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Executive Summary

This thesis investigates the role of individual-specifictdas in individuals’ financial be-
havior. The main focus of the analysis is on two characiesstf individuals: risk attitude
and gender. Although these two factors are believed to bertapt determinants of finan-
cial behavior, a review of literature reveals that many tjoas regarding their role remain
unresolved. This thesis aims at closing the gaps in theatitee by providing empirical
evidence on the effects of risk attitude and gender on vargspects of financial behavior.

The thesis consists of four studies addressing the follg\gurestions: 1) Do individual
risk attitudes affect the decision makers’ propensity tediify their portfolio of financial
assets? 2) Does gender affect the probability of investingsky financial assets and the
share of wealth allocated to these assets? 3) Conditionalesting in risky financial as-
sets, do males take bigger risks than females? 4) Does gdetimine the chances to get
funds in credit markets? Evidence on these questions isgadwsing two different data
sources. Firstly, a part of the analysis relies on the dallaated through representative
national surveys of household finances (German Socioecaorf@anel, Austrian Survey of
Household Financial Wealth, Dutch Household Survey,dtalSurvey of Household In-
come and Wealth, Spanish Survey of Household Finances)amtdges of the survey data
include the data representativeness for population ofttidiexd countries, the wide range
of surveyed individual characteristics, and the compditglaf the data across countries.
Secondly, a part of analysis in the thesis is conducted wsgisgrvational data collected by
the author from an Internet-based marketplace for pepets-lending. Peer-to-peer lend-
ing is a financial innovation consisting in direct lendingldorrowing among individuals
without intermediation of financial institutions. An advage of using these data is that
they include detailed information about the main charasties of investments which are
not available in the survey data, for instance, expectedaazed returns to investments.
These data also provide evidence on the behavior involvingvative financial products
and allow exploring whether impact of individual factorsdimect financial relationships
differs from intermediated relationships.

Keywords: consumer finance, investment choices, portfolio composifaiccess to credit,
risk-taking, gender, qualitative choice models, Heckrm@ample-selection correction



Zusammenfassung

Die vorliegende Dissertation befasst sich mit der Frageigfern das Finanzverhalten von
Individuen von ihren personlichen Eigenschaften abhdngZentrum der Analyse stehen
zwei Eigenschaften: personliche Risikoeinstellung unddkecht. Obwohl beide Eigen-
schaften als wichtige Einflussfaktoren des Finanzverhsléangesehen werden, sind viele
Fragen bezuglich ihrer Rolle noch offen. Diese Dissenalieschaftigt sich mit den offe-
nen Fragen und liefert empirische Evidenz hinsichtlichRielevanz von Risikoeinstellung
und Geschlecht fur verschiedene Aspekte des Finanzvensalt

Die Dissertation besteht aus vier Studien, die sich mit edgehden Fragen beschaf-
tigen: 1) Welchen Einfluss hat die personliche Risikoeihsig der Investoren auf ihre
Entscheidungen hinsichtlich der Diversifizierung von lrirygortfolios? 2) Hangt die Wahr-
scheinlichkeit in risikobehaftete Anlagen zu investievew das Portfolioanteil dieser An-
lagen vom Geschlecht der Investoren ab? 3) Wenn eine Itieesii risikobehaftete An-
lagen vorgenommen wird, hangt der Grad des eingegangesé&o®fvom Geschlecht der
Investoren ab? 4) Spielt das Geschlecht eine Rolle flr dga@g zu Finanzmitteln auf
den Kreditmarkten? Um diese Fragen zu beantworten, wendenverschiedene Daten-
satze mit Hilfe von unterschiedlichen 6konometrischenhdden analysiert. Der erste
Datensatz erschliel3t Befragungsdaten, die durch repeisennationale Erhebungen von
Finanzen privater Haushalte aufgenommen wurden (Dewtssbeo-6konomisches Panel
(SOEP), Austrian Survey of Household Financial Wealth,ddiiousehold Survey, Italian
Survey of Household Income and Wealth, Spanish Survey oskloold Finances). Zu den
Vorteilen dieser Daten gehdren unter anderem die Repgisaetitt fur die Bevolkerung
eines Landes, das breite Spektrum der erfassten sozioGksciren und demographischen
Daten, und die Vergleichbarkeit der Daten zwischen den €&ndDer zweite Datensatz
besteht aus Beobachtungsdaten, die die Autorin auf densBleen Internetmarkt fir Peer-
to-Peer Kredite gesammelt hat. Peer-to-Peer Krediteestelhe innovative Form der Kred-
itvergabe dar und bedeuten direkte Leihung von Geld zwiséh@/atpersonen ohne die
Intermediation einer Bank. Ein wichtiger Vorteil solcheaten besteht darin, dass sie In-
formationen Uber die erwarteten und realisierten Rendiggrinvestitionen enthalten, was
fur die genaue Bewertung des Risikoverhaltens von entdehder Bedeutung ist.

Keywords: Finanzen privater Haushalte, Anlageentscheidungetfdtoauswahl, Zugang
zu Krediten, Risikobereitschaft, Geschlechterdimensiwdelle mit qualitativen abhéngi-
gen Variablen, Modelle mit Sample-Selection

Vi



Chapter 1
Introduction

The continuously increasing participation of consumerth@financial markets together
with an increasing complexity of these markets, is pronmgptegulators and practitioners
to investigate the determinants of financial behavior ofviididials. Academic research is
seeking to generate knowledge about the financial behaabmiill help governments and
financial institutions develop sound financial counselihgdividuals. Effective counsel-
ing on questions related to financial markets can improwveihgials’ financial management
and ultimately contribute to the overall stability of fingalanarkets.

Research on individuals’ financial behavior encompassegla mange of theoretical
and empirical studies investigating how individuals usariirial markets and what factors
determine their behavior. Investing and borrowing are e mnain aspects of behavior
associated with the usage of financial markets. Investikgstanany forms ranging from
saving for retirement to gambling with high-risk financiaicsrities. Borrowing encom-
passes decisions on credit-card debt, mortgages, consuetd and business loans. Al-
though investing and borrowing are two distinct types oftiirial behavior, they are tightly
interconnected and affect each othElaljassos and Hassapia002 Cocco et al. 2005
Davis et al, 200§. Determinants of investing and borrowing decisions casgpenviron-
mental and individual-specific factors. Environmentatdas include but are not limited
to development of financial markets, macroeconomic camaiti culture and social norms.
Individual-specific factors are personal characteristicdecision-makers. They include
various socioeconomic characteristics (e.g., wealthprme, education), demographic at-
tributes (e.g., age, gender, health) and attitudinal fad.g., attitude towards risk-taking,
trust, social openness etc.)

This thesis investigates the role of individual-specifictéas in individuals’ investing
and borrowing behavior. Specifically, the analysis focuse$wo characteristics of indi-
viduals: risk attitude and gender. Since most financialsiees involve risk-taking, risk
attitude is a crucial characteristic of decision-makees #ifects their choicedNarneryd

1Guiso et al(2002 2003; Ynesta(2008



1996 Schooley and Worderi 996 Donkers and van Sogedt999 Fellner and Maciejovsky
2007. Investigating the role of risk attitude in financial betwanshould help improving our
knowledge of the heterogeneity of behavioral patternserptbpulation. Gender is believed
to influence individuals’ propensity to take risddrtog et al.2002 Hallahan et al.2004
Fellner and Maciejovsky2007 Eckel and Grossmar2008. Hence, this demographic
characteristic deserves a closer consideration as a detarhof financial behavior.

The aim of the thesis is to answer the question: How do ristud# and gender affect
financial behavior? Because financial behavior takes a eririlg variety of forms, it is
not feasible to cover them all within the scope of one disdgien. For this reason, this
work is confined to a few aspects of investment and borrowliigse aspects include: (1)
diversification of financial portfolios, (2) ownership andrffolio share of risky financial
assets, (2) extent of risk-taking when investing in riskyaficial assets and (4) access to
funds in credit markets.

The thesis contributes to the literature by providing emplrevidence on the determi-
nants of financial behavior using two different data sour¢asstly, a part of the analysis
relies on the data collected through representative ratsurveys of household finances
(German Socioeconomic Panel, Austrian Survey of HouseRoldncial Wealth, Dutch
Household Survey, Italian Survey of Household Income andliNe Spanish Survey of
Household Finances). Advantages of survey data includeldke representativeness for
population of the studied countries, the wide range of stesiendividual characteristics,
and the comparability of the data across countries. Segoaglart of analysis in the thesis
is conducted using observational data collected by theoaathan Internet-based market-
place for peer-to-peer lending. Peer-to-peer lending isi@ntial innovation consisting
in direct lending and borrowing among individuals withoottermediation of financial in-
stitutions. Advantages of using these data is that theyigeosvidence on the behavior
involving innovative financial products and allow explayiwhether impact of individual
factors in direct financial relationships differs from whstreported in the literature on
intermediated relationships.

The remainder of the introductory chapter is organized dsvis. Section 1.1 pro-
vides an overview of the state of the academic research omkbef the risk attitude and
gender in the financial behavior of individuals. Sectionduflines the research questions
addressed in the thesis and highlights the main findings.

1.1 Risk Attitude and Gender as Determinants of Finan-
cial Behavior

Since almost every financial decision involves some degraacaertainty in the outcomes,
financial behavior generally presents a risky behavior.ofdimgly, the notion of individ-
2



ual attitude towards financial risks takes a central pladeeriterature. Attitude towards
financial risks can be viewed as a personal trait that detesnhow much risk an indi-
vidual is willing to accept when making financial choices.sBarchers learn individuals’
risk attitude by either eliciting it from the observed beioawf individuals or by directly
asking individuals about how willing they are to take risksam making financial decisions
(Dohmen et a].2005.

One of the main questions studied in the literature, is howwqm®l risk attitude affects
actual financial behavior. Theoretical models describigfinancial behavior view risk
attitude as the main determinant of financial choices. Fstaimce, the capital asset pricing
model (CAPM) predicts that the degree of risk aversion deftees what proportion of
wealth an investor will allocate to risky financial assetangrical studies confirm this
prediction. For instance, the portfolio fraction of riskgsats is found to increase with
individual willingness to take risksSchooley and Worderd 996 Warneryd 1996 Sunden
and Surette1998.

However, not all the predictions of theoretical models rdgey the relationship be-
tween the risk attitude and the financial choices are condifmyehe literature. For instance,
despite the prediction of CAPM that risk attitude should afé¢ct the level of diversifica-
tion of a financial portfolio, there are theoretical studieguing that risk attitude can play a
significant role in how many assets are held in a financiafglaot(Campbell et al.2003
Gomes and Michaelide2005. Yet, empirical evidence on the relationship between risk
attitude and diversification decision is practically uriklze.

Another issue attracting attention in the academic litemats the question about what
factors determine individual risk attitudes. Empiricaldies provide strong evidence that
risk attitudes vary with individual wealth, income, educatand age. The role of a num-
ber of other factors is still unclear. For instance, desghigepopular belief that gender is
strongly correlated with the propensity to take financisksi the literature provides mixed
evidence regarding this relationsHipn particular, a large number of studies, which rely on
surveys of financial behavior or laboratory experimenteysthat females are significantly
less inclined to take financial risks than malé@mfakoplos and Bernasek998 Sunden
and Surette1998 Bernasek and Shwif2001; Hartog et al. 2002 Hallahan et al.2004
Dohmen et a].2005 Fellner and Maciejovsky2007).

In contrast, empirical studies focusing on professiortadijned investors, like managers
of investment funds, find that the behavior of males and femdiffers in minor ways or not
at all Johnson and Powell994 Atkinson et al, 2003 Beckmann and Menkhqf2008).
There are also some notable exceptions among the expealsardies. Specificallyschu-
bert et al(1999 find that risk propensity of males and females dependsgiyam whether
experiments involve abstract gambles or contextually &adtotteries. In the latter setting,

2Croson and GneeZ2009 provide a concise overview of this evidence.
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females and males do not exhibit significant differencessk propensity. Interesting evi-
dence is provided biolt and Laury(2002, who show that the effect of gender varies with
the level of payoff. Females are more risk averse than makesotteries involve low
payoffs. However, when lotteries involve high payoffs, nffedlences between males and
females are documentetanaka et al(2010 find no effects of gender on the individuals’
risk preferencesFinucane et al(2000 andBooth and Noler{2009 show that the role of
gender in the propensity for risk taking varies dependinthercultural environment. Thus,
so far the literature is inconclusive regarding the sigaiite of gender differences in the
financial risk-taking.

Regarding the reasons for gender differences in finansiaitaking, the literature offers
a range of conjectures related to gender inequalities intkydabor income, social roles
and access to credajtelsmit and Bernasefd996. The latter is particularly important,
as discrimination in credit markets means that the disorated individuals face more bor-
rowing constraints than the other groups of borrowers. tEighorrowing constraints have,
in turn, important implications for investment behavioornstance, as borrowing helps
individuals smooth the level of consumption over the lifele (Gourinchas and Parker
2002 Gross and Soulele2002 Parker and Presto8005), financially constrained individ-
uals are more likely to limit their investing behavior to pa@tionary saving and to avoid
risky and illiquid financial instruments or those corretht@th their labor incomeHalias-
sos and Hassapi®002 Cocco et al.2005 Davis et al, 200§. Thus, an investigation of the
role of gender in the access to credit is essential to uraleidhe determinants of gender
differences in the investment behavior. Although a numbestudies investigate gender
discrimination in credit marketsCavalluzzo et a).2002 Alesina et al, 2009 Muravyev
et al, 2009, the evidence is inconclusive and further research isegkebh particular the
impact of gender on the access to direct lending needs mpteraon.

1.2 Contribution of this Work

The literature review in the previous section shows thatyrgarestions related to the in-
dividual financial behavior remain unresolved. For ins&rbere is a lack of empirical
evidence showing how risk attitudes affect the degree adrdification in financial portfo-
lios. Furthermore, there is still no agreement in the liign@regarding the role of gender
in financial risk-taking. Finally, the existing evidenceimeonclusive with respect to the
guestion of whether females and males have equal accestetaaXinance in credit mar-
kets. These gaps in the literature motivate the choice a€sogddressed in this thesis. In
particular, the thesis provides empirical evidence on ¢lewing issues:

(1) Do individual risk attitudes affect the decision mak@repensity to diversify their
portfolio of financial assets?



(2) Does gender affect the probability of investing in riskyancial assets and the share
of wealth allocated to these assets?

(3) Conditional on investing in risky financial assets, ddemaadaake bigger risks than
females?

(4) Does gender determine the chances to get funds in credikets?

Accordingly, the thesis comprises four studies whereak sty addresses one of the
listed questions.

Do individual risk attitudes affect the decision makers’ propensity to diversify their
portfolio of financial assets?

This question is addressed in the pap&hé Role of Risk Attitudes in Portfolio Diver-
sification Decisions: Evidence from German Household Boa$’ written jointly with
Dorothea Schéfer and Andreas Stephan.

This paper contributes to the literature by examining tHect$ of self-reported risk
aversion on the individuals’ propensity to diversify thiivancial portfolios. The analysis
is based on a sample of 2,628 individuals surveyed annualip £004 to 2007 by the
German Socioeconomic Panel (GSOER)sing these data, we test the hypothesis that
individuals’ risk attitude affects the probability of hahg) a specific combination of the
following six types of financial assets: 1) saving deposd)smortgage savings plans, 3)
life insurance policies, 4) fixed-interest securities esby the government and banks, 5)
equity and security papers of listed companies and 6) eqbiitpn-listed firms.

The capital asset pricing model (CAPM) assumes that investibocate their wealth
across all assets available in financial markets. Yet, theirezal evidence suggests that
the portfolio composition varies significantly among inwes. Moreover, most of people
hold under-diversified portfoliosQampbell 200§. We hypothesize that risk attitude is
one of the factors that contributes to this phenomenon. ifsgadty, the risk attitude of a
decision maker can influence his/her willingness to holdexgic combination of assets,
because the composition of a portfolio determines its mesgs. As to the direction of the
relationship between risk attitude and the propensityverdify asset holdings, two differ-
ent predictions are possible. On the one hand, the propdnstiversify can be positively
related to the investors’ risk aversion. This relations$iuld emerge if diversification
leads to a reduction of the portfolio riskiness. For insearnehen instead of investing all
savings in a single risky asset, an investor allocates tlativamong a number of not per-
fectly correlated assets, this can reduce the fid&rkowitz, 1952. On the other hand, an
investor may withhold from acquiring additional assetsistextension increases portfolio
risk. Such situation can emerge when a portfolio consiskg ofnrisk-free assets, so that

3The authors greatly acknowledge the efforts of the DIW eajlees for developing this unique and very
rich data base and for their assistance with using the data.
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adding a risky asset implies higher risk. In this case, tnaliebe a negative relationship
between risk aversion and the propensity to diversify.

Our analysis shows that both types of the relationship tékeep Firstly, we find evi-
dence of a negative relationship between the risk aversidrttze propensity to diversify.
For instance, the probability of holding an incomplete fudid of risk-free assets increases
with risk aversion. Such a portfolio can be diversified omigough acquiring risky assets,
which implies more risk. Accordingly, the willingness tosdrsify in this way is negatively
related to a person’s risk aversion. This relationship $® dbund when the analysis is
performed only on a sub-sample of relatively wealthy pedpi¢h wealth exceeding the
sample median wealth) or the richest people (with wealtleedmg the 75th percentile of
the sample distribution). Hence, risk attitudes affectghgpensity to diversify indepen-
dently of wealth.

Secondly, we find evidence of a positive relationship betwtbe risk aversion and the
level of diversification. Specifically, the probability ofvaing an incomplete portfolio of
risky assets decreases with risk aversion. In this cases dieersification can be achieved
by acquiring some risk-free assets, which implies a redoatf the portfolio risk. Accord-
ingly, the willingness to diversify is positively relatead the risk aversion.

Consistent with previous literature, we find that most ofvittals tend to hold under-
diversified portfolios consisting of a few safe assets. Asgie explanation of this relation-
ship is that individuals are credit constrained and, hedepend on a "safety buffer" com-
prising of safe and liquid assets to smooth their consump#acordingly, the tendency to
confine asset holdings to a "safety buffer" should be pasitirelated to a decision-maker’s
risk aversion. This conjecture is supported by our findirgg the probability of holding a
fully diversified portfolio is negatively related to the kiaversion.

An important implication of our findings is that risk attitmdhould be considered as an
important determinant of portfolio diversification thatpe explain the high incidence of
under-diversified portfolios.

Does gender affect the probability of investing in risky finacial assets and the share
of wealth that is allocated to these assets?

The joint study, with Oleg Badunenko and Dorothea Schatgffetts of individuals’ risk
attitude and gender on the financial risk-taking: Evidenoaf national surveys of house-
hold financé&addresses this question by analyzing the behavior of naaid$emales in four
European countries: Austria, Italy, the Netherlands aralrSAlthough data on household
finance are also available for other countries, represeatatirveys of peoples’ finances
that collected specific information needed for the purpdséestudy — in particular, the
information about the gender and the risk attitude of thesitme makers and the composi-
tion of the financial portfolios — is available only for theser countries.
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Looking at the financial behavior in a cross-country setiggarticularly interesting as
it allows determining whether differences in the behavionales and females vary across
countries. With respect to gender differences in finanogddvior, one country-specific
factor is of key importance, namely, the level of gender &tyim a given society* This
factor can lead to different behavior by males and femalé&sancial markets.

Our main findings can be summarized as follows. While in allrfoountries females
report lower willingness to take risks than males, gendé& @inces in the actual risk-taking
are not always present. Specifically, we find that in all fawurdries females are less likely
to acquire risky financial assets. However, conditional awiring risky assets, gender has
no effect on the fraction of wealth allocated to these asse#dl countries, except Italy.
According to the 2009 Gender Gap Report, Italy has the gsegender inequality, when
compared to the other three countries. This country alsedstaut with respect to the
relationship between the actual risk taking and the redatigk attitudes. In particular,
in Austria, the Netherlands and Spain, we find that the estichgender differences in
the likelihood to own risky assets vanish when we controlréported attitudes towards
risks. Hence, males and females seem to behave in accord@hdbeir own assessment
of their willingness to take risks. In contrast, in Italy, lem and females reporting the
same willingness to take risks behave differently: Coodai on the willingness to take
risks, females are found to be less likely to own risky finahesssets than males. This
discrepancy disappears, however, when we look at the dracti wealth invested in the
risky assets. Conditional on risk attitude, Italian ineestallocate the same fraction of
wealth to risky assets regardless of gender.

These findings have an important implication. Specificgignder cannot always serve
as a good predictor of actual risk taking. First, genderrmngily correlated with the prob-
ability of acquiring risky financial assets, but not with thecision regarding the allocation
of wealth between the safe and the risky assets. Secondleftact of gender on the
propensity to take risks depends on the cultural environmbmparticular, in countries
with greater gender equality, males and females with egskalattitude behave similarly,
while in countries with relatively greater gender ineqtiedi, gender differences in behavior
persist even between people with the same risk attitudeoargly, we argue that in the
societies with relatively high gender equality, individitisk attitudes convey more accurate
information about actual risk taking than gender and is;gtoge, a much better predictor
of the financial risk-taking than gender. In countries welatively high gender inequality
the relationship is converse: the actual risk taking seendgpend more on gender than on
the risk attitude.

4Evidence on the level of gender equality is provided by th@®Blobal Gender Gap Report of the World
Economic Forum, published online at http://www.weforurg.o



Conditional on investing in risky financial assets, do malesake bigger risks than fe-
males?

In the previous study we find that females allocate the saawtidn of wealth to risky
assets as males, conditional on investing in these assetsloBs it also mean that males
and females take the same amount of risk? Survey data do cilitate answering this
question as no information on the distribution of returngh®owned assets is provided.

The paper Does Gender Affect the Risk Propensity of Retail Invest&rg@ence from
Peer-to-Peer Lendirigattempts to provide evidence on this question by analytheglata
that contain information about individuals’ investmentsidhe generated payoffs. Hence,
it is possible to quantify the returns to investments andiietaken by each investor. The
data are collected in the largest German marketplace fartpgeeer lendingSmava.de
Peer-to-peer lending is the borrowing and lending of moretyvben private individuals
without intermediation of a financial institution. The I&are neither collateralized nor
guaranteed and lenders can incur losses if borrowers defdlenhce, the lenders can be
seen as investors who fund risky investment projects, wmelke the data suitable for
an analysis of investment behavior. The data set is compasebservations on 54,455
investments made by 5,671 investors over three years betieech 2007 and March
2010.

The aim of the study is to answer the question: Do femalesstmg in peer-to-peer
loans take less risks than male investors? Riskiness ofreisomeasured by the variance
of the return expected from the loan. Accordingly, a congmariof propensity to take
risks between males and females can be done by relying ongba-wariance framework.
In particular, | test whether the willingness of a femaleeisior to fund a loan decreases
as much as the willingness of a male investor in response targinal increase in the
standard deviation of return to the loan, holding the exgbotturn constant. Gender effect
on the investors’ responses is estimated using mixed legiession — a qualitative choice
model that accommodates repeated choice data. Repeaied ahises because during the
observation period most investors make several invessnent

The results of the estimation show that gender does not nfatténvestors’ appetite
for risk. A marginal increase in the standard deviation gfexted return equally affects
the willingness of males and females to invest. Moreovedifierences between male and
female investors are found with respect to other charatiesiof projects that may serve as
a proxy for projects’ riskiness. Hence, the data on pegreter lending do not support the
conjecture that women tend to take less risks than their owlaterparts when investing.
Thus, the present study supports and extends the literahawing that, conditional on
investing in risky financial assets, males do not take bigigks than females.



Does gender determine the chances to get funds in credit magks?

Previous studies investigated the treatment of femalel@ns in the traditional bank credit
markets, however, provided inconclusive evidenCavalluzzo et a).2002 Alesina et al,
2009 Muravyev et al.2009.

The joint paper, with Dorothea Schafeeffect of Gender on Access to Credit: Evidence
from a German Market for Peer-to-Peer Lendirapalyzes the role of gender in access to
credit outside the banking sector. Specifically, we lookattteatment of male and female
borrowers in a German market for peer-to-peer lending d&8leava Peer-to-peer lending
is an innovative an rapidly growing form of credit marketsesdn funds are procured from
individuals to individuals Ravina(2007), Pope and Sydnq2008 andDuarte and Young
(2009 look at the borrowing in a US peer-to-peer lending platfétrasperand conclude
that females have better chances to obtain credit than males

Our analysis of the lending on the German platform does nvealeany significant gen-
der differences in the probability of obtaining a loan whémbservable characteristics of
the loan applications are taken into account. Thereforecovelude that no gender dis-
crimination takes place on the German platform. This findaognbined with the evidence
provided on the peer-to-peer lending in the USA, shows thiédide the banking sector
female borrowers are not treated more poorly than male bvane At the same time, a
preferential treatment of female borrowers documenteldeathS peer-to-peer lending plat-
form indicates that this market place, in contrast to then@er market place, is not free of
discrimination.

These divergent results, obtained from the United StatdsGarmany, could result
from differences in the sampled platforms’ procurementmaetsms or from the country-
specific factors. However, because each of the studiesidimg) the present one, focus on
a single peer-to-peer lending platform, no conclusionangigg the role of these factors
can be derived. It is a goal of future research to conduct goapative analysis of different
platforms in order to identify the determinants of the spetieatment of different borrower
groups.
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Chapter 2

The Role of Risk Attitudes in Portfolio
Diversification Decisions: Evidence from
German Household Portfolios

Joint work with Dorothea Schafer and Andreas Stephan

Abstract: This paper explores the relationship between self-dedlask aversion of private
investors and their willingness to hold diversified potitislof financial assets. The analysis
is based on household survey data from the German SocioetoRanel (SOEP) that pro-
vides a reliable measure of individual attitudes towardarfanal risk. Our findings suggest
that more risk averse households tend to hold incompleti#gtios consisting mainly of a
few risk-free assets. We also find that the propensity tordifyeis highly dependent on
whether liquidity and safety needs are satisfied. We cowrcfuain this evidence that the
utility derived by risk averse households from portfoli@nsisting of only risk-free assets
overcompensates the benefits of a better portfolio perfocen¢ghat can be achieved though
diversification.

JEL: D14, G11
Keywords: private households, portfolio diversification, risk asien

2.1 Introduction

According to the capital asset pricing model (CAPM), ineestallocate their financial
wealth across all assets available in the market and hendaliversified portfolios. How-
ever, numerous empirical studies find that willingnessveuiify varies significantly across
investors and that a large portion of private investors ioldy a small subset of available
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assetslochguertel et al.1997 King and Leapgl1998 Borsch-Supan and Eyman200Q
Burton, 2001, Campbel) 2006 Yunker and Melkumian2010.

The literature offers a number of explanations for the latKigersification. Specif-
ically, it is conjectured that incomplete portfolios ard¢riiutable to high transaction and
search costsKing and Leapgel987 Merton, 1987, to taxes that treat some assets types
preferentially over the other typeKifg and Leapgl1998), to the lack of information about
investment opportunitiek{ng and Leapel987), and to the poor financial sophistication
of investors Goetzmann and Kuma2008. Empirical tests prove that these factors indeed
play an important role in the portfolio composition decrsp however, they do not fully
explain the differences in portfolio compositions amondividual investors and the high
incidence of under-diversified portfolios. For instan¢és hard to reconcile the argument
of transaction costs with under-diversification of poiitiel of rich people or incomplete
information with the behavior of experienced and sophaséd investors.

We think that, in addition to the factors mentioned abovegstors’ propensity to diver-
sify can be also affected by another factor, namely, theviddal risk attitude. Specifically,
risk attitude of a decision maker can influence his/her mgltiess to hold a specific com-
bination of assets, because the composition of a portf@terdhines its riskiness. As to
the direction of the relationship between the risk attitade the propensity to diversify
asset holdings, two different predictions are possible.tli@none hand, the propensity to
diversify can be positively related to the investors’ riskesion. This relationship should
emerge if diversification leads to a reduction of the porfolskiness. For instance, when
instead of investing all savings in a single risky assetpaestor allocates the wealth among
a number of not perfectly correlated assets, this can rettheécesk Markowitz, 1952. On
the other hand, an investor may withhold from acquiring addal assets if this extension
increases the portfolio risk. Such situation can emergenvehportfolio consists only of
risk-free assets, so that adding a risky asset implies higgie In this case, there will be
a negative relationship between risk aversion and the peto diversify. Several em-
pirical studies included risk attitude as an explanatoryaide in their models of portfolio
composition King and Leapgl1987, 1998 Kelly, 1995. However, they do not discuss the
findings regarding its effect on the probability of holdingaticular combination of assets.

This study takes a closer look at the relationship betweeesiors’ risk attitude and
their propensity to diversify financial portfolios and istigates the significance and the
direction of this relationship. The analysis is based ond&a on the assets holdings of
German households collected by the German Socioeconomia FBOEP). Specifically,
we relate individuals’ attitude towards financial risksheit propensity to diversify among
six broad classes of financial assets: saving depositsgag®tsavings plans, fixed-interest
securities, shares of listed companies and equity of retadifirms.
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The extent of portfolio diversification is measured in twoysa The first measure is
the number of distinct asset types held in a portfolio. Desipé simplicity, this measure
reflects decisions of individuals who follow a “naive” digéication strategy according to
the principle “don’t put all your eggs in one basket”. Suctatggy is often observed in
the behavior of nonprofessional investors who split thedaith evenly among all available
assets types hoping that this will reduce the risk of theepbrtfolio Benartzi and Thaler
200]). The second measure of diversification is designed to oaptore sophisticated in-
vestment strategies. Particularly, a sophisticated tovekfferentiates the assets according
to their return and risk properties and thereby assigns thehfferent “return-risk” classes.
Based on this classification, the investor then decides adrabination of assets to hold
given some expectations regarding the portfolio returmsraskiness.

