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Can Investor Risk Perception Be Explained by
CumulativeProspect Theory?

ABSTRACT. Behavioral insights fronfCumulativg Prospect Theor{CPT)as a innovative
theory of decisiormakingrevolutionizedfinancial risk researchDespite its theoretical appeal,
the empirical relevanceof CPT with regard to perceived risk remaigst unclear, partially
because it requires complex ilementation. While arguing that the thedrs an accurate
description of investor risk perception, we empirically test this claim in xgeranental
investment setting, whiclovercomes the inheremimplementationcomplexitiesof CPT by
achieving gaiross separability andubjectreference point homogeneity. OLS and ordered
logistic regression resuless well assubsequent robustness chesksw that the CPT value of
an investment casignificantly predict investment behaviand individualrisk perception
Comparing these results with thoseirfluding standard deviation and lower partial moments
measureswe discover that only the total probability loks is comparably significanflbeit
these findings are in favor of recent behavioral insightthe academicfield of finance, a
additionalanalysis shows thaievisedparameters of thEPT functioni in contrast to standard
onesi can yield a substantialiynprovedrepresentationf decisioamaking under risky choice.
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1 Introduction

Risk i a complex theoretical phenomenon that Bhapeda strand of academic literature in
numerous fields around psycholody has been investigated thoroughly in attempt to
operationalize the concefprfhaler, 2005)In finance, risk can be considered as the potential
of an investment prospect to suffiesss events Currently the single most commonly used
indication of riskasis in quantitative finance is that aispersion around the expected
outcome(mear), measured by the standard deviation of returns. Its first popular application in
financial decisiommaking can béraced backtdMar Kk owi t z6s HI®39tIhthis i o
framework, ascenariois evaluated alely on the basis of its expected return and standard
deviation which waslater proved to le insufficient with regard to severdiehavioral
inconsistencies (gefor instance Ellsberg, 1961As a response, two decades latar,
successful step back from explainiwgatis risk towards describing how individuals actually
perceiverisk is taken by Kahnemaand Tversky (1979), who deloped Prospect Theory
(PT). This theory builds upn humancognitivefeatures, adniiing to the fact thaindividuals
need not alwayactin line with the previously widely acceptémbmo economicugiew. In
contrast tdhestandard deviation, it accounts faehavioral deviations from rational decision
making, such as thé n d i v ipdrticaar avérsion towards losses and the 4hiaear
processing of probabilities, while evaluating gains and losses eetatia reference point. Its
revised version, Quulative Prospect Theory (CPTalso allows for rankdependent
outcomes Despite its theoretical appeal, however, the CPT framework in particular lacks
consistent empirical supporOn the one hangd studies suporting CPT underline the
relevanceof loss aversion (Abdellaoui et al., 200&hdthe suitability of the theory to predict
such asdecisioamaking in gamblingtasks (Gléckner & Betsch, 2008s well as
organizational risketurn relationships (Fiegenbam, 1990).0On the other hand, Wu and
Markle (2008)for instancestate that Prospect Themstudiesareincapable of achieving gain
loss separabilitywhereas Stott (2006) questions the parenzation of the CPT function.
Yet other studies present mixedsults, iluding for instancelist (2003) who finds that
inexperiencedsubjects act more in line with PWhereas experienced market actors exhibit
behavior predicted by neoclassical thedofie debatearound CPTas a model predicting
financial decisiormaking andas approaching the actual perception of investment risks
remains yetunsettled In this thesis, we aim to contribute tesolving thisdebate by

investigating the followingentralresearch question:
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Can investmerttehavio andinvestorrisk percepibn be explained by Cumulative Prospect

Theory?

Thus, his study aims to provide more clarity about the role of CPT in predicting risk as it is
perceived, as well as its role in explaining investment behaormmplementing a unique
empiricalapproachFirstly, from a theoretical perspective, we identify the factors that make
Cumulative Prospect Theory particularly suitable for describing investment behavior. Then,
in an experimental investment settisgpjects are to evaluate different prospects with equal
retum characteristics but different risk featur@szoni andZeisberger (2016)yho confront
subjects with 10 systematically different return histogreanalyze whether their investment
behavior is in line with traditional measures of risk and lower part@hents measurek

this thesis, welo not onlyconsidereach distr but i onds i mplied CPT val
predictor of perceived risk and the propensity to invest, butadsount forsome ofthese
traditional risk factorsin orderto comparghem with tle role of CPTMoreover participants

arenot confronted witht out of 10butinsteadl0 out of 30 distributionsat randomaimingto
represent a broadecale of risk factor valuesand a wide range of CPT valugdong with

applying this uniga methodology, we arto our knowledgethe first to provide a direct
comparison between the explanatory role of risk factors and CPT with regard to perceived
investment risk.

Regression results based on individual and aggregated datatlsabthie prospect value
implied by CPT is able to predicboth investment behavior and investor risk perception
significantly. As expected,ite CPT value is found to lpmsitively associated with investment
propensity and negatively related to risk perceptibhe hypothesized effects earobust

across individual as well as aggregated data and resist two robustness checks that control for
multicollinearity and ample heterogeneity. Out of thmsk factors, only one variablie the

total probability of losg is able to perform comparably wedcross all modelsThe results

imply thatindividuals do evaluaténvestmentsn a way that is suggested by CPT, next to
paying explicit attention to the probabiliofa n 1 nv e st me n tNbtaithdtanding, pot e
standard deviation is able to explanly investment propensity, whereby this effect becomes
insignificant when controlling for multicollinearityAlthough the CPT findings seem
appealing when inspectingthe results more closely a revision of CPT parameterscan

achieve substantially improved correlatims between CPT value and investment

propensity/perceived riskThe new parameters imply more extreme risk attitudes in each
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domain when compared to standard CPT parameters, and that loss probabilities are weighted
in a more linear manner compared to gaiobpbilities. On an academic level, the results
imply aclearquestioning of standard deviation as the most appropriate risk measure as well
as a challenging of Cumulative Prospect Theory pamination. On a practical level, these
results ask for improved Kscommunication with particular emphasis on loss scenarios.

The thesisis organized as follows: Section 2 embeds Prospect Theory in a theoretical
framework that describes the intuition behind the decismaking model. In Section 3 we
specify the methodolyy of the study by elaborating on the experimental design and
procedure. The data and results from the experiment are shown in Section 4. The discussion
in Section 5 puts the results into context with other studies and sheds lightreletiaace of
Prospect Theory paameters as proposed by Kahnemand Tversky (1979). At last, a
concluding section summarizes the findings and describes suggestions for future research as

well as limitations of this study.

2 Theoretical Background

2.1 Traditional Risk Concepualization

An early attempt to evaluate the risk of financial assets on a quantitative basis was provided
by Markowitz (1959). His meawariance framework illustrated threlationshipbetween an
asset bs return and 1its v aodfireumg inplies Biehigleu s e a
likelihood of lower (negative) returns, investors must be compensatedigitbr expected

return for running more risk of potentildss events Thus, variance and in particular the
standard deviation of asset returns have ilmecthe most prominemhathematicameasures

of risk. In this way, risk in an investment context has bmmrsideredchn objective construct.

