPM can be computed as the household portfolio’s deviation from the mean-variance-efficient frontier defined by the set of efficient portfolios (Markowitz, 1952). Convex combinations between the risk-free asset and an
efficient portfolio will trace the mean-variance-efficient frontier. Portfolio choice
theory predicts that investors will hold a portfolio that locates on this frontier and
that the location of that portfolio on the frontier is determined by their risk aversion.
The GCAPM4 is an extension of the CAPM, developed by Solnik (1974), Sercu
3 See

Treynor (1961), Sharpe (1964), Lintner (1965) and Mossin (1966).
referred to as International Capital Asset Pricing Model (ICAPM)
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(1980), and Adler and Dumas (1983). It assumes that investors can access a fully
integrated world capital market, which implies that asset prices are set into an international context. Accordingly, they have to take currency fluctuation risk into
account. We choose the GCAPM, because the countries in our analyses are open
economies and expected returns as well as risk on local markets are affected by
global market conditions.
The replication of the results in Von Gaudecker (2015) and the application of
our class-based approach builds on the following relationship:
e
rej,t = β j rm,t
+ ε j,t

(1)

where the expected return of an asset is rej,t with j equal to asset i, or the exe is the excess return of the benchmark portfolio
pected return of an asset class c, rm,t
m and ε j,t white noise. The coefficient β j is a measure of comovement between
the benchmark portfolio and the asset j. When β j is greater than one, the excess
returns of the asset (class) varies more than the benchmark index. When β j is exactly one, excess returns of the asset (class) and the benchmark index have perfect
comovement. In this case, the asset (class) does not hold any idiosyncratic risk,
which cannot be explained by movements on the capital market. When β j equals
zero, the asset (class) is driven by idiosyncratic risk only. As a result, the expected
returns on this asset (class) are at the same level of return as the risk-free asset.5
Applying the GCAPM to asset classes c requires a different procedure. Since
we do not observe individual assets in a household’s portfolio, we need to calculate
e for each asset class c. Therefore, we calculate the monthly
the excess returns rc,t
average excess return of each class using the monthly mean over all available assets
within the class. It is now straightforward to infer the expected returns µh, j and the
portfolio standard deviation σh, j following Calvet et al. (2007).
In our replication, we apply Equation 1 as Von Gaudecker (2015) in his analysis
with disaggregated portfolio information. Then, we aggregate the data in the DHS
to asset classes. We estimate the return loss of the disaggregated portfolio as:

RLh,i =µm × βh,i × ωh × DLh,i
Sm − Sh,i
DLh,i =
,
Sh,i

(2)

while the class-based return loss is estimated by
5β

j can also become negative, so that the excess return of the asset (class) moves in the opposite
direction of the benchmark. According to the GCAPM, the asset (class) provides a lower expected
return than the riskfree asset.
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RLh,c =µm × βh,c × ωh × DLh,c
Sm − Sh,c
.
DLh,c =
Sh,c

(3)

RLh,i are the household’s return losses, µm is the return of the benchmark portfolio, βh,i is the the beta factor for asset i in 1 and DLh,i is the diversification loss.
Equation 3 contains all analogous components for the classed approach.
In the following we will compare RLh,i and RLh,c along the distribution of RLh,i
and dig down into their components to gain insight on why they differ.

