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Investor behavior was shown to be considerably different when the risk-return tradeoff is presented by 

experience sampling as opposed to a descriptive communication. We analyze the persistency of this dif- 

ference in a setting in which investors are faced with multiple decisions over time and are consequently 

able to adjust the risk level they initially chose. For this we use an experimental setting with repeated 

investment decisions over multiple trading days, and we also test a new form of risk simulation in which 

wealth paths over time are presented rather than just final outcomes. After investors’ initial decisions, for 

which we confirm previous findings, we do not find persistent differences of simulation-based learning 

on investors’ risk-taking behavior. With regards to trading volume, only a simulation in which investors 

see wealth paths and not only final outcomes leads to lower trading frequency soon after the initial asset 

allocation. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

The way investment risks and returns are presented to in-

estors matters for investment decisions. One possible distinction

s between experiencing likely returns in a risk simulation and

 description thereof, related to research in judgement and de-

ision making on the experience-description gap ( Hertwig et al.,

004 ). With risk simulations investors can experience return dis-

ributions by random sampling of possible outcomes, rather than

etting risk and potential returns described in verbal or graph-

cal ways. Risk simulations were found to lead to higher risk-

aking ( Kaufmann et al., 2013 ; Ehm et al., 2014 ; Bradbury et al.,

015 ). These studies further show that investors who are informed

ia risk simulations understand the underlying return distribution

ore accurately and feel better informed after using risk simula-

ions. Compared to alternatives such as “nudging” investors to save
∗ Corresponding author at: Department of Banking and Finance, University of 

urich, Switzerland. 
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ore, risk simulations aim at providing information in a more ac-

essible way and do not take a normative perspective. 1 

Importantly, studies on experience sampling in finance focus

n the point of time at which the investor makes an initial in-

estment decision. What has not yet been analyzed is the per-

istency of these effects, i.e. if risk simulations can change in-

estor behavior after the initial decision. This includes investors’

eaction to intermediate short-term gains and losses, or longer-

erm risk-taking behavior. This is important to explore since find-

ngs in behavioral finance provide evidence that investors fol-

ow their emotional instincts during their investment journey and

uestion their decisions along the way ( Shefrin and Statman 1994;

dean 1999; Barber and Odean 2001 ). They might change their

isk preferences in cases of market up- or downturns ( Cohn et al.,

015 ), they react to previous gains and losses in systematic ways
1 Various studies have suggested different methods to increase saving rates, in- 

luding, for example, pre-commitment ( Thaler and Benartzi, 2004 ), elaborating on 

he value of future rewards ( Weber et al., 2007 ) or presenting investors with their 

uture selves ( Hershfield et al., 2011 ). Generally, this fits into the literature of how 

he presentation form of information effects investors’ decisions, see, for example, 

enartzi and Thaler (1999) , Hirshleifer and Teoh (2003), Beshears et al. (2017) and 

haton (2017) . 

https://doi.org/10.1016/j.jbankfin.2018.10.014
http://www.ScienceDirect.com
http://www.elsevier.com/locate/jbf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbankfin.2018.10.014&domain=pdf
mailto:s.zeisberger@fm.ru.nl
mailto:stefan.zeisberger@uzh.ch
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( Shefrin and Statement 1985; Imas 2016 ) and frequent feedback

combined with short periods of commitment might reduce risk-

taking, as demonstrated in lab settings (“myopic loss aversion”;

Benartzi and Thaler 1995; Gneezy and Potters 1997; Thaler et al.,

1997 ). 2 Actual experience might be more salient or could be per-

ceived as more important by investors than initially gained simu-

lated experience. Hence, it is not clear to what extent effects of risk

simulations such as higher risk-taking persist over time. Against

this background, this study aims at analyzing the persistency of the

effects risk simulations have on investor behavior once we leave

the point of time the investor makes her initial investment deci-

sion and can deviate from initial allocations for the rest of the in-

vestment horizon. 

Given our focus on a series of investment decisions, we addi-

tionally introduce an alternative way of communicating investment

risk. In this alternative investors are not only presented with fi-

nal investment outcomes as in currently proposed risk simulation

tools but they also experience wealth paths over time, which lead

to final outcomes. The underlying idea of this “wealth path sim-

ulation” is to increase the salience of the fact that intermediate

losses can occur but are usually offset over longer time horizons.

We contrast this wealth path simulation with a risk simulation of

only final outcomes and with a descriptive risk communication. 

Our research aims at answering two main questions: First, what

is the effect of risk simulations on investors’ risk-taking behavior

over an extended period of time, on their reactions to intermedi-

ate gains and losses, and on their trading activity? Secondly, what

effect does a wealth path simulation have on investment decisions

compared to simulating just final outcomes? 

Our findings can be summarized as follows: Generally, we con-

firm previously reported results of risk simulations on the initial

investment decision. We observe that investors who receive return

information via a simulation feel better informed about the invest-

ment decision and show a higher objective understanding of return

distributions. As a consequence, investors show a higher willing-

ness to take risks. With regard to our first research question, we

find that investors who are not informed via simulations tend to

increase their risk-taking gradually after receiving feedback on ac-

tual investment outcomes, converging over time to the risk levels

taken by investors who were informed via experience-based learn-

ing. The differences in reactions to previous gains and losses are

small and limited to early trading decisions soon after the initial

decision. We do not find that risk simulations change investors’

overall trading volume in our setting. 

With regard to our second research question, comparing the

different forms of risk simulations, we find that presenting in-

vestors with final outcomes seems to have the strongest effect on

initial risk-taking, while the effect appears to be slightly weaker

for the wealth path simulation. However, wealth path simulations

seem to decrease short-term reactions to intermediate outcomes,

at least in early periods. They also have the strongest effects on the

initial understanding of the return distribution. We conclude that

the “wealth path simulation” leads to similar effects as only simu-

lating final outcomes despite presenting more information. The for-

mer might materialize in a slightly smaller increase in risk-taking

but seems to reduce reactions to gains and losses in the short-

term. In an extended time horizon, however, the effects of risk

simulations are generally quite limited in our setting. From our re-

sults it cannot be expected that a one-time risk simulation educa-
2 However, Beshears et al. (2017) question the robustness of the lab results 

and suggest that they might be not easily transferable to a real-world setting. 

Shaton (2017) , however, empirically (using a natural experiment) finds that display- 

ing longer time horizons (a minimum of 12 months versus 1 month) on a regular 

basis increases risk-taking. 

o  
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ion will have persistent effects on investor behavior in the field,

t least not in the tested variants. 

. Experimental design 

.1. General setup and experimental task 

We programmed a proprietary online experiment tailored to

his study. Participants had to make 14 investment decisions, with

 maximum of one decision per calendar day. Our intention for

his longer time delay compared to a short-term lab setting is to

etter mimic delays of real-world investment decisions. While our

nvestment delays do not correspond to the real-world, our choice

s motivated by previous findings documenting a difference be-

ween short- and long-term settings. Most related, Beshears et al.

2017) , who use a real one-year investment horizon with interme-

iate decisions, find that observations of strong differences in risk-

aking in a short-term setting can turn into null results in a set-

ing with weekly (or longer) decisions, in their case in a test on

yopic loss aversion (similar to the Gneezy and Potters, 1997 ex-

erimental design). Similarly, Zeisberger et al. (2014) also find that

daptations of asset allocations depend on whether decisions are

ade directly after each other or with two weeks between them.

old and Hester (2008) show that gambler’s fallacy is reduced if

utcome realizations are delayed. Similarly, risk simulations might

ave weaker effects after some time compared to a short-term lab

etting. Generally, portfolio changes in the real world will not oc-

ur immediately after the initial investment decision, but much

ater, and these are the decisions we are interested in, which is

hy we opted for an experimental setting over multiple trading

ays mimicking a longer time horizon. Despite this design element

hich contrasts short-term lab settings, we acknowledge that our

ime horizon does not fully correspond with a 7-year time horizon

e are simulating. 

To facilitate participation, our participants received an e-mail

eminder every day. We did not request participants to make deci-

ions on weekends (but they could do so if they wanted). Still re-

uesting 14 decisions, we allowed every participant to leave out a

aximum of two working days in case they forgot to participate or

id not have Internet access. However, in this case the experiment

nly “paused” for that particular participant and day, so that ef-

ectively every participant had to make 14 investment decisions to

nish the experiment. If a participant missed more than two work-

ng days, this person could no longer participate. To ease access to

he software and to facilitate the smooth functioning of the exper-

ment, we made sure that our software worked on desktop com-

uters and also on mobile devices, such as smartphones or tablet

omputers (e.g., iPad), guaranteeing the same layout on all devices,

qually for different web browsers and versions thereof. 