In an attempt to describe solely whatthe risk inherent in financial assetsesearch in the
1960s has predominty focused on only theotal variation ofreturns(Olsen, 1997)

The mearvariance model hasncounteredts applicationwithin the broader framework of
Expected Utility Theory (EUT) developed byon Neumann andvorgenstern (1947 A
concave utility fungbn depicts the evaluation akturn outcomes and absolute resulting
wealth levels in each scenario and thakes into accourthe objective likelihood of each
return occurring. Typil utility functions compriseghe utility of earning returns and the
disutility of bearing investment riskyhile more detailed models take into account a certain

degree obverall investorisk aversion.
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Even though this simple and logically intuitive framework seems appealing, several empirical
violations of EUT convulsedth e model 6s v &lisberg {1960L)nfat astanaen .
illustrated a famous expected utility paradox when facing unknown risks and finds that
individuals prefer known riskather thanambiguity, an insight that is not captured by
standard EUTBesidesthe Allais paradox shows thatersonsoverweigh certain outcomes,

and thereby proves an inconsistency of EUT with regard to its independence axiom (Allais,
1990). Numerous other studieadicate violations of EUT, among which for example
Harbaugh et al. (2002), whaatethat individualsexhibit different risk attitudes towards gains

and losses.

The inconsistency of individual risk preference across different situations and domains proved
that EUT lacks empirical supporAs a responseékahnema and Tversky (1979) publised

their seminal paper on Prospect The@®y), which hascontributed toa more elaborate and
contextspecific account of decisiemaking under riskThe theory moves away from solely

describing risk by being momientedtowards how individuals actualfyerceive risks.

2.2 Prospect Theory

During the secalled evaluation phase,decisionmakerassessea prospectby taking into
account value and likelihood of eaclhitcomeoccurring. Unlike Expected Utility Theory,
Prospect Theory neither values gaind loss outcomes evenlyor linearly. Investors for
instance are observed to suffeomna disutility from losses thathey gainutility from equally

sized profits(Odean, 1998). However, once having incurred a loss, investors seem to be risk
seeking in an efirt to regain moneyeventually break even amgnceavoid the discomfort of
suffering a loss. On the other hand, investors in the gain domain are more likely to realize
their profits early to avoid the potential of losing the This leads to no#inear vdue
functions, with different curvatures in the gain and loss donfidahnema & Tversky,
1979). Figure 1 below illustratekat he value function for negative outcomes is steeper than
for positive outcomes, followinthe intuition behind investor loss ergion The origin in the
graph represents threference point, whichefersto the concept of reference dependence.
Individuals namely danot evaluate prospects in terms of absolute resulting levels of wealth,
but rather changes iib. This explainsthe observationthat gains or losses of equal size are
valued differently for peoplavith different levels of wealti(Barberis, Huang & Santos,
2001).
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As indicated,Prospect Theory also holds thatobabilities are not weightelihearly, but
instead differentveights areassigned tdlifferent probability sizes. Kahnemand Tversky
(1979) observed that small problties are frequently overweigld, whereas large
probabilities are underweightefibllowing an inverse $haped curve as illustrated in Figure

2. In contrast with standard probabilities used in EUT, probability weighting accounts more

accurately for how risks are actually perceived by investors.

Figure 1: Value Function® Figure 2: Probability Weighting Function?
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The equations for the value and probability weighting function are as follows:

@ AQQ )
Az o hHQQ n
‘n — (2)

Equation(1), the value function, shows haapha and beteepresenthe different curvature
of the gain and loss domaamdthuscapure the different risk attitudeé lambdalarger than
1 magnifies losses and thaesbodieshe typical loss aversiofeature. Gamman Equation

(2) determines the curvature of the probability weighting function probabilities

! Sourcehttp://www.sciencedirect.com/science/article/pii/S2245015300703#fig3
2 Sourcehttps://www.researchgate.net/figure/228818558 figl Fidufetypicalprospecitheory-probability-
weightingfunctionpp-which-is
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corresponding to gains, whereas a different parameter delta is substituted for loss
probabilities.

Despite its initial appeal,he original Prospect Theory famework was criticized for not
satisfying stochastic dominan@@amerer & Hp 1994) That is why Tversky andahnema

(1992) extended their work to Cumulative Prospect Theory (CPT), wtnarsforms
weighted probabilities toumulativeweights by ranking the prospect outcomes from the most

to the least extremi@ each domainThis allowsfor a larger amount adutcomedo be taken

into considerationWith regad to its empirical relevanc&ennema andlVakker (1997) find

that CPT is more suited at explaining diminishing sensitiaityards gains/losses when being
further in the respective domain.

In contrast to traditional conceptualizations of risk, Prospect Theory thus provides a
theoretical contribution towards individual perception of investment risks. The framework
hintsatrisk characteristics of financial ass#tat go beyond the simple dispersion of returns
With its intuitive loss aversion characteristic and functional correspondence to individual risk

preferences in different domains, we predict that a hypothetical mgastvalue based on

CPT calculation is representative for an i

formulate the following hypothesis:
Hypothesis 1:Investment propensity is positively related to @RT valueof an investment.

In line with  t hi s argument i s Prospect Theoryobs
perceived. Risksi.e. the potential dfinancial value depletionare namely punished strongly

in the CPT calculation by scaling up loss scenafagiether with the individual peeption

of probabilities in a notinear mannerthis idea gives aaccurate description of holumans

perceive risks

Hypothesis 2: Perceptionof investment risk is negatively related to the CPT valtian

investment

Several studies praise the impact of Cumulative Prospect Theory on academic prnotiess |
fields of psychology and finance, as it has largely contributed to an improved theoretical as
well as empirical understanding of how investors perceive risks and make decisions in the
marketplace. Indeed, Barberis (2013) has pointed out that Pradpsmty is weHsuitedat

explaining risky choice in an assme@rket context, even though there have been many
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inherent complexities in applying Prospect Theory on a practical level. Difficulties have
predominantly occurred with for instance statingatvlre exactly gains and losseghether
subjects integrate or separate these when
reference point is locate(btott, 2006) Such challenges entail an experimental setup that
ensures the independence of prospectdewbroviding an equal reta benchmark.The

unique design of our experimeallows for overcoming these challenges in an efficient yet

simple manner, which isxplained in the next section

3 Experimental Design

In order toinvestigatewhetherinvegment propensity and rigkerception can be explained by
Prospect Theorywe implement an experimental setting in which subjectsreteuctedto
determine the riskiness of a hypothetical investment, next to indicating how much
(percentagavise) they woul investin the opportunity Complementar to research by
Anzoni andZeisberger (2016), who examine the effect of selected risk factors on investment
behaviorin 10 differentinvestmentscenarioswe aim to extend this approacto a wider

variety of scenarios, in particular to a total of 30 differamntexts These investment
scenarios are depicted by hypothetical return distributions in a histogram that shows the
frequency of 100 theoretical investment return outconié® difference between thes
presented distributions is determined by several risk faatovgell as their value according to

CPT, while the expected return of each investment prospect remains constant at 8%, a suitable
rate that reflects the average return on the S&P 500 stoek indthe period 2002 20163

This | ets the invest ment deci sion be based
investment returs (Veld & VeldMerkoulova, 2008). In particular, controlling for different

risk factorsand CPT valueacross distributins enablesis to examine whichinfluences
particularly drive investor decisiomaking. Therefore, before creatinghe return
distributions, it is first necessary itentify empirically relevant risk factors.