Information about risk attitude that we use is collectechwithe SOEP-survey by ask-
ing the respondents how willing they are to take financidsi®ohmen et al(2005 show
that the SOEP survey measure of risk attitude is behawar@ibvant, in the sense that it is
predictive of actual risk-taking behavibrside from this valuable information, the SOEP
data give us several other advantages. Firstly, informatimut the ownership of different
asset types allow us to investigate real-life portfolioidens and hence to provide more re-
liable evidence than it would be possible in an experimesgting? Secondly, the data set
includes indicators of who is the main decision maker in askebold and provides detailed
socioeconomic information on this individual as well as thieole household. Thirdly,
the survey is conducted yearly and allows tracing indivisi@end households over time.
Finally, a significant advantage of the data is the size ofstraple. Even after we drop
all observations with missing data and exclude cases wheeeiaion maker could not be
identified, we still have a sample of 2,628 individuals olkiedrduring four years — from
2004 to 2007 — which amounts to a total of 10,512 observations

The results of our analysis show that risk aversion has afgignt effect on the propen-
sity to diversify. Moreover, we find that both the negativel ahe positive relationship
between the risk aversion and the willingness to diversiketplace. The negative rela-
tionship between the risk aversion and the propensity terdify is found in the following
instances. Firstly, the negative relationship emergesihe naive diversification strategy
is considered, that is when the extend of diversificationéasured by the number of dif-
ferent assets types held in a portfolio. In this case, theedegf diversification decreases
with the risk aversion.

Secondly, the negative relationship between the propetasitiversify and the risk aver-
sion is found when the sophisticated diversification sgate considered. In particular, the

10ther studies also demonstrate that self-declared rigk@gs are good predictors of the actual invest-
ment behavioriapteyn and Tepp2002 Fellner and Maciejovsky2007).

2Vlaev et al.(2008 present evidence that people behave more risk averse whesting in real life than
when making investment choices in laboratory experiments.
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probability of holding an incomplete portfolio increasesharisk aversion if the portfolio
consists only of risk-free assets. Such portfolio could g diversified by acquiring risky
assets which implies more risk. Accordingly, the willingséo diversify in this way is neg-
atively related to a person'’s risk aversion. Furthermdre,drobability of holding a fully
diversified portfolio comprising all asset types availabtehe market is also negatively
related to the risk aversion. In this case, a less diverggtiolio may be preferred to a
more diversified portfolio when the earlier comprises a $enalumber of risky assets or no
risky assets at all. This relationship is also found wherathaysis is performed only on a
sub-sample of relatively wealthy people (with wealth extieg the sample median wealth)
or the richest people (with wealth exceeding the 75th péileasf the sample distribution).
Hence, risk attitude affects the propensity to diversifyapendently of wealth.

The positive relationship relationship between the riskuate and the level of diver-
sification is found only in one instance. Specifically, whemsidering the sophisticated
diversification strategy, we find that the probability of amghan incomplete portfolio de-
creases with risk aversion if the portfolio consists of ongky assets. In this case, more
diversification could be achieved by acquiring some riglefassets, which would lead to a
reduction of the portfolio risk. Accordingly, the willingss to diversify is positively related
to risk aversion.

We also find that the majority of under-diversified portfslimonsist only of safe assets.
This observation sheds some light on the reasons of theinegekationship between risk
aversion and diversification decisions. As arguedbynes(1936, economic activity of
private households is dominated by safety and liquiditydsed-rom the point of view of
an average household that is credit constrained, finan@&@altiwvplays a role of a "safety
buffer" needed to smooth consumption during periods of llewme. Since asset holdings
are meant to provide safety in the first place, adding any réssets to a portfolio can be
viewed as adding more risk and reducing the "safety buffEntus, the tendency to confine
asset holdings to a "safety buffer" should be positivelater to a decision-maker’s risk
aversion. Our results are in line with this conjecture. Wel fimnat the more risk averse
an investor is the more he is inclined to hold an incompletfgia consisting of a few
safe assets. Furthermore, when regressing the numbekgfassets held in a portfolio
on the holdings of safe assets, we find a positive effect ohtimeber of safe assets on the
number of risky assets. Hence, a decision-maker is morky likeadd some risky assets to
his portfolio when safety needs are satisfied.

Thus, due to the important role of precautionary motivesaportfolio decisions of
private households and to the positive relationship batwisé aversion and accumulation
of safe assets, risk aversion has a negative impact on theemsdy to hold diversified
portfolios. For this reason, individual risk attitude stibbe considered as an important
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determinant of diversification decisions that helps exptae differences in the portfolio
composition among households and the high incidence ofrufidersified portfolios.

The remainder of the paper is organized as follows. In thé sestion, we review the
existing literature about the role of risk aversion for jpalrd diversification. The third
section describes our data and provides more details on ¢éasures of portfolio diversi-
fication. The fourth section presents the indicator of irdiral risk aversion. In the fifth
section, we test the main hypothesis and discuss the relBuliection six, we analyze the
role of precautionary motives for the diversification. Thstlsection concludes.

2.2 Literature Review

Academic research into determinants of portfolio diveratibn can be traced back to the
mean-variance analysis dfarkowitz (1952. Markowitz develops a model that explains
how investors select assets if they only care about the nrehveaiance of portfolio returns.
One of the model’s implications is that investors with higdkraversion prefer diversified
portfolios with moderate expected returns to undiversipedfolios with high expected
returns because diversification allows reducing portfaké associated with variance of
returns on individual assets. However, the capital asseing model (CAPM) that derives
from Markovitz’'s mean-variance analysis, does not prediuot relationship between the
risk aversion and the level of diversification. In contréis& model assumes that regardless
of the degree of risk aversion investors hold diversifiedfpbos, i.e. invest in all assets
available in the market. Risk aversion determines only theunt of wealth allocated to
individual assets.

Despite the predictions of CAPM numerous empirical studiesv that investors — and
especially private households — often hold incompletefplos (Hochguertel et al.1997
King and Leapel998 Boérsch-Supan and Eyman200Q Burton, 2001 Campbel] 2006
Yunker and Melkumian2010. Starting withBlume and Friend1979, empirical studies
try to explain why many private investors abstain from irtwegin risky financial assets
and usually hold under-diversified portfolios consistitigew risk free assetsBlume and
Friend 1975 Kelly, 1995 King and Leape1998 Benartzi and Thaler2001, Campbell
et al, 2003 Gomes and Michaelide2005 Polkovnichenkp2005 Goetzmann and Ku-
mar, 2008. However, only few of them analyze how risk aversion afeitte level of
diversification.

A theoretical study byCampbell et al(2003 shows that the level of diversification
might be a hump-shaped function of risk aversion. Spedicaldividuals with intermedi-
ate levels of risk aversion are predicted to hold multiple#sincluding risky investments;
in contrast, extremely risk-averse and risk-loving ineesshould hold less diversified port-
folios. The researchers explain this idea by noting thatesasky assets can be used to
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hedge against the fluctuations in their own future returriss iedging feature should be
attractive for investors with intermediate levels of risleesion, forming the middle of the
demand “hump”. On the outer sides of this hump are the vergeamative investors, who
tend to avoid any risk, and the extremely risk-tolerant gtges, who have little interest in
the intertemporal hedging. Therefore, very risk aversestors should choose to hold undi-
versified portfolios consisting mainly of safe assets;axtly risk-loving investors should
hold undiversified portfolios too, however in their caseesh portfolios will comprise few
risky assets; finally, investors with moderate risk aversaoe expected to hold the most
diversified portfolios consisting of all available assets.

Gomes and Michaelide@005 formulate a model of intertemporal portfolio choice
explaining the probability of diversification between twssat types: a risk free asset and a
risky one. The results of the analysis imply that probapit owning both types of assets
Is an increasing function of risk aversion. The explanatibthis relationship is risk-averse
investors are more prudent in money management and, rasggcare more likely to
accumulate wealth than their risk-loving counterpartsaifability of considerable financial
resources in turn motivates investors to acquire additiassets. Risk-prone investors, in
contrast, accumulate very little wealth and, correspoglgirmost of them do not have
enough means to cover the fixed costs of market participati@hhence hold only few
assets.

Empirical studies provide only scarce evidence on the &ffetrisk attitudes on diver-
sification decisionsKelly (1995 uses data from the 1983 Survey of Consumer Finances
to assess the level of diversification of the financial pdidfof US households. Diversi-
fication is measured in terms of the number of distinct stdeNd in a portfolio. While
controlling for a large number of investors’ charactedstithe authors find a negative ef-
fect of risk aversion on the number of stocks held in the ptid$ of wealthy people. Also
King and Leap€1987, 1998 find evidence of a negative relationship between risk avers
and diversification. Yet, none of these studies discussgsdobs risk attitude matter for
diversification and why is the relationship negative.

In sum, existing theoretical models of portfolio decisigmsvide conflicting predic-
tions regarding the relationship of risk aversion and difeation. Furthermore, empirical
evidence on the issue is very scarce. This paper contribottee literature by examining
the effects of risk aversion using micro-level data from&@EP survey.

2.3 Evidence on household portfolios from the SOEP

2.3.1 The data set

Our analysis is based on a sample of 2,628 individuals thétgmeated in four subsequent
waves, 2004 through 2007, of the the German Socioeconomiel PAROEP) survey. The
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data set presents a balanced panel. The unit of observatiam individual, single or a
member of a multi-person household. Most of the socioecandita including the risk
attitudes are collected at the individual level. Neverths| there is also detailed informa-
tion about the households that the surveyed individualsrggto.

An important issue that should be addressed in a study osiment behavior is the
guestion about who makes investment decisions in mulsgehouseholds. In order to
identify the decision maker we use two indicator-varialpesvided by the SOEP. The
first variable indicates who is the household head in a haideThe SOEP defines the
household head as a person with the best knowledge abouitioasdunder which the
household functions. Using this information, we keep ohlg household heads in our
sample. The second variable provides information abouayamnagement within multi-
person households. The exact wording of the respectiveguestion is: "How do you
and your partner (or spouse) decide what to do with the inctiraeeither you or your
partner or both of you receive?: (1) Everyone looks afteroa money, (2) | look after
the money and provide my partner with a share of it, (3) Mymartooks after the money
and provides me with a share of it, (4) We put the money togetheé both of us take what
we need, (5) We put a share of the money in together, and batb kéep a share of it for
ourselves". Only individuals who chose alternatives 1 amage2kept in our sample. Thus,
the sample consists of individuals who are household herdisuage primarily responsible
for the management of the household money.

2.3.2 Ownership of financial assets

The SOEP survey contains information on whether a houseivahd any of the following
six types of financial assets: bank saving deposits, moetgagings plars life insurance
policies, fixed-interest securities (including federalisgs bonds, saving bonds issued by
banks and mortgage-backed bonds), security papers af stmpanies (including stocks,
bonds and equity warrants held directly or through mutuatif), and equity of non-listed
firms. Information about the money amounts invested in eashtalass is not provided.

Figure 2.1 documents the fraction of households owning feeified asset types at
the beginning and at the end of the observation period. Agplt bank deposits, life
insurances and mortgage savings plans are the three fihasegds that are most frequently
held by private households in our sample. The figures do rem@ very much over the
four years, although a slight decline in the ownership ofkbdeposits and life insurances
is observable.

3The German term is “Bausparvertrag".
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Figure 2.1: Ownership rates of different asset types in dnepde
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2.3.3 Measures of diversification

Despite the fact that the analysis of portfolio diversificathas a long history, there is no
common approach to the measurement of diversification isétoaid portfolios. Empirical
studies suggest diverse approaches depending on the HdatedaBlume and Friend1975
use the total number of securities constituting a portfaoa measure of diversification.
Goetzmann et a{2009 correct the total number of financial instruments for theeation
among returns on these instruments in order to account &siymdiversificatiort. These
measures are well suited for an analysis in the framework afkiblvitz’'s mean-variance
approach. However, both methods require the informati@uashare of wealth allocated
to each individual security paper. This information of allrarely provided in household
surveys.

Most household surveys report which assets are held or atwi@d amounts are in-
vested in broad groups of assets. Beside the difficulty tainl#xact information about
pecuniary circumstances from private persons, the telydenoollect unspecific informa-
tion stems from the fact that most households hold very smnppktfolios. For example,
Campbell(2009 shows that the majority of household financial portfolinghe United
States are poorly diversified. Liquid assets (e.g., casimade funds) play the dominant
role for the poor, while less liquid savings (e.g., savingsoaints, life insurance contracts)
dominate the portfolios of middle-class househol@sarroll (1995 documents a similar
pattern of portfolio composition among European househditbreover, as shown [ie-
nartzi and Thalef2001), it is not rare for nonprofessional investors to follow sonaive or
heuristic diversification strategy, e.d/n strategyaccording to which investors split their
wealth evenly among available assets.

“Passive diversification means that correlation betweeivithehl assets included in a portfolio is not
taken into account, only the number of assets matters.
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Taking into account the specifics of our data and the tendehtypuseholds to hold
simple portfolios, we construct two alternative measufgmafolio diversification — "naive
diversification" and "sophisticated diversification".

Naive diversification

Naive diversification is achieved by investing in all avhlmassets.Accordingly, the more
asset types are held in a portfolio, the more diversified thdqlio is. The SOEP data allow
identification of six distinct asset types. Figure 2.2 shtwvesdistribution of individuals in
our sample by the number of asset types held. Apparentliatpest fraction of individuals
allocates wealth among two or three asset types; while anofesix-assets portfolios make
up less than one percent of the sample.

Figure 2.2: Number of asset types held in portfolios
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Sophisticated diversification

Our second measure of diversification is constructed taucaphore sophisticated invest-
ment patterns. It accounts not only for the number of askatslso for their degree of risk
and combination in a portfolio. The measure is construcssolbows.

The six available asset types are grouped into three classesding to their riskiness:
low risk, moderate riskandhigh risk (see Table 2.1). Because we do not know the returns
on each individual asset, defining riskiness accordingeankan-variance approach is not
possible. Instead, we use a more simple, but feasible, @@tegjon drawing upomlume
and Friend1975 andBérsch-Supan and Eymai2000).°

5The term “naive diversification” is often used to reflect thetfthat an equal amount of wealth is attached
to all assets availablBeMiguel et al.(2009. We refer only to the number of asset types due to the data
constraints of the SOEP.

6This approach has also been applieddgssie et al(2000, Banks and Smitif2000), Bertaut and Starr-
McCluer (2002, Guiso and Jappel(2000.
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This categorization is justified as follows. Bank deposits@early safe because their
returns do not exhibit any variation and are guaranteed byfittancial institution. The
returns on fixed-interest assets are also stable; howédwereal payoff depends on the
duration and on the issuer’s rating. Holders of life insempolicies do not bear the risk
of losing the entire investment, but the real return upomieation is uncertain and can
be significantly lower than the expected return. Listed sgea and equity of non-listed
firms are the most risky, since stock prices and dividendsaedlsas firms’ value are volatile
and uncertain. In accordance with the “no free lunch prile€ifhe lowest expected return
Is assigned to assets in thafe classrelatively risky assetare assumed to have moderate
expected returns; the highest expected return is assignasisets in theisky class We
assume that the defined asset classes are not perfectliyglgsgibrrelated.

Based on this classification rule, we define seven portfgpes (Table 2.2). A portfolio
that consists of assets from only one class, i.e., either saftively risky, or risky, has the
least degree of diversification and is referred taadiversified Depending on what asset
type is held, an undiversified portfolio can have low risk{&yl), moderate risk (Type 2),
or high risk (Type 3). A portfolio that includes assets frotrieast two different classes
is referred to agjuite diversified Different types of quite diversified portfolios are defined
according to the degree of risk of the included individualesypes: Type 4 includes safe
and relatively risky assets, Type 5 consists of safe ang askets, and Type 6 contains
relatively risky and risky assets. Finally, thdly diversifiedportfolio (Type 7) is one that
includes assets from all three classes.

Figure 2.3: Distribution of individuals by portfolio types
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Type 1:  undiversified portfolio of safe assets;

Type 2:  undiversified portfolio of relatively risky assets;

Type 3:  undiversified portfolio of risky assets;

Type 4:  quite diversified portfolio comprising safe and tielly risky assets;
Type 5:  quite diversified portfolio comprising safe and yigissets;

Type 6:  quite diversified portfolio comprising relativeligky and risky assets;
Type 7:  fully diversified portfolio includes assets from thitee risk groups.
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The sample distribution with respect to the seven portfiylpes (Figure 2.3) indicates
that households have a strong tendency towards safety:aftb&m hold either incomplete
portfolios of safe assets or a mix of safe and relativelyriggsets. Individuals who diver-
sify their investments over all three asset classes arenalseerous. Owners of portfolios
with few risky assets constitute a minority in our samplenétg if the risk/return profiles
assigned to the six asset types are correct, we can argumdisathouseholds choose to
forgo higher returns in favor of safety of their investments

2.4 Risk aversion

As a measure of risk aversion, we use individuals’ self-reggbattitudes towards financial
risks. This information is collected by the SOEP in 2004 yirmgthe respondents to assess
the strength of their willingness to take risks when invagin money. The exact wording
of the SOEP question is: "How would you rate your willingnéssake risks in financial
matters on a scale from 0 (not willing to take any risks) tofLQy prepared to take risks)?"
The validity of the individuals’ responses to the questiaswerified experimentally and
it was shown that the self-reported attitude towards firemisk is consistent with actually
done investment choicés.

Two adjustments are made to the original indicator of risituates to make it suitable
for the purposes of our analysis. First, we convert the mtdicfrom being a measure of
risk tolerance into a measure of risk aversion. This is agimmed by reversing the scale
so that its higher numbers correspond to higher risk aversi@' denotes "fully prepared
to take risks", i.e. the lowest risk aversion, and "10" desdhot willing to take any risks",
I.e. the highest risk aversion. The new discrete variatdedmerges is calleleRA Figure
2.4 presents the sample distribution of individuals acicgytb the level of risk aversion in
2004. Apparently, the majority of respondents perceivetgedves as highly risk averse.

Because information about risk attitudes is available amigne year, a further adjust-
ment is necessary to make it applicable in a panel-data xiori€e treat the measure as
a time-invariant variable assuming that attitudes towaisks remain stable over the four-
year period, which appears to be a reasonable assumptiperfiods of normal economic
conditions®

’For details and discussion of the validity tests, Beamen et al(2005.
8Barsky et al(1997) provide evidence that risk preferences are in fact reditistable over time.
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Figure 2.4: Distribution of individuals by degree of riskeaision
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2.5 Regression analysis

2.5.1 The model

The goal of the study is to answer the question how does rigkde affect the extent of
diversification of financial portfolios. To answer this gties, we model the probability
of observing a certain combination of assets as a functigiskbfaversion and a set of so-
cioeconomic variables. The later comprise various fadtora household- and individual-
specific level that are considered as important determsnafninvestment behavidr.De-
scription of the variables is provided in Table 2.4. Sumnsayistics are reported in Table
2.5.

The two diversification measures are categorical variakiés] mutually exclusive and
exhaustive alternatives. Specifically, the measure ofendiversification takes on 5 succes-
sive values, from 0 to 4, according to the number of assetstpgwened by a household;
the measure of sophisticated diversification takes on &sgatarresponding to the portfolio
types defined earlier in Section 3.2.2 including the casenwttne of the specified asset
types are held.

To test the effects of risk aversion on naive diversificatinshould fit the data to an
ordered logistic regression model because of the ordinareaf the dependent variable.
However, after we estimated the model, the resultBraint (1990 test indicated that the
parallel regression assumption (also called the propmatiodds assumption) is violated

9There is a wide agreement in the empirical literature theicemonomic and demographic characteristics
of investors have significant influence on portfolio deaisioln particularUhler and Cragd1971) andTin
(1999 find that differences in income, age, and education exg@darge portion of variation in number of
different financial assets held by U.S. households; evidérmm more recent studies supports this finding
(King and Leape1998 Hochguertel et a] 1997 Borsch-Supan and Eyma200Q Burton, 2001, Campbell
20086.
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and the data should be fitted to another model. Simil&titer and Cragd1971), we em-
ploy a pooled multinomial logistic regression that relatkessproportional odds assumption.
Furthermore, the Hausman test for independence of irnetalternatives (I1A) confirmed
that multinomial logit model is more appropriate in our case

The model is specified as follows. For the casé otitcomes, where J=5, the probabil-
ity of observing a particular outcome(Y;), is:

exr(X’Bj)
S ne18XPX'Bn)’

P(Yj) = (2.1)

n=0,1,2..J j=012..3J; J#n

X is the vector of explanatory variables that includes thesuesof financial risk aver-
sion and a range of control variables. Year dummies are atdoded in order to control
for time-specific effects. We compute robust standard susing Huber-White "sandwich”
estimator of variance that allows for clustering of obs&ores by individuals.

The effects of risk aversion on sophisticated diversifaratire estimated using the same
multinomial logistic regression model with the sole diffiace that the number of outcomes,
J, is now equal to 8. Control variables are the same as in treeweiiis naive diversification.

2.5.2 Impact of risk aversion on “naive” diversification

The estimated marginal effects of explanatory variablemame diversification and the
predicted probabilities of holding a given number of asse¢ésdocumented in Table 2.5.
The marginal effects and probabilities are calculated &=+ while continuous variables
are held at their sample means and dummy- and count-vasiabdeheld at zero.

Overall, the predicted probabilities are largely in lingltwihe sample distribution of
individuals with respect to the number of asset types hell portfolio. Individuals with
risk aversion score equal to 5 are most likely to hold poidfobf two and three assets. The
respective predicted probabilities are 29 and 27 percent.

The estimated marginal effects suggest that risk aversian important determinant of
the number of assets held in a portfolio. The probability @liing one asset is predicted
to increase by one percent when level of risk aversion rigesne unit. The likelihood
of a two-asset portfolio is also predicted to rise with irmsi@g risk aversion; the effect
is however statistically not significant. The probabilitiylwlding more than two assets
is negatively related to risk aversion. In particular, adividual is by 0.8 percent less
likely to invest in three different assets while likelihootinvesting in four and more assets
decreases by one percent when risk aversion rises by one.

Because the effects of variables in a multinomial model may across the range of
the variables’ values, it is useful to look at the probaieititof outcomes predicted at all

25



levels of risk aversion. Hence, to provide a more completeupe of the changing effects
of risk attitude on diversification, we estimate the probtaés to hold a particular number
of asset types for each degree of risk aversion (see Figh)e \2le find however, that the
effects seem to be constant at the whole range of values. dverethe figures clearly
show a negative relationship between risk aversion andkbihood of holding multiple
assets. The most risk tolerant individuals invest in attl&as assets with probability of
20 percent. Their very risk averse counterparts do the saithemuch lower probability
of 10 percent. The likelihood of a three-asset portfoli@alscreases with rising levels of
risk aversion. On contrast, the line describing the retetiop between risk aversion and
the probability of holding one asset rises with risk avarsio

Figure 2.5: Effect of financial risk aversion on the probigpibf holding particular number
of asset types in portfolio
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Hence, our results reveal a negative link between risk aneend diversification. How-
ever, robustness of the results should be additionallgdelsecause investors may follow
more sophisticated diversification strategies rather siarply going for the number of
distinct assets. This issue will be investigated in moraitigt the next section.

2.5.3 Impact of risk aversion on “sophisticated” diversifiation

In this section we analyze the effects of individual riskrai@n on portfolio diversification
assuming that households follow a more sophisticated imess strategy. To this end, we
proceed with estimating a model where the measure of sogdtesti diversification serves
as dependent variable. The estimated marginal effectslo&viersion on the probability of
given portfolio types are reported in Table 2.6.

Households with average risk aversion score of 5 are masyltk hold portfolio “Type
4" i.e. quite diversified portfolio comprising safe andatalely risky assets; the estimated

26



probability is 32 percent. Respective marginal effect & #ariable FRA suggests that
likelihood of this portfolio type rises by one percent if tlesel of risk aversion increases
by one unit. The estimated probability of a fully diversifipdrtfolio is somewhat lower,
24 percent, and is decreasing in risk aversion.

Figure 2.6: Effect of financial risk aversion on the probigpibf holding a particular port-
folio type according to the “sophisticated” diversificatiule

Probability
50% —Typel -k Typed -WType5 Type 7
45%

40%

35% //—-‘
30%
25%

20% _—
15%

10%

5%

0 1 2 3 4 5 6 7 8 9 10
Degree of financial risk aversion

(0 - lowest, 10 - highest)
Type 1:  undiversified portfolio of safe assets;
Type 2:  undiversified portfolio of relatively risky assets;
Type 3:  undiversified portfolio of risky assets;
Type 4:  quite diversified portfolio comprising safe and tietdy risky assets;
Type 5:  quite diversified portfolio comprising safe and yislssets;
Type 6:  quite diversified portfolio comprising relativelgky and risky assets;
Type 7:  fully diversified portfolio includes assets from thitee risk groups.

Figure 2.6 illustrates how the probabilities of holding sipecified portfolio types change
with levels of financial risk aversion. The likelihood of uwmersified portfolio "Type 1"
rises at an increasing rate as risk aversion gets stronpernelationship between the prob-
ability of quite diversified portfolio "Type 4" and risk av@on is also positive. However,
the effect is especially strong for the lower than averagel$eof risk aversion and gets
sufficiently weaker for the above average levels of risk sieer. For both portfolio types,
the effect is quite plausible. As risk aversion gets stronigdividuals tend to invest in safe
assets.

An opposite relationship emerges when we look at the prdibabf a quite diversi-
fied portfolio "Type 5"; the probability decreases almosehrly when risk aversion gets
stronger. Since the portfolio "Type 5" is a mix of safe and#yiassets, it is not surprising
that more risk averse investors are less willing to holdthissthan their more risk tolerant
counterparts.
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Finally, the effect of risk aversion on the probability ofitimg fully diversified portfolio
"Type 7" is negatively related to risk aversidh Assuming that returns on different asset
types are not perfectly positively correlated and therenargransaction or entry costs, we
would expect that fully diversified portfolio is more attt@e to individuals with moderate
risk aversion than to very risk averse or risk tolerant itwes Instead we find a strong
and almost linear negative relationship. Thus, our findidigagree with predictions of
Campbell et al(2003 andGomes and Michaelidg2009 but are in line with findings of
Kelly (1995 andKing and Leapg1987, 1998.

2.6 Extension 1. Wealthy investors

When it comes to portfolio decisions, the amount of wealttypla crucial role. So far, we
attempted to control for the effect of wealth by includingalte as an explanatory variable
in the regressions. The estimation results show that wéalsha strong (in economic and
statistical sense) effect on the diversification decisione also find that when wealth is
fixed, risk attitude has a significant effect on the propegrmsidiversify. From these results,
we concluded that risk attitude plays a significant role pedelently of wealth. However,
risk attitude and wealth are correlated. For instance, wktfiat risk aversion decreases as
wealth increase$t So, by simply including both variables in a regression maaight be
insufficient to disentangle their effects. Thus, it is pbksthat our main result regarding
the negative relationship between the diversification askdaversion emerges due to the
collinearity between the risk attitude and wealth.

To prove whether risk attitude is indeed a relevant factahefdiversification decisions
regardless of wealth, we perform the analysis presentdteiprteceding sections on a sub-
sample of wealthy people. Specifically, we construct twaugsoof wealthy individuals:
1) the relatively wealthy people with wealth exceeding tample median and 2) the rich
people with wealth exceeding the 75th percentile of the sautigtribution. We then esti-
mate the same regression models as reported in Tables @Uugth.7 separately for each
of these sub-samples. The specification of explanatorabkes is similar to regressions
reported Tables 2.5 through 2.7. One exception is thatadsté including dummy vari-
ables for the percentiles of the wealth distribution, we noglude a continuous variable

Owe also estimate the effects of risk aversion on the sophistil diversification in a model where we
additionally include ownership of commercial real estatd galue of household total assets and liabilities
as control variables. As the data on these variables ar@abieafor 2007 only, the model is estimated with
a cross-sectional data set. Nevertheless, the result;me8téor this specification once again confirm the
negative relationship between risk aversion and proligimfinolding a diversified portfolio.

HThe coefficient of correlation between the risk aversion #wechousehold wealth and is -0.12 (the coef-
ficient is statistically significant at 5% level) and betwéertome is -0.23 (the correlation is statistically not
significant). When we regress risk attitude on wealth androbfor other socioeconomic characteristics of
individuals, we find a statistically significant negativéeet of wealth on risk aversion. For brevity, we do not
present the results here but we would be happy to provide toéhe interested reader upon request.
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In(Wealth) which is a natural logarithm of the household iearhe results with respect
to the effect of risk attitude on the probability of holdingarticular combination of assets
are reported in Tables 2.8 through 2.10.

The results reveal a similar pattern as the one receivechéowhole sample of indi-
viduals. For instance, for the relatively wealthy and tloh riwe find again a negative and
statistically significant effect of risk aversion on thelpability of holding a fully diversified
portfolio. We also find a positive and a statistically sigrafit effect of risk aversion on the
probability of holding an incomplete portfolio consistinfsafe assets. Finally, the proba-
bility of holding an incomplete portfolio of risky assetsisgatively related to risk aversion.
Hence, our results regarding the effects of the risk atituold also for the wealthy people.
Therefore we can conclude that risk attitude affects théf@or diversification decision
independently of how wealthy an investor is.

2.7 Extension 2: The role of precautionary motives

Our analysis reveals a negative relationship between tinfeséed individual risk aversion
and the probability of holding a diversified portfolio and aspive relationship between
the risk aversion and the probability of holding an undeedsified portfolio comprising
fisk-free assets. How can this finding be explained? An exgtian can be found when one
thinks about the motives behind saving by private househ@adtisfaction of precautionary
needs has long been considered as one of the main motivessoinpgé saving. Already
Keynes(1936 suggests that economic activity of private householdsisidated by safety
and liquidity needs. A number of more recent applied worksicm the relevance of the
precautionary motive for savingkinner 1988 Zeldes 1989 Caballerg 1991 Wilson,
2003 Ventura and Eisenhauy&t005.

For any particular household, its individual safety nedusutd determine what mix of
assets is held. If this conjecture holds, then the most aladecision for a household would
be first and foremost to invest in safe assets like cash amdgsdgposits. Only when basic
precautionary needs are satisfied, a household acquires atlore speculative types of
assets, like bonds or stocks. Thus, it is reasonable to a&sthahif a household owns only
one asset type, it will be a safe one. This assumption caesordth what we observe in
our sample (see Figure 2.3). Therefore, we expect thatighais’ propensity to invest in
risky assets is higher when their safety needs are satisfied.

To test this hypothesis, we estimate an additional multiablogit model. The depen-
dent variable in this model represents the number of riskgtasheld in a portfolio. The
explanatory variables include risk aversion, socioecan@nd wealth variables. In addi-
tion, we control for the number of safe assets held in a plwtfdNs, e assets EStimated
marginal effects are reported in Table 2.7.
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As expected, the results confirm a positive relationshipvbeh the number of safe
assets and the ownership of risky financial assets. Cetaribys, ownership of a unit
increment in the number of safe assets reduces the prdigabgit a household refrains
from risky assets by 9 percent, while the likelihood of ovgnome risky asset increases
by 8.8 percent. The probability of holding two and more rigigsets is also positively
associated with a unit increment in safe assets. Thus, weaaiude that propensity to
diversify by including risky assets into a portfolio is inctehighly dependent on whether
safety needs are satisfied.

