ECOMNZTOR

Make Your Publications Visible.

Hueber, Laura; Schwaiger, Rene

Working Paper

A Service of

ﬂ I I I Leibniz-Informationszentrum
° Wirtschaft
o B Leibniz Information Centre
h for Economics

Debiasing Through Experience Sampling: The Case

of Myopic Loss Aversion.

Working Papers in Economics and Statistics, No. 2021-01

Provided in Cooperation with:

Institute of Public Finance, University of Innsbruck

Suggested Citation: Hueber, Laura; Schwaiger, Rene (2021) : Debiasing Through Experience
Sampling: The Case of Myopic Loss Aversion., Working Papers in Economics and Statistics,
No. 2021-01, University of Innsbruck, Research Platform Empirical and Experimental

Economics (eeecon), Innsbruck

This Version is available at:
https://hdl.handle.net/10419/238259

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dirfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie durfen die Dokumente nicht fur 6ffentliche oder kommerzielle
Zwecke vervielfaltigen, 6ffentlich ausstellen, éffentlich zuganglich

machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort

genannten Lizenz gewahrten Nutzungsrechte.

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/238259
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

B universitat
™ iInnsbruck

Research Platform
Empirical and Experimental Economics

eeecon

[triple:e:con]

/ .
’*»‘ —.

©eeecon | £

working paper

Debiasing Through Experience Sampling: The
Case of Myopic Loss Aversion.

Laura Hueber, Rene Schwaiger

Working Papers in Economics and Statistics

2021-01

=] o]

University of Innsbruck
https://www.uibk.ac.at/eeecon/ :-'..II -


https://www.uibk.ac.at/eeecon/

University of Innsbruck
Working Papers in Economics and Statistics

The series is jointly edited and published by

- Department of Banking and Finance

Department of Economics
- Department of Public Finance

- Department of Statistics

Contact address of the editor:

research platform “Empirical and Experimental Economics”
University of Innsbruck

Universitaetsstrasse 15

A-6020 Innsbruck

Austria

Tel: + 43 512 507 71022

Fax: +43 512 507 2970

E-mail: eeecon@uibk.ac.at

The most recent version of all working papers can be downloaded at
https://www.uibk.ac.at/eeecon/wopec/

For a list of recent papers see the backpages of this paper.


mailto:eeecon@uibk.ac.at
https://www.uibk.ac.at/eeecon/wopec/
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Abstract

We introduce a training intervention based on a novel tool to mitigate behavior consistent
with myopic loss aversion (MLA). We present the results of a large-scale online experiment with
894 student participants. The study featured a two-step debiasing training intervention based on
experience sampling and a subsequent elicitation of MLA. We found that participants at baseline
exhibit behavior consistent with MLA, which was not the case for decisionmakers who underwent
the debiasing training intervention. Nonetheless, we found no statistically significant difference-
in-difference effect of the training intervention on the magnitude of MLA. However, when we
focused on the more attentive participants by excluding participants with the 10% longest and
10% shortest processing times on the task relevant instruction screens, the magnitude of the
difference-in-difference effect of the training intervention increased strongly and became statistically
significant when controlling for age, gender, education, field of study, investment experience, and
financial risk preferences.

JEL classification: G11 G41 G51
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1 Introduction

Loss aversion (Kahneman and Tversky, 1979) and temporal myopia, described as “the inability to
consider the long-term outcomes of an action when making a choice” (Christensen and Bickel, 2010, p.
118), are two deviations from neoclassical theory that when combined form myopic loss aversion
(MLA), which has a negative impact on an individual’s financial decision making (Looney and Hardin,
2009). MLA is present not only among students in individual decisions (Gneezy and Potters, 1997;
Thaler et al., 1997; Wendy and Asri, 2012) but also in market settings (Gneezy et al., 2003) and
among teams as decisionmakers (Sutter, 2007). Furthermore, MLA-consistent behavior is confirmed
among highly educated experts, such as financial professionals (Haigh and List, 2005), as well.' In a
natural field experiment, the latter group has also been associated with MLA in asset markets—their
everyday working environment (Larson et al., 2012). Therefore, this paper presents a novel interactive
debiasing tool and experimentally tests whether a training intervention using this tool can successfully
reduce participants’ susceptibility to MLA.

Generally, MLA-consistent behavior is especially harmful for individuals who hold investments with
relatively high short-term volatility, such as stocks, while following a long-term investment horizon.
Stocks are often accompanied by very positive long-term return expectations; therefore, they have
been an important and successful way to build up wealth in the past (Jorda et al., 2018). Nevertheless,
loss-averse individuals observing lower or even negative short-term returns on their stocks compared to
treasury bills or bonds, due to greater price fluctuations, are expected to be more likely than others to
rebalance their portfolios—consequently reducing their equity investments. However, in the context of
long-term investments, it is important to note that such a short-sighted assessment of the performance
of equity portfolios is inappropriate. If investors became less inclined to evaluate their portfolio
frequently and, instead, looked at aggregate returns, they would be more likely to observe positive
results through statistical aggregation. On average, these would exceed the returns of other financial
asset classes, such as bonds and treasury bills (Gneezy et al., 2003; Jorda et al., 2018). MLA leads to
the opposite, i.e., a focus on short-term performance and a tendency to reduce risk after poor results.
This is the reason why MLA is associated with reduced long term payoffs of equity portfolios (Looney
and Hardin, 2009).

This can become a structural problem as the importance of an adequate private pension provision might
increase in the future due to lower projected available national pensions in Europe (Hiilsewig and
Hiilsewig, 2017) and shifts from defined benefit plans to defined contribution plans in the U.S. (U.S.
Department of Labor, 2014). A representative survey in the U.S. shows that, on average, participants
estimate a 45% probability that they will outlive their savings, and 41% of participants have not
yet taken action against this (Northwestern Mutual, 2019). Therefore, it is of social relevance to
correct behavior consistent with MLA and to contribute to improving the financial decision making of

investors.>

IMLA aligns with a large number of deviations from neoclassical predictions that are empirically supported among students
(Tversky and Kahneman, 1974; Svenson, 1981; Samuelson and Zeckhauser, 1988; Kahneman et al., 1990; Grosshans and
Zeisberger, 2018) and among professionals from different domains (Roszkowski and Snelbecker, 1990; Haigh and List, 2005;
Cipriani and Guarino, 2009; Deaves et al., 2010; Abdellaoui et al., 2013; Menkhoff and Schmeling, 2013; Pikulina et al., 2017;
Kirchler et al., 2018; Sheffer et al., 2018; Huber et al., 2019; Schwaiger et al., 2020).

25chooley and Drecnik Worden (2013) demonstrate that there is a positive association between a households’ equity investments
and the likelihood of having a pension plan. Generally, the suitability of equity investments for retirement savings also depends
crucially on the investment horizon, i.e., the time until retirement. If this investment horizon is relatively short, shares may not
be the best option due to their relatively high short-term volatility (Bodie et al., 1992).
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In order to precisely assess the potential of the developed tool to mitigate MLA, the tools’ underlying
investment process is based on a lottery introduced by Gneezy and Potters (1997), the foundation for
the most frequently applied measure of MLA available (e.g., Bellemare et al., 2005; Haigh and List,
2005; Fellner and Sutter, 2009). Consequently, to measure the influence of the training intervention on
behavior accurately, we chose the same investment domain for the training intervention as for the
elicitation procedure, i.e., the lottery. This implies that the tool is not based on risky decisions in
the equity investment domain. Nevertheless, the underlying characteristics of the lottery are similar,
and the tool is very flexible, so it can easily be extended to other investment areas, such as equity

investments. Furthermore, the tool can potentially be used in financial consulting and planning, as well.

We set up an online experiment with student participants from the University of Innsbruck. In a
between-subject design, participants were randomly assigned to either the baseline or the debiasing
treatment with two experimental stages each. Only the first stage differed between the treatments. In
the first stage of the baseline treatment, the participants played the game Minesweeper as a filler task.
In the first stage of the debiasing treatment, the participants were confronted with a two-step training
intervention based on experience sampling to familiarize themselves with the underlying properties of
the lottery introduced in Gneezy and Potters (1997) and the implications of different betting decisions
in this lottery. In the second stage, which was identical for the baseline and debiasing treatment, we
measured MLA according to Gneezy and Potters (1997). To the best of our knowledge, this is the first
study aimed at reducing MLA-consistent behavior with an interactive training intervention based on

experience sampling.

In the baseline treatment, we found statistically significant evidence of behavior consistent with MLA.
However, we did not find statistical evidence of MLA-consistent behavior in the debiasing treatment.
When we directly tested for the difference-in-difference effect of the training intervention on MLA, we
found no statistically significant reduction in MLA as a result of the training intervention, which is
supported by randomization inference. Furthermore, in an exploratory approach, we excluded the
participants with the 10% longest and 10% shortest processing times and repeated the main analyses
with a sample comprised of more attentive participants. In contrast to the full sample, we found a
stronger effect of the training intervention on MLA. It was statistically significant when controlling
for age, gender, education, field of study, investment experience, and financial risk preferences. The
statistical significance is also confirmed by randomization inference. Specifically, Tobit regression
analyses predict that the training intervention reduces behavior consistent with MLA by 10 percentage
points compared to the baseline. We conclude that the developed tool can reduce susceptibility to
MLA-consistent behavior of participants with high attention and focus to the training intervention.