3.1 Risk Factors

Next to the standard detion as a traditionabbjective riskmeasure, the factors to be
considered for the distributions and subsequent analysis are ones of perceivedluding
these risk measures allows fardirect comparison between the a n d prediEtived s

power The empirical literature distinguishes risk as the potential of suffelosg events

% Data fram http://pages.stern.nyu.edu/~adamodar/New Home Page/datafile/histretSP.html
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when faced with a decision problerRutting this into context with financial investment
scenarios Brachinger andWeber (1997) identified several risk measures that consider
particularlythe possibility to incur lossesp-called lower partial moments measurasiong

which the total probability of losgreferred to as loss probabilifygs well aghe possibility to
achieve lowethanexpected outcomesyhich refers tothe lover semivariance. The former
simply refers to the summegrobabilities corresponding tall negative returnsSemk
variance on the other hand is a measure of downside variance, in particular the total variance
for prospects with a below 0 or belaveragereturn. In line withKonno et al.(2002) this

study considers sermvariance as the variance of returns belbe average thus belowthe
expected return of 8%. Wang et al. (2011) similarly confirm that potential downside
deviations from a certain benchrkai e.g. expected returfi cause uncertainty and
subsequently aversion towards the riskanfasset. Other studies suclzasmer et al(2015)
describehow the most extreme outcomes, even when highly unlikely, can have a substantial
impact on individual dcisionmaking. Accordingly, the minimum and maximum return of
each distribution are considered as risk factors as well, whereby the (increase in) maximum
return is a factor thatessentiallyreduces perceived riskyith the opposite impact being
expected fom the smallest return. However, the minimum return itself does not suffice with
regard to explaining risky choice. It does for example not distinguish the negative effect of a
clustering of returns slightly below the minimum (Sachse et al., 2012). Haec@5% Value

at Risk (VaR) measure is added. Thigasure looks at theeturn that lies above thé"s
percentile of the return distribution, meaning that only 5% of all returns lie below this
threshold. To control for theffects of distribution shapekewness and kurtosis of each
distribution areadded

The last factorthe Cumulative Prospect Theory (CPT) value, comprises many of the features
from the risk factors explained abgwehich is also why it is necessary to sepasastatistical
analysis ofrisk factors from an analysis of CPT value. Thesl aversion characteristif
Prospect Theoryor example corresponds to a likewise emphasis of-samance and loss
probability on loss scenario$o calculate the CPT valudhe returns of each distriban are

first ranked fronthe most tothe least extreme outcome, each for the positive and the negative
return domain. Themye calculate the decision weiglits all return scenarios, which are then
multiplied with the parametized return values. Thelcalated CPT values are created on the
basis of the standard parantstas suggested ByerskyandKahnema (1992)?

4 Tversky & Kahnemar® CPTparameters.] 1@y 1Y 1TWF @ E'Q Ccq
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3.2 Return Distributions

Based on the risk factors above, return histograms are created for severaltdiffeagiment
prospects. Figer 3 below shows an example of such a distribution. Thaxis of the
histogram represents the possible return, ranging #62% to +72%. The returns are
grouped in intervals, which allows for a better visualization of a wide range of possible
outcomes. Each ban the histogram hence illustrates how likely a certain return interval is
realized Figure 3depictng the return distribution fomlvestment Dof the survey for instance
shows that the most likely realized return on the investment lies with 34% pitybabil
between 4% and 8% he illustrationform is accurate, asé positions and heights of the bars
likely influence how risky an investoperceives the investment to b€ enhance the
readability of return interval frequencies, the bars are colored irayathat green bars
represent positive return outcomes, whereas red ones illustrate loss outcome frequencies
(Kliger & Gilad, 2012).

Figure 3: Investment 1 Return Distribution

Return distribution of the investment after one year

Frequency

Return Bin

To achieve a certain variation concerning the risk factors, a total of 30 distributioeatedcr
Each distribution is unique in its risk characteristics, whelainingexpected return at 8%.
Thereby, particular emphasis put on keeping the correlation of risk fact@as low as

possible, sinceome ofthese tend tstronglymove in the samdirection. The characteristics

of the 30 distributions can be found in Tablerlthe next pageNote that each distribution
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differs sulstantially from others. Whileve seefor examplegradual increases in standard
deviation from investment 1 to 30, we also recognizae-proportional changes in other
factors.Particularly, Investment 1 foinstancewith a standard deviation of 5% is normally
distributed (implying no skewnessor kurtosis) whereas Investment ®ith only slightly
higher dispersioshows the lowest skewness-8f5 and the highest kurtos$ 13.1.0n this
basis, banges irsubjectrisk perceptiorcan be related tthe distinctunique characteristics of
each distribution Table Al in Appendix A shows all 100 return outcomes for all 30
distributions that the histograms are basedFam.an oerview of all 30histograms Figure
Al in the appendixlustrates a less detailed version of all retdisgrams

Table 2below comprisesthe correlations of risk factoecrossreturn distributionsAlthough
severalcorrelationsare high, albf themare béow the critical absolute tlbshold of 85, with
the exception of the correlation between standard deviation andvagarice. Since these
two measures are naturally related to each other, baisly possible to disentangle their
relationship. Neverthess, a way to solve this issue is addressed in the robustness &aion
Section 4.3.1)

Table 2 Correlations amongRisk Factors

Stand. Loss Semi- . Max. Min.
. 95%-VaF ] Skewness Kurtosis
Deviation Prob. Variance Return Return
Stand. Dev. 1.000
95%-VaR -0.733 1.000

Loss Prob. 0.7547 -0.4809 1.000

Semi-Var. 0.9095 -0.8122 0.6514 1.000

Skewness 0.2251 0.2672 0.1222 -0.0914 1.000

Kurtosis -0.6241 0.4071 -0.6222 -0.5627 -0.369 1.000

Max. Return| 0.6389 -0.2291 0.5113 0.36 0.7314 -0.415 1.000

Min. Return | -0.5688 0.8206 -0.4975 -0.6801 0.4846 0.2641 -0.1145 1.000
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3.3 Procedure of the Experiment

After implementing the return distributionsan online survey constructed with Quiaky; the
survey is distributed via the online platform Amazon MTurk. Upon participation in the online
survey, subjects are informed that tleiypulddecide how muclpercent of their endowment

to invest in 10 different and independent hypothetical invedtogportunities based on their
returnoutcomedistributions. Only10 out of the original 30 distributions are preserteeéach
participant as a larger number of investment decisions could lead to subjects getting bored in
the course of the survey and safuently produce biased results. These 10 distributions are
selectedat randomjn orderto ensure that ordering of the chart presentations does not play a
role (Ryan & Morgan, 2007)Overall, the focus was set on providing precise explanations in

a yet oncise manner to avoid a perceivethformationoverload- while making the task as

clear as possible. To ensure that subjéstieed understand the task clearly, a specific
example is provided that explains the axes as well as the contextual meantiegbairg.
Below this example,a comprehension question must be answered, which allows the
participant to advance to the investment decisions only after it is answered lgorect
screenshot of this example along with the corresponding comprehension rpiesto be
found in Figure A2 of Appendix A.