2.8 Conclusions

This paper explores the link between self-declared risksaoe and the level of diversifi-
cation in financial portfolios of private households. Takinto account a wide range of so-
cioeconomic and demographic characteristics of househwold find that diversification is
negatively related to the level of risk aversion. This resuh odds with the mean-variance
principle of Markowitz (1952 and the capital asset pricing model. On the other hand, our
findings are largely in agreement wiktelly (1995 andKing and Leap&1998 who also
find a negative influence of risk aversion on the number oftasgsdd in a portfolio.

Our explanation of the finding is that most consumers aretcredstrained and hence
depend on safe and liquid assets as a "safety buffer" meamaooth their consumption
in periods of low income. Hence, for most individuals thenmary function of financial
wealth is to serve precautionary and liquidity needs. Respdy, adding any risky asset
to portfolio is viewed as adding more risk into portfolio aedliucing the safety buffer. The
higher the risk aversion the larger safety buffer a housblvoluld aim at and the less likely
it will be to own risky assets. In effect, more risk averse geare more likely to hold
incomplete portfolios consisting of safe and liquid assets

Obviously, variation in risk attitudes in the populatioself does not suffice to explain
the high incidence of incomplete portfolios. Other factdes poor financial sophistication,
participation costs and other factors discussed in libeegtlay definitely an important role.
Therefore, the role of risk attitudes should be consideoadidementary to the other factors
affecting the portfolio diversification.
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Appendix A

Table 2.1: Categorization of asset types according to tiskiiness

Low Risk Moderate Risk High Risk
Bank deposits Life insurance policies Listed securities
Mortgage savings plans  Fixed-interest securities Eqditoo-listed firms

Table 2.2: Definition of portfolio types according to stigits of "sophisticated diversifica-
tion"

Portfolio type Level of diversification Asset classes irmttgd in portfolio

safe relatively risky risky
Type 1 Undiversified + - -
Type 2 Undiversified - + -
Type 3 Undiversified - - +
Type 4 Quite diversified + + -
Type 5 Quite diversified + - +
Type 6 Quite diversified - + +
Type 7 Fully diversified + + +

" + " indicates that at least one asset of particular type is odwhe&indicates that
no assets of particular type are owned.
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Table 2.3: Description of explanatory variables

Variable Description
FRA Degree of financial risk aversion, on a scale from 0 (vew)lto 10 (very high)
Household Income  Net annual income of all household memireEuro
Household Wealth ~ Total value of financial assets and reglgutg owned by the household, in Ediro

Personal Wealth

Real Property (d)
Female (d)

Age

University (d)
Employed (d)
Self-Employed (d)
Retired (d)

Adults

Children
Concerned

East Germany (d)

The value of personal share of the houssholdl assets owned by the household
head, in Eurd

= 1 if the household owns real propertyh@atise

= 1if the household head is female, 0 if male
Age of the household head in years

= 1 if with university degree, 0 otherwise

= 1if the household head is employed, 0 otherwis

= 1 if the household head is self-emplo@eatherwise

= 1if the household head is retired, 0 otherwise
Number of adult household members (older than 18syear

Number of children up to 18

A categorical variable indicating whether thdvidual is concerned about his fi-
nancial standing (=1 very concerned, 2 = somewhat conceBredot concerned at
all)

= 1if the household head lives in East Gegman

Note (d) denotes dummy-variable$.Data about financial and real assets were collected by the®SOE
2002 and 2007 only. For years 2004 through 2006, we calctd&dbwealth based on the assumption that
its value changes linearly over time.
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Table 2.4: Summary statistics of explanatory variables

2004 2007
Variable Mean Std. Dev. Mean Std. Dev.

FRA 7.53 2.28 7.53 2.28
Household Income 25,657 16,014 27,343 20,841
Household Wealth 12,883 44,021 13,917 50,304
Personal Wealth 9,194 39,248 10,325 45,313
Real Property 0.34 0.47 0.36 0.48
Female 0.44 0.50 0.44 0.50
Age <25 0.03 0.18 0.01 0.08
Age 25-35 0.21 0.40 0.17 0.37
Age 46-55 0.17 0.37 0.18 0.39
Age 56-65 0.14 0.35 0.14 0.35
Age 66-75 0.14 0.35 0.16 0.37
Age >75 0.08 0.27 0.11 0.31
University 0.19 0.39 0.21 0.40
Employed 0.58 0.49 0.57 0.50
Self-Employed 0.06 0.24 0.07 0.25
Retired 0.30 0.46 0.33 0.47
Married 0.28 0.45 0.29 0.45
Separated 0.42 0.49 0.45 0.50
Adults 1.66 0.72 1.64 0.74
Children 0.38 0.76 0.34 0.70
Concerned

- very concerned 30.40 0.46  28.01 0.45

- somewhat concerned  50.42 0.50 48.82 0.49

- not concerned at all 19.18 0.39 23.17 0.42
East Germany 0.28 0.45 0.28 0.45

Number of individuals in the panel, N = 2,628
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Table 2.5: The effects of financial risk aversion on “naive/edsification

The table reports marginal effects after multinomial logigression. The dependent variable is a categorical Varihht takes four
successive values, corresponding to the number of assegslaeld in a portfolio. VariabERAIndicates the degree of financial risk
aversion and takes values from O (lowest risk aversion) tdighest risk aversionHousehold Wealth 40firoughHousehold Wealth
100pare dummy variables indicating respective wealth perlemntiousehold Wealth 20genotes the lowest 20-percentile and is the
base categoryAge> 25 throughAge> 75 are age group dummies wige46-55 being the base categoBrobability of outcomés

the predicted probability of holding a given number of asgpés. The marginal effects and predicted probabilitiescatculated at
FRA =5, while continuous variables are held at their meamsdarmmy- and count-variables at 0. Cluster robust standaotseare
reported in parentheses. Levels of significarfgex 0.10,* p < 0.05* p < 0.01.

Nassets= 0 Nassets= 1 Nassets= 2 Nassets= 3 Nassets> 4

FRA 0.004** 0.010%*** 0.004 -0.008** -0.010%**
(0.002) (0.003) (0.003) (0.003) (0.003)
In(Household Income) -0.094***  -0.145%** -0.026 0.143*** 0.123**
(0.011) (0.015) (0.017) (0.017) (0.015)
Household Wealth 40p (d) -0.076*** 0.018 0.053 -0.004 0.009
(0.011) (0.030) (0.036) (0.037) (0.038)
Household Wealth 60p (d) -0.101** -0.039* -0.003 0.051* 002***
(0.013) (0.020) (0.025) (0.026) (0.027)
Household Wealth 80p (d) -0.070*** -0.036 0.006 0.030 0:070
(0.014) (0.023) (0.028) (0.030) (0.028)
Household Wealth 100p (d) -0.054*** -0.054** -0.067** 0.04 0.134%**
(0.015) (0.025) (0.028) (0.033) (0.034)
In(Personal Wealth) -0.007**  -0.007*** -0.001 0.006*** 0.009%***
(0.001) (0.002) (0.002) (0.002) (0.002)
Real Property (d) -0.024** -0.048*** -0.002 0.041* 0.033**
(0.012) (0.017) (0.019) (0.022) (0.017)
Female (d) 0.017** 0.012 0.045%* -0.025 -0.049%**
(0.009) (0.013) (0.015) (0.015) (0.013)
Age <25 (d) 0.004 -0.065** -0.052 0.012 0.101*
(0.028) (0.031) (0.042) (0.051) (0.058)
Age 25-35 (d) -0.015 -0.025 -0.026 0.012 0.055***
(0.011) (0.019) (0.020) (0.021) (0.019)
Age 36-45 (d) 0.018 0.071%** -0.002 -0.048** -0.038**
(0.013) (0.024) (0.022) (0.020) (0.015)
Age 56-65 (d) 0.004 0.130%** 0.010 -0.093***  -0.050***
(0.015) (0.029) (0.026) (0.023) (0.017)
Age 66-75 (d) 0.008 0.190%*** 0.033 -0.152%*  -0.079***
(0.020) (0.041) (0.037) (0.027) (0.021)
Age >75 (d) 0.013 0.327*** -0.054 -0.158***  -0.128***
(0.023) (0.048) (0.037) (0.029) (0.016)
University (d) -0.031%** -0.022 -0.007 0.032* 0.028*
(0.0112) (0.017) (0.018) (0.018) (0.015)
Employed (d) -0.056%** -0.034** -0.010 0.080*** 0.021
(0.011) (0.017) (0.020) (0.021) (0.018)
Self-Employed (d) 0.032 0.013 -0.007 -0.042* 0.005
(0.022) (0.027) (0.025) (0.025) (0.020)
Retired (d) -0.022 -0.013 0.002 0.073** -0.040*
(0.015) (0.025) (0.030) (0.035) (0.024)
Married (d) -0.014 0.008 0.002 -0.014 0.018
(0.013) (0.021) (0.022) (0.022) (0.018)
Separated (d) 0.038*** 0.024 0.032 -0.053*** -0.042**
(0.013) (0.018) (0.021) (0.020) (0.017)
Adults 0.019%** 0.006 -0.006 -0.017 -0.002
(0.007) (0.011) (0.013) (0.013) (0.010)
Children 0.022%** 0.026*** 0.002 -0.023** -0.028***
(0.006) (0.010) (0.0112) (0.011) (0.008)
Concerned -0.025***  -0.025*** 0.002 0.022** 0.026***
(0.006) (0.008) (0.010) (0.010) (0.008)
East Germany (d) -0.020** -0.016 0.022 -0.002 0.016
(0.009) (0.014) (0.016) (0.017) (0.015)
Year Dummies Yes Yes Yes Yes Yes
Probability of outcome 0.10 0.20 0.29 0.27 0.14

Probability(y?) = 0.00, Log-Likelihood = -14052, Pseud®s-= 0.16, Nyps= 10,512
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Table 2.6: The effects dinancialrisk aversion on “sophisticated” diversification

The table reports marginal effects after multinomial lagigression. The dependent variable is a categorical Varthht takes eight
different values corresponding to the seven portfolio $ygefined in Section 3.2.2 plus the category “no assets” abFRA indicates the
degree of financial risk aversion and takes values from Oggbwisk aversion) to 10 (highest risk aversiokjousehold Wealth 40through
Household Wealth 100gare dummy variables indicating respective wealth perteentiousehold Wealth 20genotes the lowest 20-percentile
and is the base categorfge> 25 throughAge> 75 are age group dummies wiltge46-55 being the base categoBrobability of outcome
is the predicted probability of holding a given number ofeddgpes. The marginal effects and predicted probabildiescalculated at FRA
=5, while continuous variables are held at their means amchaly+ and count-variables at 0. Cluster robust standardsa@ reported in
parentheses. Levels of significané¢g < 0.10,** p < 0.05** p < 0.01.

Undiversified Quite diversified Fully diversified
No assets Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type 7
FRA 0.005***  0.017*** 0.001 -0.004***  0.012***  -0.008***  -0.003*** -0.019***
(0.002) (0.003) (0.001) (0.001) (0.004) (0.003) (0.001) .00a)
In(Household Income) -0.101***  -0.153***  -0.013*** -0.00 0.019 0.009 0.019*** 0.224**
(0.011) (0.016) (0.005) (0.004) (0.019) (0.012) (0.005) .020)
Household Wealth 40p (d) -0.078*** 0.064* -0.020*** -0.006 0.021 0.011 0.003 0.006
(0.011) (0.033) (0.006) (0.007) (0.038) (0.029) (0.012) .045)
Household Wealth 60p (d) -0.103*** 0.009 -0.025%** -0.003 0.024 0.062** 0.006 0.078**
(0.014) (0.022) (0.007) (0.006) (0.028) (0.026) (0.008) .08a)
Household Wealth 80p (d) -0.073*** -0.020 -0.012* 0.004 081 0.054* 0.010 0.067*
(0.015) (0.024) (0.007) (0.007) (0.031) (0.029) (0.009) .08B)
Household Wealth 100p (d)  -0.059***  -0.066*** -0.002 -0B0  -0.069** 0.050 0.015* 0.134***
(0.016) (0.025) (0.008) (0.007) (0.034) (0.033) (0.009) .040)
In(Personal Wealth) -0.008***  -0.006***  -0.002*** -0.001 -0.003 0.005*** -0.000 0.015***
(0.001) (0.002) (0.000) (0.000) (0.002) (0.002) (0.001) .003)
Real Property (d) -0.020* -0.002 -0.012** 0.003 0.045** 008 -0.001 -0.003
(0.012) (0.018) (0.005) (0.005) (0.023) (0.014) (0.005) .023)
Female (d) 0.018** 0.007 0.004 0.011** 0.014 -0.004 0.002 .05@***
(0.009) (0.014) (0.004) (0.005) (0.017) (0.011) (0.004) .019)
Age <25 (d) 0.001 -0.043 -0.008 0.013 -0.104** -0.014 0.028 0*128
(0.028) (0.034) (0.010) (0.017) (0.044) (0.031) (0.035) .060)
Age 25-35 (d) -0.017 -0.001 -0.009 -0.003 -0.031 0.024 -D.00 0.043*
(0.012) (0.021) (0.006) (0.005) (0.022) (0.018) (0.005) .078)
Age 36-45 (d) 0.019 0.058** 0.017* 0.006 -0.044** -0.020 020 -0.038*
(0.014) (0.025) (0.009) (0.007) (0.022) (0.015) (0.005) .022)
Age 56-65 (d) 0.005 0.135*** 0.021* -0.010** -0.046* 0.000 0.003 -0.102***
(0.016) (0.033) (0.011) (0.004) (0.027) (0.021) (0.006) .023)
Age 66-75 (d) 0.004 0.218*** 0.002 0.009 -0.124%** 0.021 005 -0.124%**
(0.021) (0.046) (0.011) (0.015) (0.032) (0.031) (0.008) .080)
Age >75 (d) 0.008 0.345%**  -0.019*** 0.001 -0.141%* -0.015 -0** -0.164***
(0.023) (0.053) (0.007) (0.011) (0.034) (0.026) (0.005) .028)
University (d) -0.033*** -0.029 -0.001 0.009 -0.046** 0.61 0.019** 0.063***
(0.011) (0.018) (0.006) (0.007) (0.019) (0.013) (0.007) .0R)
Employed (d) -0.056*** -0.022 -0.003 -0.013** 0.043** 0.03 -0.006 0.025
(0.011) (0.017) (0.006) (0.006) (0.021) (0.018) (0.009) .02)
Self-Employed (d) 0.029 -0.055** 0.009 0.017 -0.058** 0004 0.020** -0.001
(0.023) (0.023) (0.009) (0.010) (0.027) (0.025) (0.009) .029)
Retired (d) -0.022 -0.007 -0.000 -0.016** 0.045 0.035 -0.01 -0.025
(0.016) (0.026) (0.008) (0.008) (0.034) (0.029) (0.009) .08B)
Married (d) -0.016 -0.019 0.013 0.002 0.021 -0.013 0.002 1@.0
(0.013) (0.021) (0.008) (0.006) (0.026) (0.015) (0.006) .028)
Separated (d) 0.039*** -0.006 0.012* 0.008 0.041* -0.014 .oz -0.078***
(0.013) (0.018) (0.006) (0.006) (0.023) (0.014) (0.006) .023)
Adults 0.023*** 0.021* -0.001 -0.001 0.011 -0.014 -0.006 .0B4**
(0.007) (0.012) (0.004) (0.003) (0.013) (0.009) (0.004) .01@9)
Children 0.027*** 0.032%** 0.008** -0.002 0.008 -0.022**  0.006** -0.046***
(0.006) (0.011) (0.003) (0.003) (0.012) (0.010) (0.003) .01@)
Concerned -0.027**  -0.021** -0.006* 0.003 -0.011 0.013* .003 0.045***
(0.006) (0.009) (0.003) (0.003) (0.010) (0.007) (0.003) .01a)
East Germany (d) -0.023*** -0.012 -0.008** -0.003 0.021 007 0.004 0.029
(0.009) (0.014) (0.004) (0.004) (0.018) (0.012) (0.005) .020)
Year Dummies Yes Yes Yes Yes Yes Yes Yes Yes
Probability of outcome 0.10 0.20 0.03 0.01 0.32 0.09 0.02 40.2

Probability(y?) = 0.00, Log-Likelihood = -15178, Pseudrs-= 0.17, N,ps= 10512
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Table 2.7: The effects of the number of safe assets on the euofibisky assets held

The table reports marginal effects after multinomial lagigression. The dependent variable is a categorical Varibbt takes
three successive values from 0 to 2, according to the nuntbesky assets in a portfolio. VariablERA indicates the degree of
financial risk aversion and takes values from 0 (lowest righrgion) to 10 (highest risk aversionNsafeassetdS @ count variable
indicating the number of safe assets in a portfolidousehold Wealth 40fhroughHousehold Wealth 100pre dummy variables
indicating respective wealth percentilddousehold Wealth 20denotes the lowest 20-percentile and is the base categger 25
throughAge> 75 are age group dummies wiftge46-55 being the base categoBrobability of outcomes the predicted probability
of holding a given number of asset types.

The marginal effects and predicted probabilities are daled at FRA = 5, while continuous variables are held at tmgians and
dummy- and count-variables at 0. Cluster robust standaodseare reported in parentheses. Levels of significahge: 0.10,** p <
0.05** p < 0.01.

no risky assets  one risky asset  two risky assets

FRA 0.033*** -0.031%** -0.001***
(0.003) (0.003) (0.000)
Nsafeassets -0.094** 0.088*** 0.006***
(0.006) (0.006) (0.001)
In(Household Income) -0.199*** 0.188*** 0.011%**
(0.015) (0.015) (0.002)
Household Wealth 40p (d) -0.037 0.034 0.003
(0.031) (0.031) (0.006)
Household Wealth 60p (d) -0.131%+* 0.134*** -0.002
(0.023) (0.023) (0.004)
Household Wealth 80p (d) -0.128** 0.129*** -0.001
(0.026) (0.026) (0.004)
Household Wealth 100p (d) -0.181%** 0.182%* -0.001
(0.029) (0.029) (0.002)
In(Personal Wealth) -0.015%** 0.013*** 0.002%**
(0.002) (0.002) (0.001)
Real Property (d) 0.020 -0.018 -0.002
(0.017) (0.016) (0.002)
Female (d) 0.032%** -0.029** -0.003*
(0.012) (0.012) (0.002)
Age <25 (d) -0.138*** 0.151%* -0.012%**
(0.050) (0.050) (0.002)
Age 25-35 (d) -0.048*** 0.048*** -0.000
(0.019) (0.018) (0.002)
Age 36-45 (d) 0.020 -0.015 -0.004***
(0.019) (0.018) (0.002)
Age 56-65 (d) 0.080*** -0.073** -0.007***
(0.021) (0.021) (0.002)
Age 66-75 (d) 0.041 -0.038 -0.003
(0.031) (0.031) (0.003)
Age >75 (d) 0.126*** -0.124%* -0.002
(0.029) (0.028) (0.005)
University (d) -0.098*** 0.088*** 0.009***
(0.015) (0.015) (0.003)
Employed (d) -0.021 0.024 -0.003
(0.020) (0.020) (0.003)
Self-Employed (d) -0.081** -0.006 0.088***
(0.028) (0.023) (0.019)
Retired (d) 0.018 -0.009 -0.009**
(0.029) (0.029) (0.004)
Married (d) 0.008 -0.011 0.003
(0.019) (0.018) (0.003)
Separated (d) 0.072%*= -0.072%* 0.000
(0.017) (0.016) (0.002)
Adults 0.050%** -0.048*** -0.002
(0.011) (0.0112) (0.001)
Children 0.065*** -0.062*** -0.002**
(0.010) (0.010) (0.001)
Concerned -0.056*** 0.055%** 0.001
(0.009) (0.009) (0.001)
East Germany (d) -0.019 0.018 0.002
(0.014) (0.013) (0.002)
Year Dummies Yes Yes Yes
Probability of outcome 0.68 0.31 0.01

Probability(x?) = 0.00, Log-Likelihood = -5186, Pseud®~ = 0.26, Nyps = 10512
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Table 2.8: The effects of financial risk aversion on “naive/edsification

The table reports marginal effect of the financial risk aicer$-RA on the probability of holding a given number of assgies in

a portfolio. The effects are estimated by means of multi@braigit regression. The estimation is performed on a subpsa of
people with wealth exceeding the sample median of 8,000,Eand on a sub-sample of people with wealth exceeding the 75th
percentile of 134,000 Euro. Other control variables inetlich the regression (but not reported) are: the logarithth@household
total wealth and the individualsS personal wealth, age @edsguared, binary indicators of gender, higher educaéiomloyment
status, ownership of residential property, marital stafusthe number of adults and children in a household. Theinareffects and
predicted probabilities are calculated at FRA = 5. Clustéust standard errors are reported in parentheses. Levalgndicance:
*p<0.10,* p < 0.05** p < 0.01.

Nassets= 0 Nassets= 1 Nassets= 2 Nassets= 3 Nassets> 4 Nassets> 5 Nassets> 6
People with wealth > sample median, N =5,177
FRA 0.005** 0.010*** 0.001 -0.003 -0.012*** -0.002** -0.00**
Probability of outcome 0.06 0.17 0.29 0.30 0.14 0.04 <0.01
People with wealth > 75th percentile, N =2,628
FRA -0.000 0.003 0.006 0.005 -0.012%** -0.002 -0.000
Probability of outcome 0.06 0.14 0.25 0.32 0.16 0.05 <0.01

Table 2.9: The effects dinancialrisk aversion on “sophisticated” diversification

The table reports marginal effect of the financial risk aer§RA on the probability of holding a given portfolio type defined
in Section 3.2.2 plus the category “no assets”. The effegt®stimated by means of multinomial logit regression. Tstarmtion is
performed on a sub-sample of people with wealth exceediegdmple median of 8,000 Euro, and on a sub-sample of peotle wi
wealth exceeding the 75th percentile of 134,000 Euro. Gtbetrol variables included in the regression (but not reggrare: the
logarithm of the household total wealth and the individSatersonal wealth, age and age squared, binary indicatgender, higher
education, employment status, ownership of residenti@bgnty, marital status and the number of adults and childrenhousehold.
The marginal effects and predicted probabilities are daled at FRA = 5. Cluster robust standard errors are repartpdrentheses.
Levels of significance?p < 0.10,** p < 0.05,*** p < 0.01.

Undiversified Quite diversified Fully diversified
No assets Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type 7
People with wealth > sample median, N =5,177
FRA 0.005***  0.017**  0.000 -0.002*** 0.014** -0.007**  -0.003*** -0.024%**
Probability of outcome 0.06 0.18 0.02 0.01 0.32 0.09 0.02 70.2
People with wealth > 75th percentile, N =2,628
FRA - 0.000 0.010***  0.000 -0.000 0.026***  -0.008***  -0.00%* -0.026***
Probability of outcome 0.06 0.15 0.03 <0.01 0.33 0.07 0.02 330.

Table 2.10: The effects of the number of safe assets on théewon risky assets held

The table reports marginal effects of the financial risk sieer FRA and the number of risk-free assets on the probalufit
holding a given number of risky assets. The effect is eséthay means of multinomial logit regression. The estimaisguerformed
on a sub-sample of people with wealth exceeding the sampttamef 8,000 Euro, and on a sub-sample of people with wealth
exceeding the 75th percentile of 134,000 Euro. Other cbwairgables included in the regression (but not reported) #re logarithm
of the household total wealth and the individualsS persaealth, age and age squared, binary indicators of gendgreheducation,
employment status, ownership of residential property,italastatus and the number of adults and children in a houdehbhe
marginal effects and predicted probabilities are caledlait FRA = 5. Cluster robust standard errors are reportecrnentheses.
Levels of significance¥p < 0.10,** p < 0.05** p < 0.01.

no risky assets  onerisky asset  two risky assets

People with wealth > sample median, N =5,177

FRA 0.037** -0.035%** -0.002%**

Nsafeassets -0.091%** 0.085*** 0.005*+*

Probability of outcome 0.62 0.37 0.01
People with wealth > 75th percentile, N =2,628

FRA 0.037*** -0.034*** -0.003***

Nsafe assets -0.107*** 0.103*** 0.006

Probability of outcome 0.58 0.41 0.01
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Chapter 3

Effects of Individuals’ Risk Attitude and
Gender on the Financial Risk-Taking:
Evidence from National Surveys of
Household Finance

Joint work with Oleg Badunenko and Dorothea Schéfer

Abstract: This study investigates the role of gender in individuéifgncial risk taking. We
find that although females exhibit, on average, lower rigippnsity than males, the effect
of gender on the actual risk taking varies across countmesazross types of financial
decisions. Specifically, we find that gender-based diffegsnin the risk taking depend
on the level of gender equality in a given society. Where geitkquality is substantial,
females are less likely to invest in risky assets than males &hen their willingness
to take financial risks is equal. Furthermore, we find no geedfects on the portfolio
share of wealth allocated to risky assets in all countri¢shmione with the highest gender
inequality.

JEL: G11, J16
Keywords: gender, risk aversion, financial behavior

3.1 Introduction

It is commonly believed that men are more willing to take lgiggsks than women when it
comes to investment decisions. Despite its popularitg, heiief is not substantiated in the
academic literature. In particular, a number of recentistifind either no effects of gender
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on the risk propensityTanaka et aJ.2010 or show that the effects are highly sensitive
to other factors such as framing of financial decisidBshubert et al.1999 or cultural
environmentinucane et al200Q Booth and Nolen2009. Given that cultural factors are
indeed an important determinant of gender differencesdtiitfancial risk-taking, evidence
generated based on a sample of individuals with the sameralittackground should not be
automatically generalized for the rest of the world. In tighthis, and taking into account
that almost all empirical evidence on gender differencethénfinancial risk propensity
existing so far is derived using data from the United Statasanalysis of gender effects in
a cross-country framework is warranted.

This study contributes to the stream of literature invegtrgy the role of cultural deter-
minants in the financial behavior of males and females. #palty, we provide evidence
on the financial risk-taking of males and females in fouratéht European countries: Aus-
tria, the Netherlands, Italy and Spain. According to the®@0obal Gender Gap Report,
the four European countries considered in this study ekbibstantial differences in the
degree of gender equality. The extent of gender equalityeiasured though gender-based
differences in access to resources and opportunities indoonains of social life: partic-
ipation in the labor markets and earnings, educationainattant, political empowerment
and health and survival. Specifically, in the ranking of 134 countries, the Nethedin
and Spain come on the 11th and the 17th position respectatelely followed by Austria
on the 20th position. Italy comes in at 72th position, sufsadly below the other three
countries. Insufficient gender equality implies asymnaeesocial roles and opportunities
for males and females that may lead to gender differencesandial behavior. The aim of
the study is to determine whether gender differences in tlaadial risk taking depends on
the extent of gender equality in a given sociélgteris paribuswe expect to find that dif-
ferences in risk taking between men and women are the gtéaimssuntries where gender
inequality is more pronounced. The empirical test of thisjecture relies on micro-level
data from the four European countries collected via repitesige national surveys.

Our approach to measure the extent of risk taken is closkieeto methodology ap-
plied in previous studies. In particulalianakoplos and Bernasék998, Bajtelsmit et al.
(1999, andBernasek and Shwiff2001) measure the degree of individual risk propensity
by the share of risky assets in an investor’s financial pbotf@ecause a large fraction of
people have no risky assets, the researchers estimatdabeaffgender using a Tobit esti-
mation. However, this technique does not take into accdwnpotential sample-selection
bias. This bias is likely to emerge when decision to holdy&gsets and decision about the
amount of these assets are correlated through observedbsenved common factors. To
remedy this problem, we apply a sample-selection regnessael using a Heckman two-
stage estimation procedure. Apart from its pure technidehatage, this approach allows

http://www.weforum.org/pdf/gendergap/report2009. pdf
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us to shed some light on two different aspects of risk takiagnely, the decision to acquire
risky assets and the decision about what fraction of wealiviest in these assets. The two
aspects of risk taking represent two different types offpba decisions — the ownership
decision and the allocation decision — and there arpriori, no reasons to believe that
gender identically affects both. Gender differences, wagpect to the ownership decision,
are likely to occur because males and females differ sigmfig with respect to factors
that determine the ownership decision (e.g. females areenage less wealthy and more
risk averse than males). Hence, it is plausible to expetténaales are less likely to own
risky assets. In contrast, the relationship between gearttérllocation decision is not that
straightforward. On the one hand, gender-specific digioha of wealth or risk prefer-
ences among individuals holding risky assets may be diftetbus leading to differences
in the portfolio shares of risky assets. On the other handeifain levels of wealth and
risk propensity are prerequisites for ownership of riskseds, then males and females who
hold such assets should exhibit more similarities with eattier than males and females
in the population at large. Hence, conditional on ownergthip difference between males
and females regarding the portfolio share allocated ty slsets may be small.

Our results suggest that gender-based differences in falaisk taking vary across
countries and types of financial decisions. While femalesfaund to be less willing to
invest in risky assets than males in all four countries atergd, the discrepancy in actual
risk taking is less pronounced in some countries than inretHe particular, we find that
in the country with relatively high gender inequality, felemare less likely to hold risky
assets than males even if they report equal willingnes&eortaks. In contrast, in countries
with relatively high gender equality, males and females \whwe equal risk preferences
are equally likely to hold risky financial assets in their galfos. Furthermore, in these
countries gender seems to have no effect on the decisionnheadrshare of the portfolio
is invested in risky assets. Hence, the popular belief #natafes are less risk prone than
males in all instances does not hold. A special case preffemtsountry with relatively
high gender inequality. Here, females are found to allosataller portfolio shares to risky
assets than males, given that they own some risky assets.

The remainder of the paper is organized as follows. In th¢ segtion, we review
literature investigating gender-specific behavior in feiahrisk-taking. In Section 3, we
formulate our working hypotheses and describe how the lngsats are tested. Data are
described in Section 4. In Section 5, we analyze the effdageder on the two types of
portfolio decisions: ownership of risky assets and allocabf wealth to these assets. The
last section concludes.
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3.2 What Does the Literature Say About the Role of Gen-
der in Investment Decisions?