The experiment followed a general design and was split into

hree treatments (see Fig. 1 ). 

This figure illustrates the overall sequence of the between-

ubject experimental design. 

On the first day, which took on average 16 minutes to com-

lete, participants had to answer some demographic questions, a

nancial literacy quiz (adapted from Lusardi and Mitchell, 2011 )

nd typical risk profiling questions (for an overview and the exact

ording see Appendix A ). Following the questionnaire, participants

ere asked to choose an investment endowment ( €50 0 0, €25,0 0 0

r €10 0,0 0 0) that most closely represented their real financial cir-

umstances (as used by Ehm et al., 2014 ). As we do not observe

ny significant differences in investment behavior with regard to

he chosen investment level we pool the data for all further analy-

es. 

Participants then received information on a risk-free and a risky

sset. The risk-free asset was introduced as a fixed-term deposit
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Fig. 1. General experimental setup. 
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ccount with a 1.8% rate of return p.a., which corresponds to the

verage rate of one-year U.S. Treasury Bills for the 10-year period

efore the experiment (12/31/2002–12/31/2012). To construct the

eturn distribution of the risky asset, we calculated empirical half-

ear returns of the S&P 500 index over 49 years until 12/31/2012

sing a one-day rolling time window, which resulted in approx-

mately 12,500 overlapping half-year returns. We hence incorpo-

ated six-month autocorrelation structures. We then conducted a

ootstrapping technique to construct seven-year returns. Partici-

ants were clearly informed that half-year returns are independent

rom each other. In one of our robustness checks, we constructed

he return distribution using seven-year empirical returns (one-

ay rolling window resulting in 10,571 returns), hence capturing

he autocorrelation structure for the whole seven-year investment

orizon (see Section 4 ). 

Following Weber et al. (2005) , we did not reveal to the partic-

pants that a specific index and time period were used as this has

een shown to influence risk perception and investment decisions.

or the resulting distribution, the average return amounted to 7.0%

.a., after we included a 0.5% reduction to account for the man-

gement fee of a passive index fund. The return standard deviation

as 16.9% p.a. All information was communicated to the partic-

pants in plain language to support their full understanding (see

ppendices B and D for instructions). 

Participants then had to allocate their chosen investment

mount between the two assets for the seven-year period (see

ection 2.3 for details). They were able to adjust the allocation to

ee how the risk-return profile cohered with the chosen allocation

etween risk-free and risky assets before choosing their final allo-

ation. After making the investment decision, participants had to

tate how well informed they felt about the two assets and how

onvinced they were that they had chosen the appropriate alloca-

ion for themselves. 

At the end of the first day, participants were informed about

he details of the 14 decisions to be made, such that the follow-

ng 14 “experiment days” represent a seven-year investment hori-

on with half-year intervals (participants were informed at the

ery beginning about the extended time period nature). Hence,

(  
ne day represented half a year in the experiment aiming at mim-

cking better long-term decision-making, while not going for a 7-

ear experiment. Every day, participants were asked to make an

nvestment decision, which related to the following half year, rep-

esented by one day in real time. Participants were also informed

hat if they changed their allocation, they would incur transaction

osts. The costs amounted to 1% of the asset value shifted between

he risk-free and the risky asset. 

On all following days in the experiment, participants were in-

ormed about the past performance of their investment strategy

see Appendix B for a screen shot) before being asked if they want

o adjust their asset allocation for the next experimental half year.

articipants did not have to change their allocation, and as in re-

lity, the default was to leave the asset allocation unchanged, but

t was easy to change it by the use of a slider. Participants had

o login every days, even if they wanted to keep their investment

evel. 

.2. Treatment design 

The manner in which the risk-free and risky assets were

resented to participants varied between three treatments in a

etween-subject design. Participants were randomly assigned to

ne of the three treatments. Appendices B –D provide illustrations

f risk presentations in the treatments. 

.2.1. Description treatment (DESCRIP) 

In treatment “Description” (DESCRIP) we informed participants

n a descriptive and graphical manner about the relevant under-

ying return distribution of their investment (see Appendix B ).

e provided participants with the expected yearly return and the

xpected absolute amount after seven years. In the case of the

isky asset, participants were also given the asset’s yearly return

tandard deviation. The expected yearly return, the expected ab-

olute amount after seven years and the yearly standard devia-

ion were provided in all three treatments in the same way. As

ost investors find standard deviations difficult to comprehend

 Das et al., 2011 ) and because our empirical return distribution
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is not perfectly normal, we additionally provided a graphical il-

lustration of the risky asset’s return distribution using a detailed

bar chart, aiming at enhancing participants’ understanding of the

index return distribution. Note that Beshears et al. (2017) found

that showing any form of (in their case historical) graphical return

illustration was the only effective intervention to increase initial

risk-taking of individual investors (see Kaufmann et al., 2013 and

Bradbury et al., 2015 for similar results). In this aspect, our DE-

SCRIP treatment does provide more visually accessible informa-

tion in the description and also the distribution treatment in

Kaufmann et al. (2013) as we used a detailed histogram. Apart

from that, we based our wording on Kaufmann et al. (2013) and

information presentation. 

2.2.2. Final wealth simulation treatment (FINAL) 

The procedure in the treatment “Final Wealth Simulation” (FI-

NAL) is based on the “risk tool” as proposed by Kaufmann et al.

(2013) . Rather than being presented with a return histogram, par-

ticipants manually sampled 15 random returns from the return dis-

tribution of the risky asset by clicking with the computer mouse

(as in experience sampling used for example in Hertwig et al.,

2004 ). These returns were displayed on the screen consecutively.

After the 15 draws, participants were free to continue with fur-

ther manual draws if they wanted, up to 50 draws. No mat-

ter how many manual draws participants chose to make, a to-

tal of 50 random draws were plotted consecutively to ensure that

the simulation did not result in major sampling errors (see also

Bradbury et al., 2015 ). 3 Only after these 50 draws, participants

were presented with the final return distribution, displayed graph-

ically in the same diagram on the y -axis (see Appendix C ). 

2.2.3. Wealth path simulation treatment (PATH) 

Both the DESCRIP and FINAL treatments focus on the wealth

distribution at the end of the investment horizon. However, before

reaching it, investors will also experience actual intermediate re-

turns. These are only described in DESCRIP and FINAL in terms of

yearly outcomes. 4 Against this background, we included an alterna-

tive means of investment risk communication in a third treatment.

This treatment additionally visualizes the wealth paths towards

achieving the final outcomes. More precisely, the “Wealth Path

Simulation” (PATH) treatment adds to FINAL plotting also interme-

diate outcomes during the investment horizon, i.e., the wealth path

to the final outcome, in half-year steps to achieve a smooth curve.

The x -axis serves as a time horizon (see Appendix D ), otherwise

we used the same display as in FINAL. 5 All paths were displayed

after each other with increasing speed. In addition, the highest and

lowest interim wealth value and largest half-year loss were indi-

cated for every path (see Appendix D ). As in FINAL participants

saw 50 paths, after which the same final return distribution was

displayed. 

A possible consequence of PATH is that investors might become

less reactive when experiencing intermediate outcomes as the in-

termediate ups and downs of investors’ wealth are more salient

and visually accessible than in DESCRIP or FINAL. In other words,

while in all treatments annual returns and risk is stated, interme-

diate returns are visualized in PATH (half-year return visualization

to be precise). This can be seen as comparable to the experience-

description gap for final wealth, but for PATH the information on
3 In line with previous studies, we did not find any significant effects of sampling 

errors or recency effects. We tested the average return sampled and the last five 

draws of the 50 and their possible influence on the initial asset allocation and total 

turnover for each participant. 
4 Note that yearly returns and standard deviations are communicated while trad- 

ing decisions are for simulated half-year returns in our setting. 
5 The software animated each seven-year path by building it up time-wise in 

half-year steps from the day of the decision to the end of the investment horizon. 

e  
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u  

K  

w  
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n

 

w  
ntermediate returns is provided in a different way compared to

INAL and DESCRIP. Relatedly, Kaufmann et al. (2013) report that if

articipants can decide on their asset allocation anew those partic-

pants in the risk tool treatment showed a lower reaction to actual

osses. However, in their case the second decision followed imme-

iately the first one and was for a hypothetical and new and inde-

endent investment decision. So, while not entirely the same, po-

entially PATH could change the reactivity to previous intermediate

utcomes or trading volume. 