Data
We use three data sources, the CentERpanel, including the Dutch Household Survey (DHS), the Household Finances and Consumption Survey (HFCS), and the
Datastream database by Thomson Reuters, to facilitate our analysis.
The DHS is used in Von Gaudecker (2015) analysis of dutch households in
2005/2006 and therefore necessary for our replication step described above. Further, the DHS is representative for the Dutch population and provides information
on single assets held by household and numerous social-economic characteristics,
like age of the household head, education, income, wealth, debts, et cetera. A
detailed description of the dataset can be found in Von Gaudecker (2015).
The application of our aggregated GCAPM is based on the second wave of
the HFCS, a representative survey provided by the European Central Bank. The
second wave was surveyed in the years 2013 and 2014 in 20 European countries.
The HFCS dataset does not provide information on single assets, but a decomposed
wealth item talking into account several different types of asset classes. We include
twelve asset classes in our analysis, i.e. mutual funds investing in equity, bonds,
money market instruments, real estate, hedge funds, and others, bonds issued by
governments, banks, and non, financial institutions, shares, managed accounts and
savings accounts. Our analysis focuses on the dataset of Austria, Belgium, Germany, Ireland, and Spain. Furthermore, we provide a case-study for Greece households.
As described above, we need the information on all assets in each class, which
are traded in the respective countries. Hence, we use the Datastream Database by
Thomson Reuters to retrieve the information of 69,395 financial assets to calculate
the average monthly excess return of each asset class. The returns of these assets
are observed on average over 82 months (std. dev 63 month) with a minimum
observation period of 7 month and a maximum observation period of 376 months
respectively.
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Results
We divide the presentation of our preliminary results in three subsections: firstly,
we show how our class–based approach performs in comparison to the disaggregated approach. Secondly, we provide descriptive results of our GCAPM application for several countries in Europe using the HFCS dataset and the Datastream
Database. Thirdly, we implement a regression analysis to understand which socio–
economic characteristics can associated with inefficient investment decisions and
how European household portfolio differ in their patterns.
GCAPM with Disaggregated and Classed Data

We start with the results of our comparison between the distribution of return losses
calculated by Von Gaudecker (2015) and the distribution of return losses retrieved
from our class–based approach.
Table 1
Distribution of Return Losses according to Detailed and Classed Household Portfolios

disaggregated
1.Q
2.Q
3.Q
4.Q
5.Q

RLh,i
0.04
(0.00)
0.14
(0.00)
0.29
(0.01)
0.52
(0.01)
1.76
(0.16)

ωh
0.08
(0.01)
0.23
(0.02)
0.43
(0.02)
0.54
(0.03)
0.60
(0.02)

βh,i
0.77
(0.03)
0.83
(0.04)
0.89
(0.03)
0.91
(0.03)
1.01
(0.05)

classed
DLh,i
0.30
(0.06)
0.47
(0.07)
0.27
(0.04)
0.50
(0.07)
0.89
(0.08)

RLh,c
0.03
(0.00)
0.10
(0.00)
0.24
(0.00)
0.45
(0.01)
1.77
(0.08)

ωh
0.11
(0.01)
0.22
(0.02)
0.34
(0.02)
0.60
(0.02)
0.61
(0.02)

βh,c
0.77
(0.03)
0.80
(0.03)
0.85
(0.03)
0.83
(0.03)
1.16
(0.01)

DLh,c
0.17
(0.01)
0.18
(0.01)
0.23
(0.01)
0.22
(0.01)
0.42
(0.01)

Replication of Table 1 in Von Gaudecker (2015). Values are means in the quintiles of the
distribution of return losses. Standard errors in parentheses. As in Von Gaudecker (2015) we
winsorize the diversification loss from above at the 95th percentile.

Table 1 shows the distribution of return losses and the distribution of their components along quintiles of the classed and disaggregated portfolio data. The most
noticeable feature is that we match the moments of the disaggregated return loss
distribution fairly well with classed data. This is a quite remarkable result, since
the indication is that we can learn much about the distribution of the return losses
from classed data. Further, the means of the ωs and β s in each quintiles also track
each other well, with the best tracking in the beta factors. The only component
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which does not track between classed and disaggregatd data is the diversification
loss. Within each quantile it is about half as large in the classed data. Overall,
however, the results indicate that it is possible to analyze the distribution of return
losses with classed data, but maybe not all of their components.
Figure 1
Expected Return and Portfolio Standard Deviation
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Compiled by authors based on Von Gaudecker (2015) analysis using the DHS. The first (second)
graph provides the original single–asset–based (class–based) expected return and the portfolio
standard deviation of the Dutch financial asset portfolios.