Academic research on the role of gender in financial riskatakwas boosted in the 1990s
when the ever increasing participation of private housghol financial markets motivated
scholars and practitioners to look for the determinantsdividual investment decisions.
A growing amount of household data collected by private ammegnment sponsored sur-
veys in the USA provided first insights into the financial palibs of private investors and

allowed investigating whether males and females diffenwéspect to risk taking in in-

vestment decisions. For instance, the Survey of ConsunmamEes (SCF), financed by
the Federal Reserve Board, collected detailed informatiothe composition of house-
holds’ financial portfolios. Relying on these data, a nundjestudies provide evidence of
significant gender differences in investment decisions.

Sunden and Suret{@998, who examine the composition of defined contribution plans
show that males are more likely to hold stocks than femdagtelsmit et al.(1999 and
Jianakoplos and Bernas€k998, who focus on the division of wealth between risky and
risk-free assets, find that gender differences are als@preath respect to portfolio allo-
cation. According to the results, females tend to allocamaller fraction of their wealth
to risky assets than males. A study of investment decisignstdif at the University of
Colorado, conducted bernasek and Shwif2001), confirms the results of the previ-
ous studies. Furthermore, a number of experimental stuklg<licited individuals’ risk
aversion parameters from investment choices in hypothdttieries also find that women
are more risk-averse than mal&ogvell and Ansic1997 Hartog et al. 2002 Fellner and
Maciejovsky 2007 Eckel and Grossmar2008. All in all, a common belief about sig-
nificant gender differences in financial risk taking seentefind unanimous confirmation
by academic research. Moreover, the fact that none of theesmmnomic investor-specific
attributes considered in the analyzes explains the gerageingoortfolio decisions boosted
the opinion that gender differences in risk preferencas $tem psychological and cogni-
tive attributes innate to gendeCioson and Gneez2009).

However, several recent studies have challenged the diynerfaprevious findings.
In particular,Schubert et al(1999 shows that contextual framing of experiments has a
paramount effect on the risk-taking behavior of males amdates. When lotteries are
framed as gains, males are more risk loving than femaleseweny when lotteries are
framed in terms of losses, then males are more risk aversefémaales. Furthermore,
Tanaka et al(2010 tests gender differences in risk preferences using trerehieal frame-
work of prospect theory. According to their findings, genldas no influence on individual
risk preferences.
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The inconclusive evidence on risk taking by males and fesralises an important ques-
tion: Could gender differences in financial behavior be edusy some factors that were
not identified by previous research? One factor that mayitie differential behavior of
males and females is culture. Cultural factors, represdmyecollective values and norms,
shape individual behavior in various domains of life and ralsp affect individual financial
behavior Carroll et al, 1994 Fernandez and Fog2006 Giuliana 2007). Hence, collec-
tive norms that foster disparate social roles and oppdrasof males and females may also
be the cause of gender differences in investment behaviwe.fifst study specifically fo-
cusing on gender-specific risk-taking behavior in grough different cultural background
is by Finucane et al(2000. An important finding of the study is that gender difference
vary significantly across ethnic groups. Another notahlegtyBooth and Noler{2009
shows that girls from all-girl schools are as likely to che@srisky gamble as boys from
either coed or all-male schools, as opposed to girls frond solools. The findings of the
two studies indicate that cultural factors may indeed playngportant role in the extent of
risk taking by males and females. This also motivates funtbgearch of this relationship.

This study contributes to the stream of literature invegtrgy the role of cultural deter-
minants in the financial behavior of males and females. Wearttakfirst attempt to provide
international evidence on gender differences in financél taking. While closely related
to the existing survey-based literature on gender diffezemepresented Bajtelsmit et al.
(1999, Jianakoplos and Bernas€k998 andBernasek and Shwiff2001), we extend the
methodology used in these studies and apply it to the measmteof risk taking by males
and females in four European countri€eteris paribuswe expect to find that differences
in risk taking between men and women are the greatest in tinetigoin which the gender
roles in society are most pronounced.

3.3 Methodology of the Analysis

The aim of the paper is to test whether, in each of the fouridensd European countries,
males take more financial risks than females. Our methogladdgneasurement of risk
taking relies upon the approach developedHrend and Blumg1975. According to

this approach an individual’'s propensity for risk takingréflected in the division of a
financial portfolio between risky and risk-free assets. fiigher the proportion of net worth
invested in risky assets the more risk-prone an individsialEmpirical studies adopting
this approach must address the fact that many individualsol@wn any risky assets at
all. Jianakoplos and Bernasek998 Bernasek and Shwif2001 deal with this problem

by fitting data to a censored regression model and using &shination technique. This
estimation methodology relies on the assumption that fgriavestor there should be a
positive amount of risky assets that is optimal for his/hentfolio. However, according
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to Haliassos and Bertaffi9959, an investor will not hold any risky assets if the utility
gained from ownership of the optimal amount is smaller th@nihcurred participation
costs. Hence, holdings of risky assets are observed onlgdore investors, while it is
censored at zero for the rest.

However, it is arguable that the Tobit estimation techniguleproduce biased results
when applied to the portfolio decisions of private investorhis bias is likely to emerge
when the decision to hold risky assets and the decision dheamount of these assets are
correlated either through observable characteristicadiziduals or via some unobserved
common factors. A censored regression model does not take@aeount this correlation.
For example, one of such factors is individual financial klealge, which surely affects
both decisions but is rarely observed by researchers. Ehogre suitable model in this
case is a sample-selection model that models portfolisa®ts in a two-step procedure. In
the first step, researchers investigate the ownershipidediy estimating the probability
of investing in risky assets. Then, the allocation decissanalyzed by taking into account
the results obtained for the ownership decision. We applydpproach in our analysis
using the Heckman estimation procedure in order to accaurthe possible correlation
between the two stages of investment decigion.

The two-stage approach allows us to test two hypothesesdiagahe propensity for
risk taking of males and females. The first hypothesis relaie¢he decision about owner-
ship of risky assets and reads :

Males are more likely to own some risky assets than femadés;is paribus

The second hypothesis is related to the allocation decision

Males allocate a larger fraction of their financial portfok to risky assets than females,
ceteris paribus

The effect of gender on the ownership decision represent§irgt step of a portfolio
decision and is estimated using a probit regression moded. dependent variable in this
model is a binary-variable equaling 1 if an investor owns soisky assets and 0 otherwise.
The effect of gender is captured by a binary-varidid e equal to 1 if an investor is male
and O if female. A positive and statistically significant ffmgent on this variable would
indicate thatceteris paribusmen are more likely to invest in risky financial assets than
women. The first step of the Heckman estimation procedurepiobit model, used to
generate Mills ratio. The ratio is then included as an exgtiany variable in the second step
model representing the allocation decision. In this motked, dependent variable shows
the fraction of financial wealth allocated to risky assetsis la continuous variable with
values in the interval (0,1]. Here, the estimated coeffic@nthe variableMale would
show whether males tend to hold larger shares of risky adsmtfemales.

2The two-stage approach to the modeling of portfolio deaisioy private investors is increasingly applied
in empirical studies of household finances. See for exa@pleo et al (2003, Guiso et al(2002.
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3.4 Data

3.4.1 Data Sets and Unit of Observation

To test our hypotheses we rely on cross-sectional data osehold finance collected by
four representative national surveys of Austria, the Ndginels, Italy and Spain. Only
these four countries are considered because no other Eurapeantry collects all the data
required for this analysis. Specifically, other nationalvsys of household finance do not
allow the identification of which partner is responsibleiforestment decisions by couples;
furthermore, the surveys do not collect information abowkividual risk preferences of
respondents.

The Austrian Survey of Household Financial Wealth was cotetliby Oesterreichis-
che Nationalbank in 200%.The sample comprises 2,556 households. Wealth data were
collected at the household level. The Dutch Household Sui&lS) is an annual survey
conducted by CentERdata since 1998Ve use the 2004 survey wave that covers 2,187
households. All data, including information on wealth, eollected at the individual
level. The Italian Survey of Household Income and WealthI{8His conducted by the
Bank of Italy every two years since 2002For this study we use the 2004 survey wave,
with a sample of 8,012 households. Wealth data were cotleatéhe household level.
The Spanish Survey of Household Finances (EFF) is condbgt&hnco de Espa every
three years since 2002We use the 2005 survey wave. The sample comprises of 5,962
households. Wealth data are collected at the household leve

Using household-level data raises an important questiontasho makes investment
decisions in multi-person households. Ideally, one shalddtify who is responsible for
investment decisions, as is donelBgrnasek and Shwiff2001). We can identify decision-
makers with different accuracy depending on survey. Fdams, the most accurate iden-
tification is possible in the Dutch survey. Couples were dsi@v they decide on financial
matters. A member who answered that he/she has the most coifiiriol over the financial
decisions was coded as decision-maker. If both membersai@etold that each of them
manages own money, we coded both individuals as decisikersiaWhen couples could
not tell who of them has more influence on financial decisiaresrelied on the indicator-
variable "household head" that was assigned to responbeitie organizers of the survey
based on respondents’ earnings and knowledge about theseholds’ budget. In the Aus-
trian Survey, a person was coded as decision-maker if he/abéndicated by the surveyors

3More details on the survey can be found in Beer, MooslectBehjirz and Wagner (2009): Austrian
Households’ Financial Wealth: An Analysis Based on Micaeamic Data. ONB Monetary Policy & Econ-
omy Q2/06.

4Additional information about the survey is available at @entERdata web page, http://centerdata.nl

SSurvey information is available at http://www.bancadétat/statistiche/indcamp/bilfait

6A survey description is found in Bover (2004): The Spanistvey of household finances (EFF): De-
scription and methods of the 2002 wave, Documentos Ocdsmndr.0409
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as a household member with the most accurate knowledge #imhbusehold finances.
In the Italian Survey, respondents indicated by surveysngsessons primarily responsible
of the household budget were coded as decision-makersliyimathe Spanish survey,
we coded a respondent as decision-maker if he/she was tediaa the person who mostly
deals with financial issues or is the owner of the househalkct®mmodation. Individuals
coded as decision-makers are the units of observation iamalysis. Females make 36%
of units of observation in the Austrian sample, 48% in thedbigample, 39% in the Italian
sample and 41% in the Spanish sample.

3.4.2 Financial Assets

The four national surveys provide the following informatiabout holdings of financial
assets. It is known whether a household holds any of the fesegtaypes: bank saving
accounts (including short- and long-term savings accoants house-purchase/building
savings accounts), investment funds, directly held bomdisstocks of listed companies.
Respondents report also the current market value of eaehthgy hold. Using this infor-
mation, we calculate the value of financial wealth by sumntivegmarket value of the four
asset type$.If an individual has a spouse then the spouse’s assets armalsded in the
calculation of financial wealth.

In line with previous literature on household finances, veatidirectly held stocks as
risky asset§. According to the survey data, ownership rates (fractionnolividuals in
a country who own some stocks) differ significantly amongdggrgroups and countries
(see Figure 3.1a). The common pattern shared by all coangithat ownership rate is
higher among males than females. However, the magnituderafey gap varies between
countries. The largest gap is observed in Spain — 12 pegepiaints, followed by Austria
with a 10 percent gap, the Netherlands with a 8 points gap &aig Wwith a 3 percent
gap. In all four countries, gender differences in ownersaips are statistically significant.
With respect to portfolio share allocated to stocks, theupgcchanges (Figure 3.1b). In
some countries, gender gap is now smaller. Moreover, inriguand Italy females seem
to allocate on average a greater share of their portfoliesacks. However, the difference
is not statistically significant. In Spain both gender gr@gpem to hold the same relative

"We do not include value of other assets like insurance mslior private pension saving plans in our
calculation because information about these assets iswwtrkor only partially available. Hence our estimate
of financial wealth underestimates the total value of finalnzssets.

8Sunden and Surett2998 Jianakoplos and Bernasel©98 Bajtelsmit et al, 1999 Bernasek and Shwiff
2001measure riskiness of portfolios held in defined contribufians by looking at the availability and the
relative amount of stocks in these portfolios. We extend #pproach to the overall holdings of financial
assets. By 2004 the majority of financial portfolios held byate households still comprised only of a few
asset types with stocks being the riskiest of them. Our daga dot allow to identify whether and how many
stocks are held indirectly though investment funds. By moisidering the indirect ownership of stocks, we
underestimate the total stock ownership.
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amount of stocks. Only in the Netherlands, females have dleanshare of stocks than
males, although the difference is not statistically sigatfit.

3.4.3 Socioeconomic and Attitudinal Variables

Using existing studies on determinants of individual finahbehavior, we generate a set
of individual-specific variables that may affect individparticipation and allocation deci-
sions. In addition to the dummy variablMale indicating individuals’ gender, this set of
variables includes a set of dummy variabR20 to A70 indicating age group; a dummy
variableEducationthat equals 1 if individual earned a college (or higher) degand 0
otherwise; a dummy variabEeEmployedequal 1 if individual has a paid job; a dummy vari-
able Sel f Employedndicating whether individual has own business; a contirsueari-
ableIncomereflecting total annual income of an individual and his/hgouse; a continu-
ous variabld=inancial Wealth(as defined earlier); a dummy variat®eopertyindicating
whether an individual owns residential property or not; andwy variableSingleequal-
ing 1 if the individual is single and O otherwise. Descriptstatistics of the variables are
summarized in Table 3.1

In addition to socioeconomic variables, we also use a satmwindy variables indicating
individual attitudes toward financial risks. Importancecohtrolling for risk preferences
when studying gender differences in financial behavior & firghlighted bySunden and
Surette(1998, who use information on individual attitudes toward finahdsks collected
in the U.S. Survey of Consumer Finances. We use similar messi risk attitudes ob-
tained in the respective surveys by asking individuals &ess their own willingness to
take financial risks. The validity of such measures of rigkuates is tested in laboratory
experiments and it is shown that stated risk attitudes hasteoag explanatory power for
actual risk taking behavior (see e.gohmen et al(2006§ andWarneryd(1996). More-
over, it is shown that stated risk attitudes are correlat#lal such factors as income, wealth
and education. Therefore, information on risk attitudesusdh be included in the model in
order to estimate the biases caused by omitted variables.

The exact formulation of the question about risk attitudes the scales on which the
strength of the willingness to take risks is measured vanesng the four national surveys.
Table 3.2 documents the exact formulation of questionschskehe national surveys. The
Dutch survey applied a 7-point scale, the most detailedrderdo measure the individuals’
willingness to take risks in financial matters. The Austrigalian and Spanish surveys used
a less detailed 4-point scdle.

SWhile processing the data, we discovered that the Italiga skt is characterized by high non-response
rate to the question regarding the willingness to take firsmisk: about 65 percent of respondents skipped
the question. For our analysis, non-responses mean thladsatvations with missing data are excluded from
the data set, which leads to a significant reduction of tha dat. In order to see whether the decision to
report risk attitude is influenced by some observed facteesfit the data to a probit regression model. The
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To control for individual attitudes toward financial risks our regression analysis,
we generate a set of dummy-variables indicating how willamginvestor is to take fi-
nancial risks. For Austria and Italy, the set of variabledludes four dummy-variables
Risk Tolerance,jwhere | indicates which alternative was selected by a respondeahwh
answering the survey question about risk attitude. Forr§paé also generate a set of
four dummy-variables where the dummy variaBlisk Tolerancé equals one if a respon-
dent chose the 4th alternativRisk Toleranc@ equals one if 3rd alternative was chosen,
Risk Toleranc8 equals one if 2nd alternative was chosen Rigk Tolerancd equals one
if the 1st alternative was chosen. The values are assigreedeverse order to allow higher
values to express greater willingness to take risks. Binfdl the Netherlands, we gen-
erate a set of 7 dummy-variablBssk Tolerance,jwhere j=[1,7] with higher values of
corresponding to greater willingness to take risks. FiduBepresents the country-specific
distribution of males and females by willingness to takerfmal risk. In all countries,
females clearly outnumber males in the group with lower t@dkrance. Differences are
statistically significant at 1%-level. At higher levels @k tolerance Risk Tolerance> 2),
the proportion of males exceeds the proportion of femalésagh the differences are not
statistically significant.

3.5 Results

3.5.1 Effects of gender on the probability of holding risky &sets

This section reports the test results for the hypothesisrttades are more likely to own
some risky assets than femalesteris paribus The hypothesis is tested by estimating the
effects of gender on the probability of holding risky as$ets probit regressiot® Estima-
tion is performed for each country separately. Furthermimreeach country, two specifi-
cations of the regression equation are used. The first speaifn includes all observable
socioeconomic variables. The second specification adaitipincludes a set of dummy
variables capturing individual willingness to take finaaaiisks. Estimation results are
summarized in Table 3.3. The table reports marginal efiestisnated for country-specific
means of continuous variables and for base categories afnguand categorical variables.

dependent variable in this model is an indicator variablgagtp 1 if risk attitude is reported and equal to
0 if risk attitude is missing. Explanatory variables indusex, age, income, wealth, employment status,
education, family structure and an indicator variable édqoidl if risky assets are owned and equal to O
otherwise. Our results show that probability of non-resmde negatively related to income, wealth, holdings
of risky financial assets, and is smaller for those who arel@ysp as compared to unemployed. Thus, the
sub-set of individuals who provide information on theirkristtitudes over-samples the wealthy and those
with ownership of risky assets. This should be kept in minémwhnalyzing the influence of risk attitudes on
investment decisions.

10we also estimate the equation using a logit regression matel log-likelihood for the probit model is
however higher than for the logit model in all five countrifesjoring the probit model.
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The Obtained?? indicate that explanatory variables included in the regjorsequation
explain a considerable amount of variation in the outcomelkte. Moreover, inclusion
of dummy-variables capturing risk attitudes further irmses thdR?, hence improving the
explanatory power. In line with our expectations, wealtd ask attitudes seem to play a
decisive role in the decision to hold risky assets. The effiethese covariates is similar in
all four countries: the probability of holding risky assetsreases significantly with wealth
and individual willingness to take financial risks. Eduoaal level is also found to increase
the likelihood of ownership in all countries. However, iretNetherlands the effect is not
statistically significant. Effects of the other explangtwariables differ across countries.
For instance, we find that probability of holding risky assdtcreases with age in Austria,
but barely changes with age in the other countries. Disanitis between country-specific
effect are reported in previous studies and are driven bgtcpispecific factors that are not
taken into account in the analysis.

Looking at the results obtained for the first specificatidre, toefficients on the main
variable of interesMale are positive and statistically significant in all four coues. Ce-
teris paribus males are, by about 4 percentage points, more likely tcsinwerisky assets
than females in Austria, by 8 percent in the Netherlands, pgr8ent in Italy and by 2 per-
cent in Spain. These results are consistent with the comrabef bhat females are more
risk averse than males and, in that sense, do not presenbaealavidence. Yet, the results
obtained in for the second specification deserve additicmasideration.

The second specification additionally includes indicatdrgndividual willingness to
take financial risks. The estimation results show that atliimg for risk attitudes renders
coefficients statistically insignificant in Austria, thetNerlands and Spain. This result sug-
gests that the observed disparities in the actual risk ¢g@ween males and females stem
from the differences in the gender-specific distributioigsk preferences in the population
(see Figure 3.2). Thus, males and females in the three ¢esisgem to make investment
decisions in accord with their individual risk preferencésdifferent picture emerges in
Italy. Here the effect of gender remains significant, evaarafe control for individual
risk preferences: males are, by almost 8 percent, moreylikehold risky assets than fe-
males, holding stated risk preferences constant. It selea$amales tend to participate in
the market for risky assets less frequently than expecteshgheir risk preferences. Or,
equivalently, males tend to acquire risky assets, evergththeir risk aversion is very high.
All in all, this result indicates that, in Italy — the countwith the lowest gender equality
of those studied — gender differences in acquisition ofyriskancial are driven by two
factors: gender differences in individual risk preferenead gender-based differences in
social roles. Social inequality magnifies the effect of gardifferences in risk preferences.
In contrast, in Austria, the Netherlands and Spain — the wmswith relatively high gen-

For instanceGuiso et al (2003 name differences in the national capital gain taxationesys as one of
important determinants of cross-country variation in fudic decisions.
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der equality — gender differences in ownership of risky &ssan be viewed as a result of
one factor — the gender differences in risk preferences.célen both cases gender con-
veys useful information about the propensity for risk tgkand can serve as a predictor
of the probability of acquisition of risky assets. Howeer,societies with relatively high
gender equality, individual risk preference is a much Ipgitedictor of risk taking because
it conveys more accurate information than gender.

3.5.2 Effects of gender on the share of wealth allocated togky assets

Let us now look at the test results for the hypothesis thaigitmnal on owning some risky
assets, men invest a higher share of their financial wedtitiliese assets than females. The
effect of explanatory variables on the share of risky agsetstimated using the Heckman
two-stage estimation procedure. As previously done, wenagt two specifications of
the regression equation for each country: the first one dedwnly socioeconomic and
demographic information, and the second one includes inha@} risk preferences. The
first-stage equation corresponds to that used in the asalysihe ownership decision (see
Table 3.3). The second-stage equation essentially inslindesame explanatory variable as
the first-stage equation with two adjustments: wealth ertter second-stage equation as a
set of dummies indicating the 1st, 2nd, 3rd and 4th quamii¢lse sample distribution; and
the dummy variabl®ropertyis excluded from the equation. This adjustment is necdgsari
in order to enable identification of the model. Coefficienireates obtained for the second-
stage regression are reported in Table 3.4.

Overall, we find that most of the included observable chargstics have little effect on
the allocation decision. Although wealth is found to havmeositive effect on the share
of risky assets in the Netherlands and lItaly, it does not fastAia and Spain. Furthermore,
individual willingness to take risks is positively relatemithe share of risky assets only in
Italy and Austria. Hence, conditional on ownership of riglsgets, the decision about what
portion of wealth to invest in these assets is driven by ueniesl individual-specific effects
rather than by the observed socioeconomic characteristics

According to the model specification where risk prefererazesnot taken into account,
gender has no statistically significant effect on the ptidfshare of risky assets in all coun-
tries except ItalyCeteris paribusmales in Italy will invest 9 precent more in risky assets
than females. When risk preferences are taken into accgentler effects in Austria, the
Netherlands and Spain remain insignificant and also becosigriificant in Italy. Hence,
our analysis suggests that, in Austria, the NetherlandsSgadh, there are no differences
between males and females with respect to risk-taking ipémntolio allocation decisions.
In contrast, the Italian data provide evidence of signifiggnder differences in the risk-
taking.
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It should be noted that results reported in Table 3.4 alsavdhat parameteA rep-
resenting the effect of the correction term Mills-Ratio rdyostatistically significant for
Italy. Thus, we find no evidence of correlation between the stages of the portfolio de-
cision through unobservable factors in Austria, the Né#mels and Spain. In this case, a
two-stage estimation procedure is not required. To testdbestness of our results with
respect to the choice of the estimation procedure, we atsoae the effect of gender on
the portfolio share of risky assets using Tobit estimatimcpdure:® The results confirm
the previous finding: gender does not significantly influetheeallocation decision.

3.5.3 Discussion and Limitations

Results of our analysis suggest that gender differencesandial risk taking vary across
countries and across the types of financial decisions. Véegret the first finding as evi-
dence of the importance of cultural factors in financial vatraof males and females. We
agree that this evidence relies on a very small sample oftdearand thus a casual effect
cannot be proved. Moreover, we cannot completely rule aitttte result is driven by data-
related issues rather than by differences in cultural factd/e make all possible effort to
minimize the effect of data-related problems by selectiey similar surveys and applying
the same estimation methodology to all considered cownthNevertheless, a comprehen-
sive test of casual relationship between cultural factoik résk-taking behavior of males
and females requires high-quality data for a wider set ohtoes.

Our second main finding is that females are less likely to gagarisky activities, how-
ever, conditional on engaging in such activities take egaks$ as males. On the one hand,
this finding differs from the evidence provided Bgjtelsmit et al(1999 andJianakoplos
and Bernasekl1998 who find significant differences in the structure of poitislbetween
males and females holding some risky assets. The discrgpatie evidence may be due
to the specifics of the data used in these studies. For irestarference oflianakoplos and
BernaseK1998 relies on the risk-taking behavior of single females oivigt, for obvious
reasons, behavior of single females is not representatiteedbehavior of all female®:
Bajtelsmit et al (1999 analyze risk-taking in the defined contribution pensicamglrather
than in the entire financial portfolios and therefore theguits are not directly comparable
to our analysis. On the other hand, our results are by and lartine with literature that
studies risk-taking behavior of males and females in spesifio-populations, for example,
among investment fund managed®iinson and Powell 994 or entrepreneurgJaliendo
and Kritikos 2009. The main finding of this literature is that males and fermao vol-

12Results from the Tobit estimation are available from théarg upon request.

13Even taking into account that married females generally less wealth than their husban@drminska
et al.(2010), and hence are on average not much wealthier than singl@és, a singe female might behave
more risk-averse than an equally wealthy married femalalmse the latter has an additional background
safety in form of husband’s income and assets.
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untarily engage in a risk taking activity have similar propiy for risk taking. What we
observe in the household data may reflect a similar seleofiordividuals whereby males
and female who decide to acquire risky assets do not diftgrifscantly with respect to
risk preferences. However, this finding holds only in cowastwith relatively high gender
equality in social roles and opportunities.

3.6 Conclusions

This study investigates the question whether gender canfsdered as a good predictor
of the propensity for risk taking in two types of portfolioasions — the ownership and
the allocation decision. Using the national surveys of ebo$d finances in four European
countries, we show that extent of risk taking by males andafemmdepends on the type
of financial decision and on the degree of gender equalitysacgety. While females are
found to be less willing to take financial risks than maledlifoair considered countries, the
discrepancy in actual risk taking is most pronounced ity kathe country with the greatest
gender inequality compared to the other three countriepatticular, we find that in Italy
females are less likely to hold risky assets than males, iétWeey report equal willingness
to take risks. In contrast, in Austria, the Netherlands apdismales and females with
equal risk preferences are equally likely to hold risky ficiahassets in their portfolios.

Furthermore, we find that in countries with relatively lownger inequality, gender does
not play a role in the decision about what portfolio shardlscated to risky assets, once
individuals decide to acquire such assets. Therefore,svaald females who voluntarily
engage in risky investments are equally prone to take ridiesice, the popular belief that
females are less risk prone does not hold in this instancepegial case is Italy: Here,
females are found to allocate smaller portfolio sharessikyrassets than males, given that
they own some risky assets.

To sum up, individuals’ gender cannot always serve as a gaamtiqtor of the propensity
to take financial risks. In particular, gender can serve asoa gredictor only with respect
to acquisition of risky financial assets. However, in saegetvith relatively high gender
equality, individual risk preferences convey more acainafiormation about the propensity
for risk taking than gender and, therefore, are a much bptestictor. Moreover, gender
seems to have no predictive power at all with respect to théghio share of risky assets
in countries with relatively high gender equality.

These findings have important implications for scholarsgagtitioners. In particular,
the results of the study speak against a simplistic approfaking an individuals’ gender
as a proxy for risk aversion. Our findings also show that fireraxdvice should be pro-
vided in accordance with individual risk preferences rathan based on the stereotypical
believes about a “typical” man or woman. Furthermore, thdifigs imply that not only
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gender and stated risk preferences of individuals shouldks into account, but also their
cultural background.
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Appendix A

Figure 3.1: Ownership rates and portfolio shares of stocks

501 50
w0l w0
0] w0
0] 20
0] 101
ol _ _ _ ol

Austria Italy Netherlands Spain Austria Italy Netherlands Spain

a) Onership rate b) Average portfolio share

Figure 3.2: Distribution of individuals by the stated williness to take financial risks
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Note Each histogram shows country-specific distributions ofemand females by the stated willingness to take finanaikriThe
strength of the willingness is measured on an ordinal scatehigher numbers corresponding to higher willingnessatetrisks.
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Table 3.1: Descriptive statistics by gender

Austria Netherlands Italy Spain
Females Males Females Males Females Males Females Males
Income, in Euro 25,256 33,966 25,605 31,165 19,838 27,346 ,3123 35,797

(13,024)  (13,680) (21,712) (26,717) (15,873) (28,211) ,q88) (50,268)
Financial Wealth, in Euro 29,576 56,866 9,889 23,602 15,72825,404 31,755 64,411
(53,172) (120,099) (24,813) (70,186) (55,712) (72,627) 8,381) (135,367)

Real Property 0.53 0.65 0.70 0.71 0.67 0.72 0.41 0.65
(0.50) (0.48) (0.46) (0.45) (0.47) (0.45) (0.49) (0.48)
Self-Employed 0.05 0.08 0.03 0.05 0.05 0.14 0.06 0.18
(0.23) (0.27) (0.17) (0.21) (0.22) (0.35) (0.23) (0.38)
Education 0.43 0.39 0.23 0.24 0.32 0.41 0.20 0.29
(0.50) (0.49) (0.42) (0.42) (0.47) (0.49) (0.40) (0.45)
Age< 30 0.08 0.05 0.08 0.04 0.04 0.03 0.05 0.03
(0.27) (0.22) (0.26) (0.20) (0.19) (0.17) (0.22) (0.18)
Age 30-39 0.20 0.14 0.24 0.19 0.13 0.13 0.14 0.11
(0.40) (0.35) (0.43) (0.39) (0.34) (0.33) (0.35) (0.31)
Age 40-49 0.21 0.25 0.25 0.23 0.18 0.19 0.20 0.17
(0.40) (0.43) (0.43) (0.42) (0.39) (0.39) (0.40) (0.38)
Age 50-59 0.18 0.19 0.22 0.23 0.18 0.24 0.17 0.20
(0.38) (0.40) (0.41) (0.42) (0.38) (0.42) (0.38) (0.40)
Age 60-69 0.20 0.24 0.14 0.17 0.16 0.21 0.18 0.24
(0.40) (0.43) (0.34) (0.37) (0.37) (0.41) (0.38) (0.43)
Age >70 0.13 0.12 0.08 0.15 0.31 0.21 0.26 0.25
(0.34) (0.32) (0.27) (0.35) (0.46) (0.41) (0.44) (0.44)
Single 0.69 0.21 0.36 0.30 0.62 0.19 0.49 0.19
(0.46) (0.41) (0.48) (0.46) (0.49) (0.40) (0.50) (0.39)
Children 0.40 0.50 0.83 0.72 0.32 0.41 0.77 0.79

(0.84) (0.92) (1.11)  (111)  (0.70)  (0.77)  (0.94) (0.95)

Note: The table reports country-specific sample means amdiatd deviations (in parentheses); varidfileancial Wealthis win-
sorized to 99%.

Table 3.2: Survey questions about the attitude toward fiahnsks

Country | Survey question

"For savings | prefer secure investment instruments anddarisk’
1=completely applicable;

Austria 2=rather applicable;

3=rather not applicable;

4=completely inapplicable.