This study contributes to several strands in the literature. First, it contributes to the literature on
MLA. MLA was introduced by Benartzi and Thaler (1995) as an explanation for the equity premium
puzzle (Mehra and Prescott, 1985); ever since, MLA has been manifoldly studied (e.g., Gneezy and
Potters, 1997; Gneezy et al., 2003; Haigh and List, 2005; Wendy and Asri, 2012). The two pillars
of MLA-loss aversion and myopia—have long been established empirically. Students (Abdellaoui
et al., 2007; Morrison and Oxoby, 2014) and members from the general population (Géchter et al.,
2007) have been shown to exhibit loss aversion. Furthermore, empirical studies have shown that
economic decisionmakers tend to act myopically, i.e., they have a tendency to frequently evaluate
financial outcomes. Based on survey data, Lee and Veld-Merkoulova (2016) report that 44% of

investors from the general Dutch population examine their stock portfolio at least once a month. This



trend can be explained by the strong preference of individuals for immediate and frequent outcome
feedback (Fellner and Sutter, 2009) and by mental accounting (Kahneman and Tversky, 1984) in
an inter-temporal context. Specifically, behavior depends on how people aggregate outcomes and
decisions, whereby people who suffer from myopia frame them narrowly (Benartzi and Thaler, 1995).
We specifically add to the literature by measuring MLA according to (Gneezy and Potters, 1997)
among student participants in an online experiment, resulting in slight deviations from the original
instructions and a less controlled environment. Therefore, we offer a robustness check for the findings

of MLA among students in laboratory settings.

Secondly, the study contributes to a nascent stream in the literature on systematic debiasing of existing
cognitive biases. The literature distinguishes between three main categories of debiasing approaches
namely (i) changing underlying incentives, (ii) improving the framing and the elicitation of decisions,
and (iii) reducing biases through training (Morewedge et al., 2015). This study specifically adds to the
last category. Generally, the literature on training interventions to improve decision making is mixed.
Kaustia and Perttula (2012) present evidence that the better-than-average type of overconfidence might
be reduced by communicating explicit warnings to participants. Nevertheless, this approach does not
work regarding overconfidence in probability assessments. Kucera (2020) shows that confirmation bias
can be statistically significantly reduced by presenting a video on confirmation bias and its impact and
mitigation strategies. Fong and Nisbett (1991) provide evidence for successfully improving statistical
reasoning over a longer period of time by providing example problems in a training intervention.
Morewedge et al. (2015) achieve medium to large reductions of biases such as blind spot, confirmation
bias, fundamental attribution error, anchoring, representativeness, and social projection. We expressly
contribute by introducing an interactive debiasing tool to mitigate behavior consistent with the
cognitive bias MLA.

Thirdly, the study contributes to the small but growing strand on experience sampling in finance.
Prominently, Kaufmann et al. (2013) show that experience sampling and a risk tool combining
experience sampling with graphical illustrations and numerical descriptions influence risk preferences.
In particular, the authors find that participants increase the allocation of funds in the risky asset
after being able to sample from the distribution of the risky asset. Cason and Samek (2015) report
that mispricing in experimental asset markets is reduced when participants are confronted with
passive pre-market training and visual representations of trade prices before actively engaging in
trading. Lusardi et al. (2017) provide evidence that financial literacy and/or confidence in financial
decision making improves when information is provided via videos or visual interactive tools using
experience sampling. Nevertheless, Bradbury et al. (2019) only find weak support for persistent
changes in investor behavior due to risk simulations. The authors argue that experience sampling
might only influence the initial investment decision. We specifically contribute by exploring the role of
an experience sampling based tool in financial behavior.



2 Experimental Design and Procedure

The experiment consisted of two main stages. In the first stage, participants were randomly assigned
either to the training treatment, i.e., treatment DEBIASING, or the baseline treatment, i.e., treatment
BASELINE. Participants in the treatment DEBIASING group underwent a training intervention tailored
to mitigate or eliminate behavior consistent with MLA. Participants in the treatment BASELINE group
played the game Minesweeper as an independent filler task for at least 10 minutes and 5 repetitions,
which corresponded to the planned time for the training intervention.” This was to ensure that the
expected processing time for the filler task is comparable to the expected processing time of the
training intervention. Similar to the training intervention, the filler task required a certain amount of
cognition and attention. In both treatments we informed the participants that, in contrast to the
second stage, their decisions from the first stage of the experiment are not relevant to the payoff. In
the second stage of the experiment, which was identical for participants in treatments DEBIASING
and BASELINE, we measured whether participants’ behavior was consonant with the theory of MLA

according to Gneezy and Potters (1997) to investigate the effectiveness of the intervention.

In an exit questionnaire, we asked participants to provide information on their financial risk preferences;
their individual experience with financial investments; and their demographic and socio-economic
characteristics, such as age, gender, education, and field of study.*> The training intervention in the
DEBIASING treatment and the subsequent examination of MLA in both treatments were based on the
following lottery in Gneezy and Potters (1997):

With a probability of one-in-three (33%) you win 2.5 times the amount you bet and with a
probability of two-in-three (67%) you lose the amount you bet.°

2.1 Debiasing Training Intervention

According to Muradoglu and Harvey (2012) the presentation of aggregated outcome diagrams of
investment processes with otherwise frequent outcome feedback could reduce the susceptibility of
individuals to MLA by distracting from myopic decisions. Furthermore, Bradbury et al. (2019) argue
that easy-to-read graphical representations such as histograms are important for risk communication. In
addition to this finding, experience sampling and a risk instrument that combines experience sampling
with graphical representations and numerical descriptions influence risk preferences (Kaufmann et al.,

3 After 10 minutes and 5 repetitions, a “Next” button appeared and participants could continue the experiment.

4To check the consistency of the answers on the question on financial risk, risk preferences in general were also examined. We
find a statistically significant and strongly positive correlation between financial and general risk preferences (Spearman’s rho =
0.6235, p < 0.005, N = 894). Henceforth, we use the domain relevant financial risk preferences in the analyses.

5The self-reported risk preferences were measured using the German SOEP questionnaire (Dohmen et al., 2011) on Likert scales
from O to 10.

6As reported in the pre-registration, we initially started the experiment with the following adapted lottery properties (Charness
et al., 2019): With a probability of one-in-two (50%) you win 2.5 times the amount you bet and with a probability of one-in-two
(50%) you lose the amount you bet. This was done to ensure a higher expected value of the lottery, to clearly distinguish
the prospects of a constant investment from an investment reduction (more in Chosen_Bet and Reduced_Bet in Section 2.1).
We deviated from these lottery characteristics after piloting the software and finding that the student subjects in the online
experiment did not exhibit behavior consistent with MLA in the baseline treatment. Since MLA-consistent behavior is a
prerequisite for measuring the effectiveness of the novel debiasing training intervention, we performed a robustness check and
applied another pilot for the baseline treatment with the original properties in Gneezy and Potters (1997), finding behavior
consistent with MLA. Thus, this paper is based on the original lottery properties in Gneezy and Potters (1997).
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2013). As a result we integrated these components into our intervention presented in this paper.
Consequently, our developed tool is based on experience sampling, with its insights communicated
through easy-to-read, aggregating histograms and numerical-descriptive tables.

In the DEBIASING treatment group, we implemented the training tool, which consisted of two steps
to familiarize participants with the inherent characteristics of the lottery and the implications of
different decisions regarding the bet amount in the lottery. Participants were endowed with 200 tokens
for each of nine rounds and had to choose an amount x (0 < x < 200) in tokens at the beginning of
the first round, which was used to illustrate the characteristics of the lottery.”

Importantly, we introduced two fictitious scenarios, Chosen_Bet and Reduced Bet, which served as a
basis for the illustration.® The two scenarios differed only in terms of the amount of tokens actually bet
in the lottery in the specific rounds of the illustration to demonstrate the implications of a behavior,
consistent with the theory of MLA. In the first scenario Chosen_Bet, the amount x in tokens chosen by
participants to illustrate the lottery was kept constant and bet in all nine rounds, regardless of previous
earnings in the lottery. In the second scenario Reduced Bet, the chosen amount x was reduced by
20% of the amount originally chosen by participants after a first loss was incurred.” This reduced
amount was then bet in each subsequent round following that loss. Once a second loss occurred, the
amount was further reduced by 20% of the originally chosen amount and bet in subsequent rounds
following the second loss. This procedure was applied after each iterative loss in the lottery until
five losses occurred. Then, an amount of zero was bet in all subsequent rounds. Consequently, the
two scenarios, Chosen_Bet and Reduced_Bet, yielded identical results if no loss occurred in any of the
nine rounds, or if the participants chose to bet an amount of zero to illustrate the lottery. The idea
underlying the introduction of the two scenarios is directly derived from the basic problem caused by
MLA. Participants suffering from MLA tend to deviate from their originally chosen risk level on the
basis of outcome feedback and to reduce their risk level after losses. Nevertheless, due to the nature of
the lottery presented, i.e., the underlying expected value, wealth after nine rounds is on average higher
in the Chosen_Bet scenario than in the Reduced Bet scenario, even though the former entails higher
volatility.

For a simple, understandable, and direct comparison of the two scenarios, participants were presented
Simulation A in the experiment, i.e., a dynamic bar chart with bars showing the cumulative wealth
in tokens over nine rounds. The bar chart showed one bar for scenario Chosen_Bet and one bar for
scenario Reduced Bet. The bars developed gradually over nine rounds and represented the cumulative
wealth in tokens after each of the nine lottery draws. Therefore, each bar after nine rounds showed the

7We use tokens as our experimental currency unit in the paper. Note that we used the term "Taler" in the software to tailor the
wording to the German speaking participants.

8 At first, we planned a third scenario called "No-bet", which showed the consequences of betting zero in all rounds of the lottery,
which simply equals total wealth per round corresponding to the original endowment. After receiving feedback from students
in a pilot of the software that the instructions were too long and cumbersome to read, we decided to discard this scenario
altogether, as it is the least important in targeting MLA.