This finding is also reflected in Figure 1, which shows the position of Dutch
household portfolios in relation to the efficient frontier along with several other
household portfolios. The upper panel shows the original disaggregated portfolios
by Von Gaudecker (2015) and the lower panel our classed portfolios. The abscissa
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gives the portfolio standard deviation σh , and the ordinate gives the expected return
µh . Dots represent the return–risk combination of a household’s portfolio. The dotted black line represents the mean–variance–efficient, currency–hedged benchmark
(MSCI Europe). If a household’s portfolio lies below the benchmark, the vertical
distance to the line gives the return loss RLh,i .
The lower panel reveals that households rarely diversify their portfolios between classes. Shares and equity funds dominate households’ portfolios, indicated
by the grey square and the black triangle. Further, households seem to follow a
“savings account plus one”–strategy: they split their financial wealth between a
savings account and one other asset class. 60 percent of the Dutch households in
the analysis by Von Gaudecker (2015) followed this strategy.6
Classed GCAPM in Europe

Our first application of the classed GCAPM uses the second wave of the HFCS
data (2014) is introduced in this subsection. Figure 2 shows the position of private household portfolios based on the classed approach in Austria, Belgium, Germany, Ireland, and Spain, analogous to Figure 1 .7 This figure follows Calvet et al.
(2007), where the black line represents the mean–variance–efficient, currency–
hedged benchmark (MSCI Europe) and the dotted line is the unhedged equivalent.
Variation between portfolios is driven by the different return–risk combinations
of the classed portfolios and the household–specific weights corresponding to the
wealth share in a class. As a result, most portfolios lie on up to four lines, that are
visible from inspecting the graphs: the first two are directly below the unhedged
benchmark frontier, spanned between the origin and the gray diamond or the gray
square respectively, which mark the share and the equity funds portfolio. These
lines are relatively similar in all observed countries. Only in Belgium, the share
portfolio lies visibly above the equity funds portfolio, meaning that the shares bare
less idiosyncratic risk than equity funds. The third and fourth lie horizontal to the
origin, and in some countries show a negative slope. They are indicated by the gray
cross, which marks the government bonds portfolio and the black circle, which
marks the bank bonds portfolio.
Most household portfolios sit on one of these lines because they follow the
“savings account plus one”–strategy. Most household portfolios are located on one
of these lines, which points to a low degree of diversification. However, we should
note that some observations lie close to or on the hedged benchmark by construction
because these portfolios are invested in managed accounts, which we chose to lie
6 29 percent invested in a savings account plus two other asset classes.

11 percent invested in a savings
account and more than two other asset classes.
7 For a direct comparison of these graphs, one has to keep in mind, that the HFCS dataset provides 12
different asset classes, whereas the Dutch assets could only be aggregated to 6 different asset classes.
Moreover, there are 8 years between the DHS survey and the second wave of the HFCS.
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Figure 2
Expected Return and Portfolio Standard Deviation
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Survey. The graphs provide the Expected Return and the Portfolio Standard Deviation of the
clas–based, complete financial asset portfolio of private households. Selected classes are presented
in the graphs. A household holding all assets in shares would be placed on the gray diamond. The
hedged and unhedged benchmarks are given by the MSCI Europe Index following Calvet et al.
(2007) and Von Gaudecker (2015).

on the efficient frontier.
In general, many households bear unsystematic risk, even when compared to
the unhedged benchmark, and many have a small risky portfolio share. Hence, we
confirm the finding of households being down and close to out as in Calvet et al.
(2007). But the results should be interpreted with caution. Considering shares, for

Investment Losses and Inequality

11

example, households certainly hold a variety of shares in their portfolio. Thus, they
would provide more varied risk-return combinations than indicated in our figure.
So it is not clear that all of the households shown as such are really down, but on
average they are.