Figure 4 below shows a typical investment decision. Based on the presented return
distribution at top, subjects are first asked how risky they perceive the investment to be on a
7-item Likert scale, ranging from Not ri skyo to fAVery riskyo. A
much of an endowment of $10 they would invest in the opportuaityjuestion that
symbolizes the propensity of investmeiResponses on these two questions serve as
dependent variables in the updom statistical analysisAs an incentive to provide a high
level of effort, participants are informed at the beginning of the survey that they have the
chance of earning a monetary reward additional to their regular MTurk compensation. This
rewardislinkd to the subjectsd performance regard
aimed at increasing the validity of the experimental results (Cobanoglu & Cobanoglu, 2003).
After going through these 10 independent investment decisions, subjects are asi®teio
general questiongproviding information on age, sex, academic background and investment
experienceand personalisk preference. Moreovergeording to Lusardi (2012), individual
numeracy, referring to the ability to mess numerical facts, and financial literathye ability

to understand and apply knowledge in finanaee important factors for savvy financial

decisionmaking, which is why control questions that test the numerical and financial
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knowledge of participastare added. With data on all of these factors, it is possible to control
for the effects of each in the later statistical analy&liscontrol questions are shown as a
screenshot in Figure A3 of Appendix A.

Lastly, and most remarkablynote how the expenent is constructed in a way that the
challengesof formal CPT testig are overcome (see Section )2.By visualizing the
differencebetween negative return intervals (in red) and positive ones (in grieanly; it is
simple to distinguish gains and Isss. Moreover, by stating explicitly that the investment
tasks are to be treateddependentlyof each other, participants do not integrate different
prospectswhile knowing thatexpected return the reference ratie remainsconstant at 8%
The design othe experiment thus ensgrgairloss separability as well as a homogeneous
reference rate across all participants.

Figure 4: Screenshot of Investment 1 Decision

Frequency

Return Bin

How risky do you percaive this investment to ba?

Mat risky Menwstral Wery risky

How much of your endowment {in %) do you invest in this investment?

a 0 20 a0 40 50 B0 fLo) a0 an 100
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4 Data Analysis

A total of 111 subjects participated in the online survey, each hawagto make 10
investment decisions. However, not all observations are considered for the statistical analysis.
To enhance the validity of the dataset, we check whether participants took the survey task
seriously.Invalid responses if large in size can reynbias the statistical results by creating
outliers (Schmidt, 1997)in this case any respondent that did not answer both of the two
control questions about expected return and initial endowment correctlypested to not

have taken the task serioysdind subsequently isltered out. This procedure reduces the
number of subjects t@4.

To analyze the data, the statistical software package STATA is used. In the following, the
effects of risk factors, CPT and control variables on each investpreptsity and risk
perception are presented by means of regression analyses. Risk factors andrégessed
separately, as the CPT valiemeantto substitutethe conventional factors of (perceived)

risk. Thistranslatednto four different models, measuog the effects of risk factors (1) and

CPT (2) on investment propensity, next to the influence of risk factors (3) and CPT (4) on risk
perception. Estimating the effects of prospect value and factors of perceived risk separately
also allows for a direct omparison between the models and their explanatory power in
particular. To control for heterogeneity across different individuals in observed and
unobserved effects, each model is estimated once with individual and once with aggregated
data. The individuabataset treats every investment decision of every participant as one
observation, leading to a total of 94 x 10 = 940 observations. On the other hand, the aggregate
set of data is constructed by using the average of investment propensity and riskquercepti
scores of individualger distribution and subsequentiandlesevery distribution as one

observation, resulting in 30 observations.

4.1 Results for Investment Propensity

Scatterplots in Figure 5 visualize the relationships between risk factors/@R& and
investment propensity as averaged over the sample individual observationpegtedxthe

CPT Value diagranndicates a positive association with investment propensity, whereas risk
factors such as standard deviation, seamiance and loss prability correlate negatively

with investment behavior. The remaining relationships seem to be less evident. A closer look
at theimpactof each factor on the propensity to invest by means of regression analysis allows

us to quantify the effects and ass@msr relevance in terms of coefficient significance.
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Since investment percentage is an interval variable (ranging from 0 to 100), the standard OLS
regression procedure can be applied to estimate the coefficients. To control for individual
unobserved effés, however, it is necessary to use the subjixesl effects model foonly
the individual datasefwiner et al., 1971)This regression mode&ssentiallyimplementsa
dummy for each participant, which allows the intercept to diftereach individualand

allows forcontroling individual urobservedeffects within and outside of the model.

Figure 5: Average Investment Propensity Scatterplots
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4.1.1 Risk Factors Results

The findings in Table JProvide mixed support fosingle risk factorsLoss probability
skewness and semariance of returns all haven &xpectechegative impact on investment
propensity.This result is in line with Unser (2000), who emphasizes lower partial moments as
essential factors describing perceived risk, next to identifshag ndividual risk perception

is influenced by distribution shape¥alue-atrisk as well as kurtosis seem to have no
significant impact onthe propensity to invest. What strikes however is the sign and

significance of the standard deviation and minimum retoefficients. With significance at
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the 1% level for minimum return and at 5% for standard deviation, these fapipearto
contribute towards investment propensity when increasing in size. When looking at the
aggregate level results, however, theseceffseem to vanish. The only factor that remains
strongly significant is loss probability, maintaining the expected negative influence. Hence,
participants paidxplicit attention to the frequency of losses when evaluating an investment
prospect.This supprts evidence of Kaufmanet al.(2013), who identify the importance of
individual loss probability consideran in an experimental setting, and is in line with the

major findingsof Anzoni andZeisberger (2016).

Table 3 OLS SubjectsFE Regression Rest$ Risk Factors on Investment Propensity

Individual Aggregate
Level Level
Standard Deviation 83.952** 72.744
(32.927) (59.195)
95%-VaR 2.567 9.668
(9.448) (17.384)
Loss Probability -91.952%** -94.369***
(9.097) (16.557)
Skewness -6.998*** -4.212
(2.517) (4.560)
Kurtosis -0.325 -1.672*
(0.455) (0.831)
Maximum Return 13.241 5.556
(10.148) (18.458)
Minimum Return 38.568*** 26.385
(12.035) (22.062)
Semi-Variance -260.474** -243.744
(105.039) (189.665)
Age 0.816***
(0.239)
Sex 14.950%+*
(5.183)
Academic Background 14.074***
(2.438)
Investment Experience 3.200
(2.290)
Willingness to take risk 1.980**
(0.872)
Adjusted R 0.696 0.794

Note: pvalues are indicated with stars (* < 0.1; ** < 0.05; *** < 0.01ytandard errors are

in parentheses

Surprisingly the Adjusted Ris higher in the aggregate data, even though the control

variables are gregardedgsthese are measured on the individual level). A reason for this
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could be that despite being significant, the control variables do not add much to the

explanatory power of the modsalince the model alreadgkes intandividual differences

4.1.2 CPTResults

Table 4illustrates the results of the CPT regression analysis with regard to investment
propensity. The coefficient of CPT Value emerges as high and strongly significant, at 1%
meaning that Hypothesis 1 can be corrobord®ennarkablythe estimate remains constant in
both size and significance when comparing the individual level result with the aggregate one.
In the individual data sample, the adjustédoRthe CPT regression lies with@l vey close

to the corresponding @ of the ndividuatlevel analysisontainingall the conventional risk
factors. However, in contrast to the risk factor regressions, we recognize a drop/ireR
comparing individual with aggregate resultsshould be notethowever that an adjusted R

of 046 for only one variable is still relatively high. Hence, the strong and significant
relationship between Cumulative Prospect Theory prapensity of investmenis non
negligible.This evidence suggests that individualsestaluate prospectsccording to CPTIn
particular, this means that the principles of CPT, i.e. loss aversion, reference dependence, and
domainspecific risk attitudes guide individual investment decisions.