Please indicate on a scale from 1 to 7 to what extent you agitbethe "I am prepared to take the risk to lose money,
Netherlands| when there is also a chance to gain money", where 1 indicat¢sly disagree’ and 7 indicates 'totally agree’

"Which of the following statements do you feel best descyibashousehold in terms of the amount of financial risk
you are willing to run when you make an investmént?

1=Take on a lot of risk in the expectation of obtaining a lopaifit;

2=Take on a reasonable amount of risk in the expectationtafrdbg an above-normal profit;

3=Take on a medium level of risk in the expectation of obtajréin average profit;

4=You are not willing to take on financial risk.

Spain

"Which of the statements on this page comes closest to thenaofdinancial risk that you are willing to take when
you save or make investmerits?

1=low returns, without any risk of losing your capital;

2=a reasonable return, with a good degree of security for ywested capital;

3=a good return, with reasonable security for your investgital;

4=very high returns, regardless of a high risk of losing péstour capital.

Italy
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Table 3.3: Effect of Gender on the Probability of Owning Rigissets

This table shows results from estimating the likelihood ofding risky assets using a probit regression model. Thermldgnt
variable is a binary variable equal to 1 if somisky financial assetare held and 0 otherwise. Columns denoted as (1) report
estimation results for the basic specification of equatign Columns denoted as (2) extend the specification by intdudariables
capturing attitudes toward risk taking. Reported are nmadgeffects of the explanatory variables and robust stahédarors in
parentheses. Marginal effects are estimated at counagifspmean values of explanatory variables. *, ** and *** pespond to
10%, 5% and 1% significance levels respectively.

Austria Netherlands Italy Spain
(1) (2 (1) (2 (1) (2 (1) (2
Male 0.039*** 0.021 0.085*** 0.044 0.087**  0.075*** 0.020 0.011
(0.014) (0.015) (0.027) (0.031) (0.016) (0.016) (0.010) .010)
In(Income) 0.095%** 0.080*** -0.002 -0.007 0.117**  0.102* 0.007***  0.005**
(0.018) (0.018) (0.003) (0.005) (0.016) (0.015) (0.002) .002)
Il wealth quartile 0.129%** 0.156%** -0.006 -0.043 0.191 68**  0.155***  (0.159***
(0.037) (0.04) (0.034) (0.046) (0.145) (0.135) (0.031) 082
Il wealth quartile 0.258*** 0.286***  0.107***  0.138***  0.262**  0.298**  0.424** (0.415***
(0.04) (0.043) (0.035) (0.043) (0.13) (0.115) (0.032) P
IV wealth quartile 0.524**= 0.526***  0.234**  0.309***  0.286** 0.292***  0.665*** 0.622***
(0.042) (0.044) (0.041) (0.045) (0.084) (0.071) (0.025) .078)
Real Property 0.042%*=* 0.040***  0.061***  0.057** 0.023 01 -0.016 -0.008
(0.013) (0.012) (0.021) (0.027) (0.019) (0.019) (0.013) .01@)
Self-Employed -0.001 -0.017 0.034 -0.032 -0.013 -0.021 3&® 0.017
(0.024) (0.021) (0.055) (0.069) (0.022) (0.021) (0.015) .019)
Education 0.049%** 0.047**= 0.034 0.020 0.109***  0.082*** 0.106***  0.080***
(0.014) (0.014) (0.023) (0.030) (0.026) (0.025) (0.013) .012)
Age 30-39 -0.055** -0.04 0.070 0.124 0.202* 0.133 -0.023 026.
(0.023) (0.024) (0.070) (0.093) (0.104) (0.100) (0.034) .0%3)
Age 40-49 -0.095***  -0.075*** 0.047 0.112 0.191* 0.136 -Q0 -0.005
(0.020) (0.021) (0.066) (0.091) (0.098) (0.096) (0.036) .0%8)
Age 50-59 -0.107***  -0.081*** 0.042 0.126 0.156* 0.114 004 0.043
(0.017) (0.019) (0.063) (0.088) (0.092) (0.09) (0.041) 04a)
Age 60-69 -0.109***  -0.078*** 0.009 0.086 0.158 0.113 0.052 0.064*
(0.021) (0.024) (0.060) (0.091) (0.097) (0.095) (0.041) .04@)
Age 70-79 -0.123***  -0.099*** 0.041 0.122 0.128 0.100 0.053 0.084**
(0.013) (0.015) (0.068) (0.098) (0.094) (0.093) (0.040) .04@)
Single 0.045** 0.033* 0.016 0.007 0.023 0.027 -0.038**  -ROB*
(0.02) (0.019) (0.022) (0.031) (0.02) (0.02) (0.015) (Gp1
Children -0.007 -0.005 0.019* 0.027* 0.019 0.019 0.007 0.00
(0.008) (0.008) (0.0112) (0.014) (0.012) (0.012) (0.006) .008)
Risk Tolerance 2 0.077**= 0.044 0.114%** 0.190***
(0.012) (0.028) (0.016) (0.016)
Risk Tolerance 3 0.222%** 0.090** 0.240%*** 0.212%**
(0.031) (0.042) (0.027) (0.034)
Risk Tolerance 4 0.229*** 0.177*** 0.509*** 0.131%**
(0.062) (0.037) (0.109) (0.052)
Risk Tolerance 5 0.249%**
(0.048)
Risk Tolerance 6 0.468***
(0.103)
Risk Tolerance 7 0.303***
(0.144)
Pseudo-R 0.26 0.30 0.10 0.17 0.13 0.17 0.32 0.36
Number of obs. 2,556 2,556 1,091 985 2,806 2,806 5,833 5,833
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Table 3.4: Effect of Gender on the Portfolio Share of Riskgets

This table summarizes the results of estimation of equgfiphy means of the Heckman two-step procedure. The depevaléable

is the portfolio share invested isky financial assetsThe first stage selection equation (not reported) correipto equation (1).
Columns denoted as (1) report estimation results for the Isgecification of the first and the second-stage equatiomlunahs

denoted as (2) extend both equations by including variatapsuring attitudes toward risk taking. *, ** and *** cornpend to 10%,
5% and 1% significance levels respectively.

Austria Netherlands Italy Spain
1) 2 1) (2 (1) 2 1) (2
Male 0.001 -0.009 0.098 0.049 0.093** 0.078 -0.007 -0.018
(0.020) (0.020) (0.064) (0.059) (0.046) (0.048) (0.022) .022)
In(Income) 0.037 0.032 0.021** 0.017* 0.108** 0.098** 0400 -0.003
(0.029) (0.028) (0.009) (0.009) (0.047) (0.050) (0.008) .008)
In(Financial wealth) -0.004 -0.009 -0.013*  -0.014** -0D1 -0.020 -0.002 -0.003
(0.012) (0.012) (0.007) (0.007) (0.016) (0.016) (0.005) .00a)
Self-Employed -0.008 -0.007 0.010 0.019 0.089* 0.069 0.0700.063
(0.017) (0.017) (0.043) (0.0412) (0.046) (0.046) (0.021) .020)
Education 0.018 0.017 -0.074 -0.150 0.198 0.116 -0.077 78.0
(0.041) (0.041) (0.139) (0.151) (0.161) (0.158) (0.085) .08a)
Age 30-39 -0.008 -0.004 -0.026 -0.121 0.203 0.127 -0.032 03®.
(0.040) (0.039) (0.139) (0.152) (0.160) (0.158) (0.082) .080)
Age 40-49 -0.030 -0.022 -0.047 -0.110 0.166 0.099 0.069 10.07
(0.042) (0.041) (0.137) (0.152) (0.157) (0.155) (0.081) .080)
Age 50-59 -0.003 0.011 -0.032 -0.131 0.283* 0.211 0.052 .05
(0.048) (0.047) (0.146) (0.160) (0.162) (0.160) (0.082) .082)
Age 60-69 -0.022 -0.002 -0.108 -0.154 0.168 0.123 0.100 20.11
(0.059) (0.057) (0.158) (0.171) (0.161) (0.159) (0.084) .08a)
Age> 70 0.006 0.001 -0.081 -0.145 0.013 -0.014 0.030 0.026
(0.030) (0.030) (0.095) (0.109) (0.040) (0.042) (0.024) .07@)
Single 0.051* 0.045* -0.014 -0.033 0.029 0.038 -0.023 26.0
(0.023) (0.023) (0.049) (0.048) (0.036) (0.038) (0.024) .07@)
Children -0.012 -0.010 0.007 0.012 0.041* 0.040* -0.001 0.0
(0.011) (0.011) (0.023) (0.023) (0.022) (0.023) (0.011) .019)
Risk Tolerance 2 0.031 0.051 0.200%** 0.069
(0.024) (0.071) (0.065) (0.027)
Risk Tolerance 3 0.056* -0.035 0.379%** 0.167
(0.033) (0.084) (0.100) (0.039)
Risk Tolerance 4 0.137*** 0.073 0.749%** 0.181
(0.048) (0.082) (0.172) (0.065)
Risk Tolerance 5 0.105
(0.100)
Risk Tolerance 6 0.005
(0.142)
Risk Tolerance 7 -0.087
(0.175)
Constant -0.162 -0.098 0.090 0.232 -1.463* -1.410 0.257 08.3
(0.375) (0.3712) (0.299) (0.325) (0.794) (0.884) (0.170) .17@)
A 0.036 0.037 -0.013 -0.025 0.428***  0.446%** 0.062 0.064
(0.034) (0.035) (0.097) (0.096) (0.116) (0.140) (0.037) .099)
Total number of obs. 2,556 2,556 1,091 985 2,806 2,806 5,833 ,8335
Number of uncensored 463 463 229 212 592 592 1,343 1,343

obs.
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Chapter 4

Does Gender Affect the Risk Propensity
of Retall Investors? Evidence from
Peer-to-Peer Lending

Abstract: This study investigates the role of gender in financial-tesking. Specifically,

| ask whether female investors tend to fund less risky imaest projects than males. To
answer this question, | use real-life investment data ctdtk at the largest German mar-
ket for peer-to-peer lending. Investors’ utility is assuhte be a function of the projects
expected return and its standard deviation, whereas sthddaiation serves as a measure
of risk. Gender differences regarding the responses teqsdjrisk are tested by esti-
mating a random parameter regression model that allowsafigation of risk preferences
across investors. Estimation results prowmbeevidence of gender differences in investors’
risk propensity: On average, male and female investororespimilarly to projects’ risk.
Moreover, no differences between male and female inveaterfound with respect to other
characteristics of projects that may serve as a proxy fgepts riskiness. Significant gen-
der differences in investors’ tastes are found only witlpees to preferred investment du-
ration, purpose of investment project and borrowers’ age.

JEL: G11, G21, J16
Keywords: gender, retail investors, risk propensity

4.1 Introduction

The financial crisis of the early 21st Century triggered, agumany other things, a heated
public debate about the role of gender in the financial bemafiindividuals! One con-
jecture voiced in the debate is that excessive risk-takintpe financial markets is to be

1See e.gEconomis(2009, Bennhold(2009 andOakeshot{2009
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blamed on the prevalence of males in the decision-makingigos in the financial indus-
try. As Neelie Kroes, the EU competition commissioner, piut.i. the collapse of Lehman
Brothers would never have happened if there'd been LehmsterSiwith them? Such
claims rely primarily on the popular gender stereotype thakes seek greater risk and are
overconfident in financial matters than females. An impdrtarestion is whether gender
stereotype reflects the true state of things. Does gendér affact the risk-taking propen-
sity? Literature investigating this question is extensh@vever, no conclusive answer has
been provided. So far, most evidence is based on househwielyswr laboratory experi-
ments. In contrast, direct evidence on real-life investrbehavior is scarce and essentially
limited to studies of professional investors.

This study contributes to the literature by examining finahbehavior of males and
females using real-life data. The aim of the study is to testigr differences in the propen-
sity for risk taking by retail investors who participate imaw segment of financial mar-
kets known agpeer-to-peer (p2plending. Peer-to-peer lending means direct lending and
borrowing between individuals ("peers") without interrabn of a traditional financial
institution like a bank. The data are collected from the datgGerman p2p marketplace
Smava.de In this marketplace, individuals lend funds for a variefyparposes ranging
from large consumer expenditures to small business inverg8n The loans are neither
collateralized nor guaranteed and lenders can incur lagdesrowers default. Hence,
p2p-lenders can be seen as investors who fund risky projects

Relying on theu-o approach, | assume that utility attached by investors tcslyri
project depends on the project’s expected repuand its standard deviatiam. The more
risk averse an investor is, the more his/her utility deczsas response to a small increase
in 0. This relationship serves as a basis for the test of gentleratices in risk propensity.
The aim of the test is to answer the questigkre female investors participating in the
German p2p-lending more risk-averse than male investolfsfemale investors indeed
exhibit higher risk aversion than male investors, theilitytwill decrease more than the
utility of males in response to a marginal increase jreteris paribusinference about the
effect of o on utility is derived from investors’ actual choices.

Advantages of using the p2p-lending data for the analysstlareefold. Firstly, all
participating investors are exposed to the same markateckifactors: there is only one
type of financial product, same investment rules apply fargwne and all participants
have access to the same information. Therefore, it can heedrthat differences in the
observed investment choices stem exclusively from invasiated factors. Secondly, a
complete history of investment choices of each participadiuding the characteristics
of the investment alternatives is observable. Thirdlyesters’ gender is observable to

2Indeed, all members of the executive managemehehman Brotherst the time of the collapse were
male. The bank is not an exception: The three German bankaxs@e Bank, Kommerzbank and Hy-
poVereinsbank — have all-male executive management teams.
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researcher. All these features make p2p data well suiteal$tudy of gender effects on the
propensity for risk-taking of retail investors.

Estimation of investors’ responses to the riskiness ofstiment projects relies on mixed
logit regression — a qualitative choice model that accomatexirepeated choice data. Re-
peated choice arises because during the observation peajudity of investors conducted
more than one investment. This advantageous feature oftaeetiminates problems stem-
ming from the fact that not all investor-specific factors abservable to researcher.

Results of regression analysis provigeevidence of gender differences in investors’
risk propensity: On average, male and female investororesgimilarly to changes in
projects mean-variance profile. Moreover, no differencesvben male and female in-
vestors are found with respect to other characteristicswastment projects that may serve
as proxy for projects’ riskiness. Significant gender déferes in investor taste are found
only with respect to preferred investment duration, puepafsinvestment project and bor-
rower age.

The remainder of the paper is organized as follows. In Secti@, | review studies
examining the role of gender in individuals’ propensityfigk taking in financial decisions.
Information about p2p-credit markets and lending mecharasSmava.des provided in
Section 4.3. In Section 4.4, | formulate the research hygmith Section 4.5 is devoted to
empirical analysis. Here, | firstly describe the econometrodel and the data employed
to test the research hypothesis. Then, | report and dishassain estimation results. The
last section concludes.

4.2 Literature Review

Academic research on the role of gender in the financial beha¥individuals has a long
history. Nonetheless, the question regarding the effegentler on the propensity for risk-
taking remains unanswered.

A large group of studies, especially those that analyze €iaabehavior of individuals
in the population at large, suggest that females are on geenare risk averse than males,
ceteris paribugJianakoplos and Bernasek998 Sunden and Surett&998 Bernasek and
Shwiff, 2001). However, these studies rely on household survey datagingvonly general
information about investments, while such important paatars as expected return, risk or
transaction costs are not known. Hence, the level of riskrdky an individual investor
cannot be measured exactly. Moreover, in the most survegebdata, financial assets are
aggregated at household level making it difficult to idgného is actually responsible for
an investment decision in a multi-person household.

A few empirical studies try to overcome these limitationdtgusing on professionally
trained investors, mostly managers of investment funds, take risky financial decisions
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in the course of their jobs. Intuition suggests that malesfamales who deliberately and
actively engage in risky financial activity and have the sgmudessional training should,
on average, exhibit similar risk propensity. This shoultdheven when in population at
large females are found to be less risk tolerant than malesetiieless, studies of behavior
of professional investors provide mixed evidendehnson and Powgl1994) andAtkinson

et al.(2003 find no differences in the behavior of male and female marsade contrast,
Olsen and Cox2001), Beckmann and Menkhof2008 and Niessen and Ruen£2007)
show that female managers follow less risky investmenestifian their male counterparts.
Noteworthy, the latter group of studies has one methodosddeature in common. The
studied funds are very heterogenous ranging from pure lomds to pure equity-funds so
that the sampled individuals work in very different setirand face different investment
tasks. This may preclude unbiased evidence on individpedific factors of investment
decisions.

So far, a careful control over the factors related to investintask could only be as-
sured in laboratory experiments. A number of experimerntaliss investigate gender dif-
ferences in risk preferences in objective probabilityda#s with both real and hypothetical
outcomesPowell and Ansic1997 Schubert et a).1999 Holt and Laury 2002 Dohmen
et al, 2005 Fehr-Duda and Schube2006 Eckel and Grossmar2008.2 Although a
majority of the studies confirm the gender stereotype, thezesome notable exceptions.
For instanceSchubert et al(1999 find that risk propensity of males and females depends
strongly on whether experiments involve abstract gambieswtextually framed lotteries.
In the latter setting females and males do not exhibit sicgnifi differences in risk propen-
sity. Interesting evidence is provided Biplt and Laury(2002 who show that the effect of
gender varies with the level of payoff. Females behave niskeawverse than males when
lotteries involve low payoffs. However, when lotteriesahxe high payoffs, no differences
between males and females are documented. Thus, expesiregittence on gender dif-
ferences should be enjoyed carefully as gender differeincsancial behavior seems to
be sensitive to contextual framing and to the level of pas/off

This study contributes to the existing literature in seMengortant ways. First, it com-
plements experimental evidence by resolving the concegerding the consistency of be-
havior in a laboratory with behavior in real life. Furthemapunlike most studies based on
observational data, the study analyzes risk-taking inumsdn where all investors make de-
cisions about the same type of investment product. Firthkystudy provides rare evidence
on the behavior of retail investors with detailed informatabout investments’ character-
istics available.

3A concise overview of these studies is provideddrpson and Gneez2009).
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4.3 German Market for Peer-to-Peer LendingSmava

4.3.1 Whatis Peer-to-Peer Lending?

The term "peer-to-peer lending" refers to direct lendingMeen private persons without
intermediation of traditional financial institutions likemnks. Classical examples of p2p
loans are loans granted among friends or family members. niblvelty of the modern
p2p lending is the emergence of internet-based marketp(aoecalled "platforms™) where
funds are transferred from surplus and deficit agents anagéeets do not know each other
personally. The surplus agents, i.e. lenders, providedwvith interest. The deficit agents,
i.e. borrowers, are contractually bound to repay the ppalcand the interest. They can,
however, default on their debt obligations and inflict Iesse lenders.

The first p2p platformZopa was founded in 2005 in the UK. Since then, more than 30
independent market places started in the USA and contineéatape. Currently, the total
amount of p2p loans originated by the largest platforms énUWSA and Europe — Prosper,
Lending Club, Zopa, Smava and Auxmoney — amoun#@00 million# Compared to the
volume of the traditional consumer credit market, peepeer lending is still a niche prod-
uct. Nevertheless, its phenomenon attracts significagttadn of general public, financial
industry professionals and acadenics.

4.3.2 How doesSmava function?

This study focuses on the largest German p2p platf&mmava.de The platform was
launched in March 2007. By the end of March 2010, a total ofi&,[ban applications
were posted on the platform. This leads to a total volume o£ca5 million, the result of
3,354 signed loan contracts (Figure 8.The average amount of loan is approximatélg
thousand.

The market functions in the following way. Individuals whamt to invest or borrow
on the platform must register and prove their identity. btirgg is allowed to private indi-
viduals who are at least 18 years old and are residents of @wgtrBorrowing is allowed to
private persons who comply with a range of requirementst Fapplicants must be at least
18 years old and have a monthly income of at le&a4t,000. Secondly, only those whose
individual financial burden does not exceed 67 % are eligiblborrow at the platform.
Financial burden is measured as a ratio of monthly paymentdl@utstanding consumer
debts (including loans taken 8mava to the borrower’s personal monthly disposable in-
come. Mortgage payments are treated as expenditures atrdctetd from the disposable

40wn calculations of the author based on official reports effthur platforms.

SFor the general information see e[TD (2009, Sviokla (2009 andKim (2009; on financial industry
analysis sedleyer(2009; and on academic research $&pe and SydndP008, Freedman and Jif2008,
Garman et al(2008 andDuarte et al(2009.

60wn calculations of the author.
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income. Income by other household members, as well as holassdwings, are not taken
into account. Depending on the obtained ratio, borrowexgaed on a scale from 1 to 4
and assigned the so called KDF-indicator as described ifle®B. Finally, the platform
accepts only applicants with credit scores ranging from A t@his rating, commonly re-
ferred to as a "Schufa-rating", is assigned to individugisSbhufa, the German national
credit bureau, and measures individual’s creditwortlsr@sa 12-point scale from A (the
best) to M (the worst). Each rating score corresponds to ma&® of the probability that
a borrower defaults on his obligations (see Table 5.2). isppls’ identity is verified via
postidentprocedure, a procedure through which individuals prové tidentity through
verification procedures carried out by employees of De@$ubst at their local post office.
The verified identity is not revealed to other market papcits; instead both investors and
borrowers operate at the platform under usernames.

After successful registration, borrowers post loan apilons on the platform’s web
page. A loan application specifies the amount of money thécapp wants to borrow, for
how long and what nominal annual interest rate he or she iggito pay. Two restric-
tions are imposed by the platform on loan applications: duygiested loan amount must be
betweenE 500 and€ 50,000; and the loan duration must be either 36 or 60 months. |
addition, applicants may provide a description of the loarppse, of their own personality
and upload a picture. These additional pieces of informadi@ provided voluntarily and
are not verified by the platform.

Investors can browse through the applications and choosehvidorrower they want
to finance. When an investor decides to provide funds to acpéat borrower, he or she
submits an electronic order. By submitting the order anstwe'signs” a binding contract
in which he/she commits to provide certain amount of moneyéochosen borrower. The
minimum acceptable order 250, the maximum i€ 25,000. All orders must be mul-
tiples of 250. Often several investors submit offers to #me loan and each provides a
fraction of the amount requested in the application. Thelmemof investors tends to in-
crease with the size of requested loan. So far, the averagbenof investors per loan was
15 and the median order4s250.

An important distinguishing feature @mava.das that loans arenot auctioned. In
contrast to many other peer-to-peer lending sites, ordettisaplatform are accepted on
the "first-come, first-served" basis, i.e. until the reqgedsban amount is covered to 100%.
Investors cannot underbid offers from other investors Iigrofg money at a lower interest
rate. Money can only be provided under the terms specifiesin &pplications, i.e. under
the interest rate and for the duration set by applicants.

Each application remains open for orders during 14 daysirggawith the day when
it was posted. If after this period less than 25% of the remaeamount is raised, the
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application is canceled and the raised money (if any raisedturned to investors.The
applicant can post the application again, eventuallyrimifemore attractive conditions, e.g.
a higher interest rate. In case of a successful brokerag@)atform charges investors with
€ 4 per order. Borrowers’ fee depends on loan maturity and is& #%e borrowed sum
(or at least. 40) when the loan is due in 36 months and 2.5 % of the borrowed(su at
least€ 60) if the loan matures in 60 montAs.

Loans procured at the platform are installment creditsahanhot collateralized or guar-
anteed by third parties. Borrowers are only contractuatiyrial to repay the debt and the
interest in fixed monthly payments. To safeguard the investom total loss, the platform
utilizes two risk-reducing instruments. These instrureere described in more detail in
the following sections of the paper.

4.3.3 What Information Do Investors Have?

Investing at the platform is characterized by substantfarmational asymmetries between
investors and borrowers. The asymmetries emerge maingulsecborrowers’ identity is
not known and investors are provided with a limited set abinfation about the borrowers.
Investors have access only to information that is colleeted disclosed by the platform.
Hence, ultimately the decisions of investors are built ugh@nprovided information set.

Loan specific information observable to investors compgribe following details. In-
vestors can observe in real time when a loan request is postet bids are submitted
by the other investors (if any), when the submissions werdenand what share of the re-
quested sum remains unfunded. Investors can also see thedoditions set by borrowers:
nominal annual interest rate, loan amount and maturitythearborrowers have to specify
the purpose of loan by choosing an item from a menu of 17 catsyd-igure 4.4 plots the
distribution of applications over the categories. In addito specifying the loan purpose,
borrowers can also provide a relatively detailed desaniiptif the projects they need money
for. This additional information should increase borrostérustworthiness and reduce in-
formational asymmetries between the parties. Howevermldseription of loan purpose is
voluntarily and is not always provided.

The borrower-specific information observed by investorsloea subdivided into "hard"
and "soft" information. Hard information includes verifigldta that each borrower is
obliged to provide. The data set comprises borrowers’ a&ge gsnployment status, place of
residence, credit rating, debt burden measured as debtaoae ratio, number of delayed
payments and defaults on previdsimavdoans. Availability of hard information is crucial

’About 8% of loan applications in the data set did not raise moyey; 5% raised less than 25% of
requested amount; 6% raised?5% but less than 100%; 81% managed to raise 100% of requesiaat.

8Smava changed the terms of the platform several times, bethamges were made during the time period
under observation.
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for investors, because it allows estimating the expecteafreturn on investments and
the probability of the borrower defaulting.

Although all pieces of hard information are verified, infatonal imperfections are
still high. In particular, the platform provides only a rdugstimate of borrowers’ personal
financial burden. The actual income and savings are not wddsler Furthermore, nothing
is known about the income and wealth of other household mesnfd&e available "hard"
information is complemented by "soft" information. Thetdatis voluntarily provided by
borrowers and is not verifiable. The "soft" data may includf@rmation on borrowers’
education, hobbies, family status etc.

4.3.4 What Risks Do Investors Face?

Loans procured at the platform are neither secured by eodlahor guaranteed by third
parties. Hence, investors can incur a loss if borrowersuliea their obligations. To
prevent total losses, the platform uses two instrumentstliin case of default the claim
to outstanding debt is sold to a collecting agency. Betweearid 20 percent of invested
capital can be recovered in this way. Secondly, a signifigdautger part of capital can be
recovered due to a risk sharing mechanism via loan pools.

Risk sharing via pools is accomplished by assigning investdo groups. Specifically,
all investors who finance loans of the same duration andgatie assigned into one group.
For example, all investors who granted loans to borrowets vating "A" for 60 months
belong to the same pool. Due to existence of 8 rating clagsg¢® alurations, there are
16 pools in total. Monthly redemption payments done by heers of the same pool are
lumped together and each investor gets an amount propaktiotis/her investment. In-
terest payments are not pooled together but transferredthjirto investors. When some
loans from the pool default, the losses are subtracted frempool and the remainder is
then divided among all members of the pool proportionallyhigr investments. In effect,
all members of the pool including those who actually investethe defaulted loan get a
fraction of the usual monthly payment. This faction is calleepool’s payment rateFor
example, there are 100 investors in a pool and each grar&e@5®-loan to different bor-
rowers. If two loans get default, the pool's payment rataeioed to 98% which means that
every member of the pool gets only 98% of the stipulated rgdiem payment. If another
loan defaults, the pool’'s payment rate decreases to 97%aad.sThe payment rate can,
however, be improved when members of a pool invest in newsl@énhe same duration
and rating and the old defaulted loans reach their maturtig platform provides investors
with a prediction of average payment rate for each pool (sde15.4). The described risk
sharing mechanism assures that affected investors dosef@0% of the invested capital.
The flip side of the coin is that the losses are covered by wlthhg a part of cash inflows
from the unaffected investors which reduces their profits.
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Loans that are repaid prior to maturity present anothercgoaf risk. When a loan
is repaid early, investors loose a part of expected intgragients. There is no penalty
for early payments and, hence, investors get no compendatidhe foregone interest. A
further source of risk is associated with delayed paymehtdelayed payment ties up the
money and prevents investors from reinvesting it in newaqwts. Because no penalty for
delayed payments is imposed on borrowers, lenders are ngpertsated for postponed
reinvesting. Hence, delayed payments inflict losses in o fof foregone investment
opportunities.

4.4 Research Hypothesis

The goal of the paper is to answer the question: Do femalesimg in p2p loans exhibit
higher risk aversion than males? To answer this questiorgly/ae the choices of male and
female investors.

At the considered market, the set of investment alternsif@eed by investors is com-
prised of loans requested by loan applicants. In the folgwi refer to loans as investment
projects. An investor ranks his/her preferences over ailabvle investment projects de-
pending on how much utility he/she expects to obtain fromhgaoject. Specifically, |
assume that investors have a two-parameter utility fundtiou, o). That is, utility at-
tached by an investor to a project depends on a linear comndyinaf the project’s expected
returnu and its standard deviatiam. Thus, investors rank their preferences over different
projects depending on the utility expected from them. Iestors are rational, they choose
to fund projects yielding the greatest utility. Hence, isteg decision problem can be spec-
ified as choosing the projects with such combinatiouand o that maximizes investor
utility.

Under these assumptions, investors’ propensity for kg can be measured relying
on theu-o approact?. The intuition behind thgi-o approach is that investors trade off
between the expected return and its standard deviationeabehe latter represents risk.
Investors like return and place a positive weightoso that (-) increases ip. The weight
placed by investors oo depends on the investors’ individual risk preferences ciipally,
the weight is negative for risk-averse investors, so thaj decreases ior. Moreover, the
larger the weight the larger the decrease in utility. Fdt-risutral investors, the weight is

%u-o approach is frequently criticized for its restrictive asgiions regarding the functional form of
utility (Meyer, 1987 Bigelow, 1993 or distribution of returnsGhamberlain1983. However, in contrast to
situations where mixtures of distributions are consideiedituations where preferences are to be ordered
over a set of simple distributions (as is the case in thisytya-o approach can be employed under less
restrictive assumptiondfeyer and Raschd 992.

Another restrictive property qii-o approach is its assumption that investors derive utility dtom mon-
etary payoffs of investment projects. However, recentisgishow that individuals attach significant value to
social returns of an investment (see eBpllen, 2007 Benson and Humphre008. This circumstance is
accounted for in the empirical part of the paper.
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zero andJ () does not depend oa. For risk-loving investors, the weight is positive, so
thatU (-) increases iro and the larger the weight the larger the increase.