Regression analyses

In this subsection we provide a regression analysis of European household asset portfolios. Therefore, we regress portfolio weights and return losses on several socio–economic characteristics to analyze diversification behavior in Europe.
Our results differ from Calvet et al. (2007), as households holding relatively high
amounts of financial wealth invest into less risky asset classes and, therefore, incur smaller return losses. Furthermore, we find that European households’ asset
portfolios differ significantly across countries.
This section focuses on complete financial portfolios of households that hold
wealth in at least one of the risky asset categories, i.e equity, hedge or real estate funds, shares and managed accounts. The HFCS dataset for the countries
under consideration contains a total of 21,221 households. After dropping households without risky assets and incomplete information, our dataset reduces to 4,435
households with 260 households in Austria, 518 in Belgium, 1,109 in Germany,
1,697 in Spain and 851 in Ireland, respectively.
We follow Calvet et al. (2007) by including several demographic and financial
characteristics. The demographic variables include information on the number of
household members above the age 16, as well as migration dummy, which is equal
to one, if one of the household members has a migration background. We refer
to the household head, who is defined by the household member with the largest
gross income, as some characteristics are surveyed on the individual level. We
include information on employment status, gender, and the age of the household
head. Moreover, we provide a dummy variable for the highest level of education
archived in the household. A high level of education is coded when an academic
degree, like a bachelor degree or more advanced have been achieved. The financial characteristics consist of the log of gross financial assets and the log of gross
real–asset–wealth. The real–asset variable captures the gross wealth held in private
business or real estate. As an addition to the literature, we include the information
on self–declared investment attitudes. The HFCS asks the household head to sort
themself into a ‘risk takers’-category. They can choose between ‘no risk’, ‘average’, ‘above average’, and ‘high’.
We start with an OLS–regression of the percentage of wealth in the main categories of the financial asset classes. Hence, we regress the household h’s portfolio
share ωg,h , where the four different groups g are funds (1), bonds (2), shares (3)
and savings accounts (4). We estimate an OLS regressions for each of the four
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categories:
ωg,h = Xh β + εh

forg ∈ {1, ..., 4}.

(4)

Xh includes the characteristics mentioned above, plus a constant, while εh is a
mean zero error term. This regression does not include any GCAPM outcome and
is purely statistical, associating the variation of the portfolio weights of households
to socio-economic characteristics. The portfolio weights ωg,h add up to one for each
household. This means that an increase (decrease) of the estimated beta coefficients
necessarily corresponds to a decrease (increase) of the beta coefficients of the other
regression results. Hence all beta factors, except the ones of the constant, add up to
zero.
We show the regression results in Table 2. The first part of the table provides the
coefficients of financial characteristics, the second part provides country–specific
dummies, and the third part includes demographic characteristics. The financial
characteristics reveal several significant effects. An increase of the financial gross
wealth variable of one percent is associated with an increase of the funds portfolio
weight by 2.587 percentage points, an increase of the bonds portfolio of 0.895 percentage points, and an increase of the savings account on about 2.788 percentage
points which are all significant at the one percent level. Consequently, the share
invested into the share portfolio decreases significantly to about 6.27 percentage
points. These estimates could indicate that households with higher financial wealth
endowment prefer to invest more in secure assets, such as bonds and savings accounts, or more diversified assets like funds, rather than in shares.
The results of Table 2 also show that a higher share of gross wealth in real assets
seems to be associated with relatively lower fund and savings account weights and
higher share weights. Similar, but weaker, results are provided for gross income,
but the coefficients are not significant in any of the four regressions. The self declared risk attitudes do seem to correspond with the actual diversification behavior.
The average–risk–attitude category is not included in the regressions, thus, all beta
coefficients are expressed in relation to this category. Households that declare to
invest at ‘no risk’ hold a significant 9.904 percentage points higher share in secure
savings account and around 5.06 and 4.691 percentage points less in mutual funds
and shares, respectively. The beta coefficients of the other risk categories vary into
the expected direction with less wealth in saving accounts and more in the share
asset class.
The country–specific dummy variables show significant differences across countries. As German households are the reference unit, Austrian households seem to
hold 12.33 percentage points less wealth in shares and 5.69 percentage points more
in funds and 7.269 percentage points more in savings accounts. Belgian households seem to prefer funds more than the other countries. Spanish and Irish households hold less wealth in funds than their German counterparts, but they both hold
significantly more wealth in shares. Spanish household portfolios are especially
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Table 2
Regression of Portfolio Weights

(1)
Funds

(2)
Bonds

(3)
Shares

(4)
Savings Ac.