Another possible effect of PATH is, given insights from the liter-

ture on myopic loss aversion, that risk-taking is less influenced

ompared to FINAL. In lab settings, myopic loss aversion litera-

ure has demonstrated that showing aggregated return distribu-

ions can increase risk-taking ( Benartzi and Thaler, 1999 ), so dis-

laying short-term intermediate outcomes more saliently as in

ATH might have the opposite effect. Shaton (2017) presents re-

ated empirical results about differences in the investment hori-

on presentation. She finds evidence that presenting investors with

onger time horizons increases risk-taking. However, we also want

o point out that the way we are displaying outcomes in PATH is

ifferent from other studies, so the mentioned previous findings

an only give some indication and are not a strong predictor. 

.3. Participants and monetary incentives 

We recruited a total of 952 participants (588 in main treat-

ents and 364 for robustness checks) with the survey institute

Research Now” in Germany, which enabled us to use a broad

nd relatively representative sample of German citizens aged 18–

5 years, motivated by Harrison and List (2004) and Belot et al.

2015) . We prevented apprentices, school children and unemployed

ersons from taking part in the experiment to focus in poten-

ial real-world investors. We specified the gender distribution, two

hirds being men as this more closely represents the actual gen-

er distribution of financial decision makers (see, e.g., Barber and

dean, 2001 ). The mean age of participants was 40 years with a

.d. = 12.2 and 58.5% of the participants had completed secondary

chool at the minimum. Slightly more than half reported currently

wning stocks or equity funds. Appendix F provides details. 

We incentivized participants with real monetary rewards, also

o reduce attrition in our study as it expands over multiple days.

here was a fixed reward component and an incentive-compatible

ariable component. For the fixed component, each participant re-

eived €2.50 for the first day, €0.15 for every following day, and

n additional €1.00 for finishing the experiment (making all 14

ecisions in the required time). Hence, participants who finished

he experiment were sure of receiving €5.60. For the additional,

ncentive-compatible component, each participant received a mon-

tary endowment of €10 0.0 0 at the beginning of the experiment,

hich corresponded to their chosen experimental investment cap-

tal. 20 participants were randomly selected from those who fin-

shed and received the final outcome they had achieved over the

even-year investment horizon, based on the initial €10 0.0 0 en-

owment. We did not pay all participants since paying a fraction

f participants with higher amounts was shown to have no sig-

ificant effects on experimental outcomes and stated risk pref-

rences, sometimes higher amounts increase the incentive effect,

ven for unknown winning probabilities ( March et al., 2015 ). This

between-subjects random incentive system” has been frequently

sed ( Dohmen et al., 2010; Haigh and List, 2005; Cohn et al., 2015;

irchler et al., 2018 ). The average amount received was €132.40

ith a substantial range from €87.80 to €278.90. All payment de-

ails were clearly communicated to all participants at the begin-

ing of the study. 

Of course, logging in every working day for a course of three

eeks can create substantial non-monetary costs for the partic-
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Table 1 

Differences in allocation to the risky asset and participants’ feeling informed and 

confident. 

This table shows mean allocations to the risky asset for all three treatments. It 

also reports mean responses for feeling informed and confident, measured on six- 

point Likert scales. To compare allocation decisions two-tailed t -test statistics are 

reported. P-values in bold indicate significance at the 10% level. 

Treatment DESCRIP FINAL PATH 

Allocation to risky asset 44.2% 51.3% 49.7% 

p-values vs . DESCRIP p = .003 p = .018 

p-value FINAL vs . PATH p = .483 

Feeling informed 3.45 3.74 3.84 

p-values vs . DESCRIP p = .022 p = .002 

p-value FINAL vs . PATH p = .493 

Feeling confident 3.88 3.99 4.05 

p-values vs . DESCRIP p = .307 p = .179 

p-value FINAL vs . PATH p = .678 

N 211 188 189 
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Table 2 

True and estimated probabilities of the risky asset’s return distribution. 

This table shows true values for return probabilities, the difference of participants’ 

average estimate to the true values, and average absolute deviations of estimates 

from true values as well as standard deviations for all participants for three prob- 

ability events. P -values are based on one-sided t -tests. P -values in bold indicate 

significance at 10% level. See Appendix G for the precise phrasing of the estima- 

tion prompts. 

P( r < 0%) P( r < r f ) P( r > 100%) 

True value [%] 17.21 25.25 25.43 

DESCRIP vs. FINAL 

Average deviation of participants’ estimates from true value [pp] 

DESCRIP + 15.1 + 11.0 −0.5 

FINAL + 13.9 + 12.0 −2.1 

Average absolute deviation of estimates from true value [pp] 

DESCRIP 22.1 22.2 21.6 

FINAL 18.6 19.9 17.6 

t- test p = .036 p = .102 p = .006 

Standard deviation of estimates 

DESCRIP 27.0 26.7 27.4 

FINAL 21.3 22.7 22.5 

DESCRIP vs. PATH 

Average deviation of participants’ estimates from true value [pp] 

DESCRIP + 15.1 + 11.0 −0.5 

PATH + 10.8 + 10.6 −2.0 

Average absolute deviation of estimates from true value [pp] 

DESCRIP 22.1 22.2 21.6 

PATH 15.2 18.7 17.2 

t- test p < .001 p = .024 p = .002 

Standard deviation of estimates 

DESCRIP 27.0 26.7 27.4 

PATH 19.2 22.0 21.5 
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pants. Still 416 (71%) of the total 588 participants in the three

ain treatments logged in every day, as requested from them, and

re thus considered in the analysis on investment behavior in re-

eated decisions (see Section 3.2 ). Participants also only were con-

idered for the variable payment if they finished the whole study

nd logged in every day. 

. Results 

.1. The effect of information presentation on initial investment 

ecision and understanding of the risk–return tradeoff

In this first section we include all n = 588 participants who

nitially took part in the study. Using only the 416 participants

ho finalized the study leads to qualitatively very similar results. 6 

e find that the way in which risk is communicated influences

onsiderably participants’ initial allocations to the risky asset. We

nd a higher average allocation to the risky asset in the two

imulation treatments compared to DESCRIP: FINAL 51.3%, PATH

9.7%, and DESCRIP 44.2%. Both differences to DESCRIP are signif-

cant (two-tailed t -test, FINAL vs. DESCRIP: p = .003, PATH vs. DE-

CRIP: p = .018). We find no significant difference between FINAL

nd PATH ( p = .483 ). Risk simulations hence lead to increased risk-

aking in our setting. The results are strongest for FINAL. The last

nding is potentially explained by the fact that PATH shows also

ntermediate outcomes, possibly inducing some level of myopia. 

We further asked participants how well informed they felt

bout the decision problem, and how confident they were of hav-

ng made the right investment decision based on the information

rovided. Both questions were measured on a six-point Likert scale

1 = not at all, 6 = very) and were asked directly after participants’

rst investment decision. Based on previous findings, we expect

o find higher values for feeling informed in the FINAL treatment

 Kaufmann et al., 2013; Bradbury et al., 2015 ). The outcome for the

ATH treatment, however, might not be as straightforward. This

reatment could have been perceived as more complex and par-

icipants might have concentrated too much on the wealth paths,

istracting them from the interpretation of the risk-return distri-

ution at the end of the investment horizon. 

We find evidence that investors feel significantly better in-

ormed if risk is communicated via FINAL compared to a DESCRIP,

s anticipated (see Table 1 ). The same holds true for the commu-

ication via PATH . We do not find a significant difference in feeling
6 We also tested the robustness of our results by eliminating 6% of the partici- 

ants who clicked fast through the instructions as they might have been inattentive. 

ur results are almost the same for all analyses. The same holds true for disregard- 

ng participants who took particularly long for the instructions. 

a

r

t

onfident between treatments. For FINAL and DESCRIP these find-

ngs are generally in line with those of Kaufmann et al. (2013) and

radbury et al. (2015) . Between PATH and FINAL we do not find

ny significant differences in feeling informed or being confident. 

These measures might be subjective as they are based on

elf-reported answers. We also analyze an objective evaluation

f individuals’ understanding of possible financial consequences

ia specific probability judgments. Similar as in Kaufmann et al.

2013) participants had to estimate the probability of three pos-

ible events for the risky asset after seven years: a) achieving

ess than the initially invested amount (true probability = 17.2%), b)

chieving less than the amount one would have realized by invest-

ng in the risk-free asset (true probability = 25.2%), and c) achiev-

ng more than twice as much as initially invested (true probabil-

ty = 25.4%). These estimates provide an objective measure of how

ell investors understand the risk–return profile of the risky asset.