Table 4 OLS SubjectsFE Regression Results CPT Value on Investment Propensity

Individual Aggregate
Level Level
CPT Value 118.574*** 118.097***
(9.272) (23.281)
Age 0.636**
(0.269)
Sex 14.433**
(5.858)
Academic Background 15.426***
(2.754)
Investment Experience 3.516
(2.592)
Willingness to take risk 2.557**
(0.985)
Adjusted R 0.610 0.460

Note: pvalues are indicated with stars (* < 0.1; ** < 0.05; *** < 0.01tandard errors are
in parentheses
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4.2 Results forRisk Perception

The effect of risk factors and CPT value on the average of individual risk perception is
depicted in Figure 6 belawlrhe plotted relationshipslustrate that loss probability, semi
variance and to a lesser extent standard deviation are associated positively with risk
perception. On the other hand, CPT value and -988 again show the opposite effect.
Though these sdatplots can be considered a rough indication of the relationships, they
should be interpreted with cautioRerceived Risk isiamelya categoricalvariable that is
based on a-item Likert scale. As thisrdinal measurecan barelybe assumed to have equal
distances between each category, a simple linear regression waonkuftfieient due tanot
fulfilling the interval requiremenof the dependent variable. Therefoas ordered logtic
regression iapplied for measuring the impacts on perceived riskga(Winship & Mare,

1984) This implies that the coefficients of the regression output are to be interpreted as log
odds.

Figure 6: AverageRisk Perception Scatterplots
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4.2.1 Risk FactorResults

Theimpactof each variable can be more clearly iptetedas the odds ratiby takinge to

the power of the corresponding coefficient. For loss probability, a factor that is highly
significant for both individual and aggregate observations, this means that the odds of this
factor contributing to higher peeived risk aré& 8 p @ o yrux@ince this odds ratio is

far above 1, the coefficient can be interpreted as having a highly positive influence on
perceivedisk.

Table 5. Ordered Logistic Regression Results Risk Factors on Perceived Risk

Individual Aggregate
Level Level
Standard Deviation -2.947 3.195
(3.100) (16.648)
95%-VaR -1.020 0.639
(0.887) (5.556)
Loss Probability 12.007*** 52.129***
(0.940) (1.226)
Skewness 0.331 1.817
(0.236) (2.477)
Kurtosis -0.011 0.800***
(0.043) (0.300)
Maximum Return -1.724* -14.648**
(0.958) (6.340)
Minimum Return -1.616 -4.012
(1.116) (6.112)
Semi-Variance 16.825* 76.002
(9.887) (60.818)
Age -0.101**
(0.043)
Sex -0.528
(2.918)
Academic Background -0.153
(0.849)
Investment Experience -0.947
(0.575)
Willingness to take risk 0.244
(0.773)
Pseudo R 0.254 0.365

Note:p-values are indicated with stars (* < 0.1; ** < 0.05; *** < 0.01¥tandard errors are

in parentheses

The same is the case for semariance in the individual sample, which shows the expected
positive influence on perceived risk. An odds ratio below fherother hand would indicate a
negative effect of the predictor on risk percepti@iand, 2000) Maximum return for
example in both cases is significant and when transformed depicts sratddower than 1,

meaning that isignificantly decreases thedds of higher perceived riskhis is plausible as
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the possibilityto achieve a return that lies fabovethe average promotes the perception of
lower relative potential losses, which is also why people participate in lotteries (Weber &
Milliman, 1997). The standard deviation coefficient depicts an insignificant effect on risk
perception. Hence, the logistic regrei®n results provide strong evidence against the

appropriateness of standard deviation as describing risk perceptions.

4.2.2 CPTResults

Again, the results of the analysis including the CPT value show the expected sign and
significance. The effect on inddual risk perception can be described as decreasing the odds
of perceiving risk with an odds ratio h 18T his result confirms Hypothesis as

the results imply thaa higher CPT valuéranslates tdower perceived riskand vice versa

The coefficient in the aggregate data is even smaitglying thatthe negative impact of

CPT valuehere iseven stronger On a practical level, thishows that a prospect value
approximated by Cumulative Prospect Theory does not only explain investment propensity,
but is also able to account fahe risk perception of individuals when faced with different
investment prospects. The strong evidence slgoportsthe more recent broader Presp
Theory framework by Kahnema(2002), stating that automated, stdnscious processes
driven by (myopic) loss aversion characterize individual decisiaking.

One aspecthiat strikes, however, is that the PseudoirRthe CPT model is substantially
lower compared to the outcome of the risk factor logistic regression. This provides indication
that the conventional factors of perceived risk all together provide higher egplapawer

with regard to investor risk perception. Despite this observation, this alternative version of R
should be interpreted with caution, as it is only an approximation of the actual adjasted R
The explanatory power of the ordered logistic modelherefore also not comparable with

the results of the standard OLS regressions from above (Hoetker, 2007 defhed

regression results are shown in Table 6.
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Table 6. Ordered Logistic Regression Results CPT Value on Perceived Risk

Individual Aggregate
Level Level
CPT Value -14.662%** -22.810%**
(0.876) (5.245)
Age -0.064
(0.401)
Sex 0.716
(2.706)
Academic Background -0.626
(0.805)
Investment Experience -0.430
(0.548)
Willingness to take risk 0.406
(0.717)
Pseudo R 0.149 0.110

Note:p-values are indicated with stars (* < 0.1; ** < 0.05; *** < 0.01¥tandard errors are
in parentheses

4.3 Robustness Checks

An analysis of experimental data often bears potential issweederhal validityof the results
i.e.representativenesas wel as general concerns about the accuracy of the experimental and
subsequently statistical resuldyllinix et al., 2015. In the following, two robustness checks
are applied in order to see whether the results are nmadtacross different procedurasd
across sutisamples. Firstly, the individudével OLS regression model is checked regarding
issues of multicollinearity. Secondly, it is checked whether two-sambples including
differences in the financial literacy of participants proddigtant resuts with regard to

individual perceived risk.