Gross Wealth: Financial Assets (Log)

2.587∗∗∗
(0.327)

0.895∗∗∗
(0.147)

-6.270∗∗∗
(0.406)

2.788∗∗∗
(0.406)

Gross Wealth: Real Assets (Log)

-1.198∗∗∗
(0.342)

-0.155
(0.153)

2.624∗∗∗
(0.424)

-1.271∗∗∗
(0.424)

-0.475
(0.634)

0.441
(0.285)

0.747
(0.786)

-0.713
(0.786)

-5.060∗∗∗
(0.915)

-0.154
(0.411)

-4.691∗∗∗
(1.134)

9.904∗∗∗
(1.134)

‘Above Average Risk’ Attitude

1.034
(1.583)

0.595
(0.711)

9.174∗∗∗
(1.963)

-10.80∗∗∗
(1.963)

‘High Risk’ Attitude

-0.447
(3.639)

-0.860
(1.634)

12.56∗∗∗
(4.512)

-11.25∗∗
(4.511)

Austria

5.690∗∗∗
(1.951)

-0.632
(0.876)

-12.33∗∗∗
(2.419)

7.269∗∗∗
(2.418)

Belgium

9.512∗∗∗
(1.470)

-0.876
(0.660)

-6.321∗∗∗
(1.823)

-2.315
(1.822)

Spain

-8.086∗∗∗
(1.208)

-1.637∗∗∗
(0.542)

33.15∗∗∗
(1.498)

-23.42∗∗∗
(1.497)

Ireland

-12.31∗∗∗
(1.327)

0.509
(0.596)

10.15∗∗∗
(1.645)

1.651
(1.645)

Age (HH Head)

0.041
(0.214)

0.165∗
(0.0960)

-0.323
(0.265)

0.117
(0.265)

Age Squared (HH Head)

0.362
(1.861)

-1.298
(0.836)

5.293∗∗
(2.308)

-4.357∗
(2.307)

Female (HH Head)

0.839
(0.965)

0.686
(0.434)

-2.059∗
(1.197)

0.534
(1.197)

Household Members +16

-0.882∗
(0.505)

-0.155
(0.227)

0.434
(0.626)

0.603
(0.626)

Employment Dummy (HH Head)

-0.500
(1.519)

0.985
(0.682)

-5.451∗∗∗
(1.883)

4.966∗∗∗
(1.883)

Self-Empl. Dummy (HH Head)

-0.163
(1.435)

0.195
(0.645)

1.294
(1.780)

-1.326
(1.779)

Retirement Dummy (HH Head)

-3.365∗∗
(1.596)

2.356∗∗∗
(0.717)

-3.777∗
(1.979)

4.786∗∗
(1.978)

High education Dummy

1.915∗
(0.997)

0.509
(0.447)

0.292
(1.236)

-2.716∗∗
(1.235)

Migration Dummy

-2.530
(1.962)

-0.899
(0.881)

4.220∗
(2.433)

-0.790
(2.432)

Constant

12.94
(7.908)

-15.71∗∗∗
(3.551)

61.17∗∗∗
(9.805)

41.60∗∗∗
(9.803)

4381
0.109

4381
0.022

4381
0.246

4381
0.154

Financial Characteristics

Gross Income (Log)
‘No Risk’ Attitude

Country Dummies

Demographic Characteristics

Observations
Adjusted R2

Table shows four OLS Regressions, with the dependent weight variables in the top row. All beta
coefficients add um to zero, except those of the constant. All results are based on the first implicates
of the HFCS dataset. Robust standard errors are shown in parentheses. Significance levels: *p <
0.10, ** p < 0.05, *** p < 0.01.
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remarkable, as they hold 23.42 percentage points less wealth in savings accounts
and about to 33.15 percentage points more in shares than German households.
Many demographic characteristics are not significant as our dataset does not
provide much variation in some variables. Interestingly, the employment dummy
shows a significant shift from shares to savings account. Retired households also
seem to invest more into secure asset classes. This indicates that retired households
adjust their portfolios as they depended more on their accumulated wealth than nonretired households and their consumption plan is, therefore, more exposed to shocks
on financial markets. The high–education variable shows only minor significant
effects in these regression, with households investing relatively less into savings
account and more into funds.
These regressions provide some links between asset portfolios of European
households and their characteristics, especially regarding their investment attitude.
As a next step, we put the results of the GCAPM to work and use the class–based
return loss measure and its components, derived above. We transform equation 3,
using the natural logarithm:
ln RLh,c = ln µm + ln βh,c + ln ωh + ln DLh,c .