9The 20% reduction was based on the average periodic percentage point difference in bet amounts as a percentage of the
endowment of 200 (~ 17 percentage points) between the high and low feedback frequency groups in Gneezy and Potters
(1997). We rounded this number up to 20 to facilitate any calculations by participants. Example: If a participant enters an
amount of 120 tokens to illustrate the lottery over nine rounds, 100% of this amount will be bet in the first round. After a first
loss, the amount bet in the following rounds will be reduced to 80% of the originally chosen amount (96 tokens), which
corresponds to a reduction of 20 percentage points. This again corresponds to a reduction of 20% of the original amount of 120
tokens (24 tokens) and so on. As percentage points might be confusing for some participants, we have expressed the reduction
as a percentage of the initially chosen amount.



cumulative wealth in tokens after all nine rounds in each scenario. In parallel, subjects were provided
with a simultaneously evolving table that numerically displayed wealth, wealth differences between
Chosen_Bet and Reduced_Bet, and the random draw of the lottery determined by the computer, i.e.,
win or loss, in each of the nine rounds and in each scenario. The lottery results were highlighted in
green and red, depending on whether a win (green) or a loss (red) was determined by the computer.
In addition, wealth differences between the two scenarios were highlighted in green (or red) when, in
a given round and accumulated over nine rounds, wealth in tokens in the Chosen_Bet scenario was
higher (or lower) than wealth in tokens in the Reduced Bet scenario. Thus, participants were provided
with the specific lottery results by both graphical and numerical representation, which also addresses
differences in learning preferences (Fleming and Mills, 1992; Caligaris et al., 2015). There were
possibilities to pause the process at any time to get an overview of the outcomes so far and also to go
through the process without many single clicks. Specifically, the lottery simulation over nine rounds
could be carried out either step by step by clicking on the respective button for each lottery draw
individually, or continuously, by clicking once on the respective button to initialize automatic lottery
draws over nine rounds in one run. Importantly, executing nine lottery draws corresponded to one

iteration of Simulation A. Participants were required to perform at least 15 iterations of Simulation A.

Part 1 - Simulation A: Illustration of the Lottery over 9 rounds Executions: 1

Please indicate which amount between 0 and 200 should be used to illustrate the lottery.

Taler Confirm Amount Instructions

You have decided that an amount of 100 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the
simulation at least 15 times to continue the experiment.

Comparison of total wealth between both scenarios

SCENARIOS
2500
ol LOTTERY BET LOTTERY BET Bfemres FeslfaEie
NOT REDUCED REDUCED
1 450.00 450,00 0.00 Won 5 2000 1950-00 1850.00
el
2 100.00 100.00 0.00 Losl =
£ 1500
3 100.00 120.00 2000 Lost £
4 100.00 140.00 4000 5| 2 1000
H
5 100.00 160.00 B0.00 IG5 E
Y s00
6 450.00 250.00 200.00 Won
7 450.00 250.00 200.00 Won 0
Lottery bet not reduced Lottery bet reduced
8 100.00 180.00 8000 Lost
9 100.00 200.00 F100.00 [Cost Step by Step

7 1950.00 7 1850.00 % 100.00

Figure 1: Experimental screen of Simulation A (English translation). The figure shows the experi-
mental screen of the first step of the debiasing training intervention. The right side of the screen shows a gradually
evolving bar chart presenting cumulative wealth in tokens in each of the nine rounds. The left bar in this chart
shows cumulative wealth in tokens in scenario Chosen_Bet while the right bar in this chart shows cumulative
wealth in tokens in scenario Reduced_Bet. The numbers at the top of the bars display cumulative wealth after each
of the nine rounds. On the left side, an additional table is displayed, which presents the numbers processed in the
bar chart. In particular, wealth in each of the nine rounds is displayed in scenario Chosen_Bet and Reduced_Bet,
the numerical difference between both scenarios and the lottery realizations drawn by the computer in the
respective rounds are additionally shown and colored in green or red depending on which scenario resulted in
higher wealth and whether the lottery realized a loss or a win in the respective round.



This requirement was established to provide a reasonable understanding of the link between the
realizations of the lottery and the accumulated wealth after nine rounds between the two scenarios.
After 15 iterations, a pop-up window displayed the average cumulative wealth in tokens after nine
rounds over all 15 iterations in the Chosen_Bet and the Reduced_Bet scenario and a “Next” button
appeared. Figure 1 shows an example of Simulation A.

In a second step, participants were presented with Simulation B containing two simultaneously evolving
histograms, each showing the distribution of 15,000 draws of cumulative wealth in tokens in the
lottery over nine rounds in the Chosen_Bet and Reduced Bet scenario, respectively. In both scenarios,
the gradual evolution of the distribution of cumulative wealth after nine rounds was based on a

hypothetical amount x (1 < x < 200) in tokens to be chosen by the participants.

Part 1 - Simulation B: Distribution of simulated total wealth after 9 rounds Executions: 1 Draws: 15000/15000

Please indicate which amount between 1 and 200 should be used to illustrate the lottery.

Taler Confirm Amount Instructions

You have decided that an amount of 200 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the simulation at least 2 times

to continue the experiment.

Start Simulation

Distribution of total wealth after 9 rounds in Scenario Distribution of total wealth after & rounds in Scenario
“Lottery bet not reduced” “Lottery bet reduced”

8000 3000

ey |
ey |

yasrel

7000 7000

294017

6000 6000

5000 5000

4000 4000

Frequency
Frequency

2000 2000

1000 1000

0 1000 2000 3000 4000 5000 o 1000 2000 3000 4000 5000

Total wealth after 9 rounds Total wealth after 9 rounds

Figure 2: Experimental screen of Simulation B (English translation). The figure shows the exper-
imental screen of the second step of the debiasing training intervention. Both graphs represent a gradually
evolving histogram showing the distributions of cumulative wealth after nine rounds based on 15,000 draws in
scenario Chosen_Bet (left graph), and scenario Reduced Bet, (right graph). The vertical dashed lines display
average cumulative wealth after nine rounds based on 15,000 draws for both scenarios.

After simulation of the 15,000 draws, both histograms showed final distributions and mean values
of realized cumulative wealth after nine rounds for both scenarios Chosen_Bet and Reduced_Bet,
respectively. As the simulations in both scenarios were based on 15,000 draws of cumulative wealth
after nine rounds, the average values in the Chosen_Bet and Reduced Bet scenarios approached the
respective expected values of cumulative wealth after nine rounds for the initially chosen level of risk.
Thus, the presentation of the distribution provided the participants with the expected wealth difference
between maintaining the initially chosen risk level (i.e., Chosen_Bet) and reducing the initially chosen
risk level after the occurrence of losses (i.e., Reduced Bet). Furthermore, the histograms provided

graphical information about the overall dispersion of cumulative wealth after nine rounds in each of



the two scenarios. The second step had to be performed at least twice to continue the experiment. In
addition to Simulation A, which should give participants an impression of the associations between the
lottery results and cumulative wealth after nine rounds, Simulation B conveyed the broader picture

communicating the theoretical properties of the lottery. Figure 2 shows an example of Simulation B.

The simulation-based learning described above was intended to show participants that given an initially
chosen amount to be bet in the lottery, it is, on average, sub-optimal economically to reduce the
initially chosen risk level due to realized losses in the lottery. Thus, we demonstrated MLA-consistent
behavior and its negative effects on wealth in order to implicitly make participants less sensitive to
realized short-term losses by repeatedly drawing from the underlying lottery distribution and, at the

same time, introducing a more aggregated graphical and numerical representation. '’

2.2 Elicitation of MLA

The second stage of the experiment was identical for the treatments DEBIASING and BASELINE
and was concerned with the measurement of MLA-consistent behavior. Participants were told that
the decisions in stage two of the experiment are payoff relevant. Specifically, in each of the nine
consecutive rounds, participants chose an amount x (0 < x < 200) in tokens of an endowment per
round of 200 tokens to be bet in the described lottery. Within treatments, participants were randomly
assigned either to sub-treatment H or sub-treatment L, which only differed in terms of decision and
feedback frequency. In the H sub-treatment, participants in each of the nine rounds decided how much
they wanted to bet in the lottery and were informed after each round about the lottery result drawn by
the computer and the payoff for that round. In sub-treatment L, participants decided on their preferred
bet in rounds 1, 4 and 7 for the three consecutive rounds. In this sub-treatment, the amount bet
remained unchanged for three consecutive rounds. After three rounds, participants were informed
about the results of the lottery for each of the three rounds and were notified about their total payoff
for these three consecutive rounds (i.e., round 1-3 in round 3, round 4-6 in round 6, round 7-9 in
round 9).

2.3 Implementation

Based on the variations described above, we obtained a 2x2 factorial experimental design. For
both treatments, (BASELINE and DEBIASING), there are two sub-treatments, (H and L), which are
implemented to examine the presence and magnitude of MLA in both treatments. To assess the success
of the training intervention in reducing MLA-consistent behavior, we followed a difference-in-difference

comparison of the H and L sub-treatments between the BASELINE and DEBIASING treatments.

We conducted online experiments with 894 student participants from the University of Innsbruck.'"
The average age of the participants was 24 years and 59% were female. The average payoff was
EUR 4.97 (sd: EUR 1.52) across treatments for an expected processing time of approximately 25-30
minutes. The experimental online sessions took place between May and July 2020. The software was

1OFor details on the training intervention, see the screenshots in the Appendix A2 or the software.
Hgee the pre-registration for detailed power calculations. The experiments were conducted online due to the COVID-19

pandemic.


https://lh-debiasing-english-version.herokuapp.com/demo/
https://osf.io/y7mxz/

programmed using oTree (Chen et al., 2016) and participants were recruited via hroot (Bock et al.,
2014). Participants received Amazon vouchers in the denomination of their experimental payoff as
compensation. Screenshots of the English translation of the experiment are provided in Section A2 in
the Appendix.'?

3 Results

Result 1: The decisionmakers in treatment BASELINE exhibit behavior that is consistent with
MLA, which is not the case among decisionmakers in treatment DEBIASING. Overall, the average
risk-taking of decisionmakers in DEBIASING is higher than that of participants in BASELINE.