Generally, we find that participants on average overestimate

he probability of a loss, 7 and they nearly correctly asses the up-

ide potential over all treatments on average. Comparing the three

robability estimates between treatments, we find the estimates in

he FINAL and PATH treatments tend to be improved compared to

ESCRIP (see Table 2 ) with regard to the average absolute devi-

tions from the true values ( p -values below 0.102 for FINAL com-

ared to DESCRIP and below 0.024 for PATH compared to DESCRIP).

t is interesting that PATH leads to similarly accurate results as FI-

AL, although wealth paths have the potential to distract investors

ith some irrelevant information with respect to the probability

stimation after seven years. The average absolute deviations are

ven lowest in PATH (combined with lower p -values). The differ-

nces are significant for P( r < 0%) with p = .049, but not for the

ther two probability estimates. 
7 This is in line with Benartzi and Thaler (1999) and Weber et al. (2005) , who 

lso found their subjects to substantially overestimate the probability of a loss in a 

epeated play of simple gambles or more difficult distributions, which is comparable 

o an asset allocation decision context with a long-term investment horizon. 
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Investors are likely to spend more time on the decision in the

simulation cases. We find this to be true in our experiment, too,

with median completion times 7:20 min in DESCRIP, 10:16 in FI-

NAL and 11:30 in PATH. When we restrict our analysis to partici-

pants who take between 6 and 12 minutes, a similar approach as

in Kaufmann et al. 2013 ( n = 112, 102 and 95 in DESCRIP, FINAL

and PATH), we find qualitatively similar results with regard to the

estimates, so the time spent does not seem to drive these results

(two-sided t -test p -value for difference between FINAL and PATH

with regard to P( r < 0%): 0.13). 

Overall, these results are interesting as these effects of risk sim-

ulations are present even though there are sampling errors in the

(active) sampling phase. Hence, even with these sampling errors,

estimates tend to be more accurate compared to a description with

an easy to read bar chart. We hypothesize that learning through

risk simulations is more engaging. 

Our effect sizes are smaller compared to some results of pre-

vious studies ( Kaufmann et al., 2013; Bradbury et al., 2015 ). How-

ever, other research in this area did not include a graphical illustra-

tion in the form of an easy-to-read histogram in DESCRIP as in this

study, except for the robustness check on “information asymmetry”

in Bradbury et al. (2015) . Similarly, Beshears et al. (2017) found

that simply displaying a graph significantly increased risk-taking.

We conclude that an appropriate presentation, such as in the form

of a detailed and easy-to-read bar chart, seems to align investors’

risk perception with actual risk, but not to the extent that a risk

simulation does. Generally, we find evidence that risk simulations

increase investors’ risk-taking and increases understanding of risk-

return tradeoffs. This is true not only for simulating final returns

but also for the case in which investors are presented with wealth

paths, where the latter also incorporates some irrelevant informa-

tion with regard to final return estimates. 

3.2. The impact of risk simulations on the persistency of investment 

decisions 

With a closer alignment of perceived risk with actual risk, par-

ticipants chose higher allocations to the risky asset in the FINAL

and PATH treatments for their initial investment decision. We now

turn to analyzing the investment behavior over the whole invest-

ment horizon, which means we focus on the n = 416 participants

who finished the study. To finish the study, a participant needed

to login on 14 different days of the experiment and this within the

allowed total time (for details see Section 2.1 ). 

3.2.1. Controlling for attrition bias 

To ensure that our results are not driven by an attrition bias

(early dropouts), we conducted a series of tests. First, we do not

find any significant differences in dropout rates (participants who

did not finish the experiment over the 14 trading days) between all

three treatments: DESCRIP = 28.0%, FINAL = 31.9%, PATH = 28.0% in

general. We also do not find any effect with regard to initial invest-

ments to the risk asset (for example higher dropouts for lower ini-

tial investments). Additionally, we compared the average half-year

return of the dropout participants with those who completed the

experiment. We do not find any significant difference between the

average returns achieved, average returns until dropout amount

to 1.83% in the case of the dropout participants and 1.89% for

those who completed all 14 investment decisions (two-sided t -test

p = .776). Furthermore, we do not find evidence that dropout be-

havior is driven by negative events: The last return that was ex-

perienced for the risky asset before a participant dropped out does

not differ significantly from the overall average return realized, nor

does it differ from the average return of those who remained in

the experiment until the end. Overall, we conclude that partici-

pant dropouts do not seem to be linked in a systematic way to
pecific events or treatments. With regard to demographic vari-

bles we find that higher financial literacy, being male, and feel-

ng more confident positively affected completing our study. Im-

ortantly, however, in none of our factorial regressions which we

an (non-reported, available upon request), we find any treatment

ummy to be significant. We also tested, in the same regression,

nteraction effects of above mentioned variables with treatment

ummies, and in none of these regressions we find any significant

ffects. We conclude that financial literacy, gender and feeling con-

dence affect dropouts overall, but this does not affect treatments

ifferently, which is important for our analysis. 

.2.2. Risk-taking 

Our results show that allocations in subsequent periods, i.e. af-

er the initial allocation, remain significantly higher in the FINAL

nd PATH treatments up to a certain point in time (see Fig. 2 ). Par-

icipants in DESCRIP on average take seven periods of feedback,

hich corresponds to 3.5 years in the experimental framework,

o reach a peak in their allocation to the risky asset, very close

o the point in time at which the average allocation to the risky

sset becomes similar between the three treatments. As a result,

articipants in DESCRIP show a significant increase in their alloca-

ion to the risky asset from the beginning of the investment hori-

on to t = 3.5 years by 7.5 percentage points (paired t -test , p = .00 ),

hereas participants’ investment risk in the FINAL and PATH treat-

ents remain relatively stable on average over the first 3.5 years.

his can suggest that participants initially presented with descrip-

ive statements use actual feedback to find out how much risk they

re willing to take, whereas participants presented with a form of

isk communication that incorporates simulated experience start

ff with higher allocations and stay with them. 

This figure shows the mean allocations with 95% confidence in-

ervals to the risky asset over the full investment horizon for each

reatment, per treatment. 

What also becomes evident from Fig. 2 is that risk-taking is

onsistently highest in the FINAL treatment. It seems that present-

ng investors with final outcomes only vs. presenting them with

ealth paths leads to higher allocations to the risky asset. How-

ver, the difference in allocation is only significant the first periods.

urthermore, allocations to the risky asset remain relatively stable

n the FINAL and PATH treatments when comparing participants’

nitial investment decisions to all following decisions. This is dif-

erent for treatment DESCRIP, where we find significant differences

etween the first allocation and allocations for periods 5 to 13. 

Table 3 shows differences in the risk-taking behavior between

reatments in more detail. We observe that in the FINAL treatment,

llocations remain significantly higher in the first five periods and

gain towards the end of the investment period compared to DE-

CRIP. Similarly, but to a lesser extent, we observe risk-taking in

he PATH treatment to be higher over the first four periods com-

ared to DESCRIP, after which no further differences are observed.

e conclude that risk simulations lead to higher risk-taking (par-

icularly in FINAL), but we do not find risk-taking to be consistently

igher for the entire investment period. 

For a better understanding of how much investors vary their

isk appetite we also measure individual absolute deviations from

he initial allocation. After half of the investment horizon ( t = 7

eriods), we find some indication that allocation adaptations are

maller in the simulation treatments. Mean absolute adaptations

re 17.1% in treatment DESCRIP vs. 15.5% in treatment FINAL

 p = .18 one-sided t -test) and vs. 14.7% in treatment PATH ( p = .10).

e observe slightly larger differences if we focus on the first

ounds, i.e. for t = 5 and t = 6, i.e. after investors have received

eedback for 4 or 5 times. Hence, at least at the beginning, individ-

al adaptations of asset allocation seem to be slightly lower when

eople are presented with wealth paths, while the effect size is
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Fig. 2. Mean allocation to the risky asset with 95% confidence intervals, per treatment. 

Table 3 

Differences in allocation to the risky asset. 

This table shows mean allocations to the risky asset between treatments. To compare allocation decisions, this table presents 

approximative two-sample Fisher-Pitman permutation tests. P -values in bold indicate significance. 

Period 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

DESCRIP 45.0 46.4 46.5 47.5 50.8 51.3 52.5 49.1 50.9 49.3 48.7 48.9 48.3 46.9 

FINAL 52.6 53.3 54.9 56.3 55.3 54.2 55.0 54.7 55.0 52.8 52.5 54.8 53.8 49.9 

PATH 49.9 50.8 50.4 51.5 52.4 51.6 50.4 48.7 52.2 51.2 49.0 46.6 47.7 48.0 

Description (DESCRIP) vs. Final Wealth Simulation (FINAL) 

p = .007 .015 .005 .003 .148 .343 .437 .080 .211 .282 .264 .081 .112 .390 

Description (DESCRIP) vs. Wealth Path Simulation (PATH) 

p = .071 .106 .178 .171 .595 .922 .501 .913 .689 .554 .936 .512 .869 .734 
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Table 4 

Self-reported Satisfaction with Investment Result after 14 Periods. 