(5)

The advantage of the logarithmic transformation is that we can decompose
the beta coefficients and observe which variable influences the return loss RLh .
Following Calvet et al. (2007), we run four OLS regressions with same independent
variables as in equation 4. The results are listed in Table 3. Starting with the
financial characteristics, we find that European households that hold one percent
more financial wealth incurs 0.418 percent lower return losses. The total effect is
induced by the decreasing risky share and a lower household beta coefficient. The
diversification loss, however, is small. More wealth held in real assets provide a
higher return loss, yet, the coefficient is small.
The variables on individual investment attitudes are structured in the same way
as those in the regressions of Table 2, and coefficients are expressed in relation
to the ‘average risk–taker’ category. Apart from the regression on diversification
loss, our estimates reveal significant results at the 1 percent level for all categories.
Investors declaring a no–risk strategy hold 0.723 percent less return losses than
households that follow an average risk strategy. Investors that declare to invest
above–average risk hold a higher return loss of 0.902, percent in comparison to the
self–declared average risk–taker. Households that declare a high risk attitude incur
the highest return losses with 1.046 percent above the average risk category. The
country–specific variables show, again, significant heterogeneity. Austrian households realize 1.66 percent lower return losses compared to German households due
to less risky investments and smaller household betas. However, the diversification
loss is 0.247, which indicates lower diversification between asset classes. Belgium
households incur 0.925 percent lower return losses, because of smaller household
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Table 3
Regression of Return Losses

(1)
RL

(2)
Risk Share

(3)
βh

(4)
Div. Loss

Gross Wealth: Financial Assets (Log)

-0.418∗∗∗
(0.034)

-0.163∗∗∗
(0.016)

-0.224∗∗∗
(0.017)

-0.031∗∗
(0.014)

Gross Wealth: Real Assets (Log)

0.160∗∗∗
(0.035)

0.079∗∗∗
(0.016)

0.086∗∗∗
(0.018)

-0.004
(0.014)

Gross Income (Log)

0.050
(0.065)

0.001
(0.030)

0.027
(0.034)

0.022
(0.027)

‘No Risk’ Attitude

-0.723∗∗∗
(0.094)

-0.362∗∗∗
(0.044)

-0.389∗∗∗
(0.049)

0.028
(0.039)

‘Above Average Risk’ Attitude

0.902∗∗∗
(0.163)

0.397∗∗∗
(0.076)

0.429∗∗∗
(0.084)

0.076
(0.067)

‘High Risk’ Attitude

1.046∗∗∗
(0.375)

0.466∗∗∗
(0.174)

0.543∗∗∗
(0.193)

0.037
(0.154)

Austria

-1.660∗∗∗
(0.201)

-1.626∗∗∗
(0.093)

-0.281∗∗∗
(0.103)

0.247∗∗∗
(0.083)

Belgium

-0.925∗∗∗
(0.151)

-0.738∗∗∗
(0.070)

-0.004
(0.078)

-0.183∗∗∗
(0.062)

Spain

0.688∗∗∗
(0.124)

0.556∗∗∗
(0.058)

0.477∗∗∗
(0.064)

-0.345∗∗∗
(0.051)

Ireland

-0.402∗∗∗
(0.137)

0.060
(0.063)

-0.536∗∗∗
(0.070)

0.075
(0.056)

Age (HH Head)

-0.051∗∗
(0.022)

-0.023∗∗
(0.010)

-0.030∗∗∗
(0.0113)

0.002
(0.009)

Age Squared (HH Head)

0.602∗∗∗
(0.192)

0.286∗∗∗
(0.089)

0.333∗∗∗
(0.099)