Figure 3 shows a comparison of the average lottery bet over nine rounds as a percentage of the
endowment in stage 2 of the experiment between treatments BASELINE and DEBIASING and sub-
treatments H and L, respectively.'® In general, the visual impression suggests that participants in the L
sub-treatment bet higher amounts in the lottery compared to the decisionmakers in H, suggesting
the presence of behavior consistent with MLA. However, this difference seems to be slightly more
pronounced within treatment BASELINE than within treatment DEBIASING. Furthermore, it is visible
that general risk-taking, measured over both sub-treatments, seems to be higher among participants in
treatment DEBIASING than in treatment BASELINE.

100
!

80

—
‘

Average amount bet in percent

BASELINE DEBIASING

(s

Figure 3: Average bet over nine rounds in percent of endowment. The graph
shows the average amounts bet in the lottery over nine rounds as a percentage of the
endowment of 200 talers for each treatment (BASELINE and DEBIASING) and sub-
treatment (H and L). The whiskers represent 95% confidence intervals.

12The English version of the software can be found using the following link.
13For a comparison of the average lottery bets as a percentage of the endowment in stage 2 between treatments and sub-treatments
in each of the nine specific rounds, see Figure A2 in the Appendix.
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To test econometrically for the presence of MLA-consistent behavior in both treatments, we applied
two-sided unpaired sample t-tests and reported the results in the upper half of Table 1. In the
BASELINE treatment, we find a statistically significant difference in the average amount bet in the
lottery as percentage of endowment between participants in L and H. Specifically, decisionmakers in
sub-treatment L bet an average of 8.30 percentage points more in the lottery compared to their peers
in the H sub-treatment (47.30% vs. 39.00%), a highly statistically significant difference (p = 0.003).
Thus, we find MLA-consistent behavior in the BASELINE treatment.

Next, we analyzed the participants who underwent the training treatment, i.e., participants in treatment
DEBIASING. As can be seen from the top half of Table 1, participants in the L sub-treatment do not
bet statistically significantly higher fractions of their endowment compared to decisionmakers in the
H sub-treatment (62.40% vs. 56.90%), although the difference approaches conventional levels of
statistical significance (p = 0.055).

Table 1: Differences in treatments and sub-treatments. The table shows pairwise dif-
ferences in the average bet amount over nine rounds in percent of the endowment between
sub-treatments H and L in treatments BASELINE and DEBIASING using two-sided unpaired sample
t-tests. The table also shows pairwise differences in the average bet amount over nine rounds in
percent of the endowment between treatments BASELINE and DEBIASING in sub-treatments H
and L, separately and jointly (H + L).

Sub-Ttreatment Difference:

Treatments obs HL std.err. pr(|T|>]|t])
BASELINE 439 -0.083***  (0.390 - 0.473) 0.028 0.003
DEBIASING 455 -0.055 (0.569 - 0.624) 0.028 0.054

Treatment Difference:
Sub-Treatments  obs std.err. pr(|T|>|t])
BASELINE-DEBIASING

H 431 -0.179***  (0.390 - 0.569) 0.278 0.000
L 463 -0.151***  (0.473 - 0.624) 0.285 0.000
H+L 894 -0.170***  (0.430 - 0.600) 0.020 0.000

Note: * p < 0.05, ** p < 0.01, *** p < 0.005

Subsequently, we tested for the overall difference in average risk inclination between BASELINE and
DEBIASING (17 percentage points; 43.00% vs. 60.00%) measured over both sub-treatments and
reported the result of a two-sided unpaired sample t-test in the lower half of Table 1. We find that
the difference is highly statistically significant. In particular, decisionmakers in DEBIASING bet on
average 17 percentage points more in the lottery compared to their peers in BASELINE.

This level effect is not surprising as participants in the training treatment would learn that on average
betting higher amounts leads to a higher cumulative wealth after nine rounds when varying the
amount x used to illustrate the lottery properties. This result is consistent with Kaufmann et al.
(2013) who find that experience sampling increases risk-taking. The level effect does not seem to
be caused by a lack of understanding of the higher standard deviation of wealth after nine rounds
when betting higher amounts, as step 2 of the intervention illustrates the respective dispersion
of the cumulative wealth after nine rounds in the lottery. Therefore, participants tend to behave
more risk-neutrally in DEBIASING compared to BASELINE. This translates into different average
payoffs between treatments. Participants in BASELINE earned an average of EUR 4.88 in stage 2 of
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the experiment and decisionmakers in the DEBIASING treatment earned an average of EUR 5.05.
Further, this effect of increased risk-taking seems to be slightly more associated with participants in
sub-treatment H (17.90 percentage points; 39.00% vs. 56.90%) than with participants in sub-treatment
L (15.10 percentage points; 47.30% vs. 62.40%), which is observable from the bottom half of Table 1.
In the next step, we tested for an interaction effect between treatments and sub-treatments as the mere
presence of MLA-consistent behavior in treatment BASELINE but not in treatment DEBIASING is
insufficient evidence of success of the training intervention. Thus, we performed multivariate Tobit
regressions with the average percentage lottery bet over nine rounds as the dependent variable in
Table 2 to test for a difference-in-difference treatment effect.

Result 2: Based on the difference-in-difference effect, we find no statistically significant difference in
the degree of MLA between treatment BASELINE and treatment DEBIASING.

As a robustness check, we tested for the general treatment effects in model (I) in Table 2. The
coefficient DEBIASING is a binary dummy variable that takes the value of O for participants in
treatment BASELINE and 1 for participants in treatment DEBIASING. L is a binary dummy variable
that takes the value of 1 for decisionmakers in the low-frequency feedback sub-treatment, i.e., L, and 0
for participants in the high-frequency feedback group, i.e., H. DEBIASING#LOW_FREQUENCY(L)
represents an interaction term between DEBIASING and L. AGE indicates the age of the participants
in years, MALE is a binary dummy variable that takes the value of 0 for female participants and the
value of 1 for male participants. STUDY_ECONOMICS is a binary variable that takes the value of 1
for participants enrolled in economics, business administration, or business law, and 0 for all other
programs. INVESTMENT EXPERIENCE is a dummy that takes the value of 1 for decisionmakers
who have already invested in financial products and O for participants who have not yet done so.
RISK_FINANCIAL is the ordinal scaled variable that represents self-reported risk preferences on a
10-point Likert scale in the financial domain and GRADUATE is a binary dummy taking a value of 1
for graduate students and O for undergraduate students. From the coefficient DEBIASING it can be
inferred that participants who completed the training intervention in the first stage of the experiment
take significantly higher risks in the lottery in the second stage of the experiment, confirming the
visual impression presented in Figure 3 and Result 1. When aggregating both treatments, we can
discern from the coefficient L that decisionmakers in the low frequency feedback sub-treatment (L)
take significantly higher risks than participants in the high frequency feedback sub-treatment (H).
This indicates the general presence of MLA-consistent behavior among the participants. Secondly, to
test whether the training intervention influences the degree of MLA, we estimated the following
specification in model (II) of Table 2:

Yi=a+ 3 DEBIASING,; + f3,L; + B3DEBIASING;#L; +¢€; (D

Apparent by the coefficient DEBIASING#LOW_FREQUENCY (L), we find an expected negative sign,
which indicates that the regression predicts the difference in risk-taking between participants in L and H
to be lower in DEBIASING than in BASELINE. Nevertheless, the influence of the training intervention
on the existing MLA-consistent behavior is not statistically significant. In model (III) we included the
participants’ financial risk preferences; their individual experience with financial investments; and their
demographic and socio-economic characteristics. We find a statistically significant association between
students’ age and their lottery decision. In particular, older students bet slightly higher amounts.
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Table 2: Multivariate Tobit regression on the average percentage amount invested over nine
rounds in the lottery in stage 2 (PERCENT_BET). The variable DEBIASING is a binary dummy
taking on the value 0 for participants in treatment BASELINE and 1 for participants in treatment
DEBIASING. L represents a binary dummy variable taking the value 1 for decisionmakers in
the low-frequency feedback sub-treatment and O for their peers in the high-frequency feedback
group, i.e., H. DEBIASING#LOW_FREQUENCY (L) represents an interaction term between
DEBIASING and L. The variable AGE indicates the participants’ age in years, MALE is a binary
dummy taking the value of O for female subjects and 1 for male participants. STUDY_ECONOMICS
is a binary variable, which equals 1 for participants enrolled in economics, business, or business
law and O for all other study programs. INVESTMENT_EXPERIENCE is a dummy taking the
value of 1 for decisionmakers who had already invested in financial products and 0 for participants
who had not. GRADUATE is a binary dummy taking a value of 1 for graduate students and O for
undergraduate students. RISK_FINANCIAL is an ordinal variable representing self-reported risk
preferences on a 10-point Likert scale in the financial domain. “Permute p” reported the p values
of the corresponding coefficient, obtained from permutation tests with 1,000 random draws.

Model (1) Model (II) Model (III)

DEBIASING 0.185" 0.194* 0.205***
(0.023) (0.033) (0.032)
LOW_FREQUENCY(L) 0.078*** 0.087* 0.108***
(0.023) (0.033) (0.031)
DEBIASING#LOW_FREQUENCY(L) —0.018 —0.044
(0.047) (0.044)
AGE 0.006*
(0.003)
MALE 0.125"
(0.025)
GRADUATE 0.015
(0.036)
STUDY_ECONOMICS 0.004
(0.024)
RISK_FINANCIAL 0.030%
(0.005)
INVESTMENT_EXPERIENCE 0.025
(0.026)
Constant 0.402" 0.398" —0.109
(0.020) (0.023) (0.081)
Permute p DEBIASING#LOW_FREQUENCY (L) 0.728 0.346
Observations 894 894 894
Prob. > Chi? 0.000 0.000 0.000
Pseudo R? 0.080 0.080 0.196

*p < 0.05, **p < 0.01, ***p < 0.005. Dependent variable: Average amount bet over nine rounds in
percent of endowment (PERCENT_BET); standard errors in parentheses.
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Further, we find a statistically significant and large influence of gender on risk appetite. In particular, the
regression predicts that male participants bet on average 12.50 percentage points more in the lottery
than female participants. This is not surprising, as the literature on financial risk-taking shows that men
prefer to take higher risks than women (Charness and Gneezy, 2012). Further, it is unsurprising that
participants who described themselves as risk-seeking in financial matters bet statistically significantly
higher amounts in the lottery (see coefficient RISK_FINANCIAL in model (III) of Table 2).