Hence, the effect ob on the expected utility differs among investors depending o
individual risk preferences. This relationship provides basis for the test of differences
in risk preferences between male and female investors ip2pecredit market studied.
Specifically, if females investing on the platform are onrage more risk averse (or less
risk lowing) than males, then they put a different weightoothan males. This implies that
a marginal effect ob on the utility of a female investor differs from the margieéflect of
o on the utility of male investors. In particular, if female® @ither more risk averse or less
risk loving than males, then the difference between the margffect ofo for females and
males is negative. So, to answer the research questiomltbeihg hypothesis has to be
tested:

Hypothesis: Ceteris paribus, the difference between the marginalcefd® o on the
utility of a female investor and the marginal effectabn the utility of a male investor is

negative,
0UFema|éu, G) . aUMale(I«la G)
oo oo

Contrary, if males and females are, on average, equallyrmke then the effect on the
utility should be the same for both genders implying no défece in the marginal effects.
Moreover, if females are more risk prone than males than ifferehce in the marginal
effects should be positive.

Hence, gender differences in risk propensity can be testegktimating the marginal
effect of one standard deviation of a project’s expectedrneon the utility of investors.
Inference about the utility attached by investors to déferprojects can be made based on
the observed investment choices. The empirical test isridbestcin the remainder of the
paper.

<0.

4.5 Implementation of the Test

45.1 Econometric Model

Let J} denote the set of investment alternatives faced by invesitoichoice situatior €

Tn. JY comprises all investment projects that are available attheket at timet, when
investor submits his/her order on one of the projects. The utility theestom attaches to
investment project € Jt can be decomposed in a deterministic ;ﬁi{xnjt which is a linear
combination of the project’s characteristics observableesearcher and an unobserved
part, &njt:

Unjt = ﬁ:]ant + &nijts (4.1)
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wherex,j: is aK-dimensional vector of observable attributes of investnpeojectj. The
main characteristics of a project are the expected retuintaistandard deviation. Besides
them, each project is characterized by a number of attsaummarized in Table 4.8,, is

a vector of parameters reflecting investarigaluation of (or taste for) each attribukes K.

&njt IS a stochastic term representing the random part of ytitiig iid over investors and
choice situations. It is assumed that investor prefereacessompletely defined by the
projects’ attributes, that is, utility is derived from thiérdbbutes associated with investment
projects rather than from projegier se In line with this assumption, Equation 4.1 has no
alternative-specific constants.

Vector B,, is explicitly allowed to vary over individuals. | assume tiffy, is normally
distributed with meath and standard deviatiomig: B, ~ N(b, aB).lo This feature reflects
the possibility that there is taste variation in the popatatand any given attribute of an
investment project may receive different valuation frorfiedent investors. For example,
utility derived from an investment project with a given egfel return and standard devia-
tion should vary over individuals depending on their ris&fprences. However, preferences
are not observed. Therefore, the model should accommaoaat®mtaste heterogeneity
emerging due to unobserved investor-specific factorshEuriore, a part of taste variation
may also stem from observable differences among individsath as, for example, age,
income or gender. This kind of taste heterogeneigystemati@and can be explicitly mod-
eled by taking investors’ characteristics into accounte Buthe research aim of this paper,
| only focus on how valuation of projects’ attributes depeond investor gender.

The two types of taste heterogeneity — random and systeraiie incorporated into
Equation 4.1 by expressing veci®y, as a function of investors’ gender and the unobserved
individual-specific effects:

Bn =b+ yFemalajt +Nn,

where vectorb hask-elements each representing the average valuation placedalte
investors on project attributec K. Femalgj is a dummy variable equal 1 if investor is
female and O if male.

Vector y hasK-elements each capturing the difference between the aveféect of
project attributek on the utility of a female investor and the marginal effectpobject
attributek on the utility a male investor. For instang@pRreturg IS 0ne of the elements of
y that shows the difference between the effect of returnsidsted deviation on the utility
of females and the effect on the utility of males. With resgedhe research hypothesis,
YspRretur IS Of central interest. A negative and statistically sigaifit estimat%@m
means that females are more risk averse (or less risk to)eham males.

10| assume that coefficients of corresponding to differenfguts’ attributes are not correlated. That is, the
off-diagonal elements of matriaf; are zero.
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n, is aK-dimensional vector with elements representing the etieanobserved fac-
tors associated with investaron his/her valuation of the project’s attributes. Techityca
n, is a deviation of3, from its mean:n, = B,, —b. Therefore, it is by construction nor-
mally distributed with zero mean and standard deviatign ), is allowed to vary across
investors but is assumed to be constant over choice sihsfio a given investor.

After specification of taste heterogeneity, Equation 4ri lmarewritten as

Unjt = b'Xnjt + yFemal@jexnje -+ MpXnj + Enjt.- (4.2)

Now, the random portion of utility consists gf xnjt + €jt. Due to the common effect of
n,. the random term is correlated over investment alternsiwel choice situations for a
given investor.

So far, the equation describing investor choice has beaifigueso that expected utility
enters the equation as a dependent variable. Yet, expetifigdaf an investor is his/her
private information that is not observable to a researcWénat is observed is the choice
set faced by an investor and the actual choice made. Assuimégnvestors are utility
maximizers, it can be argued that the chosen project pre\adanvestor with the greatest
expected utility. Therefore, inference about factorsdiif|y an investor’s utility can be
made by analyzing the relationship between observabibuats of investment alternatives
and the investor’s choice. Such analysis can be done byastigra discrete choice model
(Train, 2009.

Consider a data set where the unit of observation is an imesgtproject. Each time
an investor makes an investment, he/she contritiies- J!, observations to the data set,
wherebyd} is the number of projects entering the choice set of invesitochoice situation
t. Now, define a new binary variabygj: as follows

{ 1 if projectj is chosen by investar in situationt
Ynijt

=0 if projectj is not chosen

The probability that investon chooses projecf in choice situatiort given projects’ at-
tributes is

Priyait =1] = Pr{Unjt > Unit, Vj # 1]

Brownstone and Trai(lL998 show that in the case when coefficient vegBgrentering the
utility equation is randomly distributed with parametérand g, the choice probability
becomes

Priynjt =1] = ['Lnjt(Bn) f(Bn[b, 05)d(By)
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whereLnjt(B,,) is given by a standard logit:

Lyt = exp(b'xnjt+yFemale jtXnjt+NnXnjt)
Nt S expb i+ yFemal @+ n¥nit)
Revelt and Train(1999 extend the model to situation where researcher obserpested

choices for a given decision-maker. Specifically, they shioat the probability of a se-
guence of choices made by an individual is given by

Priynj =1 = [[1'Lnit(Bn) f(Bnlb, 0)d(By)- (4.3)

Models of this form are known in the literature as mixed Iqgitain, 2009. As shown

by McFadden and Trai(R000 mixed logit models present a very flexible type of discrete
choice models that allows efficient estimation of the patanséd and gz by means of
maximum simulated likelihood

45.2 The Data Set

Data used to estimate Model 4.3 are collected from the pylai@ilable electronic archives
of Smava.de The data set contains observations on the electronic oidymitted by
investors between March 2007 and March 2010. The numbewesiars registered at the
end of observation period was 5,671. The total number of gtdairorders is 54,455. On
average, each investor submitted 10 orders, meaning thavterage each investor made
a choice in 10 choice situations (the median is 4, the maxinsu@92). In each choice
situation, investors faced an average of 17 different iimaest projects (the median number
of alternatives is 13, minimum is 1 and maximum is 84). Figlu& plots the distribution
of choice sets over the number of alternatives entering them

The majority of investors participating on the platform amale. There are only 625
female investors, 11% of all registered investfrSummary statistics in Table 4.5 reveal
some differences in the profiles of male and female investbigles started investing at

HCompared to other discrete choice models such as multinéygigor probit models, mixed logit models
exhibit a number of useful properties. For instance, in i@sttto multinomial logit, mixed logit accommo-
dates temporal correlation in error terms and relaxes thteicive property of independence from irrelevant
alternatives (11A) {rain, 2009. Vis-a-vis multinomial probit model, estimation of mixéabit is computa-
tionally less demanding. Numerical methods of integratiarrently used for probit models (for instance,
Gaussian quadrature) operate effectively only when thebaurof alternatives times the number of choice
situations is no more than four or fivé&r@in, 2009. Yet, the dimension of the data in hand is much higher.
The number of choice situations alone amounts on averagg tel8le the number of alternatives in a choice
setis on average 17.

12The predominance of male investors at the platform suggleatssome kind of self-selection is taking
place. Unfortunately, the data do not allow modeling thea#n mechanism and to identify what factors
determine the participation decision. Previous reseanchivs that women are usually under-represented
in the financial markets. For instance, only 10% of managetke investment fund industry are females
(Beckmann and Menkhqf2008 Niessen and RuenZ007). Moreover, considering the financial markets at
large, females are found to be less likely to invest in riskgficial assetBadunenko et a12009.
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the p2p market 1 month earlier than females and hence carid®dze somewhat expe-
rienced than females. Female investors are, on averag&rd gkler than male investors.
The average amount invested per loan and the total amowegtaw at the platform by fe-
male investors is somewhat smaller than the respective misiowested by male investors.
However, the difference is statistically not significant.

For each submitted order the data includes information th@uchosen loan applica-
tion and the other applications entering the choice set df @aestor. Attributes of loan
applications that enter vectapj; in Equation 4.2 are captured in the following variables.
Amountis a continuous variable showing how much money a borronguested in the
application. Since the amount is always a multiple of 250udugable is scaled by factor
2—%0 when used in regression analydirationis a dummy variable equal 1 if loan is asked
for 60 month and 0 if for 36 month©ffered interest ratés a continuous variable showing
the nominal annual interest rate (in %) offered by a borroRarposes a dummy variable
equal 1 if a loan is taken for business purposes and 0 if foswmer purposedescription
is a continuous variable measuring the length of descrniptioloan purpose provided by
a borrower. This variable is equal to a logarithm of the nundfecharacters used in the
description.Femaleis a dummy variable describing borrowers’ gender. It is édubor-
rower is female and O if maleAgeis a continuous variable showing the age of borrower.
Variable Ratingtakes on 8 values from "A" (the best creditworthiness) to (the worst
creditworthiness) and measures the creditworthinessrobwers according to the scale of
the German credit agency, Schufa. Dummy varidbtencial burden: lowis equal 1 if
borrower’s debt-to-income ratio does not exceed 20%. DumamniableFinancial burden:
moderateequals 1 if debt-to-income ratio lies within the range 2044@nd 0 otherwise.
Dummy variablg=inancial burden: substantiaquals 1 if debt-to-income ratio lies within
the range 40-60%. Dummy variabfénancial burden: highequals 1 if debt-to-income
ratio lies within the range 60-67%=mployments a dummy variable indicating borrowers’
employment status. It is equal 1 if borrower is self-empthyend O if borrower is either
employed or retired.

Information about projects’ expected return and variarfcetrns is not provided to
either investors or researchers. Both must calculate @wdskeutes individually. Calcula-
tion of expected return and its standard deviation, as egti this study, is described in
the next section.

4.5.3 Calculation of expected return and its variance

Assuming that the uncertainty pertaining to the payoff ohanuity loan stems only from
the probability that a borrower defaultdthen investing in an annuity loan can be seen as

13There are other sources of uncertainty such as the prolyatfiiarly repayment of a loan or changes in
the payment rates of pools. However, the present analysis iiot take these into account.
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buying a lottery withM + 1 possible outcomes wheké equals to the number of monthly
installments that a borrower is contractually obliged tg paorder to repay the loan. De-
pending on when a borrower defaults, the number of actualigt jstallments can vary
between 0 (no payments made) avd(all payments completed). Realization of any of
M + 1 outcomes determines what rate of return to investmenttairedd. The rate of re-
turn, conditional on realization of an outcome, is denotg&Rk.

Probability of each outcome of the lottery is determinedhwy probability that a bor-
rower defaults and does not pay back a number of installméetsT = {1,2,....M} be a
discrete random variable indicating the sequential nurabigrstallment at which a default
occurred, i.e. neither the installment in question nor drth® subsequent installments are
paid. Letf(t) denote the probability distribution function @f. Then, probability of de-
fault occurring with installmentis Pr(T =t) = f(t). The probability distribution function
f(t) is not known. However, it can be estimated based on the paylmedavior of borrow-
ers observed in the past. In particular, it is helpful toreate how probability of default
with any given installment depends on the observable ctexristics of borrowers and loan
terms. Procedure used to estimate the probabilities igidesicin Appendix A. Based on
estimated default probabilities, one obtains estimatésegprobability of each outcome for
any given loanps, ..., Pm+1.

Figure 4.5 illustrates the possible outcomes and the réspawrobabilities for a loan
with duration 36 months. The duration of 36 months impliest th borrower must pay
36 installments. Respectively, there are 37 possible outso LetR; denote the rate of
return received by investor if the first outcome is realiz€te first outcome is realized if
borrower does not pay any installments. The probabilityhef butcomeps, is the proba-
bility that default occurs with the first installmey (T = 1) = f(2). The second outcome
is realized if borrower pays the first installment but defawith the second installment.
This outcome occurs with probability, = Pr(T = 2) = f(2). And so on. Finally, the last
possible outcome emerges if borrower makes all paymeatsjaes not default on any of
the installments. The probability of this evamt; = Pr(T > 36) = 1— f(36).

The next step is to determine the rate of retlRy, generated in case of each outcome.
Return to an annuity loan can be determined by calculatiagrternal rate of return from
a series of cash flows produced by the loan. Similar to a comanonity loan, cash flow
generated by &mavaloan is given by a series of monthly installments paid byrdoers
whereby each installment consists of debt redemption aedest on the outstanding debt.
With Smavdoans, even in case of a borrower default, investors recuge money back
due to the collective insurance mechanism described indpett3. Investors always get a
fraction of the contractually stipulated redemption relfgss of whether a borrower defaults
or not. This fraction is determined by the payment rate ofpibel the investor belongs to,
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Pp.14 Interest is exempt from the insurance mechanism, suchrihestors do not get any
of the contractually stipulated interest if their borrowdefault.
Hence, amound; received by an investor at theh month of a loan duration is

PpXDt+|t, Vt<T
Py x Dy, Vi>T.

whereDy is the value of contractually stipulated redemption in rhdnP, is the repayment
rate of poolp where investor belongs tg,is the contractually stipulated interest in month
t, andT is the installment at which a default occurred.

Then, returrR,, generated by a loan if outcomeis realized is obtained by solving for
rin

Investment+Fee= sM, P{j_rD 3 if m=1
Investment+Fee- yM; P{’j_rDE +y0t kr)t, ifl<m<M+1
Investment+Fee- s, %, ifm=M+1

wherelnvestments the amount invested in the loan by a particular investdriaeis the
fixed fee charged by the platform for each investrient.

The expected return from a loan is given by a weighted sumtofiie associated with
all M + 1 outcomes with weights given by the probabilitips,..”, pm+1:

M+1

E[Return = Z Pm X Rm.
m=1

Figure 4.6 plots the distribution of annualizEfReturn over all investment projects posted
on the market. The sample mean of annualiZgReturn is 6.8%.

The measure of returns variation given by the standard tiemian return is calculated
as follows

M+1

SDReturi =/ 5 pmx (Rn— E[Returr)?
m=1

14n reality, payment rate of each pool varies depending on imany loans in the pool default in a given
month. However, because at the moment of investment imgedtonot know the future rates, they have to
rely on some assumptions regarding the process. In my edilcns, | make a simplifying assumption that
payment rate remains constant at the level as predictedehyylatform. See Table 5.4.

5presence of a fixed fee implies that the return depends omiketment amount. However, because the
fee is very small relative to the minimal possible order, ¢ffect should be negligible. So the calculations
are done assuming that each investor allocates the miniossitde amount of 250 Euro per loan. Then, it
is sufficient to calculate the return for (only) 3,354 loampkgations instead of all 54,455 investments done
at the platform. Because calculation of return involves potationally intensive optimization procedure,
reducing the number of cases is crucial.
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Figure 4.7 plots the calculateé8D[Returr} againstE[Returr for all investment projects
posted on the market. The calculatéB{Returry and E[Returr} are further used as ex-
planatory variables entering vectayj; in Equation 4.2.

4.5.4 Estimation Results

Results of the estimation of Model 4.3 are reported in Table Blote that there are three
different blocks of estimated parameter&: &B andy. b is an estimate of the vector
of random coefficient$,; it represents the average effect of respective variabtethe
expected utility of male investorsf:,; is the estimated standard deviationBf reflecting
the variation of tastes among investors. The estirgagethe parameter of primary interest;
it shows how the average effect of variables on the utilityeohale investors differs from
the effect of these variables on the utility of male investor

Results reported under the head8d"are obtained for a reduced specification of the
vector of random parametefs, and the vector of explanatory variabbeg:. Specifically,
B, =b+n, whilex,j: includes only two variableS[Returrj andSD{Returr. This specifi-
cation does not take into account investors’ gender. Howe\adlows seeing how investors
respond to projects’ expected return and variation. Thenast¢ of the mean of the coeffi-
cient forE[Returr} is 0.79 and is statistically significant implying that exfeztutility of a
project increases witk[Returr}, holding other characteristics of the project constane Th
estimate of the standard deviation of the coefficientH{Returrj is 0.528 and is statisti-
cally significant. This means that there is considerabletian in investors’ responses to
the level of projects’ return. For a small fraction of in@stthe coefficient is even nega-
tive.16 This result does not necessarily imply that investorskidtigher returns. Rather it
signals that a fraction of investors rely on a decision rutieaent from the mean-variance
principle. Moreover, in the context of peer-to-peer lemglinvestors may derive significant
utility from social returns stemming from awareness thaégted money will be used for a
socially useful project or help another person out in a diffisituation. Respectively, indi-
viduals may engage more willingly in less profitable praga€such projects are associated
with substantial social returns.

The estimate of the mean of the coefficient &[Returrj is negative (-0.267) and sta-
tistically significant, which indicates that on averageestors dislike variation in returns.
The probability of investing in a project decreases in resedo a marginal increase in re-
turn’s variation. Hence, the majority of investors on the ptatform seem to be risk-averse.
The estimate of the standard deviation of the coefficienBIgiReturrj is statistically sig-
nificant meaning that preferences for returns’ variancg wathe population. Moreover,

16This inference is derived from the properties of normalriistion. Because coefficients are assumed to
be normally distributed, 68% of investors fall within thengee between-o and+ac; 95% of investors fall
within the range between20 and+20g; and 99% of investors fall within the range betweeBo and+30
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the magnitude of the standard deviation implies that forresmierable number of investors
higher variation in returns is associated with higher eigeatility. Again, this result may
emerge because not all investors consider mean-variateasa criterion for investment
choice. Or, alternatively, the finding may indicate that eipa of investors are risk-loving.

Results reported under the head8@"are obtained for the same specificationfoés
before, but this time vectox,j; is extended by including other observable characteristics
of loan projects. Previously received results for the effexf E[Returr) and SD/Returr
remain basically unchanged: Utility of investors is pagly related to investments’ return
and negatively related to the variation of return. Howetlez, magnitude of the estimates
of the means of the two coefficients decreased comparedutisésr the baseline specifi-
cation. Because of the way the expected return and its \@iare calculated in the study,
they depend on the attributes of the projects. When théatés are additionally included
in the regression equation together wifReturry and SD{Return, it can lead to multi-
collinearity and respectively reduce the significanceibsdrtoE[Returrj andSD{Returr.
Moreover, the fact that all considered attributes haveiagmt effect on investors’ utility
indicates that investors attach significant value to thebates in addition to the impact
these factors have on return and its variation. For exantipéecoefficient estimate for the
dummy variableLoan duration=60 monthss -1.067 meaning that investors prefer short
term loans over long term loans. Even when investors retiaeceteris paribusreturn is
negatively linked to loan duration they may attach addaiaregative value to long dura-
tions simply because they dislike it when their money is tipdor a long time.

Finally, results under the heade83' relate to an extended specification whBp =
b-+ yFemalej + n,,. This specification allows the effect of projects’ attriésito vary with
investors’ gender. The main parameters of interest aretegphm the lower part of the table
undery. Coefficient estimates fdE[Returrj andSD[Returr are statistically insignificant
meaning that the effect of one standard deviation of prgj@eturn on utility of female
investors is not different from the effect on utility of mafeestors. Hence, contrary to the
research hypothesis, a marginal increase in returns wigrabduces the utility of a female
investor as much as it reduces the utility of a male investdso borrowers’ rating and
financial burden — the two characteristics that might be idened by investors as a rough
proxy for investments’ riskiness — has the same effect forales as for males. Therefore,
the results do not confirm that gender has an effect on invastotaking propensity.

However, some significant gender differences in investstetaare found with respect
to other attributes of investment projects. For instanemaies seem to dislike long-term
loans more than males. Unlike males, females prefer consloaes over business loans.
The only borrower-specific characteristic where femalestors seem to have different
tastes than males is borrower age: Utility derived by fesalereases with borrower age.
However, this result may be driven by the fact that femalesbors participating émava
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are, on average, somewhat older than male investors. Ndtewthe effect of borrowers’
gender does not vary with investors’ gender. Hence, botle mad female investors are
more willing to provide funds to female borrowers than to enabrrowers.

4.6 Conclusions

This paper examines the role of investor gender in their gmejy for risk taking when
investing on an online p2p credit market. A p2p market seagea channel though which
investors directly allocate capital to investment prggagithout intermediation of a finan-
cial institution or advisor. Because payoffs from loanswareertain, p2p loans can be seen
as a form of risky investment. Investors’ choices allow magkinference about their risk
preferences.

A comparison of investment choices of male and female iovegtarticipating in p2p-
lending does not reveal any significant differences wittpees to their risk propensity.
Relying on the mean-variance framework, | test whether fenmaestors respond to in-
creasing variance in expected returns differently tharenralestors. The results of a test
show that gender does not matter for investors’ risk prefes. A marginal increase in
the standard deviation of expected return equally afféatautility of males and females.
Moreover, no differences between male and female inveaterfound with respect to other
characteristics of projects that may serve as proxy forgotsj riskiness. Hence, the data
on peer-to-peer lending do not support the conjecture tbaten tend to take less risks in
investment decisions than their male counterparts.

However, the results should be enjoyed with caution becbwgearticipation of fe-
males in the market indicates self-selection. If probabiif investing at the market is
correlated with individual risk-propensity, then obtain@sults cannot be generalized to
the overall population. Nevertheless, the study provicdesul evidence on the behavior of
individuals who are likely to self-select into risk-takimagtivities. A conclusion that can
be derived from this perspective is that gender seems tormanple in the behavior of
individuals who deliberately engage in risk-taking. Herite results are consistent with
studies showing that, among professionally trained imraesfemales behave similarly to
males with respect to riskkphnson and Powell 994 Atkinson et al, 2003. The present
study supports and extends this literature by showing thiatrelationship holds also in
self-selected groups of not-trained retail investors.
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Appendix A: Estimation of the probability of default

Probability of default in a given month of a loan’s duratigrestimated using the observed
payment behavior of borrowers 8mava Information about borrowers’ payment behav-
ior is collected from http://www.beobach.de/. Repaymastdny is observed through the
end of December 2010. Figure 4.1 plots distribution of di$aloy the month of default
observed in the data. Since the market is young, many cteaesnot matured yet. Specif-
ically, of 3,354 loans that were granted between March 20@March 2010, 386 were
repaid (including early repayments) and 310 defaulted byetid of December 2010.
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Figure 4.1: Distribution of defaults by month of default
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T is the discrete random variable indexed by a set of positiegerst ={1,2,3,..., M}
indicating the installment at which a default occurred. L@t denote the probability dis-
tribution function of T andF(t) denote the cumulative probability function describing the
probability thatT <t. Let S(t) denote the survival function df describing the probability
that default occurs at some time after montEssentially, the survival function shows the
probability that a borrower serves the debt for at I¢éasbnths. The relationship &t) to
f(t) is straightforwardS(t) = Pr(T >t) = 1—-F(t) = 1—- 5/, f(t).

Now, denote the conditional probability that a default asda montht conditional on
the probability that the debt was timely served dutirdl months, a&(t). This conditional
probability is known as the discrete-time hazard rate atidked to the survival probability
in the following way

f(t)
St-1)°
As shown byJenking(1995, h(t) can be estimated using conventional estimation methods
for binary response variables. In order to do so, the dat@@anized such that the unit
of observation is the monthly payment and not a loan. Each tmmtributes as many
observations to the data set as there are monthly paymemesyoa borrower to repay the
loan.

Define a new binary indicator variabjg with yi; = 1 if loani defaults in month and
yir = 0 otherwise. Note tha®r(yix = 1|T >t) = Pr[T =t|T > t] = hi(t). Hence, log-

h(t) = Pr[T =t|T >t] =
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likelihood of observing the data is

N T
ogl-3 5 [yn log(hi(t)) + (1—yi) x log(1— b)) .
1I=1t=

All that is needed now to estimate the hazard rate is a fumatispecification oh(t).
The most commonly used specification is the logistic hazandtion Cox, 1972 Jenking
1995. Logistic distribution of the hazard rate implies tiét) can be estimated by means
of a logit regression:

exp(ag+ a1in(t) + BX)

h(t|X) = (1+expao+azln(t) + BX)’

(4.4)

Time dependence of the hazard rate is operationalized bydimg a logarithmic func-
tion of time, a1In(t) into the model. Such specification of duration dependengdiés a
monotonically decreasing hazardai < 0, a monotonically increasing hazardaf > 0,
and a constant hazardafi = 0. The effect of observable characteristics included inorec
X is captured in parameters’ vectBr Vector X includes the following variables: raised
loan amount (divided by 250), offered interest rate in %, gcan duration, loan purpose,
borrower’s Schufa-rating with "A" being the best grade, fiicial burden, employment sta-
tus, age, gender, place of residence, loan vintage (yeaq@ander when the first payment
is due) and calendar month of payment to capture seasoe#ktyts. Note that only ob-
servations on approved loans can be used to estimate egdadio Estimation results are
reported in Table 4.1. According to the resutfs,= —0.150. Thush(t|X) decreases with
the time.

Table 4.1: Estimation results after discrete-time hazaodeh

Coeff. St.Error

Raised amount 0.009*** (0.00)
Offered interest rate 0.166*** (0.04)
Loan duration

36 months (ref.)

60 months 0.147 (0.15)
Rating

A

B 0.544* (0.33)

C 0.250 (0.38)

D 0.422 (0.37)

E 0.590* (0.35)

F 0.636* (0.35)

G 0.746** (0.37)

H 0.889** (0.42)
Financial burden

low (ref.)

moderate 0.870** (0.35)

substantial 0.863*** (0.33)

high 1.076%** (0.33)
Employment

Arbeiter/Angestellter (ref.)

Beamter -1.135* (0.612)
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Freiberufler -0.985*** (0.33)

Geschéftsfiihrer 0.044 (0.29)
Gewerbetreibender 0.026 (0.18)
Rentner 0.374 (0.30)
Age -0.001 (0.01)
Gender
Male (ref.)
Female 0.078 (0.14)
Loan purpose
Aus- & Weiterbildung -0.001 (0.37)
Auto & Motorrad 0.301 (0.21)
Familie & Erziehung -0.051 (0.24)
Feierlichkeiten & besondere Anlasse -0.290 (0.52)
Geschéftserweiterung -0.439 (0.38)
Gesundheit & Lifestyle -0.027 (0.44)
Gewerblicher Kreditbedarf -0.358 (0.46)
Haus, Garten, Heimwerken (ref.)
Investition -0.402 (0.66)
Liquiditat 0.158 (0.26)
Reisen & Urlaub -0.268 (0.48)
Sammeln & Seltenes
Sonstiges 0.297 (0.21)
Sport & Freizeit 0.380 (0.38)
Tierwelt 0.847** (0.42)
Umschuldung 0.088 (0.25)
Unterhaltungselektronik & Technik 0.415 (0.37)
Place of residence
Baden-Wirttemberg 0.036 (0.23)
Bayern -0.410* (0.23)
Berlin 0.157 (0.28)
Brandenburg 0.087 (0.37)
Bremen
Hamburg 0.550 (0.36)
Hessen 0.326 (0.23)
Mecklenburg-Vorpommern 0.242 (0.49)
Niedersachsen 0.241 (0.25)
Nordrhein-Westfalen (ref.)
Rheinland-Pfalz 0.324 (0.30)
Saarland -0.724 (1.03)
Sachsen 0.672%*= (0.26)
Sachsen-Anhalt 0.436 (0.39)
Schleswig-Holstein 0.841**= (0.26)
Thuringen 0.613* (0.35)
Season
Jan (ref.)
Feb 1.126%** (0.33)
Mar 0.608* (0.36)
Apr 0.920%*** (0.34)
Mai 0.670* (0.35)
Jun 0.430 (0.36)
Jul 0.930*** (0.33)
Aug 0.149 (0.38)
Sep 0.720** (0.34)
Okt 0.549 (0.35)
Nov 0.620* (0.34)
Dec -0.198 (0.39)
Vintage
200792 (ref.)
200793 0.282 (0.87)
200794 -0.316 (0.82)
2008qg1 -0.039 (0.81)
2008092 -0.023 (0.80)
200893 0.207 (0.81)
2008g4 0.076 (0.81)
2009qg1 -0.235 (0.81)
200992 0.142 (0.80)
200993 -0.076 (0.81)
2009g4 -0.597 (0.82)
2010q1 -0.765 (0.84)
201092 -0.716 (1.07)
In(t) -0.150** (0.06)
Constant -9.263*** (1.00)
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PseudaR? 0.096
N 56589

* p<0.10, ** p<0.05, *** p<0.01
(ref.) = reference category

Using the vector of estimated coefficients, | calculate fteloan application posted
at the platform (not only the approved ones) its individuatdrd functionh, (t). Based on
the determined hazard function, the survival functipft) and the probability distribution
function f, (t) are calculated for each loan application:

t
|_|1 b (]

N 1-S(t), ift=
fi(t)=1 . . _
St—-1)—S§(t), ift>1
The sample means for the hazard, survival and probabilgtyidution functions are plot-

ted in Figure 4.2. Estimated probability distribution ftioa of loanl, ﬂ(t), is used to
determinepyy, ..., pmr11 — the probability of each possible outcome from lban

. fi(t), Vt<M+1
Pt = M £ .
1-SM fi(t), ift=M+1.
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Figure 4.2: Estimated functions

Estimated hazard function, h(t)
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Appendix B: Figures and Tables

Figure 4.3: Loans procured 8mava

This graph plots cumulative distribution of the number ameltolume of loans procured at the platform between Marc@7 2ihd
March, 2010
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Figure 4.4: Distribution of loan applications by loan puspo

Sammeln & Seltenes

Tierwelt

Sport & Freizeit
Unterhaltungselektronik & Technik
Feierlichkeiten & besondere Anlasse
Reisen / Urlaub

Gesundheit & Lifestyle

Investition

Aus— & Weiterbildung
Gewerblicher Kreditbedarf
Geschéftserweiterung

Familie & Erziehung
Umschuldung

Liquiditat

Sonstiges

Auto & Motorrad

Haus, Garten, Heimwerken

T
0 .05 1 .15 2 .25
% of loan applications

87



Figure 4.5: Possible outcomes of investment in a loan witlatilbn 36 months
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Figure 4.6: Distribution of expected return over projects
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Figure 4.7: Standard deviation of return plotted againsetkpected return
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Figure 4.8: Distribution of choice sets by the number ofraliives in a set
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Table 4.2: KDF-Indicator

KDF-Indikator

Debt-to-disposable income ratio

1
2
3
4

0 bis 20%

20 bis 40%
40 bis 60%
60 bis 67%

Table 4.3: Creditworthiness rating grades and correspgrieDs

This table shows the rating grades that eligible individual borrow at the platform. The rating grades are assignédrt@wers
by the German national credit bureSchufa Each rating grade reflects the probability of a borroweefadlt given his past credit

behavior and current debt obligations.