-0.017
(0.079)

Female (HH Head)

-0.218∗∗
(0.099)

-0.077∗
(0.046)

-0.116∗∗
(0.051)

-0.025
(0.041)

Household Members +16

-0.014
(0.052)

-0.020
(0.024)

-0.015
(0.027)

0.021
(0.021)

-0.435∗∗∗
(0.156)

-0.189∗∗∗
(0.073)

-0.239∗∗∗
(0.081)

-0.006
(0.064)

Self-Empl. Dummy (HH Head)

-0.016
(0.148)

0.016
(0.069)

0.009
(0.076)

-0.041
(0.061)

Retirement Dummy (HH Head)

-0.378∗∗
(0.164)

-0.181∗∗
(0.076)

-0.183∗∗
(0.085)

-0.0137
(0.068)

High education Dummy

0.170∗
(0.103)

0.112∗∗
(0.048)

0.055
(0.053)

0.004
(0.042)

Migration Dummy

0.212
(0.202)

0.178∗
(0.094)

0.206∗∗
(0.104)

-0.172∗∗
(0.083)

Constant

3.376∗∗∗
(0.815)

0.845∗∗
(0.378)

0.693∗
(0.419)

-0.072
(0.334)

4381
0.096

4381
0.190

4381
0.103

4381
0.032

Financial Characteristics

Dummy Countries

Demographic Characteristics

Employment Dummy (HH Head)

Observations
Adjusted R2

Table shows four OLS Regressions, with the dependent weight variables in the top row. All beta
coefficients add um to the return loss in column, except those of the constant. All results are based
on the first implicates of the HFCS dataset. Robust standard errors are shown in parentheses.
Significance levels: *p < 0.10, ** p < 0.05, *** p < 0.01.
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betas and a lower diversification loss. Interestingly, the household beta of Belgian households does not seem to differ neither economically nor statistically, even
though they hold significantly more riskless funds and less shares than German
households. This can be partly explained by the fact that Belgian households invest relatively more into equity funds, which performed better in our observation
period, as seen in Figrue 2. Spanish households realize higher return losses, i.e.
0.688 more at the one percent significance level. This is, as Table 2 shows, due
to a higher risky share and a higher household beta. The lower diversification loss
reduces the overall return loss by 0.345 percent. Spanish households diversify their
portfolio more over different classes than German households. Irish households
hold portfolios with a lower portfolio beta which accounts to a large extend for a
lower return loss. The demographic characteristics show interesting results concerning the age of the household head, gender, the retirement and the employment
status. In our analysis, the return loss increases with age, as do the household beta
and the risk share. Households with older household heads tend to more risky investments as they shift assets from savings account to the share category. This also
explains the higher portfolio beta. The higher risk share seems to be contradictory
to the precepts of portfolio–choice theory, with high–risk shares at young age and
lower–risk shares for those closer retirement.8 However, this is captured in our retirement dummy, showing that retired households incur significantly smaller return
losses. The same holds for households with employed heads, which is also indicated by the portfolio shifts described in Table 2. Households with a female head
incur lower return losses due to a lower portfolio beta. Our dummy variable for
high educated people implies more engagement in the risky asset market, but the
coefficient is barely significant. This is because nearly 70 percent of our households
can be considered as highly educated which, again, shows the selective nature of a
dataset analyzing risky wealth portfolios. It shows that many households without a
college degree are ‘out’ of the risky asset market.
Calvet et al. (2007) find that financially more sophisticated households, i.e.
households with higher education and more wealth, hold larger shares of risky assets and therefore incur higher return losses from their risky portfolios. Based on
their results, they assume that less sophisticated Swedish households are aware
of their limitations, and invest rather conservatively and therefore produce lower
return losses. Von Gaudecker (2015) provides a similiar analysis in his online appendix, but does not find significant effects in his analysis, which is most likely due
to the small sample size of the DHS. Our results show that households with higher
financial wealth endowment incur lower return losses induced by a lower risky
asset share and a lower household beta. This effect is already outlined in the regression analysis of the portfolio weights above. The proportion of wealth invested
8 Calvet