The impact of the training intervention seems to be estimated stronger in this specification. However,
also in model (III), the coefficient DEBIASING#LOW _FREQUENCY (L) is not statistically significant.
In addition, we applied randomization inference and performed permutation tests with models
(1) and (III) in Table 2.'* We tested the null hypothesis that there is no effect of the training
intervention on behavior consistent with MLA by simulating 1,000 draws of differences in percentage
amounts bet between H and L based on ex-post randomized treatment assignments in BASELINE and
DEBIASING and recording the 1,000 interaction effects. The rarer the simulated interaction effects
are greater than the actual interaction effect, the lower the permutation p values for the interaction
term DEBIASING#LOW_FREQUENCY(L) (line “Permute p DEBIASING#LOW_FREQUENCY(L)”
in Table 2). The lower these p values, the higher the probability (1 — p) that the actual treatment
allocation caused the observed effect. This probability is clearly lower than 95% in both specifications,
which confirms the statistical insignificance of the training intervention on MLA. We tested for
multicollinearity by calculating variance inflation factors (VIFs), which indicates that multicollinearity
is not a primary concern (the VIFs of all independent variables in model (III) are below 3.50).
Consequently, the simulation and the parametric results indicate either a null effect or a lack of
statistical power or data quality to detect an effect of the training intervention on MLA of the given
magnitude.

Recent evidence on the replicability of social science experiments provides an estimate of the average
relative effect size of true positives, which is around 71% (Camerer et al., 2018). Nevertheless, in
contrast to the original study (Gneezy and Potters, 1997), we ran the experiment online; thus, having
to differ slightly from the original instructions. Therefore, for this study, we applied an even more
conservative approach. We based the power calculations of the interaction term on an expected
difference in risk-taking between participants in L and H, amounting to about 67% of the original
difference of 16.90 percentage points in Gneezy and Potters (1997). Consequently, we ensured a
sufficient number of participants to guarantee 80% power to detect an 11.30 percentage point reduction
in MLA-compliant behavior through the training intervention.'®> However, the actual difference between
L and H (8.30 percentage points) measured in this study in the BASELINE treatment corresponds to
only about 49% of the original effect size in Gneezy and Potters (1997).

Thus, we tested whether the statistical insignificance of the interaction is due to a lack of statistical
power or data quality or whether the effect is virtually equivalent to zero. To do so, we performed
an equivalence test (TOST regression) to the specifications in models (II) and (III) in Table 2.'°
We set a minimum relevant effect size of § = & 0.083. This is rather conservative, as this minimum
relevant interaction effect size corresponds to the actual difference between sub-treatments L and
H in the BASELINE treatment, which the intervention was intended to correct. Nevertheless, we
cannot provide strong statistical support for the null hypothesis with respect to the coefficient

14We used the user-written program “ritest” in Stata (He(3, 2017).
15See the pre-registration for details.
16We used the user-written program “tostregress” in Stata (Dinno, 2017).
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DEBIASING#LOW_FREQUENCY (L) (model (II): p(T > t;) = 0.003, p(T > t,) = 0.085; model
(IID): p(T > t;) < 0.005, p(T > t,) = 0.196). We conclude that we are statistically indeterminate and
would need more data or better data quality to detect a difference or an equivalence with the null
(Tryon and Lewis, 2008). In the next step, we collected the last point and applied an exploratory
approach by checking whether the result is driven by inattentive participants and, thus, noisy data, as
the experiment was conducted online due to the COVID-19 pandemic.

4 Possible Drivers

First, we analyzed the time each participant spent on the instruction screens.'” Sufficient attention and
seriousness is a prerequisite for successfully treating participants with the training intervention, as the
intervention provided the relevant information only implicitly through experience sampling. We argue
that participants who did not take enough time to read the instructions for stage 1 and stage 2 of the
experiment could be a source of noise in the data. This could be a possible reason for the ambiguity
regarding the hypothesis and the equivalence test. On the other hand, participants who spent an
excessively long time on the instruction screens could also be a problem, and we are cautious in
assuming that these participants performed the experiment with the necessary diligence and without
being distracted. For example, 76 out of 894 participants (8.50%) spent a total of less than 2 minutes
on both instruction screens in stage 1 and stage 2 and 153 out of 894 participants (17.11%) spent a
total of more than 1 hour on these screens. To get an impression of the required time to sensibly read
the instructions, participants had to read on average 1,196 words in total over all treatment and
sub-treatment combinations on both instruction screens. This should take a native German speaker

around 6.68 minutes on average (Trauzettel-Klosinski and Dietz, 2012).

We followed Downs et al. (2010) who find that the exclusion of participants in the top decile of
processing times in an Mturk sample statistically significantly distinguishes attentive from non-attentive
participants. Although the authors indicate that the prediction quality of this cut-off point is far from
perfect, it still provided us with a validated reference for our data cleaning process. Furthermore,
Downs et al. (2010) argue that unmotivated and inattentive participants might not always click quickly,
but rather act distracted and simultaneously do something else. Combined with the detection of
disproportionately long processing times in the data, we decided to trim the sample symmetrically by
excluding participants with the 10% shortest and 10% longest processing times on the task relevant
instruction screens in stage 1 and stage 2 from the analyses. This left us with a total of 716 observations.
From now on, we refer to this sample as the “high attentives”. In a next step, we repeated our analyses

from Section 3.

Result 3: When excluding the participants with the 10% shortest and longest processing times
on the instruction screens from the analyses, we find a stronger corrective effect of the training
intervention on MLA-consistent behavior, which is statistically significant when controlled for age,

gender; education, field of study, investment experience, and financial risk preferences.

Figure Al in the Appendix again shows the comparison of the average lottery bet in percent of

17Because of considerations between data quality and statistical power, we did not include the processing times on the screens
that were not directly relevant to the main tasks in both stages of the experiment in the data quality checks. For the main tasks
themselves, we implemented minimum time requirements or a minimum number of iterations, as discussed previously.
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the endowment in stage 2 of the experiment between treatments BASELINE and DEBIASING and
sub-treatments H and L. The overall patterns remain similar to Figure 3, representing the full sample.
Nevertheless, among the more attentive participants, the difference in risk appetite between L and H in

the DEBIASING treatment is greatly reduced compared to the BASELINE treatment.

To test statistically for the presence of MLA-consistent behavior under both treatments among the more
attentive participants, we again applied two-sided unpaired sample t-tests and reported the results in
the upper half of Table 3. In the BASELINE treatment, we find even more statistically significant
evidence for MLA-consistent behavior than in the full sample. Here, decisionmakers in sub-treatment L
bet on average 11.90 percentage points more in the lottery than decisionmakers in sub-treatment H
(48.40% vs. 36.50%). As also shown in the upper half of Table 3, participants in treatment DEBIASING
and sub-treatment L do not bet statistically significantly higher amounts compared to their counterparts
in the H sub-treatment (62.30% vs. 57.90%, p = 0.158), which constitutes an even more insignificant

difference compared to the full sample; thus, clearly indicating no evidence of MLA-consistent behavior.

In addition, to test for the overall difference in average risk appetite between BASELINE and
DEBIASING among the more attentive participants, we repeated the previous analyses and reported
the results in the lower half of Table 3. Overall, we find a similarly large and as large a statistically
significant difference as in the full sample. Decisionmakers in the DEBIASING treatment bet on average
17.50 percentage points more in the lottery compared to participants in the BASELINE treatment
(60.20% vs. 42.70%). Among the more attentive participants, the positive effect of the training
intervention on risk-taking is clearly more strongly associated with participants in sub-treatment H
(21.46 percentage points; 36.45% vs. 57.91%) than with participants in sub-treatment L (13.86
percentage points; 48.43% vs. 62.29%), which is observable from the bottom half of Table 3. This is an
expected result of the training intervention and suggests a statistically significant difference-in-difference
effect.

Table 3: Differences in treatments and sub-treatments among more attentive partic-
ipants. The table shows pairwise differences in the average bet amount over nine rounds in percent
of the endowment between sub-treatments H and L in treatments BASELINE and DEBIASING
using two-sided unpaired sample t-tests. The table also shows pairwise differences in the average
bet amount over nine rounds in percent of the endowment between treatments BASELINE and
DEBIASING in sub-treatments H and L, separately and jointly (H + L).

Sub-Ttreatment Difference:

Treatments obs HL std.err. pr(|T|>]t])
BASELINE 363 -0.119***  (0.365-0.484) 0.031 0.000
DEBIASING 353 -0.044 (0.579-0.623) 0.031 0.158
Sub-Treatment  obs Treatment Difference: std.err. pr(|T|>]|t])
BASELINE-DEBIASING
H 340 -0.215***  (0.365 - 0.579) 0.031 0.000
L 376 -0.139***  (0.484 - 0.623) 0.031 0.000
H+ L 716 -0.175*%**  (0.427 - 0.602) 0.022 0.000

Note: * p < 0.05, ** p < 0.01, *** p < 0.005

To test for the difference-in-difference effect among the more attentive participants, we repeated the
multivariate Tobit regression analyses from Table 2 with the sample of high attentives. Model (I)
in Table 4 yields results regarding the coefficients DEBIASING and L that are consistent with the
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results in Table 2, (the results with the full sample). We tested whether the training intervention
has a statistically significant effect on MLA and again estimated the specification in equation 1 in
model (II) of Table 4. As can be seen from the coefficient DEBIASING#LOW_FREQUENCY (L), there
is a stronger estimated MLA reducing effect of the training intervention than in the full sample.
However, the effect is not statistically significant. When adding in the participants’ reported financial
risk preferences; their individual experience with financial investments; and their demographic and
socio-economic characteristics, we find a statistically significant, corrective effect of the training
intervention on behavior consistent with MLA, even though we lost statistical power when we trimmed
the sample. Specifically, the regression predicts that the training intervention reduces the H vs.
L difference in risk-taking by about 10 percentage points in treatment DEBIASING compared to
treatment BASELINE. Additionally, this significant parametric result is confirmed by the results
of randomization inference (line “Permute p DEBIASING#LOW_FREQUENCY(L)” in Table 4) 8
Interestingly, the main difference between the sample of more attentive participants and the full
sample appears to be the difference-in-difference effect, but not the level effect in overall risk appetite
between treatments, as the difference in overall risk appetite between BASELINE and DEBIASING
amounts to 17.00 percentage points in the full sample and 17.50 percentage points in the sample with
more attentive participants. We conclude that a fairly high level of attention is required to successfully
correct MLA-consistent behavior through the developed training tool as participants who did not read

the instructions carefully and with focus or were distracted might be a source of noisy data.