This table shows regression results for self-reported satisfaction (Likert scale 1–

6) explained by treatment and other variables. For income a median split was 

used (income_dummy). 

Dependent variable: satisfaction with investment strategy (Likert scale 1–6) 

Treatment FINAL −0.171 

(0.154) 

Treatment PATH −0.044 

(0.153) 

Final Wealth (Initial = 100) 0.010 ∗∗∗

(0.002) 

Return in period 1 1.249 ∗∗

(0.590) 

Return in period 14 0.640 

(0.622) 

Male dummy 0.137 

(0.146) 

Age 0.002 

(0.006) 

Risk Attitude 0.040 

(0.054) 

Income dummy −0.061 

(0.130) 

Constant 2.705 ∗∗∗

(0.359) 

Observations 416 

R 2 0.114 

Adjusted R 2 0.094 

Residual Std. Error 1.257 (df = 406) 

F Statistic 5.597 ∗∗∗ (df = 9; 406) 
mall. This indicates that seems to be a small effect on the sta-

ility of individual risk appetite in early periods if simulations are

sed (further analyses below). 

Regarding the second half of the investment horizon we find

trong similarities between all treatments. Generally, risk-taking

ecreases towards the end of the investment horizon, and this to

 similar extent between all the treatments. There are different

ossible explanations for this. One is that participants potentially

im to lock in gains (see, for example, Benzoni et al., 2007; Cocco

t al., 2005; Gourinchas and Parker 2002 ). Similarly, a shortened

nvestment horizon might cause investors to be more risk averse,

o some extent consistent with myopic loss aversion ( Benartzi and

haler 1999 ). As participants gain wealth over time, this kind of

ehavior is also consistent with increasing relative risk aversion

IRRA), which holds for example with mean-variance preferences.

his decrease in risk-taking in the second half of the investment

eriod is interesting as it is in contrast to most short-term labo-

atory experimental results with university students. 8 In these, in-

estments often go up as participants become more familiar with

he environment and at the very end might reduce their invest-

ents. 

.2.3. Satisfaction 

Does higher risk-taking in the simulation treatments reduce in-

estor satisfaction due to a higher variance in returns—and hence

ossibly higher losses? Our results indicate that the answer is “no”.

espite differences in risk-taking, we do not find differences in

articipants’ satisfaction with their investment strategy. We mea-

ured satisfaction right after the end of the experiment by asking
8 See, for example, Gneezy and Potters (1997), Thaler et al. (1997), Langer and 

eber (2008), Fellner and Sutter (2009) and Charness and Gneezy (2011) . Mostly, a 

eduction is limited to the last period, as in Langer and Weber (2008) in the form 

f a “final-round effect”. 

p  

i  

i  

o  

i  
articipants how satisfied they were with their choice of strategy,

.e. their allocation between the risk-free and the risky asset, us-

ng a six-point Likert scale (1 = not at all, 6 = very). The results of

ur regression analysis are reported in Table 4 . We find that sat-

sfaction is primarily driven by the final wealth and the return in
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Fig. 4. Asset allocation changes in the first period. 
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period 1. While coefficients of our treatment dummies are slightly

negative, differences are not significant. Hence, we do not find ev-

idence that investors regret increased risk-taking behavior in hind-

sight when previously presented with a simulation. 

3.2.4. Overall trading activity 

Another element of investment behavior is trading activity.

Kaufmann et al. (2013) found that the reactivity to losses is smaller

in a risk simulation. In their case a hypothetical new decision had

to be made and with information via a simulation participants did

not reduce their investment in stocks as much compared to de-

scription after losses. The idea behind our PATH simulation was to

make the intermediate returns more salient by visual display com-

pared to DESCRIP and FINAL, so that PATH could potentially lead

to lower trading activity. We find the lowest average and median

volumes for PATH (median: 90% total turnover in relation to ini-

tial endowment). This is followed by DESCRIP (97%). The highest

turnover is observed for FINAL (107.5%). However, none of the dif-

ferences are statistically significant (PATH vs. DESCRIP: one-tailed

t -test p = .281). We conclude that in our setting overall trading ac-

tivity seems to be independent of the way risks are presented at

the beginning of the investment horizon. 

3.2.5. Reactivity to previous outcomes and intermediate trading 

activity 

A possible reason for not finding any differences in trading ac-

tivity between different treatments could stem from investors re-

acting more to actual outcomes than to simulated ones, particu-

larly in later periods when the relative amount of actual experi-

ence is higher. Hence, consequences might only be present shortly

after conducting the risk simulation. In a further analysis, we

therefore compare only the first allocation change in each treat-

ment, i.e. the change from the initial allocation. If risk simulations

have an effect on how investors react to previous gains and losses,

then this effect is likely to be highest for the first possible alloca-

tion change. While PATH has the lowest adaptation, we do not find

significant differences between the three treatments. The average

absolute change in allocation: DESCRIP: 9.1pp, FINAL: 8.8pp; PATH:

7.4pp. The difference between PATH and DESCRIP is not statisti-

cally significant (one-sided t -test p -value: 0.18). This finding also

holds true if we split the analysis and analyze reactions to gains

and losses separately. 

This figure depicts the asset allocation changes in the first pe-

riod for all participants in each of the three treatments separately

in relation to a luck measure, i.e. actual return – expected return,

similar to the analysis in Kaufmann et al. (2013) . Positive numbers
or asset allocation changes indicate increases from the initial allo-

ation in the risky asset after the first period. 

For more insights, Fig. 4 shows how investors react to the gain

r loss (relative to the expected return which depends on their as-

et allocation) in the three treatments. We find that in each treat-

ent, a majority of participants slightly increases risk-taking af-

er the first period. However, there are some differences with re-

pect to how many participants leave their allocation un changed

fter the first period, and it is highest in PATH and lowest in

ESCRIP. DESRIP: 32.9%, FINAL: 33.6%, and highest in PATH with

1.2%. 

As a more formal test, we analyze the likelihood that partic-

pants changed their initial allocation using Fisher’s exact test in

he early periods. We present results in Table 5 . Here, we find ev-

dence that changes in allocation from the initial allocation to the

isky asset are less likely in treatment PATH compared to DESCRIP.

Generally speaking, we find some evidence that a PATH risk

imulation lowers reactions to previous gains and losses in our set-

ing if regarding the fraction of participants (not) changing their

llocation. Our findings for FINAL seem less strong than the ones

resented by Kaufmann et al. (2013) . In their study, investor re-

ctions to previous outcomes seem lower for FINAL compared to

ESCRIP. We hypothesize that this difference could stem from

 number of reasons: Lower reactions could be a result of the

hort-term lab setting Kaufmann et al. (2013) used. Alternatively,

hey only tested hypothetical allocation changes (non-incentivized)

s opposed to our setting with real decisions. Third, in our set-

ing we deal with intermediate rather than final outcomes. As

n alternative reason, any of the results is due to statistical

rrors. 

Given the insights from Beshears et al. (2017) about the impor-

ance of experimental time lags in investment decisions, we be-

ieve that risk simulations might only influence risk perception in

he short-run (i.e. probability estimates of the return distribution)

ut not risk preferences in the longer-run, at least with regard to

eactions to previous gains and losses. A possible explanation for

ot finding significant differences between FINAL and PATH could

e that showing wealth paths might present “too much” informa-

ion and investors have difficulty focusing on the important parts

however, at least they do not feel less informed as evidenced by

esults of see Table 1 ). Further tests with different experimental

esigns such as testing our treatments in a short-term lab set-

ing, or testing investors’ understanding of the return distribution

t later stages could add more insights. 
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Table 5 

Fraction of subjects who left their allocation unchanged in comparison to first period (dummy variable). 

This table shows the fraction of subjects for each treatment that did not change the allocation in comparison to the first period of investing 

(initial allocation) and one-sided Fisher’s exact tests to test for differences. 

Allocation change in Allocation change in Allocation change in Allocation change in 

Period 2 Period 2 or 3 Period 2, 3 or 4 Period 2, 3, 4 or 5 

DESCRIP 0.329 0.191 0.132 0.092 

FINAL 0.336 0.250 0.188 0.148 

PATH 0.412 0.265 0.213 0.184 

p -value Fisher’s exact test DESCRIP vs. FINAL 0.501 0.147 0.132 0.102 

p -value Fisher’s exact test DESCRIP vs. PATH .091 .087 .046 .018 

Observations 416 416 416 416 

Table 6 

Mixed effects regression. 

This table reports mixed effects regression with the allocation to the risky asset as the dependent variable. Six-point 

Likert scale responses are treated as ordinal independent variables (risk attitude, feeling informed, feeling confident). 