et al. (2007) discuss the issue of portfolio choice and age in their online appendix. Our results
are preliminary and need further analysis.
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in shares reduces with financial wealth, whereas the proportion of wealth held in
bonds, funds and saving accounts increases. This is an interesting outcome as it is
not necessarily driven by our model assumptions. The results are based on a portfolio shift from the risky share class and the non–risky bond and savings account
classes, and towards the less risky fund class. Even though we only observe this
between–classes variation, the estimates provide significant results. Furthermore,
the return loss in the analysis of Calvet et al. (2007) is higher, which is likely to
be induced by higher losses within the risky portfolios, i.e. risky funds and shares.
Under the assumption that European households realize higher return losses in the
share asset class, as well as when taking the within–asset–class variance into account; shifting wealth from the share to the bond and savings account category decreases the overall return loss considerably. Another remarkable result is obtained
with the investment attitude variables. Households that declare to follow a no–risk
strategy tend to produce lower return loss than households following an average–
risk strategy. Those who invest above–average risk incur higher return loss than
households following an average–risk strategy. The attitude is also reflected in the
level of the risky portfolio share, which is significantly higher for ‘high risk’ households than for ‘above–average’ households. Conversely, the risky share is lower for
‘no–risk’ households. The term ‘level of risk’ is rather broad and can be interpreted
differently across households, meaning that individual interpretation of a high–risk
or average–risk investment likely varies across survey participants. It is therefore
interesting that the magnitude of the investment attitude coefficients corresponds
to the investment strategy derived by the GCAPM. This indicates that households
understand the concept of risk in regard to financial investments and they seem to
have an idea of their risk preference in comparison to other investors. Given that
the dataset includes mostly well–educated households, this conclusion cannot be
extrapolated to the whole population. Finally, the comparison of European households shows, that they follow different investment strategies and they face different
financial market conditions. Nearly all measures show significant differences compared to those of German households. This is an important insight in times, when
financial market policies and regulations are more and more centralized in Europe,
for example via the banking union.

Conclusion and Outlook
Our research provides two major contributions to the literature: We show how that
a class-based portfolio analysis enables us to study investment strategies in countries, which could not be analyzed before. Furthermore, we provide evidence that
inefficient strategies are not evenly distributed over the population, they shape the
accumulation of wealth and, hence, contribute to wealth inequality.
This extended abstract provides an overview of our research on investment
strategies with aggregated wealth portfolios. We use data of the Dutch House-
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hold Survey (DHS) as the data incorporates detailed information on household’s
single financial assets. Thus, we can group these assets in classes as provided
in the HFCS dataset and observe how the analysis based on classes performs in
comparison to the disaggregated procedure provided by Calvet et al. (2007) and
Von Gaudecker (2015). According to our analysis, the distribution of the return
losses of our classed data matches the disaggregated data fairly well.
In our application, we want to point out which households in Austria, Belgium,
Germany, Ireland, and Spain make inefficient investment decisions and which characteristics these households show. For this exercise, we use the rich sociodemographic information of the HFCS dataset. We show that household with higher
financial wealth hold portfolios with lower return losses. Moreover, household that
participate in risky markets seem to be aware of there risk attitude and translate
this into their investment strategy. Finally, European households show significantly
different investment decisions.
In a next step, we study the investment decisions of Greece households and
its implications for wealth accumulation. Greece households barely participate at
risky asset markets, hence, we could not include the Greece dataset into our analysis
above in a sensible way. The case of Greece will support our argument about the
European inequality in investment efficiency.
Finally, we investigate how inefficient investment decisions drive households’
wealth inequality. We provide evidence on how much inefficient investment decisions drive wealth inequality. We observe the distribution of return losses, wealth,
and earnings jointly, which enables to calculate the shares of wealth inequality
attributable to 1) initial wealth, 2) earnings and 3) return heterogeneity. The implementation proceeds by estimating the life-cycle earnings profile of three educational groups (college, high school, dropouts) and having them save with an empirically determined rate. The calculation of each factor’s contribution to terminal
wealth is then straightforward. We implement this separately for all countries in
our sample.
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