Rating grade

Probability of default

Fraction of loans with given rat-

ing grade

A 1.38 15.91
B 2.46 16.21
C 3.56 10.16
D 441 9.94

E 5.57 10.83
F 7.16 12.30
G 10.72 14.77
H 15.02 9.88

Table 4.4: Historical payment rates in pools

This table shows the predicted and the historical averagmeat rate for each of the 16 pools. The historical averagal@uilated
over the period from April 2007 to January 2010. Source::Hitvw.smava.de.

Loans with duration 36 months

A B C D E F G
Predicted payment rate 98.8 978 966 961 951 93.7 906 87.1
Historical average 974 958 984 956 959 924 92.0 89.7
Loans with duration 60 months
A B C D E F G
Predicted payment rate 985 974 958 954 942 924 888 84.6
Historical average 995 97.8 985 915 952 942 859 84.1
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Table 4.5: Summary statistics of selected variables bysiiore’ gender

Males Females
N=5,046 N=625
Variable Mean St.Dev. Mean St.Dev. t-Test p-value
Age 41 12.32 45 12.50 -6.31 0.00
Duration of participation 14 8.72 13 7.80 3.81 0.00
# of submitted orders 10 16 8 12 2.24 0.02
Order value, ire 469 372 481 391 -0.80 0.42
Total amount invested 4,436 8456 4,004 7165 1.74 0.25
Table 4.6: Definition of explanatory variables

Variable Name

Description

Investor-specific characteristics
Female
Loan-specific characteristics
E(Return)
SD(Return)
Amount
Duration=60 months
Offered interest rate
Purpose
Description
Borrower-specific characteristics
Age
Female

Rating

Financial burden: low
Financial burden: moderate
Financial burden: substantial

Financial burden: high

Employment

=1 if investor is female, = 0 otherwise

Expected rate of return to investment, in % p.a.

Standard deviation of the expected rate of return form itneent
Requested loan amount, 4

Dummy variable = 1 if loan duration is 60 months, = 0 if 36 manth
Offered nominal annual interest rate, in %

=1 if business loan, =0 if consumer loan

Length of description of loan purpose, in # of characters

Age in years

= 1 if borrower is female, = 0 if male

measures borrowers’ creditworthiness, takes 8 values fr¢best)
to H (worst)

=1 if borrower’s debt-to-income ratio does not exceed 20% @&n
otherwise

=1 if debt-to-income ratio lies within the range 20-40% anati0-
erwise

=1 if debt-to-income ratio lies within the range 40-60% anoti0-
erwise

=1 if debt-to-income ratio lies within the range 60-67% anati0-
erwise

=1 if borrower is self-employed 0 if employed or retired

a Since the value is always a multiple of 250, the variable #estby factorz—é0 when used in regressions
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Table 4.7: Estimation results after mixed logit regression

S1 S2 S3
Estimate St.Error Estimate St.Error Estimate St.Error
b
E[Return] 0.790%** (0.01) 0.599*** (0.01) 0.614** (0.01)
SD[Return] -0.267*** (0.01) -0.179%+* (0.02) -0.176**  (M02)
Rating -0.520%*** (0.01) -0.519**  (0.01)
Loan duration: 36 months (ref.)

60 months -1.067*** (0.03) -1.045**  (0.03)
In(Amount) -0.512%* (0.01) -0.523** (0.01)
Description 0.201*** (0.01) 0.198*** (0.01)
Offered interest rate 0.405**=* (0.01) 0.400%** (0.01)
Loan purpose: consumer loan (ref.)

business loan 0.095*** (0.02) 0.110%** (0.02)
Employment: employed or retired (ref.)

self-employed 0.354**= (0.01) 0.350%** (0.01)
Age -0.006*** (0.00) -0.006***  (0.00)
Financial burden: low (ref.)

moderate 0.396*** (0.02) 0.407** (0.02)

substantial 0.541%* (0.02) 0.554%** (0.02)

high 0.618*** (0.03) 0.624** (0.03)
Borrower gender: male (ref.)

female -0.096*** (0.01) -0.094**  (0.01)

0p
E[Return] 0.528*** (0.01) 0.544%** (0.01) 0.533*** (0.01)
SD[Return] 0.479** (0.01) 0.195%** (0.01) 0.199*+* (0.0
Rating 0.188** (0.01) 0.198*** (0.01)
Loan duration: 36 months (ref.)

60 months 1.404%** (0.03) 1.377%** (0.03)
In(Amount) 0.264*** (0.02) 0.251%* (0.02)
Description 0.096*** (0.02) 0.064** (0.03)
Offered interest rate 0.054*** (0.01) 0.022** (0.01)
Loan purpose: consumer loan (ref.)

business loan 0.008 (0.04) 0.013 (0.04)
Employment: employed or retired (ref.)

self-employed 0.041* (0.02) 0.048** (0.02)
Age 0.000 (0.00) 0.000 (0.00)
Financial burden: low (ref.)

moderate 0.021 (0.03) 0.027 (0.03)

substantial 0.003 (0.02) 0.016 (0.02)

high 0.135%* (0.03) 0.116*** (0.03)
Borrower gender: male (ref.)

female 0.004 (0.02) 0.011 (0.02)

v
E[Return] -0.016 (0.04)
SD[Return] 0.029 (0.05)
Rating -0.020 (0.03)
Loan duration: 36 months (ref.)

60 months -0.209** (0.10)
In(Amount) 0.056 (0.04)
Description 0.001 (0.02)
Offered interest rate 0.028 (0.04)
Loan purpose: consumer loan (ref.)

business loan -0.139* (0.08)
Employment: employed or retired (ref.)

self-employed 0.021 (0.05)
Age 0.003** (0.00)
Financial burden: low (ref.)

moderate -0.107 (0.08)

substantial -0.145 (0.14)

high -0.102 (0.09)
Borrower gender: male (ref.)

female 0.016 (0.05)
Log-likelihood -99629 -89021 -89013
N 931271 931271 931271

* p<0.10, ** p<0.05, *** p<0.01; (ref.) = reference category
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Chapter 5

Effect of Gender on Access to Credit;
Evidence from a German Market for
Peer-to-Peer Lending

Joint work with Dorothea Schéfer

Abstract: Studies of peer-to-peer lending in the USA find that femaledwers have bet-
ter chances of getting funds than males. Is differentiatiment of borrowers of different
sexes a common feature of peer-to-peer lending marketsibsibject to specific busi-
ness models, ways of fixing loan contracts and even natiaradial systems? We aim at
answering this question by providing evidence on loan prement at the largest German
peer-to-peer lending platfor@mava.de Our results show that gender does not affect in-
dividual borrower’s chances of funding success on thisfqiat, ceteris paribus Hence,
gender discrimination seems to be a platform-specific pimemon rather than a common
attribute of this innovative form of credit markets.

JEL: G21, J16
Keywords: gender, access to credit, peer-to-peer lending

5.1 Introduction

One of the more notable innovations in the financial servicggstry is the emergence of
a new type of credit market known as peer-to-peer (thereBf2f) lending. P2P lending is
carried out directly between borrowers and lenders withatermediation of a traditional
credit institution. Moreover, borrower-lender interacts are conducted anonymously via
internet-based market places (also called platforms)redtly, more than 30 P2P lending
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platforms with different business models and loan procemmmechanisms exist in vari-
ous countries. With $ 1 Billion of outstanding loans, P2Rdieg is still a niche segment
compared to the size of traditional credit markdtlevertheless, it is attracting a growing
number of market participants. For borrowers, P2P lendnogiges an additional source
of funds outside the banking system. Lenders in turn obtedess to a new investment
instrument. The awareness of this phenomenon grows notamnbng the general public
but also among financial industry professionals and scb8lar

For scholars, P2P lending presents a unique frameworkddystg various aspects of
individuals’ financial behavior in a real-life setting. Oakthe central research questions
of recent studies is whether personal characteristicsanf &pplicants such as race, gender
and physical looks affect their chances of getting funds2® Eredit Raving 2007 Pope
and Sydnor2008 Duarte and Young2009. Using the data Prosper.com — the largest P2P
lending platform in the USA — these studies show that womemaore likely to get funds
on the platform than men. This finding stands out from theeawi@ provided by literature
investigating gender discrimination in the traditionaddit markets. According to this lit-
erature, there is either discrimination against femaledvegrs or no gender discrimination
(Peterson1981 Holtz-Eakin et al. 1994 Blanchflower and Oswaldl998 Blanchflower
et al, 2003 Cavalluzzo et a).2002 Alesina et al.2009 Muravyev et al.2009.

Furthermore, current P2P lending market is very heteraggnexisting platforms em-
ploy different business models and mechanisms of procurearal operate in different
financial systems and cultural environments. Against thiskground, a justified question
is whether evidence frofArospercan be generalized for all P2P lending platforms.

The present study contributes to answering this questigordyiding evidence on the
treatment of male and female loan applicants at a P2P ptatfioat differs from Prosper
in several important ways. The platform considere@®isavaand is the largest market
place for P2P lending in Germany. In contrast to Prospend@Smavaare not auctioned
but procured on a "take-it-or-leave-it" basis. For insggriloan conditions are set by loan
applicants while lenders are the takers of these conditiemghermore, a loan applicant at
the German platform can get a loan even when the requeste suohcompletely funded.
At Prosper, only individuals who succeed to raise 100% of¢lgeiested sum can get a loan.
The next distinguishing feature &mavais the existence of an interior insurance system
that protects lenders from total losses. Findligjavds operating in a bank-based financial
system and, thus, matches individuals (borrowers and tehdédno have primarily gained
their financial experience in this financial system. Gives timiqueness of the German

1Deutscher Bundestag: Kleine Anfrage zum Thema "Privateditrergabe im Internet”, Drucksache
17/1832.

2SeeMeyer (2009, FTD (2009, Sviokla (2009, Kim (2009, Ravina(2007), Pope and Sydngi2008),
Duarte and Youn@2009.
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platform, it is an open question whether treatment of boersws similar to that observed
at Prosper.

The goal of the study is to find out whether males and females Qdferent chances
of getting funds aSmava Compared to existing papers on the determinants of funding
success at P2P credit markets, our study has two novel é&sattirstly, we employ three
different indicators of funding success and examine whetsults depend on the choice
of indicator. Our first indicator of funding success is thédan applicant manages to raise
100% of the desired amount. The second indicator is thataat 5% of the requested
amount is provided. The 25%-percent cutoff is chosen becplagform returns the raised
money back to lenders when less than 25% is raised. The tidrcator of funding success
is that a loan request managed to attract at least one |lexgkadiess of the amount offered
by the lender.

The second distinguishing feature of our study, comparegtdanalysis based on the
Prosper-data, is the accuracy of identification of appt&agender. At Prosper, applicants
are not obliged to reveal their gender and many do not do sinféoapplicants’ gender,
previous studies relied on pictures uploaded by applicaintse platform. Yet, only 40%
of applicants provided a picture showing people. Even assyithat the pictures truthfully
show the actual applicants (and not someone else), reseam@btained information about
gender only for some applicants. An analysis of how lendeat ioan applicants of dif-
ferent gender that is based on a sub-sample of applicartspigtures may yield biased
evidence due to self-selection of individuals into thos@wlovide pictures and those who
do not. The issue of this problem is that lenders may obtaireraccurate information
about applicants’ gender from verbal descriptions prayidg applicants. To our knowl-
edge, this information is not taken into account in the @xgsstudies. An analysis based
on theSmavadata is free of this problem: At the German platform, loaplaants are
obliged to reveal their gender, which is information pubicabservable to both lenders
and researchers. This feature enables an accurate measu@mnthe effect of gender on
the funding success.

We test the effect of applicants’ gender on the probabilitiuading success by means
of a multivariate regression analysis. Our results showgbader has no significant effect
on funding success. Lenders seem to be equally willing td foale and female applicants,
ceteris paribus This finding holds for different indicators of funding sess and a variety
of robustness tests. Thus, we are confident that the obta@sedts reflect the true state
rather than being an artifact of a specific estimation tegumi All in all, the result of
positive discrimination obtained for the US-American fadat could not be confirmed with
the German data. Amavaaccess to credit appears to be equally likely for both gende
Therefore we cannot support the claim that gender discétian is a common feature of
P2P lending markets.
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The remainder of the paper is organized as follows. The nesticn provides an
overview of the lending mechanism @mavaand describes the data. In section 3 we for-
mulate the research hypothesis and describe the test nodblggd Section 4 describes the
results of the multivariate probit regression. In sectipw® offer a number of robustness
checks. The last section concludes by suggesting somenefjas of why our results
differ from that obtained for Prosper.

5.2 Data

5.2.1 Borrowing at Smava

Peer-to-peer lending means direct lending and borrowingden individuals ("peers”)
without intermediation of a traditional financial instih. Historical forms of peer-to-
peer lending include borrowing from friends, family mender business partners. Recent
advances in the Internet-based technologies enabledigtrdnsactions to be carried out at
online marketplaces ("platforms") where people who needeyare linked to those who
are willing to lend money. The first online platform for pderpeer lendingZopa was
founded in 2005 in the UK.

Data used in this study are collected from the largest peeeer lending platform in
Germany -Smava The platform was launched in March 2007 and specializesdifitating
loans between private individuals. All loans are fixed rataewties paid back in fixed
monthly payments. During the observation period spannipgads — from March 2007 to
March 2010 — the platform procured more that 3 thousandssloatotal volume of€ 25
million. The majority of loans are typical consumer loansnal business loans are also
procured and make about a quarter of all loans. As of Marcl®2B8401 loan applicants
and more than 5,000 lenders were registered on the platform.

Loan applications. During the observation period, 4,144 loan applicationseversted
at the platform. The number of applications showed a growiegd since the start of the
platform (Figure 5.1). Loan applications may only be posiadhe platform by private
persons who comply with a number of requirements. Firsfiypliaants must be at least
18 years old and have a personal monthly income of at ast000. Secondly, only
those whose individual financial burden does not exceed 67e2&lggible to borrow at
the platform. Financial burden is defined as a ratio of mgnplalyments that the applying
individual must make on all outstanding debts (including litans taken émava to the
personal monthly disposable income. Mortgage paymentseaiged as expenditures and
subtracted from the disposable income. Neither income legrahousehold members nor
household savings are taken into account. Depending onbtianed ratio, applicants are
rated on a scale from 1 (low financial burden) to 4 (high finahburden), as described
in Table 5.3. Furthermore, the platform accepts only applis with Schufa-rating grades
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ranging from A to H. Schufa-rating is assigned to individuay the German national credit
bureau and measures individuals’ creditworthiness on pdli2t scale from A (the best)
to M (the worst). Each rating grade corresponds to an estimiathe probability that an
individual defaults on his/her obligations (see Table 5&)plicants’ identity is verified via
thepostideniprocedure: Each prospective applicant has to provide alfficf the Deutsche
Post (German Postal Office) documents that prove his or katitst and addressCompli-
ance with the aforementioned requirements is verified bylaorm based on the income
statement and the bank account statements that applicentbléged to send to the plat-
form.

After a successful verification, an accepted applicantgpasban application where
he/she specifies the desired loan amount and the loan terims.sgecified loan terms
include loan duration and nominal annual interest ratetti@aapplicant is willing to pay.
According to the rules imposed by the platform, applicantgymot request less thaé
500 or more thar€ 50,000; loan duration may be either 36 or 60 months; and tieeast
rate has to be between 2 and 18 %. A loan application can beaseeettake-it-or-leave-it"
offer to lenders, because lenders cannot negotiate the ety the applicant. However,
lenders can refrain from lending if they consider the oféegnts unsatisfactory.

Apart from the loan terms, applications also contain somegrel information about
loan applicants which can be subdivided into "hard" andt"soformation. Hard infor-
mation includes data that applicants are obliged to provideese data include age, gen-
der, place of residence, occupation, Schufa-rating, fiahbarden and, if applicable, past
payment history aBmava This information is displayed in a standardized way in eggzh
plication. Additionally, applicants may (but are not olgdhto) provide "soft" information
such as, for example, a description of the loan purposeilslefacurrent employment, and
family status. Applicants may also upload a picture. In asttto Prosper, only a negli-
gibly small fraction of loan applicants &mavause this option and provide a photograph.
All information provided in a loan application is made puatdind can be seen by lenders
and all other users of the platform.

Funding. Lenders may fund a loan during the 14 days following the mdrttext a loan
application is posted. To conduct a lending transactioendér submits electronic offer
specifying the amount he/she wants to lend. A single lensigally provides only a fraction
of the amount requested by an applicant. By limiting the amgiven to a single borrower,
lenders try to control the counterparty risk exposure.Keésausually several lenders to fund
a single loan. The number ranges between 1 and 73. On averteloan is funded by 15
lenders. According to the rules set by the platform, the amhowested in one loan can be
250 Euro at minimum and 25,000 Euro at maximum and has to beltgptawf 250. By
submitting an offer, lenders "sign" a binding contract aochmit to providing the specified

3Thepostindenprocedure is a standard procedure used in Germany by ii@tistand firms to verify the
identity of prospective clients.
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amount of money at terms set in the application. An importsduliarity of Smavais
that, in contrast to many other peer-to-peer lending did@sis arenot auctioned. Lenders
cannot underbid offers of other lenders by offering a lowéernest rate.

Not every loan applicant manages to raise the desired anodumbney. Table 5.1 de-
scribes distribution of loan applications by funding swesceThe fraction of fully funded
loans makes 81% of all loan applicatichsRemarkably, the fraction of successful appli-
cations is somewhat higher for females than males. In csintoeProsper borrowers at
Smavaare allowed to take the raised amount even if it is smaller tha initially requested
amount. The raised money is not paid out only if the raiseduarhimakes less than 25% of
the requested sum. In this case, the raised money (if angdaiis returned to lenders. An
applicant can post his application again, eventually, ifgpiag different loan terms. Loan
applicants are charged by the platform with a fee only whéeest 25% of the desired sum
is raised and the loan applicant agrees to borrow the raigad Bepending on the amount
of obtained loan, the fee is between 2 and 2.5% of the amouainsul.

Borrowers' liability. Loans procured at the platform are neither secured by eodht
nor guaranteed by third parties. Nevertheless borrowers fudl liability. If a borrower
remains in arrears for six weeks, the claims of lenders orothlistanding loan amount
are sold to a collections agency. The agency pays lenders egigal 15 to 20 % of the
outstanding debt. By buying the claims, the agency acqtiresegal right to take a hold
of the debtor’s total assets to recover the debt. In additi@inquent borrowers get a
negative report in their Schufa credit profile. Both instants — unlimited liability and
creditworthiness downgrade — should have a disciplinifeceébn borrowers.

Interior insurance of invested capital. In addition to the partial recovery of invested
capital through sale of delinquent loans to a collectiorenay, a further part of the capital
can be recovered though an interior insurance employeddypldtform. This insurance
is accomplished by assigning lenders into groups so thatichaal risks are shared among
the members of one group. Specifically, all lenders who fiedcans of the same duration
and Schufa-Rating belong to the same group. For exampléeterwho granted loans to
borrowers with rating "A" for 60 months constitute one groDpie to existence of 8 rating
classes and 2 duration types, there are a total of 16 groupsitHly principal payments
received by lenders of the same group are pooled togethezantdlender gets an amount
proportional to his stake in the pool. Each lender’s stalegisal to the monthly principal
payment stipulated in the loan contract between the lendértlae respective borrower.
When a borrower fails to pay, the size of the pool decreasdbdopmount of the missed
monthly payment and the remainder is divided among the lsrafehe group proportional
to their stakes. In effect, all lenders of one group — inalgdhose who actually invested in
the loan in arrears and those whose borrowers paid on timea-fggction of the stipulated

4This fraction is very high when compared to the 9%-fundirtg raported foProsper
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monthly payment. This faction is called thecovery rate Table 5.4 report the recovery
rates observed at the platform in the past. Interest payweeatexempted from the pooling
mechanism so that lenders get 100% of the stipulated momttdyest payment if their
borrowers pay on time and get O otherwise.

5.2.2 The Data Set

Our data set includes information on all loan applicatiomsted at the platform from March

2007 to March 2010. A total of 3,401 individuals applied foahs. Females account for
935 (27%) and males account for 2,466 (73%) of loan applcarhe total number of ap-

plications is 4,146: 1,114 (27%) applications posted bydi@smand 3,032 (73%) posted by
males. The total number of applications exceeds the nunilagaplicants, because each in-
dividual may apply for multiple loans or resubmit an apgiica once it is turned down. The

list of variables, with definitions, is given in Table 5.5.8mary statistics of the variables
by applicants’ gender are summarized in Table 5.6. Thersamee differences between
applications of males and females. Firstly, females reigoesaverage, smaller loans than
males. Secondly, females offer to pay, on average, 0.3 pelhigher interest rates than
males. There are also some gender differences in appligarsonal characteristics. For
instance, female applicants are on average 4 years oldeintbkes. Further, females are
less numerous than males among free-lancers, managingemarbut more numerous in

the group of retirees. Figure 5.2 plots distributions ofleggpions by loan purpose. The

observed gender differences correspond with popular gesteleeotypes: Males prevail in

the groups related to business, electronics and cars, fémiales dominate in categories
such as health care, family, housekeeping, health caredaurehion but also among those
specifying no purpose.

5.3 Research Hypothesis and Test Methodology

The credit market studied in this paper has two types of @pdnts: loan applicants in-
dexed withj and lenders indexed with Loan applicants specify the desired loan amount
L;, durationD; and nominal annual interest ratgthey are willing to pay. The desired
loan amount of applicarlg'ltis funded if there are at leakklenders at the market willing to

provide funds such thay L; = Lj. Lenders’ willingness to provide funds to applicgnt

depends on their expelc:tations regarding the return tonkiestment. Return from a loan
is determined by the loan’s nominal interest rtedurationDj, amountL; and loan ap-
plicant’s probability of defaulp;. Lenders do not obseryg. However, they may infep;
from loan applicants’ observable characteristics capitimevectorX. Assume that, given
X, all lenders expect to get the same return.
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Our research question is whether male and female loan appdit©vave equal chances
of getting funds given that they offer equal loan terms aresamilar with respect to all
observable characteristics. Gender can affect appliceimisices of funding success only
when lenders discriminate against loan applicants of aquéeit sex. Discrimination in a
credit market may emerge because of two reasons. On the owle ingperfect informa-
tion about borrowers’ quality may lead to statistical disenation (Phelps 1972 Arrow,
1973. For instance, because lenders do not observe appligaotsability of default, they
may use applicants’ gender as a screening device if thegveethat gender is correlated
with the probability of default. In this case, two applicamtho are identical in all observ-
able characteristics except gender will be assigned diftgsrobabilities of default. Let the
probability of default of a female borrower, as perceiveddnders, be, and the probabil-
ity of default of a male borrower bp+ 6. For profit maximizing lenders) # 0 provides
an incentive to charge a higher risk premium from a borrowién @ higher probability of
default,ceteris paribus On the other handecker(1957) argues that even in the absence
of statistical discrimination, lenders may have tastesdgseference against applicants of
a particular sex due to distaste or prejudice. In this caseldrs will require an additional
compensation for lending to unfavored applicants even whese applicants are not actu-
ally riskier than others. All in all, both types of discrinaition imply that loan applicants
of a particular gender have to pay a higher price for credinhtbther applicants;eteris
paribus Respectively, loan applicants of different gender wherothe same loan terms
have different probability of getting crediteteris paribus Hence, the hypothesis that we
test reads:

If loan applicants of different gender offer the same loamte and are similar with
respect to other observable characteristics, the applideam the discriminated gender
group will face a lower probability of funding success.

The remainder of the paper is devoted to the test of this ngsit. The test relies on a
reduced form equation

Pr(Funding = 1) = ®(Bo + BiMalej + Bl + B3Dj + BaLj + BsXj), (5.1)

where®(-) is the standard normal cumulative distribution functiomg X is a vector of

variables capturing all observable characteristics ofi lapplicants and loan terms. The
model’s coefficients are estimated by means of a probit ssgge. The dependent vari-
able in the regression equation is a binary variable equiahlaan is successfully funded
and 0 otherwise. We use three different indicators of fugdinccess. According to the
first indicator, only loan requests that were completelydfeshare considered as funding
success. Under the second indicator, cases where applieased at least 25% of the re-
quested amount are considered to be funding success. Uraldritd indicator, all loan
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requests that received at least one offer from lendersr@tzss of the offered amount) are
considered as successful.

The main variable of interest is the dummy variablale equal 1 if loan applicant is
male and 0 if female. The effect of gender is captured in theffioient 3,. The estimate
of B1 shows whether loan applicants’ gender has an effect on thieapility of funding
success. In particulaﬁa >0 (ﬁl < 0) would indicate that males have better (worse) chances
of getting funds than femalés.

5.4 Estimation Results

Table 5.7 reports the estimated marginal effects of theamagtbry variables. The first two
columns of the table report results for the case when therdigme variable equals 1 if
a loan request is funded completely and 0 otherwise. Colughsymmarizes the results
of a baseline specification of Equation 5.1 that includesrardy variableMale, a set of
variables capturing loan terms, a set of dummy variablegatithg applicants’ Schufa-
rating scores, and a set of dummy variable capturing the ¢iffieets (quarterly dummies).
Column (2) reports results for an extended specificatiohefrégression equation that in-
cludes all observed attributes of loan applicants, loams$esind time effects. Both model
specifications predict a strong positive relationship leetvthe offered interest rate and
the probability of funding. Loans with duration of 60 monthave lower probability of
being funded compared to loans with a shorter duration of 86ths. The requested loan
amount has a negative effect on the probability of outcérgparently, and similar to
traditional bank lending, lenders associate longer domatand higher loan amounts with
more uncertainty in repayments and therefore require highemia compared to short-
term loans and smaller loan amounts. Altogether, variat@psesenting loan terms seem
to be highly predictive of the probability of funding sucse# contrast, applicants’ gender
has no statistically significant effect on the probabilifyaising the requested sum. This
result holds also when we extend the model’s specificatiomélyding additional control
variables (see column (2)). According to the respectiveieslof Pseudo- R?, the ex-
tended model describes the variation in the probabilityud€ome better than the baseline
specification. Some of the applicant-specific attributesrséo play a role in the funding
success. For instance, we find a positive relationship lEtilee applicant’s financial bur-
den and probability of funding success. At first glance, timding seems counterintuitive.

5[§1 = 0 would indicate that lenders discriminate against borreved a particular sex. The estimation
procedure does not however allow identification of the typeliscrimination — statistical or taste-based.
Identification of the type of discrimination is beyond thege of this paper.

5The variable capturing loan amount is calculated by didime loan value measured in Euro by 250.
We do this adjustment because applicants may request ordyrasthat are multiples of 250. Thus, the
coefficient of the variabldmountshould be interpreted as follows: An increase in requestasLat by 250
Euro, decreases the probability of funding success by Gekepéage points.
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Yet, availability of other debts (mostly bank loans) may @wed by lenders as an indica-
tor of good quality of a borrower (banks would not have lentnepotherwise). In these
circumstances, additional indebtedness of loan appkdamhore appealing to lenders than
absence of any information about individuals’ credit hig®. Other control variables seem
to have a limited effect on the probability of funding suses

Columns (3) and (4) of Table 5.7 report the results for thes aalsen the dependent
variable equals 1 if at least to 25% of the requested loan aieme funded and O other-
wise. As previously, the baseline equation includes onlyd&planatory variables and the
second one includes all observable characteristics. &irtalthe previous specification of
the dependent variable, the effect of gender is found to sigmificant, while loan terms
and some of individual characteristics remain importameigheinants of the probability of
funding.

Finally, estimation results for the case when the dependsrdble is equal 1 if at least
some funds are offered to an applicant are reported in col@nand (6). For the baseline
specification of the regression equation, the effect of gerslagain statistically insignifi-
cant. For the extended specification, the effect of gendstatsstically significant at 10%
level. The estimated coefficient of varialiale suggests that males are by 1.2 percent-
age points less likely to get at least some offers from lendean females. In relation
to the overall fraction of 92% of loan applications with aad¢ one offer, a difference of
1.2 percentage points means only a 1% decrease in the pligbabsuccess. Hence, the
magnitude of the effect is very small to claim that gender esak difference.