4.3.1 Multicollinearity

When generating VIF statistics of the OLS regression resualtsivestment propensity, it
appears that the VIFs of standard deviation, serance and skewness are substantially
above 10, the critical threshold for very high multicollinearity among predictor variables.
With these inflation factors, the results may be biased with regard to inflated coefficients and
explanatory pw e r ( OO0 br iTabla 7 shawd @he VIF statistics ofl ahdependent
variables in the OL$dividuallevelregression
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Table 7: VIF statistics for individual data OLS Subjects-FE Regression

Variable VIF 1/VIF
Standard Deviation 30.62 0.033
Skewness 20.3 0.049
Semi-Variance 19.51 0.051
Age 17.92 0.056

Inv. Experience 17.14 0.058
Sex 16.25 0.062
Willingness to take risks  11.1 0.09
Academic Background  10.34 0.097
Maximum Return 10.23 0.098
Minimum Return 7.8 0.128
95%-VaR 6.01 0.166

Loss Probability 4.75 0.21
Kurtosis 452 0.221

As a result, theskewneswariable is discardedStandard deviation and seivdriance are
combined into one composite measure thectively mimics the variance of these two
variables. This procedure Imsed orPrincipal Components halysis (PCA). By using PCA

on the basis of the correlation matrix (see T&)lea new factor, i.e. thegrincipal component

of standard deviation @nsemtvariance, is implemented. It is a composite measure of
dispersionwhich represents the two risk factors while keeping the correlation with other risk
variables asow as possible and reduces all VIFs belouCémbining standard deviation and
semivariance instead of simply deleting theaffectively permits retaining a measure that is
strongly associated witlthe variance of returns (Smith, 2002). With the newly generated
principal component, the OLS regression on individual and aggregate dataagaianro
reduce further model multicollinearjtthe control variables are left coftthe analysis

The results of the subjeetixed effects OLS regression including the principal component are
shownin Table 8 The findings of both loss probability dukurtosis remain robust across both
levels. However, the principal component representing a linear combination of standard
deviation and semrariance of returns is not significant. This could provide indication that
the coefficient estimates of these tvaators were largely inflatedhithe original regression.
Theexplaratory power of the robustness cheigst with deviations of only @2 - very close

to the original model.
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Table 8 OLS SubjectsFE Regression on Investment Propensitywith Principal
Component

Individual Aggregate
Level Level
Principal Component 0.205 -0.269
(1.122) (2.062)
95%-VaR -3.358 5.055
(9.272) (16.933)
Loss Probability -75.199*** -82.101***
(7.293) (13.268)
Kurtosis 0.615** -1.087*
(0.310) (0.563)
Maximum Return -4.050 -0.808
(4.240) (7.626)
Minimum Return 18.029** 15.925
(8.437) (15.391)
Adjusted R 0.694 0.796

Note: pvalues are indicated with stars (* < 0.1; ** <05; *** < 0.01); standard errors are
in parentheses

4.3.2 Financial Literacy

As explainedabove, Lusardi (2012) states that financial literacy can affect how individuals
perceive risk. To check whether there are significant differences across more @nd les
financially literate participants, the sample is split into two parts. Subjects who answered both
survey questions on financial literacy correctly, are considered as orsamsylte, whereas
participants thatansweredone or both of the questions wronge aassigned to the other
sample. The splitting results in ssamples with 564 (for the more financially literate) and
371 (for the less financially literate) observations.

Table 9depicts the results. For each ssdmple,we conducibrdered logistic regressiomar
bothrisk factors and the CPT value factor. Remarkably, both loss probability and CPT value
remain robust along with keeping their previous sign and $lze previous corroboration of
Hypothesis 2 is thus retaineHowever, it is interestinghat both effects are lower for the
financially less literate participants. Those have put more attention towards the shape and the
right end of the distribution when evaluating hypothetical investments. This becomes clear

when looking at the significaféctas maximum return and kurtosis.
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Table 9: Ordered Logistic Regression on Risk Perception using two stdamples

Higher Financial Lower Financial
Literacy Literacy
Principal Component 0.155 0.127
(0.139) (0.163)
95%-VaR -0.828 -0.230
(1.152) (1.363)
Loss Probability 13.447*** 8.591***
(1.105) (2.171)
Kurtosis -0.039 -0.121**
(0.042) (0.050)
Maximum Return -0.780 -1.553**
(0.543) (0.677)
Minimum Return -0.285 -1.092
(1.046) (1.244)
CPT -14.525%** -13.691***
(1.162) (1.393)
Observations 564 371

Note: pvalues are indicated with stars (* < 0.1; ** < 0.05; *** < 0.01¥tandard errors are
in parentheses

5 Discussion

Daxhammetrt al. (2012) point out that the variance of returns as a risk measure alone does
not suffice at explaining price swings in asset markets. Assuthaigeturns are distributed
normally T a premise for the appropriate use of standard deviation jormgmainsan
inaccurate depiction of asset markets. Instead, we nowadays observe for instance fat tails as
well as the occurrence of ®alled black swan events, i.e. events that @eeceived as
extremely unlikely and unanticipatedch as the subprime mortgagesisriThis has led to the
emergence of new prominent risk measures such as VaR or loss probbbdig. measures

of lower partial moments fit well within the loss aversion characteristic of the Prospect
Theory framework first propsed by KahnenmandTversky (1979). While having a sound
theoretical foundation, these considerations seem to have acluelyeohixed supportyet
(Barberis, 2013).

In light of this study, experimental evidence from an online survey indicates that indeed
measures of lower partial m®nts provideccuratestatistical explanations for the percentage

of endowment invested in a prospect as well as the risk perceived by subjects. Loss
probability, beingconstantlysignificant acrosall models and robustness checks proves to

have a negativampact on the propensity to invest while promoting perceived risk, whereas
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semtvariance and minimum return as other downside risk measures follow the same intuition
but do notappearto be robust. Distribution shape, in particular kurtosis, has persestents

on both investment propensity and risk perception in the aggregate sample. Leptokurtic
distributions in this regard discourage investment. Interestingly, in the sample with financially
less literate subjects, the opposite is shown with significabh&%6. This can be considered
suggestive evidence for nqmofessional investors being reluctant to fat tails. What can be
regarded as even more interesting, however, is the pale role of standard deviation. The
traditional risk measure is significant inlg one model, the OLS subjedt& individuatievel
regressionwhich is biased byargeVIFs. Whensubsequentlyeducing multicollinearity in

this regression by constructing a composite suea of return dispersion, therincipal
Componenbf dispersiorturnsinsignificant. These findings are in strong support against risk
being solely composed of return dispersion, i.e. variance/standard deviation.

|l nstead, the investmentds prospect value i mg
to perform much btter at explaining investment propensity and perceived risk, both on an
individual and aggregatdata level. High sizes of the coefficients as well as persistent
significance at 1% across all models and robustness checks support this claim. This not only
provides an empiricajround for loss aversion, but also proves that raependency in
outcomeweighting plag a role. According to Schmidt a@@nk (2008), rank dependency is
integral to determining risk aversion in the CPT framework. Particularly, &@RJhasizes

the distance of the most extreme outcome from the referencei parth, in the context of

this study, can be considered as either 0 or 8%. Thereby, Olsen (1997) identifies the distance
of negative outcomes to the reference point as havisigbatantially larger impact on risk
perception than the most extreme scenarios in the gain domain. In general, he states that
considering variance instead of lower partial moments, i.e. including the upper side of the
return distribution, does not add muckvards explaining attributed risk ratings.