Furthermore, we conducted a detailed analysis of the impact of percentile cut-off points on processing
times other than 10% on the results. Specifically, we calculated corresponding effect sizes and p values
of the variable DEBIASING#LOW_FREQUENCY (L), which represents the difference-in-difference
effect, for all symmetric percentile cut-off points starting with 99/1 and ending with 55/45. As can
be seen from Figure A3 and Figure A4 in the Appendix, we find that symmetrically trimming the
sample based on the processing times clearly has a positive effect on the strength of the effect size.
Additionally, we find a U-shaped relationship between the corresponding p values and the cut-off
points.'” In summary, this suggests that the associated results in model (II) in Table 4 are not limited
to the specific cut-off point of 10%, and that there are structural differences in behavior between more
and less attentive participants.

8We re-tested for multicollinearity by considering variance inflation factors (VIFs) that suggest that multicollinearity is not a
primary concern (the VIFs of all independent variables in model (III) are again below 3.50).

19Consequently, trimming the sample increases the effect sizes, which, ceteris paribus, would reduce the p values. This is, however,
simultaneously accompanied by a loss of statistical power, and this seems to counteract the p value-lowering effect of increasing
effect sizes at some point.
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Table 4: Multivariate Tobit regression on the average percentage amount invested over nine
rounds in the lottery in stage 2 (PERCENT_BET) among the high attentives. The variable
DEBIASING is a binary dummy taking on the value 0 for participants in treatment BASELINE
and 1 for participants in treatment DEBIASING. L represents a binary dummy variable taking the
value 1 for decisionmakers in the low-frequency feedback sub-treatment and O for their peers
in the high-frequency feedback group, i.e., H. DEBIASING#LOW_FREQUENCY (L) represents
an interaction term between DEBIASING and L. AGE indicates the participants’ age in years,
MALE is a binary dummy taking the value of O for female subjects and 1 for male participants.
STUDY_ECONOMICS is a binary variable, which equals 1 for participants enrolled in economics,
business, and business law and 0 for all other study programs. INVESTMENT _EXPERIENCE
is a dummy taking the value of 1 for decisionmakers who had already invested in financial
products and O for participants who had not. GRADUATE is a binary dummy taking a value of 1
for graduate students and O for undergraduate students. RISK_FINANCIAL is an ordinal variable
representing self-reported risk preferences on a 10-point Likert scale in the financial domain.
“Permute p” reports the p values of the corresponding coefficient, obtained from permutation tests
with 1,000 random draws.

Model (I) Model (II)  Model (III)

DEBIASING 0.194"* 0.231" 0.249***
(0.025) (0.036) (0.034)
LOW_FREQUENCY(L) 0.094*** 0.128** 0.145**
(0.025) (0.035) (0.033)
DEBIASING#LOW_FREQUENCY(L) —0.071 —0.101*
(0.051) (0.047)
MALE 0.129***
(0.027)
AGE 0.006*
(0.003)
GRADUATE 0.013
(0.040)
STUDY_ECONOMICS 0.024
(0.026)
RISK_FINANCIAL 0.030**
(0.005)
INVESTMENT_EXPERIENCE 0.007
(0.028)
Constant 0.388** 0.370** —0.135
(0.022) (0.025) (0.087)
Permute p DEBIASING#LOW_FREQUENCY (L) 0.177 0.047
Observations 716 716 716
Prob. > Chi? 0.000 0.000 0.000
Pseudo R? 0.097 0.100 0.245

*p < 0.05, **p < 0.01, ***p < 0.005. Dependent variable: Average amount bet over nine rounds in
percent of endowment (PERCENT_BET); Standard errors in parentheses.
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5 Conclusion

In this paper, we presented a novel tool to reduce or eliminate behavior consonant with the theory
of myopic loss aversion (MLA) in a training intervention. Specifically, we conducted a large-scale
online experiment with 894 student participants which consisted of two main stages. In the first stage,
participants in the debiasing treatment underwent the training intervention. We used experience
sampling as well as graphic and numerical illustrations as a means of communication of lottery results
to convey the basic characteristics of the lottery originally introduced in Gneezy and Potters (1997).
In the baseline treatment, participants played the game Minesweeper as a filler task. In the second
experimental stage, in which treatments did not differ, the susceptibility of participants to MLA was
determined. We found behavior consistent with MLA in the baseline treatment, whereas we did not
find behavior consistent with MLA in the debiasing training treatment. Nonetheless, we found no
statistically significant difference-in-difference effect of the training intervention on participants’
susceptibility to MLA. This result was also supported by randomization inference. Nevertheless, we

found that the training intervention increased overall risk-taking among participants.

In an exploratory approach, we analyzed whether the (in)attention of participants was driving the
result. We found that a considerable number of participants spent a disproportionately long or short
period of time on the instruction screens. Therefore, we trimmed the sample and excluded participants
with the 10% shortest and 10% longest processing times on the instruction screens from the analyses.
Based on this sample of more attentive participants, we found a statistically significant effect of the
training intervention on the susceptibility of participants to MLA when we controlled for age, gender,
field of study, education investment experience, and financial risk preferences. We can conclude that
experience sampling with the help of graphical and numerical representations corrects behavior
consistent with MLA only in relatively attentive participants. We consider these findings to be important
because, especially in some European countries, a shift from public pension savings to private pension
savings might be foreseeable and the relevance of investments in financial products with higher
volatility for private individuals might increase due to the minimum/negative interest rate policy in the
most important financial markets. The presented debiasing tool can play a role in improving the
quality of people’s decisions.

The results in this paper also emphasize the importance of shrewd attention and a lack of long inter-
ruptions among participants in training interventions to ensure a full understanding of the implications
conveyed by the intervention. Future research should rely on highly controlled environments when
training interventions are conducted that are tailored to mitigate cognitive biases, i.e., laboratory
settings where high attention and absence of distraction are guaranteed. Future research on the
effectiveness of training interventions in reducing MLA-consistent behavior could include experiments
with different pools of participants. In particular, financial professionals, as well as individuals from the
general population, could be invited to participate in the experiments. Another worthwhile research
approach would be to investigate the effect of the training intervention when it is separated in time
from the measurement of MLA. Ideally, the training intervention has long-term alleviating effects on
the susceptibility of participants to MLA.
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Appendix

Al Additional figures and tables
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Figure Al: Average amount bet in percent of endowment (high attentives).
The graph shows the average amounts bet in the lottery over nine rounds as a
percentage of the endowment of 200 talers for each treatment (BASELINE and
DEBIASING) and sub-treatment (H and L)and sub-treatment. The whiskers
represent 95% confidence intervals.
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Figure A2: Percentage amount bet in each round. The graph shows the
average amounts bet in the lottery in each of the nine rounds as a percentage
of the endowment of 200 talers in sub-treatments H and L. The upper graph
displays data for treatment BASELINE and the lower graph shows data for
treatment DEBIASING.
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Model (IT) Model (I1T)

p value DEBIASING#LOWFREQUENCY(L)
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Figure A3: p values for different percentiles of trimmed processing times
(top/bottom). The graph shows the relationship between the p value of the coefficient
DEBIASING#LOW_FREQUENCY(L) and different cut-off points. For example, for the 20th
percentile, we excluded the participants with the 20% slowest and 20% fastest processing times on the
two task relevant instruction screens in both treatments BASELINE and DEBIASING. Model (II) and
model (IIT) show the respective results for the according specifications in Table 2 and 4.
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Model (IT) Model (I1T)
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Coefficient DEBIASING#LOWFREQUENCY(L)
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Figure A4: Coefficients for different percentiles of trimmed processing times (top/bottom).
The graph shows the relationship between the coefficient DEBIASING#LOW_FREQUENCY(L) and
different cut-off points. For example, for the 20th percentile, we excluded the participants with the
20% slowest and 20% fastest processing times on the two task relevant instruction screens in both
treatments BASELINE and DEBIASING. Model (II) and model (III) show the respective results for
the according specifications in Table 2 and 4.



A2 Screenshots of the software

A2.1 Intro

Welcome to the experiment
Please answer the following question before the experiment starts.

Which terminal are you currently using?

O Laptop/PC
O Smartphone
O Tablet

Figure Al: Question on terminal device

General instructions for the experiment

Dear participant,

T . econlab
Thank you for participating in this online experiment!
Please read the instructions for the experiment carefully. All statements in the instructions are true. The amount of your
payoff at the end of the experiment also depends on how well you have understood the instructions. The experiment and
the evaluation of the data are anonymous. Your answers will only be evaluated for the purpose of scientific research.

The participation takes about 25 minutes and is paid with Amazon vouchers. Please note that you will only receive a payoff
if you have completed the experiment. The Amazon voucher will be sent by e-mail. For this purpose, we ask you to enter
your valid student e-mail address at the end of the experiment.

The experiment consists of two parts and a final questionnaire. The instructions are given at the beginning of each part.
The specific instructions for each part can also be called up at any time during the experiment by clicking on the button
“Instructions”. All perscnal designations in the experiment apply to all genders.

