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Abstract

Whether we enjoy the fruits of a good decision or experience the fallout of a bad one, we

are always haunted by our past to some extent. Whatever the outcome may be, it is crucial

to learn from this past, especially if a new, maybe similar, decision awaits. The question

arises which aspects can be used to improve the expected outcome of the new decision and

which aspects are better disregarded. This thesis consists of three manuscripts in which I

investigate how this question is answered in the domain of investment decisions. In doing

so I also explore three potential remedies to averse effects of clinging to prior decisions:

Improved information, increased mental distance and decreased personal involvement.

The őrst manuscript looks speciőcally at how previous gains or losses inŕuence the

way in which a decision maker learns from a new signal. I show that this investment

position (i.e., whether the investment has created a gain or a loss so far) interacts with the

favorability of the new information (i.e., whether it is good or bad news). This interaction

can lead to beliefs that may underlie well known and proőt harming investment behaviors

such as the Disposition Effect. I develop an extended Reinforcement Learning model that

captures this interaction in the learning rate and show that it represents the data of an

investment experiment better than competing models. In a second part of the experiment

I also show that this interaction effect can only be overcome if participants are provided

with very clear information such as revealing the true probability of the next price move.

The second manuscript builds upon the őndings of the őrst. It presents a different in-

vestment experiment in which I aim to improve participants’ belief updating by increasing

the perceived mental distance from their initial investment decision as well as the devel-

opment of their investment. In the őrst of two treatment conditions participants were

blocked from changing their investment for a number of rounds. In the second treatment

condition participants could neither change their investment nor track its development for

the same number of periods. I show that in the treatment conditions participants’ beliefs

indeed approach those of a Bayesian updater calculating the objective probabilities. How-

ever, only the condition in which both the investment and information was blocked was

sufficient to render this improvement signiőcant.

Finally, the third manuscript continues the theme of involvement. It uses a sample

of professional decision makers to replicate a study aimed at investigating the sunk cost

fallacy. In the experimental task, participants could choose one of six lotteries. These

lotteries were either framed as an investment into a startup or as the hiring of a consultant,

that would then invest on the participants’ behalf. Participants were generally less likely

to change their chosen investment option after a bad outcome if their previous decision

was framed as their own investment (i.e. they were directly involved) rather than as hiring

a consultant (and thereby having "someone to blame"). Additionally I őnd that this effect

was only signiőcant for younger participants, which could indicate that these negative

effects of involvement may fade with increasing experience.
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Chapter 1

Introduction

"If seven maids with seven mops

Swept it for half a year,

Do you suppose," the Walrus

said, "That they could get it

clear?"

"I doubt it," said the Carpenter,

And shed a bitter tear.

–Lewis Carroll,

The Walrus and the Carpenter

The process of taking in information and using it to arrive at a decision is far from

being well understood, despite it being ubiquitous in everyday life. One might

have to decide within a split second what to do to avoid a collision while driving;

One might ponder endlessly about what food to order from the menu. From the

essential to the mundane, we must assume that there are common mechanisms

at play, inŕuencing how we ultimately arrive at a decision. Firstly, one needs an

internal model of the world, ideally one which corresponds well with the physical

outside world and is informed by all the relevant information gathered so far. Next,

one needs to make a prediction about possible outcomes. Will I be able to brake

in time or should I swerve to the side? Will I like the vegetarian burger, or will

I regret not getting the pasta? This internal model and the beliefs about future

outcomes also need to be regularly updated with any new relevant information that

occurs (Rangel et al., 2008). A friend might mentions that they did not like the

pasta that much the last time they were at this restaurant. This information can

be used to adjust ones beliefs. It is now unlikely that you will regret not getting
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the pasta. The focus of this cumulative dissertation will lay on the last aspect

described in this example: What happens when new information is gathered, how

does it inŕuence our beliefs and thereby our decisions, and how is this inŕuence

changed by the decisions that came before?

Multiple approaches can be taken when studying these mechanisms. One is to

rely on situations in which repeated decisions are naturally made and data can be

readily collected. For example, one can look at the data of people investing in the

stock market and try to understand their decisions from the recorded trades. A

clear drawback of this approach is that the environment in which the decisions are

made and recorded is inherently noisy, and the researcher has no control over it. If

these aspects are of primary importance, a better idea might be to run a laboratory

study with a simpliőed task, such as decisions between risky lotteries. There,

each aspect of the experiment is under the full control of the researcher. These

risky decision tasks have become the workhorse of economic psychology and have

lead to many insights into peoples risk calculation and decision making processes.

Nonetheless, it is a strong abstraction from situations one might encounter in real

life. Between these two extremes Ð from extreme realism to extreme control

Ð simulated investment tasks offer a great compromise. While they can closely

simulate decisions that are encountered by many people in daily life, they also

allow the researcher some control by setting the attributes of the simulated asset

market. For this reason the őrst two manuscripts make use of such a simulated

investment task framework, while the last manuscript also strikes a similar balance

between realism and control in its experimental design.

The őrst manuscript in this dissertation (Chapter 2) focuses on establishing

the inŕuence of the context in which new information is received.1 In detail, it

shows how, in the domain of investment decisions, a good or bad situation (having

made a gain or a loss with an investment) interacts with good or bad news (a value

in- or decrease of the investment) to inŕuence how the new information impacts

investors’ beliefs. The second manuscript (Chapter 3) builds upon this őnding.