Financial literacy is the score of financial literacy test. Standard errors are in brackets. ∗ indicates significance at the 

10% level, ∗∗ significance at the 5% level, and ∗∗∗ significance at the 1% level. 

Dependent variable: allocation to risky asset 

(1) (2) (3) (4) (5) 

Period 0.139 −0.235 −0.235 −0.235 0.139 

(0.154) (0.172) (0.172) (0.172) (0.154) 

Treatment FINAL 7.391 ∗∗∗ 5.757 ∗ 4.807 5.486 ∗ 7.119 ∗∗∗

(2.822) (3.058) (3.036) (2.947) (2.702) 

Treatment PATH 4.280 2.456 1.055 2.262 4.086 

(2.777) (3.009) (3.003) (2.931) (2.692) 

Early periods (1–3) dummy −5.155 ∗∗∗ −5.155 ∗∗∗ −5.155 ∗∗∗

(1.050) (1.050) (1.050) 

Feeling informed 2.569 ∗∗ 1.068 1.068 

(1.018) (1.004) (1.004) 

Feeling confident 1.221 0.419 0.419 

(1.028) (1.0 0 0) (1.0 0 0) 

Financial Literacy 1.354 ∗ 1.354 ∗

(0.794) (0.794) 

Gender (1 = male) 2.650 2.650 

(2.334) (2.334) 

Age 0.036 0.036 

(0.087) (0.087) 

University dummy 0.473 0.473 

(2.087) (2.087) 

High income dummy 0.488 0.488 

(2.107) (2.107) 

Risk aversion 4.541 ∗∗∗ 4.541 ∗∗∗

(0.879) (0.879) 

Period x Treatment FINAL −0.289 −0.133 −0.133 −0.133 −0.289 

(0.227) (0.254) (0.254) (0.254) (0.227) 

Period x Treatment PATH −0.394 ∗ −0.219 −0.219 −0.219 −0.394 ∗

(0.224) (0.250) (0.250) (0.250) (0.224) 

Treatment FINAL x Early periods 2.154 2.154 2.154 

(1.553) (1.553) (1.553) 

Treatment PATH x Early periods 2.406 2.406 2.406 

(1.528) (1.528) (1.528) 

Constant 47.663 ∗∗∗ 51.571 ∗∗∗ 37.849 ∗∗∗ 23.903 ∗∗∗ 19.995 ∗∗∗

(1.908) (2.068) (3.927) (5.660) (5.603) 

Observations 5,824 5,824 5,824 5,824 5,824 

Log Likelihood −24,650.780 −24,629.250 −24,618.450 −24,593.220 −24,614.750 

Akaike Inf. Crit. 49,321.560 4 9,284.4 90 49,266.900 49,228.440 49,265.510 

Bayesian Inf. Crit. 49,388.260 49,371.200 49,366.950 4 9,36 8.500 49,385.560 

4
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. Robustness of results 

.1. Control variables 

Our results remain stable when controlling for self-reported fi-

ancial risk attitude, financial literacy, experience, being invested

n real life and further demographic variables (see Appendix A for

etailed information on the control variables) in a mixed effects

egression as reported in Table 6 . 

We find self-reported financial risk attitude to be a strong pre-

ictor for the allocation to the risky asset, confirming the findings

f a broad spectrum of literature in the financial decision-making
ontext (see, e.g., Schooley and Worden 1996; Nosi ́c and Weber

010; Dohmen et al., 2011; Halko et al., 2012; Ehm et al., 2014 ). We

lso find financial literacy, measured by a quiz, to be a marginally

ignificant indicator of risk-taking behavior, which supports evi-

ence from existing literature that there is a link between financial

iteracy or sophistication and financial decision making ( Campbell

006; Agarwal et al., 2018 ). On the other hand, having a university

egree, age, gender and income have hardly any predictive power

n relation to participants’ actual risk-taking. Models 2, 3 and 4

eparate also early periods (1 to 3) and show the robustness of

he results if these are analyzed individually. 
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Table 7 

Allocation to the risky asset and predictability per treatment. 

This table reports Tobit regression coefficient estimates with the allocation to the risky 

asset as the dependent variable. Standard errors are in brackets. Financial risk attitude 

treated as interval variable from Likert answers, financial literacy as score from objec- 

tive test (0 to 6). Controls at the bottom of the table account for experience (Likert 

answer as interval), being invested (dummy), having a University degree (dummy), age, 

male and income (median dummy). They are indicated to be included in the regression 

analysis by yes but are hardly ever significant. 
∗ indicates significance at the 10% level, ∗∗ 5% level, and ∗∗∗ 1% level (except constant). 

Dependent variable: Allocation to the risky asset DESCRIP 

Investment period 1 4 7 10 14 

Financial risk attitude 7.86 ∗∗∗ 6.47 ∗∗∗ 9.02 ∗∗∗ 8.66 ∗∗∗ 9.65 ∗∗∗

(2.88) (2.00) (2.23) (2.29) (2.57) 

Financial literacy 2.12 ∗ 1.83 2.18 2.50 0.51 

(1.28) (1.36) (1.51) (1.56) (1.75) 

Controls Yes Yes Yes Yes Yes 

Constant 14.05 15.54 26.88 17.86 0.73 

(10.41) (11.09) (12.30) (12.68) (14.23) 

Observations 136 136 136 136 136 

Log-likelihood −598.30 −604.12 −604.04 −679.71 −669.56 

Dependent variable: Allocation to the risky asset FINAL 

Investment period 1 4 7 10 14 

Financial risk attitude 3.72 ∗∗ 5.29 ∗∗ 1.65 0.26 3.39 

(1.79) (2.11) (2.37) (2.46) (2.72) 

Financial literacy 2.22 2.90 −1.80 0.65 2.40 

(1.56) (1.83) (2.06) (2.14) (2.36) 

Controls Yes Yes Yes Yes Yes 

Constant 22.48 24.47 29.08 6.55 32.98 

(10.90) (12.80) (14.35) (14.98) (16.55) 

Observations 128 128 128 128 128 

Log-likelihood −552.06 −542.63 −559.49 −567.62 −556.68 

Dependent variable: Allocation to the risky asset PATH 

Investment period 1 4 7 10 14 

Financial risk attitude 3.91 ∗ 5.30 ∗∗ 2.97 1.94 2.65 

(2.11) (2.34) (2.69) (2.92) (2.75) 

Financial literacy 2.72 1.60 3.40 1.15 −0.74 

(1.85) (2.05) (2.36) (2.56) (2.41) 

Controls Yes Yes Yes Yes Yes 

Constant 34.82 26.80 22.03 24.62 37.72 

(11.91) (13.17) (15.20) (16.46) (15.49) 

Observations 162 162 162 162 162 

Log-likelihood −598.30 −604.12 −604.04 −598.78 −609.82 
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We ran Tobit regressions for each treatment separately to see

whether risk attitude and financial literacy have varying strengths

in predictive power depending on the way in which risk is commu-

nicated (see Table 7 ). We find self-reported financial risk attitude

to have considerable predictive power in the DESCRIP treatment

for the allocations to the risky asset over all periods. This lnk is

weaker for the FINAL and PATH treatments, in which the predictive

power of risk attitude can be observed in the first few asset alloca-

tion decisions only. This is an interesting result since it could mean

that classically used bank risk questionnaires might not be predic-

tive for revealed investor risk preferences by actual investments.

At least in our study, once investors have gained some simulated

experience in a risk simulation, self-reported risk preferences have

lower predictive power for the actual investment strategy. 

4.2. Characteristics of return distribution 

To ensure that our general conclusions are not limited to the

specific return distribution of the risky asset, we repeated our ex-

periment in the PATH treatment using a different return distri-

bution. To construct the underlying return distribution, we took

the actual empirical return distribution of the S&P 500 without

smoothing it via a bootstrapping approach (see Fig. 5 for a com-

parison of the baseline and the control return distributions). We

thus capture seven-year autocorrelation structures. Both distribu-

tions have the same expected yearly return and yearly standard

deviation. 
This figure compares the two different return distributions. The

lack bars represent the empirical distribution of the S&P 500 in-

ex since inception. The grey bars represent the return distribution

f the S&P 500 index smoothed through a bootstrapping technique

o resemble more closely a log-normal distribution. 