Compared to standard deviation that was |latentified as being the single most adequate
predictor of (perceived) risk, CPAencesupersedes stalard deviatiorstrongly in terms of

size and significance. As explained $ection3, theg results are based on the standard
parameters developed by Kahnemand Tversky (1979) which were identifiedin a
laboratory setting witlonly 25 MBA studentsWhencomparing the correlation of calculated

CPT values based on standard parameters avignagescoes oninvestment propensitgr

risk perceptionthe linear relationshipsshowing correlations of 0.62 an@l.66 appear to be

only moderately strondt therefore seems questionable that the standard CPT parameters are

applicable to a broader population ttlgppes beyondheseMBA students. Thus, we check
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whether a rgparametrization of CPT inputs can achieve higher (absolute) correlations
between CPT value and investment propensity/perceived risk rattysn discarding the
assumption ofaking the parameters §ahnema andTversky as given, we find that with
the adjusted parameters depictedrable 10below, corelations of respectivel®.901and-
0.948 are attained a substantial improvement compared to ¢higinal correlations The
updatedcorrelations arebtained based on a semitomatic, robusprocedure in Microsoft
Excel, whichallows andr to fluctuate between 0 and 1r5andy between 0.28 and 1, and
1 between 0 and 10The calculatios were made for both our datdbased on 30 return
distributions- and the data by Anzoni anteisberger (2016)which relyon 10 distributions.
The parameter results are shown in bold for our datd in italics for the Anzoni and
Zeisberger data.

Table 10 Adjusted CPT Parameters for Correlation Optimization

Investment Propensity Perceived Risk
) 0.18 (0.03) 0.49 (0.02)
Ir 0.04 (0.19) 0.11 (0.07)
7 0.28 (0.45) 0.28 (0.63)
# 0.70 (0.42) 0.91 (0.86)
4 10 (0.61) 0.72 (3.40)
‘Correlation 0901  (0.989) -0948  (-0.993)

Regarding investment propensity, low values for alpha and beta indicate very strong risk
aversion in the gain domain and an extremely high risk preference in the loss domain. For risk
perception, a simalr intuition applies, with the difference of less extreme risk aversion in the
gain domain. The overweighting of small and underweighting of large probabilities seems to
be mostly the case fagain probabilities, illustrated by &ow gamma for bth investment
propensity and perceived risk. Note that deltas are higher anddépist less nodinear
probability weighting. On a theoretical basis, a lambda of 0.72 for risk perception modeling
seems unrealistic, since nbears that the disutility fron losses is discounted rather than
magnified,thusimplying that individuals put significantly more emphasis on gains relative to
losses (Nilssoret al.,2011). In contrast, when considering investment propensity, subjects
displayvery high loss aversion wita lambda of 10W/hen comparing tree parameteraith

the parameter estimates that yield the strengerrelations for the Anzoni artkisberger
(2016) resultssimilarly lower alpha and beta parameters indicate that risk aversion in the
gain domain andisk seeking in the loss domain is much more pronounced than in the

standard version of Prospect Theory. Moreover, for both datasmtdinear probability
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weighting occurs for gain probabilities rather than loss probabilities. This is alsaghdor
Kahnema andTversky parameters, but there gamma (0.61) and delta (0.69) exhibit a much
smaller difference. The most remarkable difference between the two pararretBmagions

lies with lambda, which implies opposite risk attitudes for each respecteasure of
investment propensity and risk perception. Despite these large differences, tlog ainpa
lambda on the correlation estimatesalmost negligibly small, as a sensitivity analysis with
regard to changes in lambda suggests. For investment pitypemselation with CPT value

in our data for instance, aloubling of lambdaloes not change the correlation by a single
percentage, wheredbe sameprocedurefor the Anzoni andZeisberger parameters retains
correlation close to 90%even though a chaegf lambda from 0.61 to 1.22 leads towards
loss magnification instead of discountingshould be notethowever thathesecorrelations
estimates assume a linear relationship between CPT value and investment
propensity/perceived risk. This is a bold amption regarding perceived rigk our dataas it
presumes equal intervals between all risk ratings 1 kor7the Anzoni andeisberger (2016)

data, this issue concerresven both measures, aboth investment propensityand risk
perception areneasured o a Likert scale in their study.

Overall, we observe that even though CPT is seited towards explaining individual
investment behavior and risk perception, its pararnzetion can be questioned and revised.
Other research has similarbyggested revesl parameters for the CPT functidtrcal et al.

(2016) for instance alsdiscoverlower values for both lambda and alpha, with the lambda
value being below 1 as well. Stott (2006) provides a range of value function curvatures found
in several empirical gtlies, ranging from alphas of 0.19 to 0.89. The results hence vary much
across different experimental settings, and it still remains ambiguous whether the current
functional specificatiorof CPT is accurate. As Neilson afdt owe (200 2 are oncl u
nat yet ready to generalize laboratory work on relatively narrow stimuli to the wide range of

stimuli embodied by applied work, atleastmot t h t he functi onal f or ms
(p. 44).

6 Conclusion

A wide extent of academic literature has beenated to identifying the characteristics of
financial investments that drive individuasky choice Many studies praise themportance

of standard deviation of an ass&treducingnvestment propensity, or morecentlyconsider
lower partial moments easuresFor individuals that are faced with an investment prospect in

form of a return histogramhis study discoversefuting evidence regardinthe role of
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standard deviatiom financial decisiormaking.On the other hand, we support the empirical
clam of some ofthe lower partial moments measures, particularly for the cumulative
probability of incurring a lossMost remarkably to return tothe central researchuestionof

this thesis we show that investment propensity and risk perception céorbeastedy the

CPT valueof an underlying return distribution, for both the indwakllevel and aggregated
data. hese findings are robust across-samples and against multicollinearity.

In this way, the study has contributed towards resolving thputisaround cumulative
prospect theory and its fit to financial applicatiofitie thesis also contributes to current
researctby showingthat parameter adjustmeirt orderto optimizethe explanatory powenf

CPT leads us to question whether plagametersitted by Tversky andKahnema (1993 are
universally applicablé which is consistent with other empirical researste(e.gStott, 2006

for an overview.

For further research in this area, this implies that adjusted parameteiis alpha, beta,
gamma delta and lambda can be tested across different experimental settings. In general,
empirical studies couldlso consider the role of CPT further by allowing for flexible
parametersacross individualsin this regard, it would be interesting éxaminewhether
individuals exhibit different CPT parameters and which factors influence this
parametrization. In additionto its academic ifplications, this paper also finds applicatfon

the practicaffinancial field To adequately present risks anway thatis the most decision
useful for investors, financial asset information should be communicated primarily with
regard to its potentiglparticularly most extremdpsses, with an emphasis tre likelihood

of these occurring (Raftery, 2016).

The study compses limitations in terms of generalizabilit total of 111 subjects were
confronted with a specific decision context, and thus the responses and subsequent statistical
results should be interpreted with caution. Moreower,donot propose a revised meldof
cumulative prospect thegrywhich is theoretically sound andimultaneouslyprovides a
improved parameter fit.Finding such a moderemains one of the major tasks of future

research.
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Appendix A: Figures & Tables

Table Al: Overview of return distributions, sorted from lowest to highest outcome
All returns from the 30 different return distributions are depicted beltvy are sorted in an

ascending order.