5.5 Robustness Checks

5.5.1 Does Gender Effect Vary With Rating and Interest Rate?

According to Equation 5.1, the effect of gender is capturea single coefficienB;. Such
model specification restricts the effect of gender to be #raesfor all values of other
explanatory variables. Yet, we cannot exclude the podsibilat lenders’ attitudes towards
borrowers of particular sex depend on loan terms. For icstdenders may be indifferent
between male and female applicants as long as the offereckgttrate is either very low
or very high. They may also be equally willing to lend to matw demale borrowers if
they have the best rating scores, but discriminate agaorsbwers of a particular sex if
the rating is poor. In both cases, the effect of gender sheang across different levels
of interest rate and across rating grades. To allow for aingrgender effect, we extend
Equation 5.1 by including interactions of the dummy vargaidlale with the continuous
variablelnterest rateand with the set of dummy variables indicating borrowershiga
Results of the estimation are reported in Table 5.8. Colurofthe table shows the
results for the case when funding success is defined as a &ag fully funded. Here,
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the estimates of coefficients of the interaction terms axgssically insignificant, meaning
that gender has no effect on the funding success regardiéss level of interest rate and
applicants’ rating score. Column 2 of the table reports fomeht estimates for the case
when funding success is defined as a loan being funded attéea5€6. In this case, the
effect of gender is also insignificant across all levels ¢ériest rate and rating. The third
column of the table reports the results for the case whewaitl hpplications that received
at least one offer from lenders are considered as succegstabrding to the coefficient
estimates, the level of offered interest rate and appl&aating seem to have some effect
on gender differences in the probability of getting at leas¢ offer from lenders. For
instance, male applicants are predicted to be less likgjgtan offer than female applicants
as the interest rate increases. However, males with Sckatiag grade "B" and "D" seem
to have somewhat higher probability of success than fenvaltbsthe same rating grades.
All'in all, we can confirm our previous findings that gender sloet affect the probability
of loan being funded completely or at least to 25%. It is ohly probability to get at least
one offer from lenders that depends to some extent on thécapps gender. However,
the direction of the effect may change depending on the iddal combination of the
characteristics of a loan applicant.

5.5.2 Endogenous Regressors

A potential concern with equation 5.1 is that two variablefe-offered interest rate and
the loan amount — are endogenous. Borrowers can influenceloanrces of funding suc-
cess by offering the appropriate loan terms. For instangheh loan rates and lower loan
amounts are associated with higher probability of fundasgeris paribusBorrowers who
wish to increase their chances for success might offer hiiglherest rates or request lower
loan amounts. In this circumstance, the loan rate and thedozount are not exogenous
factors. Rather there emerges a reciprocal causatiomboitsineity) between these factors
and the probability of funding success. The problem of mewdal causation is widely dis-
cussed in the statistical literatutd¢ckman 1978 Amemiyg 1978 1979. In the presence
of simultaneity, the standard estimation method applieiezan this paper may produce
biased estimates. This bias can be corrected by using atage-gstimation procedure
whereby endogenous variables in Equation 5.1 are replaitacexogenous instruments.
For the sake of brevity, we conduct the two-state estimgtimtedure only for the case
when funding success is defined as a loan being fully funded.

In the first stage, we estimate two auxiliary regression first one is an OLS regres-
sion of the requested loan amount, divided by 250, on a setogfenous variables. This set
includes loan applicants’ gender, Schufa-rating, findrmiaden, employment status, age,

"The estimation is conducted according to the minimum-ghiased estimation method developed by
Newey(1987).
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place of residence, loan maturity, loan purpose, lengthestdption and time-dummies.
The second auxiliary OLS regression estimates the effabieadgame set of exogenous vari-
ables on the offered interest r&telhe estimation results of the two auxiliary regressions
are reported in Panél of Table 5.9.

After the two auxiliary regressions are estimated, thedittalues of interest rate and
loan amount can serve as instruments for the endogenowsblesiin Equation 5.1. In
order to fulfill the identification conditions, some of theogenous variables entering the
auxiliary regressions must be excluded from the main egnat\We suggest excluding
borrowers’ employment status and place of residence. Ben® employment status is
clearly one of the factors that affect borrower riskinesompare, for example, a civil
servant whose income is quite safe with a self-employedopevghose income may be
very uncertain. Hence, certain jobs should be associatibchigher interest rate as lenders
require higher risk premia from riskier jobs. Indeed, restdom the auxiliary regression
of interest rate confirm this conjecture: Civil servanteofin average lower interest rates
than individuals with other employment statuses, wherelesgoprietors and retirees offer
the highest interest rates among all loan applicants. Wiglag relevant for the level of
interest rate, employment status should not affect thegtidity of getting a loan. As soon
as job-related risks are compensated with an appropriiteremium, lenders should be
indifferent with respect to borrowers’ employment staBscause lenders themselves have
different employment statuses, their individual tastedabpreferences in favor (or against)
certain jobs should not systematically affect borrowersbhability of funding success.
Indeed, when looking at the estimation results in Tabletioower employment status has
barely an effect on the probability of success. The negafifet of the indicator variable
Retiredprobably captures the effect of age and the associated liborisks, rather than
the retirement status per se.

The exclusion of variables indicating place of residenceissified by different costs
of living across federal states. Significant discrepanicigiese costs imply that loan ap-
plicants from "more expensive" lands should request higb&n amounts for the same
purpose than applicants from "less expensive" lands. Asdmee time, place of residence

80ne might think that loan amount should also be taken intowtas a determinant of loan interest rate.
In the traditional bank lending, dependence of interest oatloan amount is driven by the fact that marginal
costs of providing credit vary with loan amount. In contrastthe context of P2P, the costs faced by each
individual lender are not necessarily related to the tatabant requested by a loan applicant. For instance,
due to a fixed fee of 4 Euro paid by a lender each time he/shes l@odey, the costs of lending are a function
of the amount lent and not on the amount of requested by thiicapp As described earlier, each lender
usually lends only a fraction of the total requested sum.ddeim the considered credit market loan amount
is not expected to affect the loan interest rate. To provetthisis indeed the case, we regress the interest
rates on all observable loan- and borrower-specific charatits and a set of dummy-variables indicating
deciles of the requested loan amount. The flexible functifmmen of loan amount should allow us to capture
non-linear relationship between interest rate and amduwich exist. The results of OLS estimation show
however that the requested amount has no statisticallyfisigmt effect on the offered interest rate. Hence,
we can argue that the requested loan amount must not enteqtla¢ion describing the offered interest rate.
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should not affect loan applicants’ chances of funding, bsedenders live in various fed-
eral states and altogether cannot systematically affectabults of outcomes in favor or
against some of the states. Results of the auxiliary reigresd loan amount on appli-

cants’ place of residence and other observable charaatsihiow in fact, that four federal
states — Bavaria, Bremen, Schleswig-Holstein and Saxony associated with higher loan
amounts as compared to Berlin. In contrast, regressioitsesrable 5.7 revealed no sys-
tematic relationship between federal state and the protyadi funding success.

The estimation results of the second-stage equation apeteebin PaneB of Table
5.9. At the bottom of the table is a Wald test for the exoggneifitthe two instrumented
variabled.oanamounandinterestrate The test statistic is not significant. Hence, the null
hypothesis of exogeneity cannot be rejected. Thus, thligstimation of Equation 5.1
by means of a simple probit regression is also appropriadeysaids consistent estimates.
Moreover, the coefficient estimate for variaMale in the two-stage regression is also
statistically insignificant. Hence, our robustness chexkdirm the earlier obtained result
that applicants’ gender has no influence on the probabiligetiing a loanceteris paribus

5.5.3 Discrepancies in Observable Characteristics

Parameter estimates obtained in the first-stage regre@2amelA of Table 5.9) show that
male applicants offer lower interest rates and at the sameriquest higher loan amounts
than female applicants. Moreover, as revealed by desggigtatistics in Table 5.6, apart
from the requested loan amount and interest rate, signifgemder differences also exist
with respect to applicants’ age and employment status. tSotisl dissimilarities between
the two gender groups with respect to observable charaitsrimay render the estimates
of the ceteris paribuseffects of gender inconsistent. In order to test the rolasstof our
results with respect to this sample problem, we conduct kecks difference-in-difference
matching estimation using kernel matching to determineatbights of matched observa-
tions (Heckman et a).1998 Smith and Todd2005. The goal is to estimate the effect of
gender using a sample of matched individuals, that is, |p@fiGants who differ only with
respect to gender but are similar with respect to all otharastteristics.

Similarity of loan applicants is determined based on theappnsity score. A propen-
sity score presents the probability that a loan applicantase given all observable char-
acteristics of the applicant and the application. This plolity is estimated by means of a
logit regression whereby an indicator variablaleis regressed on all observable variables.
Distributions of male and female applicants by estimatexpensity scores are plotted in
Figure 5.3. The shapes of the distributions are very simiance, there is a good chance
that for every loan applicant we find "twins" of the opposiéx.sIndeed, only 25 males
happen to fall outside the common support which means tlegt tbimain unmatched as
there are no females with similar propensity scores. ThBdedh applicants are excluded
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from the further analysis. Observations that are on the comsupport are then used to
calculate the matching estimator of the effect of gendeherprobability of funding suc-

cess. According to the results, difference in the probigbdf funding success between
male and females equals -0.003 and is statistically notfgignt? Thus, the results of the
robustness check confirm the results obtained in the imsination procedure.

5.6 Conclusions

The question of whether evidence obtained fiBrospercan be generalized to other P2P
platforms motivated us to analyze the role of gender at tlgett German platforrBmava
The results of our analysis do not reveal any significant gedifferences in the probability
of funding success when all observable characteristiosanf dpplicants and loan terms are
taken into account. The obtained result is robust to diffedefinitions of funding success
and a number of robustness checks. Therefore, we conclatiadtgender discrimination
takes place on the German platform.

There are three possible explanations of why our resulfsrdifom the evidence ob-
tained from theProsperdata. Firstly, the results obtained fBrospermay be driven by
the discrepancies between the information about appitgender that is observable to
lenders and the information analyzed by researchers. 8scame may have found no
discrimination atSmavabecause the platform is relatively young and lenders do ae¢ h
enoughex-postevidence on borrowers’ payment behavior. As documenteckbgnt lit-
erature, market experience and especially loss experiexexts significant influence on
the behavior of market participant8raga et al.2009. Hence, it is expected that lenders
will adjust their behavior if they learn from updated infation that borrowers’ gender
affects payment behavior. The same consideration appli#set US-American platform.
Although it was founded two years earlier than the Germatfgsta, the majority of pro-
cured loans have not yet matured. This motivates furtheastigation of lending behavior
at the P2P markets as they become more mature. Finallygéneresults obtained for the
US-American and the German platform might be determinechbyspecifics of the plat-
forms’ procurement mechanism or the fact that they operatiffierent financial systems.
However, because all existing studies, including the presee, are confined to a single
P2P platform, no conclusions regarding the role of thesefacan be derived. It is a goal
of future research to conduct a comparative analysis oémifft P2P platforms in order to
identify implications of different procurement mechangsand environmental factors for
the behavior of lenders and borrowers.

SWe test the balancing of variables between the matched mdlemales using the methodRbsenbaum
and Rubin(1985. According to the test results, the differences betweernlo sub-sample are statistically
not significant.
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Appendix A

Figure 5.1: Loan applications &mava

This graph plots the number of loan applications posted l@datal amount requested by the applicants each month
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Figure 5.2: Distribution of applications by loan purpose
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Figure 5.3: Distribution of male and female applicants bygemsity score
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Table 5.1: Distribution of applications by funding success

Fraction of applications, in %

Funded amount by all applicants by females by males
in % of requested amount N =4,146 N=1,114 N=3,032
0 % raised (no bids submitted) 7.72 5.75 8.44
> 0 but < 25 % raised 5.40 5.39 5.41
> 25 but < 100 % raised 5.96 5.75 6.04
100 % raised 80.92 83.12 80.11
Total 100.00 100.00 100.00

Table 5.2: Schufa rating scores

This table shows the Schufa-Rating scores with respecsimmates of the probability of an applicant’s default. Tagng is assigned
to individuals by the German national credit bureau SCHUFA.

Rating score A B C D E F G H
Probability of default,in% 1.38 2.46 3.56 4.41 557 7.16 720. 15.02
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Table 5.3: Measure of financial burden

Financial burden Fraction of monthly income utilized tovgeoutstanding debts

low
moderate

substantial

high

0-20%
20 - 40%
40 - 60%

60 -67%

Table 5.4: Recovery rates

This table reports average historical recovery rates (irf #eoinvested sum) in the groups of lenders. Source: hitwW.smava.de.

Schufa-Rating
A B C D E F G H

Loans with duration 36 months

977 951 976 950 940 91.0 888 86.2
Loans with duration 60 months

99.2 979 983 930 949 947 873 857

Table 5.5: Variables and definitions

Variable name

Description

Interest rate
Duration: 60 months
Loan amount

Schufa-Rating
Financial burden

Employment status

Age
Loan purpose

Description

Place of residence

Nominal interest rate offered by applicant in the applimatin % p.a.

dummy variable equal 1 if loan requested for 60 months anddy 86 months
Loan amount requested by applicant, in Euro.

Categorical variable with 8 values corresponding to SciRdting scores (see Ta-
ble 5.2)

Categorical variable with 4 values corresponding to thesgwof financial burden
defined in Table 5.3

Categorical variable indicating applicants’ employmematiss: Employee, Civil
servant, Freelancer, Managing partner, Sole proprietBetiree

Age of applicant in years

Categorical variable with 12 values showing loan purpose

Logarithm of the number of characters in the detailed dpton of loan purpose
and own personality

Categorical variable one of the 16 federal states whereghkcant lives
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Table 5.6: Descriptive statistics

Variable

Male applicants

Female applicants

Mean St.Dev. Mean St.Dev. t-Test p-Value
Interest rate 9.78 3.45 10.15 3.44 -3.06 0.00
Duration: 60 months 0.42 0.49 0.40 0.49 1.04 0.30
Loan amount 8169.94 6296.07 7475.54 5668.68  3.23 0.00
Schufa-Rating
A 0.16 0.36 0.14 0.35 1.29 0.20
B 0.16 0.37 0.15 0.36 0.43 0.67
C 0.09 0.29 0.10 0.30 -0.22 0.82
D 0.10 0.30 0.10 0.29 0.46 0.65
E 0.11 0.31 0.10 0.30 0.59 0.56
F 0.12 0.32 0.13 0.34 -1.22 0.22
G 0.16 0.37 0.16 0.37 -0.12 0.91
H 0.11 0.31 0.12 0.33 -1.37 0.17
Financial burden
low 0.17 0.38 0.15 0.36 1.73 0.08
moderate 0.23 0.42 0.25 0.43 -1.55 0.12
substantial 0.33 0.47 0.35 0.48 -1.00 0.32
high 0.27 0.44 0.25 0.43 1.10 0.27
Employment status
Employee 0.52 0.50 0.54 0.50 -0.93 0.35
Civil servant 0.04 0.20 0.03 0.18 1.49 0.14
Freelancer 0.09 0.28 0.06 0.25 2.41 0.02
Managing partner 0.06 0.22 0.03 0.15 4.02 0.00
Sole proprietor 0.21 0.41 0.19 0.40 1.17 0.24
Retiree 0.08 0.27 0.15 0.35 -5.79 0.00
Age 43.21 13.02 47.02 14.81 -8.04 0.00
Description 5.76 1.11 5.70 1.13 1.44 0.15
Place of residence
Baden-Wirttemberg 0.14 0.35 0.11 0.31 2.66 0.01
Bayern 0.16 0.37 0.17 0.38 -0.59 0.55
Berlin 0.07 0.25 0.10 0.30 -3.98 0.00
Brandenburg 0.03 0.17 0.04 0.18 -1.05 0.29
Bremen 0.01 0.09 0.01 0.08 0.34 0.73
Hamburg 0.03 0.17 0.03 0.18 -0.36 0.72
Hessen 0.09 0.28 0.09 0.28 -0.02 0.98
Mecklenburg-Vorpommern 0.01 0.11 0.02 0.14 -1.34 0.18
Niedersachsen 0.09 0.28 0.07 0.26 1.90 0.06
Nordrhein-Westfalen 0.20 0.40 0.19 0.39 1.06 0.29
Rheinland-Pfalz 0.05 0.21 0.05 0.22 -0.52 0.60
Saarland 0.01 0.10 0.01 0.08 1.01 0.31
Sachsen 0.04 0.19 0.05 0.21 -0.94 0.35
Sachsen-Anhalt 0.02 0.15 0.02 0.12 1.33 0.18
Schleswig-Holstein 0.03 0.18 0.03 0.18 0.21 0.83
Thiringen 0.02 0.14 0.03 0.17 -1.52 0.13
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Table 5.7: Determinants of funding success

This table reports estimated marginal effects and stanglacds (in parentheses) after probit regression. Colurhar{d (2) report
results for equation 5.1 with a dependent variable equalifmloan application raised 100% of the requested sum, Orwike.
Column (3) and (4) report results for the case where the digenvariable is a dummy equal to 1 if a loan was funded at keast
25% and 0 otherwise. Column (5) and (6) report results forctse when the dependent variable is a dummy equal to 1 if a loan
application received at least on offer from lenders, andh@mtise. ***, ** and * indicate significance at 0.01, 0.05 afd. levels
respectively. The number of observations in all specificetiis 4,144.

€)) @) @) 4) ®) (6)

Male -0.008 -0.012 -0.008 -0.008 -0.010 -0.012*
(0.010) (0.010) (0.008) (0.008) (0.007) (0.006)
Interest rate 0.063***  0.055***  0.052***  0.043**  0.030***  0.026***
(0.002) (0.002) (0.002) (0.002) (0.001) (0.001)
Duration: 60 months -0.052**  -0.064**  -0.054***  -0.059***  -0.028***  -0.031***
(0.012) (0.011) (0.010) (0.009) (0.008) (0.008)
Loan amount (divided by 250) -0.004***  -0.003***  -0.002***  -0.002***  -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Rating
A (reference category)
B -0.046***  -0.048***  -0.026***  -0.025***  -0.010** -0.010**
(0.007) (0.008) (0.006) (0.006) (0.005) (0.005)
C -0.067***  -0.064***  -0.037***  -0.035***  -0.020***  -0.022***
(0.010) (0.010) (0.009) (0.009) (0.009) (0.009)
D -0.121%*  -0.121**  -0.097***  -0.093***  -0.053**  -0.050***
(0.014) (0.014) (0.013) (0.011) (0.010) (0.010)
E -0.152**  -0.146***  -0.118***  -0.104***  -0.083***  -0.07 2***
(0.013) (0.013) (0.013) (0.012) (0.012) (0.011)
F -0.265***  -0.262***  -0.232**  -0.222**  -0.137***  -0.128***
(0.017) (0.017) (0.016) (0.018) (0.017) (0.018)
G -0.403***  -0.383**  -0.394**  -0.365**  -0.272**  -0.244***
(0.018) (0.019) (0.019) (0.020) (0.025) (0.023)
H -0.551**  -0.535%*  -0.554**  -0.521** -0.422**  -0.37 7***

(0.023) (0.024) (0.023) (0.026) (0.031) (0.031)
Financial burden
low (reference category)

moderate - 0.047**= - 0.047%*=* - 0.018**
(0.015) (0.013) (0.009)

substantial - 0.081*+* - 0.084*** - 0.035***
(0.014) (0.013) (0.009)

high - 0.110%** - 0.100%*** - 0.041***
(0.015) (0.013) (0.010)

Employment status
Civil servant (reference category)

Employee - -0.034* - -0.003 - -0.007
(0.019) (0.017) (0.012)
Free-lancer - -0.014 - 0.009 - -0.012
(0.023) (0.020) (0.016)
Managing partner - -0.034 - 0.015 - 0.022
(0.027) (0.025) (0.019)
Sole proprietor - -0.035 - 0.007 - -0.005
(0.020) (0.018) (0.014)
Retiree - -0.073** - -0.025 - -0.024
(0.026) (0.023) (0.016)
Age - -0.001* - -0.001* - -0.000
(0.000) (0.000) (0.000)
Description - 0.031*** - 0.010%** - 0.010%***
(0.005) (0.004) (0.003)
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) @) ©) 4 (5) (6)

Loan purpose
House & garden (reference category)

Education & training - -0.012 - 0.017 - 0.006
(0.022) (0.019) (0.020)
Car purchase & repairs - -0.031** - -0.013 - -0.024**
(0.015) (0.012) (0.010)
Business loan - 0.021 - 0.024 - 0.028**
(0.017) (0.014) (0.012)
Family & child raising - -0.008 - -0.001 - -0.009
(0.017) (0.014) (0.013)
Special occasions - -0.059* - -0.029 - -0.007
(0.034) (0.025) (0.016)
Health care - 0.002 - 0.031 - 0.002
(0.023) (0.018) (0.014)
Liquidity - 0.008 - 0.007 - 0.013
(0.016) (0.013) (0.0112)
Vacation - -0.030 - -0.046* - -0.051**
(0.031) (0.026) (0.025)
Hobby - -0.017 - -0.008 - -0.084***
(0.067) (0.028) (0.039)
Other/Not specified - -0.050%** - -0.011 - -0.012
(0.016) (0.013) (0.010)
Sport - 0.015 - 0.010 - 0.004
(0.029) (0.025) (0.013)
Animals - -0.050 - -0.007 - -0.022
(0.047) (0.049) (0.042)
Consolidate/repay debt - -0.015 - 0.006 - -0.008
(0.017) (0.013) (0.010)
Consumer electronics - -0.028 - -0.008 - 0.003
(0.024) (0.021) (0.021)

Place of residence
Berlin (reference category)

Baden-Wirttemberg - 0.025 - -0.015 - -0.005
(0.020) (0.017) (0.013)
Bayern - 0.017 - -0.000 - 0.007
(0.020) (0.017) (0.012)

Brandenburg - 0.004 - 0.002 - 0.023
(0.032) (0.021) (0.015)

Bremen - -0.019 - -0.020 - 0.031
(0.074) (0.035) (0.061)
Hamburg - 0.072* - 0.029 - 0.019
(0.028) (0.024) (0.021)

Hessen - 0.030 - -0.003 - 0.016
(0.022) (0.019) (0.013)

Mecklenburg-Vorpommern - 0.047 - -0.018 - 0.020
(0.030) (0.024) (0.016)

Niedersachsen - 0.034 - -0.004 - 0.006
(0.022) (0.018) (0.015)

Nordrhein-Westfalen - 0.016 - -0.014 - -0.002
(0.019) (0.016) (0.012)

Rheinland-Pfalz - 0.024 - -0.007 - -0.000
(0.024) (0.020) (0.015)

Saarland - -0.029 - -0.087* - -0.068
(0.052) (0.055) (0.064)

Sachsen - 0.004 - -0.030 - -0.001
(0.028) (0.024) (0.017)

Sachsen-Anhalt - 0.008 - -0.042 - -0.036
(0.034) (0.028) (0.028)

Schleswig-Holstein - 0.063** - 0.014 - -0.005
(0.026) (0.023) (0.019)

Thiringen - 0.034 - -0.019 - -0.004
(0.030) (0.027) (0.018)
Time effects Yes Yes Yes Yes Yes Yes

PseudoR? 0.466 0.515 0.529 0.581 0.557 0.609
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Table 5.8: Determinants of funding success (with intecacterms)

This table reports the estimated coefficients and standestsdin parentheses) after probit regression. Columng{igrts results for
equation with a dependent variable equal 1 if a loan apicatised 100% of the requested sum, 0 otherwise. Columref@yts
results for the case when dependent variable is a dummy é&dgtialloan was funded at least to 25% and 0 otherwise. Column (3
reports results for the case where the dependent variableisnmy equal 1 if a loan application received at least orr dften
lenders, and 0 otherwise. ***, ** and * indicate significanae0.01, 0.05 and 0.1 levels respectively. The number ofrghgens in

all specifications is 4,144.

1) 2 3)
Male -0.488 -0.038 0.381
(0.628) (0.703) (0.830)
Interest rate 0.731*** 0.932%** 1.039***
(0.066) (0.078) (0.105)
Male x Interest rate 0.043 -0.034 -0.193*
(0.068) (0.077) (0.103)
Rating
A (reference category)
B -1.473%** -1.247** -1.877%*
(0.399) (0.492) (0.546)
C -2.025%%*% -2, 513%* .2 822
(0.520) (0.706) (1.261)
D -2.504%**  -3.062***  -4,032***
(0.559) (0.677) (0.832)
E -2.648***  -3.485**  -3.201***
(0.562) (0.7112) (0.870)
F -4, 748*** -5 503**  -4,098***
(0.506) (0.658) (0.945)
G -5.161***  -6.695***  -6.653***
(0.570) (0.668) (0.864)
H -6.703***  -8.482**  -8.842%**
(0.673) (0.759) (0.898)
Male x Rating =B 0.171 0.121 1.497**
(0.475) (0.577) (0.653)
Male x Rating = C 0.583 1.508* 1.853
(0.595) (0.799) (1.349)
Male x Rating =D -0.163 0.111 2.020**
(0.625) (0.746) (0.907)
Male x Rating = E -0.470 0.375 0.288
(0.628) (0.781) (0.937)
Male x Rating = F 0.464 0.550 -0.064
(0.574) (0.726) (1.048)
Male x Rating = G -0.856 -0.220 0.795
(0.638) (0.731) (0.916)
Male x Rating = H -0.596 0.175 1.585
(0.745) (0.833) (0.979)
Duration: 60 months -1.009%**  -1.360***  -1.106***
(0.161) (0.202) (0.246)
Loan amount -0.049***  -0.040**  -0.023***
(0.003) (0.004) (0.005)
Financial burden Yes Yes Yes
Employment status Yes Yes Yes
Age -0.015%*  -0.021*** -0.017*
(0.006) (0.008) (0.010)
Description 0.374*** 0.156** 0.327***
(0.067) (0.074) (0.089)
Place of residence Yes Yes Yes
Loan purpose Yes Yes Yes
Time effects Yes Yes Yes
Pseudd?? 0.518 0.584 0.616
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Table 5.9: Two-stage estimation of Equation 5.1

The table reports results of the two-stage estimation ofEom 5.1 with dependent variable equal 1 if loan applicattocompletely
funded and 0 otherwise. Parfeteports results of the first-stage auxiliary probit regi@sswhereby loan amount and interest rate are
regressed on a set of exogenous variables. Baseimmarizes results of the second-stage estimation. HarieplesLoan amount
andInterest rateare the respective fitted values obtained from the firstestagressions. Estimated standard errors are reported in
parentheses. ***, ** and * indicate significance at 0.01,9dhd 0.1 levels respectively. The number of observatioAsli$4.

Panel A: First-stage regressions

Loan amount/250 Interest rate

Male 1.748* (0.746) -0.233**  (0.070)
Duration: 60 months 12.283**  (0.774)  0.193**  (0.073)
Rating

A (reference category)

B -2.087* (2.170)  0.658**  (0.111)

C -1.685 (1.344)  1.559***  (0.127)

D -4.256***  (1.329) 1.972**  (0.126)

E -4.316%*  (1.313) 2.998**  (0.124)

F -2.474*  (1.261)  3.889**  (0.119)

G -4.545%*  (1.194) 5.271***  (0.113)

H 7737 (1.313)  6.661**  (0.124)
Financial burden

low (reference category)

moderate -4.414%*  (1.054) 0.866**  (0.100)

substantial -3.805***  (1.005) 1.301**  (0.095)

high -7.847**  (1.039) 1.872**  (0.098)
Employment status

Civil servant (reference category)

Employee -0.573 (1.692)  0.490***  (0.161)

Free-lancer 15.864**  (2.014) 1.015**  (0.191)

Managing partner 19.867** (2.263) 1.118**  (0.215)

Sole proprietor 14.184**  (1.817) 1.270***  (0.173)

Retiree -8.757**  (2.108)  1.309***  (0.200)
Age 0.199***  (0.033)  -0.006**  (0.003)
Description 2.087**  (0.313) -0.076***  (0.029)
Loan purpose

House & garden (reference category)

Education & training -2.376 (1.901) -0.184 (0.181)

Car purchase & repairs 0.276 (1.170) -0.414*  (0.111)

Business loan 7.161**  (1.348) -0.300**  (0.128)

Family & child raising -1.226 (1.352) 0.154 (0.128)

Special occasions -1.932 (2.297) 0.151 (0.218)

Health care -6.698***  (2.165) -0.247 (0.206)

Liquidity 0.908 (1.259) -0.418**  (0.120)

Vacation -5.828**  (2.240)  -0.455**  (0.213)

Hobby 7.520 (5.110) 0.642 (0.485)

Other/Not specified 0.004 (2.195) 0.012 (0.114)

Sport 0.738 (2.775) -0.071 (0.264)

Animals 7.013* (4.223) 0.109 (0.401)

Consolidate/repay debt -0.123 (1.262) -0.389***  (0.120)

Consumer electronics -4.855*  (2.403) 0.177 (0.228)
Place of residence

Berlin (reference category)

Baden-Wirttemberg 2.428 (1.480) 0.296** (0.141)

Bayern 4.217**  (1.426) -0.032 (0.135)

Brandenburg 3.673 (2.198) -0.059 (0.209)

Bremen 8.388** (3.815) 0.034 (0.362)

Hamburg 1.841 (2.163) 0.397* (0.206)

Hessen 0.227 (1.610) 0.250 (0.153)

Mecklenburg-Vorpommern 0.788 (2.919) 0.027 (0.277)

Niedersachsen 0.743 (1.634) 0.033 (0.155)

Nordrhein-Westfalen 2.201 (1.387) 0.198 (0.132)

Rheinland-Pfalz 1.652 (2.907) 0.236 (0.181)
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Loan amount/250

Interest rate

Saarland 0.311 (3.675) 0.491  (0.349)
Sachsen 6.041**  (1.984) 0.352* (0.188)
Sachsen-Anhalt 3.169 (2.579) 0.434* (0.245)
Schleswig-Holstein 3.927*  (2.130) 0.353* (0.202)
Thiringen 2.873 (2.448) 0.255  (0.233)
Time effects Yes Yes
Adj. R? 0.289 0.674
PanelB: Second-stage regression
Probability of funding success
Male -0.111 (0.081)
Interest rate 0.244** (0.104)
Duration: 60 months -0.500%** (0.096)
Loan amount/250 -0.024*** (0.005)
Rating
A (reference category)
B -0.607*** (0.149)
C -0.627** (0.224)
D -1.096%** (0.264)
E -1.133%* (0.358)
F -1.736%** (0.438)
G -2.264*+* (0.583)
H -2.737%* (0.732)
Financial burden
low (reference category)
moderate 0.472%** (0.139)
substantial 0.817** (0.174)
high 1.176%** (0.238)
Age -0.010*** (0.003)
Description 0.177** (0.037)
Loan purpose
House & garden (reference category)
Education & training -0.129 (0.202)
Car purchase & repairs -0.326%** (0.122)
Business loan 0.178 (0.160)
Family & child raising -0.030 (0.133)
Special occasions -0.471** (0.216)
Health care 0.015 (0.221)
Liquidity 0.046 (0.143)
Vacation -0.154 (0.234)
Hobby -0.056 (0.450)
Other/Not specified -0.440%** (0.113)
Sport 0.254 (0.289)
Animals -0.298 (0.342)
Consolidate/repay debt -0.277* (0.141)
Consumer electronics -0.078 (0.225)
Time effects Yes
Wald-test of exogeneity X2=256 Prob =0.277
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