We recruited 180 new participants with the same underlying

ocio-demographic characteristics, of whom a total of 125 com-

leted all the investment decisions, which implies the same com-

letion rate as in our three baseline treatments. We do not find

ny systematic difference in the risk-taking behavior to our PATH

aseline results. Detailed analyses are provided in Appendix H .

or the first investment decision, participants on average allocate

1.4% (s.d. = 23.9%) to the risky asset compared to 49.7% in the

ATH treatment for the baseline return distribution, which is not

ignificantly different from each other (two-tailed t -test, p = . 47).

e also find the same trading patterns as in our baseline study.

n particular, participants in this alternative PATH treatment did

ot show significant changes in allocations over time on average.

hese results provide evidence that our findings are robust with

egard to the return distribution, at least in the tested PATH treat-

ent. Regarding trading behavior, we can confirm our previous re-

ults and find similar trading volumes for average and median lev-

ls. The median total trading turnover is 83% of the initial invest-

ent amount and does not differ from the original PATH treatment

two-tailed t -test p = .52). 
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Fig. 5. Comparison of the empirical and normalized return distributions. 
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.3. Transaction costs 

It could be that transaction costs prevented our participants

rom making adaptations to their asset allocations. In a further ro-

ustness check with another 184 subjects (of whom 136 completed

he study with 14 investment decisions), we re-ran the PATH treat-

ent with the original return distribution, but we refrained from

mposing transaction costs, i.e. shifting between both assets was

ree of charge. In the instructions, we therefore left out any infor-

ation about transaction costs. We find that the initial allocation

o the risky asset (which could not have been affected by transac-

ion costs) equals 51.2% (s.d. = 22.5%) in the new PATH treatment,

nd it is not significantly different from the baseline treatment

f 49.7% (two-tailed t -test, p = .51). Total trading turnover over all

eriods in relation to the initial endowment equals 76% (median

alue), which is not significantly different from the original PATH

reatment (new PATH vs. original PATH: two-tailed t -test p = .51).

ence, we do not find that transaction costs significantly reduced

llocation shifts. More detailed results are provided in Appendix H .

aking these results together with our original PATH results for the

nitial decision generally confirms the robustness of these (e.g. risk-

aking level, feeling informed and confident, return distribution es-

imates). 

. Conclusion 

Risk simulations based on experience sampling were shown

o influence investment behavior for one-off investment decisions

 Kaufmann et al., 2013; Bradbury et al., 2015 ). When possible out-

omes are presented via a risk simulation, investors’ risk percep-

ion is closer aligned with actual risk compared to less experiential

ays of risk communication. Related findings in similar domains

ere documented, for example, in Cason and Samek (2015) who

how that experimental subjects produce lower bubbles in labo-

atory asset markets when they have experienced market prices

efore, or Lusardi et al. (2014) who demonstrate effects on finan-

ial literacy and confidence in financial decisions when informa-

ion is provided in a more experiential way via videos or tools.

hat is less clear is whether risk simulations have a persistent

ffect on investor behavior or if the effects are of short-term na-

ure and are superimposed by actual investment experience. These

uestions are not only of academic interest but have also practical

mplications as they can provide new insights on the usefulness of

uch simulation tools in financial advice and planning. 
Our research aims at answering two main questions. First, how

ersistent are the effects of experience sampling risk simulations

n trading behavior? Second, what are the effects of a wealth path

imulation (“PATH”) compared to a simulation of final outcomes

“FINAL”)? Generally, our results confirm previous findings for the

nitial investment decision. Participants in our study state feeling

etter informed about the investment decision, and they have a

ess biased understanding of return distribution if informed via a

isk simulation tool. As a result, they invest more in risky assets

nitially. 

As for our first research question, the higher risk-taking behav-

or when using risk simulations is only persistent to some degree.

nvestors who are initially informed in a descriptive manner (as

pposed to a risk simulation) increase on average their investment

evels over the first subsequent investment periods. One possible

nterpretation is that they might require actual investment expe-

ience to decide how much risk they are willing to take. How-

ver, the effect is not strong, and we do not find that risk simu-

ations lead to persistently increased risk-taking behavior over the

ntire investment horizon. So, after having received some actual

eedback, investment behavior seems to become independent of

he way investors learned about the investment problem initially.

n other words, risk simulations seem to influence mainly the ini-

ial asset allocation of investors at the time they are informed via

he simulation. This is an interesting finding as Kaufmann et al.

2013) suggest that risk simulations could reduce investors’ reac-

ivity to losses. Our results do not necessarily contradict theirs as

hey tested it for an entirely new and hypothetical decision and not

or intermediate ones as we did. However, our results could also be

nterpreted as being in line with Beshears et al. (2017) who find

hat robust results in a short-term setting might not hold when

onger experimental time differences are used. 

As for the differences in the type of risk simulation with re-

ards to risk-taking, our second research question, our results show

lmost the same risk-taking between FINAL and PATH (slightly

igher for FINAL). Also feeling informed, confident and return dis-

ribution estimates do not fundamentally differ between PATH and

INAL. That means that although PATH displays additional infor-

ation, (potential) investors do not seem overwhelmed by this

mount of additional information. With regard to trading behav-

or, we observe some evidence of reduced reactions to previous

utcomes in the PATH treatment, but we do not find such results

or FINAL, each comparing to DESCRIP. Hence, a PATH simulation

ould potentially slightly reduce reactions to intermediate gains

nd losses which a simulation with only final returns might not be
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able to do (at least when measured in adaptations from the initial

allocation). However, we do not find significant differences in over-

all trading volume. It might be necessary to use risk simulations

on a more permanent basis, not just for the initial investment de-

cision, to observe differences here. Further treatments that we did

not test such as a short-term lab setting can provide further in-

sights. Alternatively, it can also be useful to ask investors at later

stages about their understanding of the return distribution to bet-

ter understand where the (non-)differences in investment behav-

ior over time come from. Another interesting aspect to explore is

to gain more knowledge on investors’ short-term (half-year) return

expectations. This could bring further insights into the underlying

mechanisms of trading behavior, particularly in PATH. 

As an additional result, we find that presenting investors with

easy-to-read return histograms as a descriptive form of risk com-

munication seems to partially close the experience-description gap.

The relatively large differences in risk-taking in Kaufmann et al.

(2013) or Bradbury et al. (2015 ) can to be partially explained by the

fact that a purely verbal presentation of risk seems non-intuitive

and difficult to comprehend for investors. Well-explained return

histograms already make a difference to purely verbal investment

communication, similar as in Beshears et al. (2017) . However, im-

portantly, we still find significant differences in initial risk-taking,

risk perception and feeling informed between using well-described

histograms and risk simulations. Lastly, we find evidence that risk

simulations close the gap between investment levels of financially

more and less literate investors. In our study, risk simulations were

particularly influential with regard to risk-taking for less financially

literate individuals. 

Our results can also be interesting for business practice, in par-

ticular for financial advice and planning, e.g. in the case of robo-

advisors. With robo-advisors there is no interaction with a human

financial advisor, and risk communication is even more essential to

provide a competitive service. Our study should allow insights on

how to design risk profilers and learning tools that could be use-

ful for financial institutions. Our findings can also be relevant to

human advisors who are supported by interactive computer-based

risk-profiling methods. 
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ppendix A. Demographics, financial literacy and risk profiling 

uestionnaire 

Variable Response options/description 

Financial risk attitude How would you classify your willingness to 

take financial risks? Strongly avoid risks ◦ ◦ ◦ ◦
◦ ◦ ◦ Willing to take risks 

Financial literacy ∗ Sum of six financial literacy questions (highest 

score = 6, lowest score = 0) 

Experience Self-reported investment experience with risky 

assets (such as stocks, derivatives, alternative 

investments, etc.) above 3 years equals 1, 

otherwise 0 

Invested Self-reported portion of current financial 

wealth invested in stocks or stock funds 

greater than 0% equals 1, otherwise 0 

University University degree equals 1, otherwise 0 

Age Age of the participant 

Male If gender male, then equals 1, otherwise 0 

Income Self-reported income based on predefined 

bandwidths (1 ≤ €20,0 0 0, 2 = €20,0 0 0–30,0 0 0, 

3 = €30,0 0 0–40,0 0 0, 4 = €40,0 0 0–50,0 0 0, 

5 = €50.0 0 0–60.0 0 0, 6 = €60.0 0 0–70.0 0 0, 

7 ≥ €70.0 0 0) 
∗ Questions: Suppose you had €1,0 0 0 in a savings account 

and the interest rate was 2% per year. After 5 

years, how much do you think you would have 

in the account if you left the money to grow? 

Imagine that the interest rate on your savings 

account was 2% per year and inflation was 3% 

per year. After 1 year, how much would you be 

able to buy with the money in this account? 

Buying a single company’s stock usually 

provides a safer return than a stock mutual 

fund. True or false? 

With which asset class would you have 

achieved the highest return over the last 50 

years? 

Which asset class shows the highest value 

fluctuation over the past 50 years? 