By clicking on “Next” you accept the above conditions, the terms of use and privacy policy of the Innsbruck EconlLab.

Figure A2: General Instructions



A2.2 Treatment: BASELINE

Instructions for Part 1

In Part 1 of the experiment you will play the game "Minesweeper”. Note that your success in this game will not affect your
payout. The game starts when you click on the button "Start New Game".

Your task is to mark all 30 fields under which there is a mine. A game ends when you uncover a field under which a mine is
located or when you correctly mark all fields under which a mine is located. If you assume that a mine is hidden under a
field, you can click on it with the right mouse button to mark the field with a flag. By right-clicking on the field again, you
can unmark it.

Analyze the patterns. For example, if a 2 is displayed in a field, then there is a mine under 2 of the 8 adjacent fields. For
example, if a field displays the number §, then there is a mine under each of the adjacent 8 fields. If you do not know which
field to click on, you should enter unexplored territory. It is better to click in the middle of an area of unmarked fields than
in an area where you think there might be mines. During the game, you will be shown in the upper left carner how many
mines are left according to your marking.

If you have solved a minefield or the game has ended because you uncovered a field with a mine, please click again on the
button "Start New Game" to start a new game.

Regardless of your results in this game, you can continue the experiment by clicking on the "Next" button, which will be
displayed after 10 minutes and at least 5 repetitions of the game.

Below you can see an example of the game with a solved minefield. You can trace the marking logic by looking at the
individual numbers next to the fields.

Part 1 - Minesweeper ‘ Time: 02:27 ‘ Repetitions: 1

Start the game by clicking on “Start New Game".

Instructions

Figure A3: Instructions Filler Task



Part 1 - Game "Minesweeper”

You now start with Part 1 of the experiment.

Part 1 - Minesweeper

Figure A4: Transition Filler Task

Time: 00:30 ‘ Repetitions: 0

Start the game by clicking on "Start New Game".

Instructions

VT T T T T T
VS T T T T T
VS T T T T T
VS T T T T T
VS T T T T T
VT T T T
VT T T T o

VT T T T T T T
VT T T T
VS T T T T T
VS T T T T T
VS T T T T T
VT T T T
VT T T T o
VT T T T T T
VT T T T T
VS T T T T

Figure A5: Filler Task
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A2.3 Treatment: DEBIASING

General  Simulation A Simulation B

Instructions for Part 1

In Part 1 of the experiment you will see two simulations, A and B, of a lottery. To illustrate the lottery over 9 rounds, a
fictitious initial endowment of 200 Taler per round is available. You can choose an amount "x" in Taler between 0 or 1 and
200, which will be used to illustrate the lottery. In Part 1 of the experiment, all amounts are fictitious and will affect not
your payout. Part 1 is intended solely to illustrate the characteristics of the lottery. Please note, however, that in Part 2 of
the experiment, you can bet payout relevant amounts into the same lottery and your understanding from Part 1 of the
experiment can affect your decisions in Part 2 and thus the amount of your payout in Part 2. Both simulations deal with the
same lottery, which has the following characteristics:

With a probability of 2/3 (67%) you will lose the amount you bet and with a probability of 1/3 (33%) you will win
two and a half times (2.5 times) the amount you bet.

If you win the lottery in a round, you will receive + 2.5 - x for that round from the lottery. If you lose in a round in the
lottery, you will receive — x from the lottery for that round. The total wealth per round corresponds to the win (+2.5 - x)
or loss (- x) from the lottery and the initial endowment of 200 Taler that you receive in each round.

SCENARIOS

Both simulaticns, A and B, are based on the same two scenarios, whereby these two scenarios differ only in the amount
bet into the lottery described above. In the following, the two scenarios are described.

Scenario 1: "Lottery bet not reduced”
In the first scenario, marked “Lottery bet not reduced”, the amount "x" you have chosen will be bet in the lottery. The
amount bet remains constant in each of the 9 rounds.

Scenario 2: "Lottery bet reduced”

In the second scenario, which is marked with "Lottery bet reduced”, the amount "x" you have chosen will be bet into the
lottery, as in scenario 1. The bet amount remains constant. However, if a loss occurs in one of the 9 lottery draws, the
amount “x" you originally selected will be reduced by 20%. This new reduced amount (80% of the criginally chosen
amount) will then be bet into the lottery in each round following this loss. If a loss occurs again in later rounds, the
originally selected amount “x" is reduced again by 20%. This further reduced amount (60% of the originally chosen
amount) is then bet into the lottery in each round following the second loss. This principle is also applies after each further
loss. Thus, if five or more losses occur, an amount of zero is bet into the lottery in all subsequent rounds. In summary, this
means that after each loss, 20% less will be bet into the lottery than you originally chose.

Next

Figure A6: General Instructions Intervention
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General Simulation A Simulation B

Instructions for Simulation A

How do you run Simulation A?

First you are asked to enter a fictitious amount "x" in Taler between 0 and 200, which is to be used to simulate the lottery
over 9 rounds (draws). Then click on the button "Confirm Amount” to confirm the entry.

Then you can choose how you want to simulate the lottery over 9 rounds (drawings). If you want to simulate the lottery
automatically in one go, please click on the button "Continuous”. If you prefer to simulate the lottery manually round by
round (or draw by draw), please click on the button "Step by step”. In both cases, it will be drawn 9 times from the lottery
for each simulation.

After 9 rounds (draws), which corresponds to a one-time execution of the simulation, you will be asked again to enter a
fictitious amount "x" in Taler between 0 and 200 with which the simulation of the lottery is to be performed and the
process starts again. You must execute simulation A 15 times to continue the experiment.

What does Simulation A show?

You will see a graphic with two bars. Each of these two bars shows the accumulated total wealth in each of the 9 rounds,
based on one of the two previously described scenarios (see instructions "General”). As can be seen in the example
screen of Simulation A at the bottom of this page, the left bar represents the scenario “"Lottery bet not reduced” and the
right bar represents the scenario "lottery bet reduced”.

If you click on one of the bars, you will see the total wealth from each round in that scenario. To return to the original chart,
click on the button "Back to the wealth comparison”.

In addition to the chart, you will also see a table showing the total wealth in each round and scenario. At the end of the 9
rounds, this table will show you the total wealth after 9 rounds, which is the sum of the total wealth of each round and
therefore corresponds to the height of the bars. In addition, you can see in each round whether there was a win or a loss.

Below is an example of simulation A.

Part 1 - Simulation A: |llustration of the Lottery over 9 rounds Executions: 1

Please indicate which amount between 0 and 200 should be used to illustrate the lottery.

Taler Instructions

You have decided that an amount of 100 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the

simulation at least 15 times to continue the experiment.

Comparison of total wealth between both scenarios

SCENARIOS
Fowa (oI OTA Dnce eatrten '
1 450,00 450 00 0.00 Won g 190.00 1850.00
2 100.00 10000 0.00 Lost -
3 100.00 120 00 200 Lot .
4 100.00 140.00 “an00 Lost o0
5 100.00 160 00 8000 Lost L
8 450 00 250 00 200 00 Won
7 450.00 250.00 200,00 Won
8 100 00 180 00 80.00 Lost I -
9 100.00 200.00 10000 Lost m
T195000  T1850.00 T 40000

Figure A7: Instructions Simulation A
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General Simulation A Simulation B

Instructions for Simulation B

How do you run Simulation B?

First, you are asked to enter a fictitious amount "x" in Taler between 1 and 200, with which the simulation of the lottery
should be run. Then click on the button "Confirm Amount” to confirm the entry.
Click on the button "Start Simulation” to start the simulation. You must run Simulation B at least 2 times so that the

experiment can be continued.
What does Simulation B show?

You will see two graphics showing the distribution of simulated total wealth after 9 rounds in the lottery. There are 135,000
lottery draws, which corresponds to 15,000 repetitions of the lottery over 9 rounds and thus 15,000 cumulated total wealth
realizations after 9 rounds. The left graphic shows the distribution of total wealth after @ rounds in the first scenario
("Lottery bet not reduced”) and the right graphic shows the distribution of total wealth after 9 rounds in the second scenario
(“Lottery bet reduced”). Due to the large number of lottery draws, the underlying characteristics of the lottery based on the
respective scenarios can be illustrated here in addition to Simulation A. The higher a bar is, the more often total wealth
after 9 rounds was in the corresponding range. If you move the mouse over the individual bars, you will also see what
percentage of all previous total wealth realizations after 9 rounds are in this area. At the end of the simulation, the average
value of the total wealth after 9 rounds in both scenarios is shown in the respective graphic by a vertical dotted line with

the text "Mean”.

Below is an example of simulation B.

Part 1 - Simulation B: Distribution of simulated total wealth after 9 rounds Executions: 1 Draws: 15000/15000
Please indicate which amount between 1 and 200 should sed o illustrate the lottery
You have decided that an amount of 100 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the simulation at least 2 times

to continue the experiment.

Distribution of 1otal wealth after & rounds In Scenario Distribution of total wealth after 9 rounds in Scenario
“Lottery bet reduced” “Lottery bet reduced”
EH 4
- H
- I
E e

Tonal wealth after § rounds otal wealth afies 9 rounds

Figure A8: Instructions Simulation B



Part 1 - Simulation of the Lottery

You now start with Part 1 of the experiment.

Figure A9: Transition Intervention

Part 1 - Simulation A: Illustration of the Lottery over 9 rounds ‘ Executions: 1

Please indicate which amount between 0 and 200 should be used to illustrate the lottery.

Taler Confirm Amount Instructions

You have decided that an amount of 100 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the
simulation at least 15 times to continue the experiment.