Scenarid Distribution
1 2 3 4 5 6 7 8 9 10
1 7% | -39% | -13% | -20% | -13% | -42% | -37% | 0% | -52% | -51%
2 4% | -26% | -11% | -20% | -9% | -36% | -37% | 0% | -52% | -45%
3 2% | -20% | -11% | -20% | -7% | -27% | -37% | 0% | -52% | -43%
4 2% | -18% | -11% | -20% | -7% | -17% | -37% | 0% | -52% | -34%
5 1% | -18% | -11% | -20% | -4% | -16% | -37% | 0% | -52% | -24%
6 0% | -14% | -1% | -20% | -1% | -15% | -37% | 0% | -52% | -20%
7 1% -1% -1% -6% 1% | -14% | -24% | 0% | -52% | -18%
8 1% -1% -1% -3% 1% | -14% | -19% | 0% | -38% | -14%
9 1% -1% -1% -3% 1% | -13% | 0% 0% | -18% | -13%
10 1% -1% -1% -1% 1% | -10% | 0% 0% | -16% | -12%
11 2% -1% -1% 0% -1% -9% 0% 0% | -13% | -9%
12 2% -1% -1% 0% -1% -9% 0% 0% | -12% | -7%
13 2% 8% -1% 0% -1% -8% 0% 0% | -12% | -6%
14 2% 8% -1% 0% -1% -8% 0% 0% | -11% | -5%
15 2% 9% -1% 1% -1% -8% 0% 0% | -11% | -4%
16 3% 9% -1% 1% -1% -8% 0% 0% -9% -4%
17 3% 9% -1% 1% -1% -8% 0% 0% -8% -3%
18 3% 9% -1% 1% -1% -6% 1% 0% -8% -3%
19 4% 9% -1% 3% -1% -6% 1% 0% 0% -3%
20 4% 9% -1% 3% 0% -5% 1% 0% 8% -3%
21 4% 9% -1% 3% 0% -5% 1% 0% 8% 2%
22 4% 9% -1% 3% 0% -4% 1% 0% 10% | -2%
23 4% 9% -1% 3% 0% -3% 1% 0% 10% | -2%
24 4% 9% -1% 3% 0% -3% 1% 0% 10% | -2%
25 4% 9% -1% 3% 0% -1% 1% 0% 11% | -2%
26 4% 9% 3% 3% 0% -1% 2% 0% 11% | -2%
27 4% 9% 3% 3% 0% -1% 2% 0% 12% | -1%
28 4% 9% 4% 3% 0% 0% 2% 0% 12% | -1%
29 4% 9% 4% 4% 0% 1% 2% 0% 12% 0%
30 5% 9% 5% 5% 0% 1% 2% 0% 12% 0%
31 5% 9% 5% 5% 0% 1% 2% 0% 12% 1%
32 5% 10% 5% 5% 0% 2% 2% 0% 12% 2%
33 5% 10% 5% 5% 1% 3% 3% 0% 12% 2%
34 6% 10% 6% 5% 1% 3% 3% 0% 13% 2%
35 6% 10% 6% 5% 2% 4% 3% 0% 14% 2%
36 6% 10% 6% 5% 3% 5% 3% 0% 15% 3%
37 6% 10% 6% 5% 3% 5% 3% 0% 15% 3%
38 6% 10% 6% 6% 3% 5% 3% 0% 15% 3%
39 6% 10% 7% 7% 3% 6% 3% 0% 15% 5%
40 6% 10% 7% 7% 4% 7% 3% 0% 15% 5%
41 6% 10% 7% 8% 4% 7% 3% 0% 15% 5%
42 6% 10% 8% 8% 4% 8% 3% 0% 15% 5%
43 7% 10% 8% 8% 4% 8% 4% 0% 15% 6%
44 7% 10% 8% 8% 4% 8% 4% 0% 15% 6%
45 7% 10% 8% 8% 4% 8% 4% 0% 15% 6%
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Figure Al: All Investment Return Histograms

Investment 1 is in the upper left corner, and the distribution follow a descending order from
left to right and top to bottom. Investment 30 with the highest standard deviation is thus in the
lower right corner of the figure. These 30 different methistograms all exhibit the same
expected return but different risk and CPT characteristics. The axes and labelling are the same
across all distributions, which are presented randomly to participants of the experiment in an
investment task that is showmore precisely in Figure 4 (see Section 3.3).
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Figure A2: Investment Task Example
This figure shows the example that has been presented to experimental subjects to make sure
that they understand the investment task adequately. Participargsonly able to advance

further in the survey until they have answered the 2 comprehension questions correctly.
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Comprehension question: How many times out of 100 does this investment generate a return between
-48% and -52%7

Comprehension question: How many times out of 100 does this investment generate a return of at least
+48%7
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Figure A3: Screenshot of Control Questions

Participants who did not answer the first two simple control questions and the last question
were filtered out because they either did not take the survey seriously, or did not fully
understand the investment task. The preceding questions are asked to get general information
for the control variables to be used in the individual analysis. Thejlgstion on page 43

and the first on page 44 were used to classify subjects as less or more financially literate for

the second robustness check (see Section 4.3.2).
What was the average (expected) return of each investment opportunity shown to you (as presented to
you in the instructions at the beginning)?

0%

How much (real) money were you given to invest in this study (as presented to you in the instructions at
the beginning)?

30
30.60
3
310

What is your age?

What is your sex?
Male

Female

What is the highest level of school you have completed or the highest degree you have received?
Less than high school diploma
High school graduate
Bachelor's degree
Master's degree

Doctoral degree
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How do you rate your own investment experience, compared to the average population?

Much lower Slightly lower About the same Slightly higher Much higher

How do you rate your own statistical knowledge, compared to the average population?

Much lower Slightly lower About the same Slightly higher Much higher

On a scale from 1- 10, how willing are you to take financial risks?

not

VEry risk
risk averse

averse 2 3 2 ] G 7 8 3 at all

Crwn willingness to take
financial risks

A coin is flipped 6 times. Each time heads turns up, you earn %1, otherwise you earn 0. Assume that the
costs are 0. What is your expected gain?

o $0.50
o $200
o $3.00
o $6.00

Twao investments have the following characteristics:

Investment A: Expected return of 6% and return standard deviation of 14%%
Investment B: Expected return of 8% and return standard deviation of 10%%

Which of the two assets should an investor chose?
o Asset A

o AssetB

o Aand B are equally attractive

o Donot know
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Appendix B: STATA Do-File

set more off, permanently
destring, replace dpcomma

*variable labels

lab var riskp "Risk Perception”

lab var invpct "Investment Percentage™
lab var sd "Standard Deviation"

lab var lossp "Loss Probability”

lab var skew "Skewness"

lab var kurt "Kurtosis"

lab var semiv "Semivariance"

lab var max "Maximum Retutn

lab var min "Minimum Return”

lab var cpt "CPT Value"

lab var distr "Distribution Number"
*only for individual data:

lab var id "Subject ID"

lab var age "Age"

lab var sex "Sex"

lab var acad "Academic Background"
lab var invexp "Investment Experience"
labvar statknow "Statistical Knowledge"
lab var willrisks "Risk Willingness"

***INDIVIDUAL***
use IndData.dta, clear

descr
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