Imagine that you are invested in an asset that 

achieves a 10% return per year, how many 

years would it take to double your investment? 

ppendix B. Screen shot of description (DESCRIP) treatment 

Fig. B1 . 
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Fig. B.1. Description (DESCRIP) treatment. 

English translation: 

[Title:] Risky asset 

[Text:] The risky asset is a stock index. It represents the growth of stocks. The expected return is 7% per year, which means you can expect a return of 7% on average per 

year. However, the actual return is unknown; it can turn out considerably higher but also considerably lower. The yearly standard deviation, i.e., the deviation from the 7% 

considered normal, is 16.9%. 

If you invest the full investment amount of €10 0,0 0 0 previously chosen in the risky asset, you could expect a final amount of €164,100 after 7 years. However, as mentioned, 

this amount is not certain; it could turn out considerably higher but also considerably lower. 

The following chart shows you the distribution of your initial wealth after 7 years if you had invested the full investment amount in the risky asset. For example, you would 

achieve a final wealth of between €160,0 0 0 and €180,0 0 0 in approximately 11 out of 100 cases. 

[Chart:] Wealth distribution after 7 years 

Reading example: In approximately 11 out of 100 cases you can achieve a final wealth of between €160,0 0 0 and €180,0 0 0 with the risky asset. 

In 0.84% of cases, a final wealth greater than €40 0,0 0 0 is achieved. 

[x-axis:] Final wealth in thousand € after 7 years 

[y-axis:] Frequency 

[Text:] It is likely, for example, that ( in 50 out of 100 cases ) after 7 years it will be: 

between €113,0 0 0 and €201,0 0 0 . 

It is very likely that (in 90 out of 100 cases) it will be: 

between €72,200 and €296,500 . 

It is highly likely that (in 98 out of 100 cases) it will be: 

between €52,0 0 0 and €394,20 0 . 
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tment 
Appendix C. Screen shot of final wealth simulation (FINAL) trea

Fig. C1 . 
Fig. C.1. Final Wealth Simulation (FINAL) treatment. 

English translation of pop-up on screen (not shown in Fig. C.1 ): 

|[Title:] Risky asset 

[Text:] See description of the risky asset for the description treatment (DESCRIP) 

You will be presented with possible, final values, for the case that you invest the full initial amount over 7 years in the risky asset. The final values are drawn randomly from 

the distribution described above. Click “draw” to view a further value. You need to draw at least 15 times. Afterwards, further values are drawn and automatically displayed 

one after another. In total, 50 random values will be displayed. 
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ppendix D. Screen shot of wealth path simulation (PATH) treat

Fig. D1 . 
ig. D.1. Wealth Path Simulation (PATH) treatment. 

he left screen shot illustrates the build-up of the return distribution, as it was experienced by participants, and the right screen shot shows the final distribution. 

nglish translation of pop-up on screen (not shown in Fig. D.1 ): 

Title:] Risky asset 

Text:] Same as for the Final Wealth Simulation (FINAL) treatment . 
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Appendix E. Screen performance overview 

Fig. E1 . 
Fig. E.1. Performance overview of portfolio strategy. 

English translation: 

[Title:] Performance portfolio strategy 

[Table:] First row: Overall strategy/risk-free asset/risky asset 

First column: Investment value at beginning of half year/allocation/return/gain–loss/current investment value 

[Slider:] Allocation to risky asset . 
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A

s. 

bles, the education level, and income distribution of participants 

on the average gross income of German households ( €3,871 per 

lasses above the average). 

l Wealth Simulation “FINAL” Wealth Path Simulation “PATH”

 39.6 

18 

66 

 71% 

 52% 

 0.4% 

 8.4% 

% 32.7% 

% 20.1% 

% 37.0% 

 1.2% 

 0.3% 

% 21.6% 

% 16.7% 

% 15.5% 

% 30.5% 

 9.1% 

 6.5% 

 0.0% 

 189 

A

ase estimate in how many out of 100 cases your investment amount 

w

ting in the risk-free asset ( €113.300 ) after 7 years. 

A stribution and No Transaction Costs) 

distribution was calculated over 7 years (i.e. including 7y autocorrela- 

t ) indicates the treatment in which participants were not charged any 

t

ppendix F. Summary statistics 

Table F.1 . 

Table F.1 

Overview of socio-economic characteristics of the participant

This table shows summary statistics of socio-economic varia

within each treatment. Income ranges were derived based 

month in 2011 ( Destatis, 2013 ), extending the range by two c

Treatment Description “DESCRIP” Fina

Age (average) 39.7 39.8

Min 18 18 

Max 66 65 

Gender (male) 65% 65%

Stock/equity fund owners 57% 58%

Education 

Still in school 0.5% 0.5%

Secondary modern school 9.5% 9.0%

Junior high school 30.8% 30.3

Secondary school 23.2% 22.3

University 35.1% 35.6

PhD 0.5% 1.6%

N/A 0.5% 0.5%

Income 

< €20,0 0 0 24.2% 22.3

€20,0 0 0–30,0 0 0 19.4% 16.5

€30,0 0 0–40,0 0 0 15.6% 15.4

€40,0 0 0–50,0 0 0 27.5% 29.8

€50,0 0 0–60,0 0 0 9.5% 9.0%

€60,0 0 0–70,0 0 0 3.8% 6.9%

> €70,0 0 0 0.0% 0.0%

N 211 188

ppendix G. Probability estimations 

Consider an investment in the aforementioned risky asset. Ple

ill …

◦ Come out below your initial investment amount after 7 years. 

◦ Come out below the amount you would have achieved by inves

◦ Come out above €20 0.0 0 0 after 7 years. 

ppendix H. Results for Robustness Checks (Different Return Di

Note: PATH (7Y) indicates the treatment for which the return 

ion) and returns do not show zero serial correlation. PATH (FREE

ransaction costs. 
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Fig. H1 . and Table H.1 . Table H.2 . 

Fig. H.1. Mean allocation to the risky asset with 95% confidence intervals, per treat

This figure shows the mean allocations with 95% confidence intervals to the risky a

Table H.1 

Differences in allocation to the risky asset and participants’ feeling informed

This table shows mean allocations to the risky asset for all three treatments

six-point Likert scales. To compare allocation decisions two-tailed t -test stati

Treatment DESCRIP 

Allocation to risky asset 44.2% 

p-values vs . DESCRIP 

Feeling informed 3.45 

p-values vs . DESCRIP 

Feeling confident 3.88 

p-values vs . DESCRIP 

N 211 

Table H.2 

True and estimated probabilities of the risky asset’s return distribution. 

This table shows true values for return probabilities, the difference of participa

from true values as well as standard deviations for all participants for thre

deviations from estimated to true values to avoid opposite signs canceling eac

the precise phrasing of the estimation prompts. 

P( r < 0%) 

True value [%] 17.21 

DESCRIP vs. PATH (7Y) 

Average deviation of participants’ estimates from true value [pp] 

DESCRIP + 15.1 

PATH (7Y) + 10.2 

Average absolute deviation of estimates to true value 

DESCRIP 22.1 

PATH (7Y) 16.4 

t -test p = .002 

Standard deviation of estimates 

DESCRIP 27.0 

PATH (7Y) 21.5 

DECRIP vs. PATH (FREE) 

Average deviation of participants’ estimates from true value 

DESCRIP + 15.1 

PATH (FREE) + 9.8 

Average absolute deviation of estimates 

DESCRIP 22.1 

PATH (FREE) 15.0 

t - test P = .0 0 0 

Standard deviation of estimates 

DESCRIP 27.0 

PATH (FREE) 19.2 
 

ver the full investment horizon for each treatment. 

onfident. 

o reports mean responses for feeling informed and confident, measured on 

re reported. P-values in bold indicate significance at the 10% level. 

PATH (7Y) PATH (FREE) 

51.4% 51.2% 

p = .003 p = .003 

3.83 3.79 

p = .003 p = .010 

3.86 4.04 

p = .901 p = .194 

180 184 

erage estimate to the true values, and average absolute deviations of estimates 

ability events. P -values are reported for one-tailed t -tests. We use absolute 

er out. P -values in bold indicate significance at 10% level. See Appendix G for 

P( r < r f ) P( r > 100%) 

25.25 25.43 

+ 11.0 −0.5 

+ 6.8 −4.9 

22.2 21.6 

19.4 16.6 

p = .050 p = .0 0 0 

26.7 27.4 

23.3 19.8 

+ 11.0 −0.5 

+ 10.8 −0.7 

22.2 21.6 

18.5 17.6 

p = .020 p = .007 

26.7 27.4 

22.4 22.9 
me

sse

 an

. It

stic

nts’

e p

h o
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