Comparison of total wealth between both scenarios

SCENARIOS
2500
Round LOTTERY BET LOTTERY BET Difference Realization
NOT REDUGED REDUCED
1 450 00 45000 000 Won 5 2000 1990-00 1850.00
=
2 100.00 100.00 0.00 Lost =
£ 1500
3 100.00 120.00 2000 Lost :
4 100.00 140.00 4000 5| 2 1000
H
5 100.00 160.00 6000 [ost E
o 500
6 450.00 250.00 200.00 Won
7 450.00 250.00 200.00 Won 0
Lottery bet not reduced Lottery bet reduced
8 100.00 180.00 8000 [Lost
9 100.00 200.00 F100.00 [Cost Step by Step

7 1950.00 7 1850.00 % 100.00

Figure A10: Example of Simulation A
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Part 1 - Simulation B: Distribution of simulated total wealth after 9 rounds Executions: 1 Draws: 15000/15000

Please indicate which amount between 1 and 200 should be used to illustrate the lottery.

Taler onfirm Amoul Instructions

You have decided that an amount of 200 Taler per round should be bet in the lottery for the 1. execution of the simulation. You must execute the simulation at least 2 times
to continue the experiment.

Start Simulation

Distribution of total wealth after 9 rounds in Scenario Distribution of total wealth after 9 rounds in Scenario
“Lottery bet not reduced” “Lottery bet reduced”
8000 T 8000 T
Nz 3F
7000 S 7000 el
i i
~i S
6000 5000
5000 | 5000
Z z =
H H
3 4000 3 4000
T z
2 2
s &
3000 3000
2000 2000
1000 1000
0 0
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Total wealth after 9 rounds Total wealth after 9 rounds

Figure A11: Example of Simulation B
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A2.4 MLA Elicitation

A2.4.1 Low Frequency Feedback

Instructions for Part 2

Part 2 of this experiment consists of 9 consecutive rounds. In each of the 9 rounds, you will receive 200 Taler as initial
endowment. You must decide in every third round what amount "x" of your initial 200 Taler you wish to bet in a lottery
with the following characteristics:

With a probability of 2/3 (67%) you lose the amount you bet and with a probability of 1/3 (33%) you receive two
and a half times (2.5 times) the amount you bet.

Be aware that you make your decision for the current round as well as for the 2 following rounds. So if you decide to bet
an amount "x" in round 1 in the lottery described above, you automatically decide to bet the same amount "x" in this
lottery in rounds 2 and 3. Therefore your decision is always valid for 3 consecutive rounds.

If you win in the lottery in one round, you will receive +2.5 - x from the lottery for that round. If you lose in a round in the
lottery, you will receive — x from the lottery for that round. Your total wealth per round is equal to the win (+2.5 - x) or
loss (- x) from the lottery plus the initial endowment of 200 Taler you receive in each round.

In the following table you will see a general example of how to calculate your total wealth for the first 3 rounds.

Realization of the Lottery
Bet nt Total Ith after 3 d
amou Round 1 - Round 2 - Round 3 otal wealth atier < rounds

x (0 =x=200) Won-Won-Won 600 + 25-3-x
x(0=x=200) Won-Won-Lost G00-x+25-2-x

x (0 =x=200) Won-Lost-Won 600-x+25-2-x
x(0=x=200) Won-Lost-Lost 600-2-x+25-x

x (0 =x=200) Lost-Won-Won 600-x+25-2-x
x(0=x=200) Lost-Won-Lost 600-2-x+25-x

x (0 =x=200) Lost-Lost-Won B00-2.-x+25-x
x(0=x=200) Lost-l ost-Lost 600-3-x

At the end of the third round, your cumulative total wealth from the last 3 rounds (1 to 3) is displayed. At the beginning of
the fourth round you will be asked to make your decision for the next 3 rounds (4 to 6). Your initial endowment for each of
these 3 rounds is again 200 Taler, of which you can again bet an amount in the lottery described above for rounds 4 to 6.
At the end of the sixth round you will be shown your cumulative total wealth from the last 3 rounds (4 to 6). This process is
repeated in the following 3 rounds (7 to 9). Your total wealth from round 4 to 6 and round 7 to 9 is also calculated
according to the calculation example above (see table).

Note that your total wealth from all rounds is collected. This means that any wealth already accumulated will not be
available for use in the lottery in later rounds. At the end of this part, your total wealth over all nine rounds is added up
and displayed in a ratio 1:400 converted to Euro. This sum determines the value of your Amazon voucher for this

experiment.

Figure A12: Instructions Elicitation - Low Frequency
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Part 2 - Betting in the Lottery

The experiment is now continued with Part 2. Note that the decisions in this part are payoff relevant.

Figure A13: Transition Elicitation

Round 1von &

O
Part 2 - Betting in the Lottery

Please specify in the field below, which amount “x" of your initial endowment of 200 Taler per round you would like to bet
for this round as well as for the next 2 rounds in a lottery with the following characteristics

With a probability of 2/3 (67%) you will lose the amount you bet and with a probability of 1/3 (33%) you will win
two and a half times (2.5 times) the amount you bet.

¥ =

Instructions

Figure A14: Example of First Three Rounds

Round 3 of 9

|
Part 2 - Your total wealth

The following table shows the realizations of the lottery draws in rounds 1, 2 and 3 and your total wealth in Taler from

these three rounds.

Round Realization of the lottery Total wealth
1 Won
2 [Losi 1000.0 Taler
3 Won

Figure A15: Example of First Three Rounds (History)
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A2.4.2 High Frequency Feedback

Instructions for Part 2

Part 2 of this experiment consists of 9 consecutive rounds. In each of the 9 rounds, you will receive 200 Taler as initial
endowment. In each round you have to decide what amount x of your initial endowment of 200 Taler you want to bet into
a lottery with the following characteristics:

With a probability of 2/3 (67%) you lose the amount you bet and with a probability of 1/3 (33%) you will receive
two and a half times (2.5 times) the amount you bet.

If you win in a specific round in the lottery you will receive + 2,5 - x from the lottery for this round. If you lose in a specific
round of the lottery, you will receive — x for this round from the lottery. Your total wealth per round corresponds to the
win (+2,5 - x) or loss (- x) from the lottery and the initial endowment of 200 Taler, which you will receive in each round.

In the following table you can see a general example for the calculation of your total wealth the first round.

Bet amount Realization of the lottery: Won Realization of the lottery: Lost
x (0=x=200) 200 + 25-x 200 - x

At the end of the first round your total wealth of the first round is displayed. At the beginning of the second round you will
be asked to make your decision for the second round. Your initial endowment for this round is again 200 Taler, whereby
you can bet any amount into the lottery described above. At the end of the second round your total wealth from the
second round is displayed. This procedure is repeated in all subsequent rounds. Your total wealth will be calculated in each
round according to the calculation example determined above (see table).

Note that your total wealth from all rounds is collected. This means that any wealth already accumulated will not be
available for use in the lottery in later rounds. At the end of this part, your total wealth over all nine rounds is added up
and displayed in a ratio 1:400 converted to Eurc. This sum determines the value of your Amazon voucher for this
experiment.

Figure A16: Instructions stage 2

Part 2 - Betting in the Lottery

The experiment is now continued with Part 2. Note that the decisions in this part are payoff relevant.

Figure A17: Transition Elicitation



Round 1 of 9

G
Part 2 - Betting in the Lottery

Please specify in the field below, which amount "x" of your initial endowment of 200 Taler per round you want to bet into a

lottery with the following characteristics in this round:

With a probability of 2/3 (67%) you will lose the amount you bet and with a probability of 1/3 (33%) you will win
two and a half times (2.5 times) the amount you bet.

X =

Instructions

Figure A18: Example of First Round

Round 1of 9

]
Part 2 - Your total wealth

In the following table you can see the realization of the lottery in Round 1 and your total wealth in Taler from the first

round.

Round Realization of the Lottery Total Wealth

1 [Cosi 100.0 Taler

Next
Figure A19: Example of First Round (History)
A2.5 Exit Questionnaire and Payoff
Exit Questionnaire
We would like you to fill out a final questionnaire on the following two pages. Please answer all questions truthfully.
Afterwards you will be informed about your your total payment.
Next

Figure A20: Transition Exit Questionnaire



Personal preferences

How do you personally see yourself:

Are you in general a person willing to take risks or do you try to avoid risks in general?

not willing to take risks at all c o0 O o0 0o oo o o o0 o0 very willing to take risks

How do you personally see yourself:

Are you a person willing to take risks in financial matters or do you try to avoid risks in financial matters?

not willing to take risks at all c 0O O o0 o0 o0 o o o o0 O very willing to take risks

Figure A21: Risk Preferences
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Personal Information

How old are you?

Years

What is your gender?

O Female
O Male
O Other

What is your highest educational level?

O Highschool Diploma or Equivalent
O Bachelor's Degree

O Diplomstudium

O Master's Degree

O Doctoral degree/PhD

What is your field of study?

O Humanities

O Medicine

O Scientific/technical course of studies
O Political Science

O Sociology

O Business Law

@] Economics/Management

O Other:

Have you invested in financial products in the last 5 years (e.g. shares, funds, etc)?

O Yes
O No

Figure A22: Personal Information
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Your payout for the experiment

Your total payout from this experiment is rounded €5.00.

Please enter your valid student e-mail address in the following field so that we can send you the voucher code.

Your E-mail Adress:

Your E-mail Adress (repetiton):

Figure A23: Example of Payoff Information
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Abstract

We introduce a training intervention based on a novel tool to mitigate behavior consistent
with myopic loss aversion (MLA). We present the results of a large-scale online experi-
ment with 894 student participants. The study featured a two-step debiasing training in-
tervention based on experience sampling and a subsequent elicitation of MLA. We found
that participants at baseline exhibit behavior consistent with MLA, which was not the case
for decisionmakers who underwent the debiasing training intervention. Nonetheless, we
found no statistically significant difference-in- difference effect of the training interven-
tion on the magnitude of MLA. However, when we focused on the more attentive partici-
pants by excluding participants with the 10 % longest and 10 % shortest processing times
on the task relevant instruction screens, the magnitude of the difference-in-difference
effect of the training intervention increased strongly and became statistically significant
when controlling for age, gender, education, field of study, investment experience, and
financial risk preferences.
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