It postulates that the inŕuence of these situational factors ("context") may be

due to the investor’s strong involvement with their investment and their decision

to invest. In line with this hypothesis it shows that an intervention in which

1Note, that here the word "context" is not used to describe alternative options in the choice
environment such as in the "context effects" (see for example Busemeyer et al., 2007). Instead, the
"context" is here speciőcally comprised of two variables described further in the őrst manuscript:
Whether the information is received while in a good or bad situation and whether the type of
investment renders the information favorable or not.
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participants have to wait a number of rounds before receiving information about

how their investment fared does signiőcantly improve belief formation. Lastly, the

third manuscript (Chapter 4) investigates the role of involvement more directly.

In an experiment mirroring that of Chang et al. (2016) a sample of professional

decision makers are less willing to let go of a losing investment if it is framed as

"their decision to invest into a startup" rather than "them hiring a consultant to

invest in their stead". The remainder of this chapter will place the manuscripts

in this thesis in their broader context in the literature as well as provide further

background information.

1.1 Investment Decisions: Preferences and Beliefs

When pondering about whether to buy or sell an investment, one must generally

consider two main aspects. The őrst is ones preferences: How great would it be to

make a high proőt and how much would it hurt if the investment was a failure?

Much effort has been spent on researching peoples preferences in risky decisions.

This effort has lead to much insight about why people behave in ways that prevent

them from maximizing their payoff, based on "suboptimal preferences" (Tversky

& Kahneman, 1992; Barberis & Xiong, 2012; Odean, 1998). The second aspect

is the probabilities that one ascribes to the possible outcomes, or in other words

the "beliefs" about the outcome probabilities. As much pleasure as a high return

might bring, if it is very unlikely to happen the investment may not be worth the

risk.

Whether one watches each trade closely or checks their investments only once

in a while, the assets value will most likely have in- or decreased by some amount.

Each of these price movements can be viewed as an entry in a series of binary out-

comes (Oskarsson et al., 2009) the next of which is to be predicted. An ever growing

body of literature now investigates the role that these outcome expectations and

beliefs play in investment decisions (e.g., Grosshans et al., 2020; Greenwood &

Shleifer, 2014; Kuhnen, 2015; Kuhnen et al., 2017; Fischer & Maier, 2019). The

research in this thesis points toward the possibility that part of the mismatch be-

tween the observed behavior and that which would maximize proőts could be due

to the way expectations are formed.
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1.2 Motivated Beliefs

While risk preferences are generally considered to be relatively constant (especially

within a certain domain, Frey et al., 2017), beliefs and expectations are highly

dependent on the current situation as well as the surrounding information and are

therefore more malleable. One explanation for how such beliefs may divert from

the ones held by a rational actor is presented by Fischer & Maier (2019), who de-

scribe a mechanism of "motivated belief distortion". In this mechanism, a decision

makers’ beliefs are linked to their valuation, that is, their preferences. In detail,

motivated belief distortion would lead someone to believe what seems most favor-

able to them in terms of utility (Fischer & Maier, 2019; Bénabou, 2015), especially

in ego-relevant tasks (Drobner, 2022, but see also Ertac, 2011 who generally őnd

pessimism in ego-relevant feedback). Some evidence even suggests that people are

not a "victim" of these mechanisms, but are actively willing to distort their beliefs,

given the right circumstances (Saccardo & Serra-Garcia, 2023).

Bénabou & Tirole (2016) distinguish three strategies of self-deception leading

to motivated beliefs: strategic ignorance, reality denial and self-signaling. The

manuscripts in this thesis are mainly concerned with the reality denial strategy,

as these strategies work not by completely ignoring or avoiding information, but

under- or overweighting its importance. Whether such reality denial takes place

depends on a number of factors, one of which I propose to be the involvement of a

decision maker with their decision, or the contrary, the psychological distance to the

previous decision. Psychological distance is a well established concept stemming

from construal level theory (Trope & Liberman, 2003) and can take on multiple

forms. Most important for this thesis are the temporal and social distance as well

as the informational and affective distance concept proposed by Fiedler (2007).

Especially for the concepts of affective and social distance, respectively, aspects

such as ego-relevance of the outcome (Drobner, 2022) and personal responsibility

(Chang et al., 2016; Martens & Orzen, 2021) can play a critical role.

One mechanism which may then decrease psychological distance and thereby

drive beliefs to get distorted is that of cognitive dissonance (Festinger, 1962). As

an example, assume an investor őnds themselves having made a "paper loss", that

is, a loss which they have not yet "realized" by selling the asset. This loss is

at odds with a potential, ego relevant, inner narrative of being a good investor

who makes good investment decisions. To resolve this dissonance, the investor can

either correct the narrative in accordance with the new evidence (and admit to
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having made a mistake), or they can adjust their belief about the investment itself

to őt the narrative (believing that the price will surely bounce back, and that the

investment was a good idea after all). It is clearly in the best interest of ones self

worth to adjust the beliefs and convince oneself of a brighter future than may be

warranted.

Such a mechanism of belief updating could for example lead to overconődence

which impacts real investment decisions and can lead to behaviors such as the

disposition effect. The disposition effect is the tendency of investors to sell gains

very quickly while holding on to losses for longer (Shefrin & Statman, 1985). As

stock prices often continue their momentum (at least historically for three to 12

months; Jegadeesh & Titman, 1993) this behavior can hurt an investor’s overall

return. This connection between overconődence and the disposition effect was

also drawn by Hanspal (2017), who őnds a group of Danish investors with a high

disposition effect measure to have signiőcantly higher expectations about future

returns than a matched group with lower disposition effect values.

A similar but distinct belief-based mechanism is mentioned by Odean (1998)

who proposed a belief in mean reversion of the price to potentially underlie the

disposition effect. An investor who believes in mean reversion will not only assume

that a loss will be recovered, as was the case for cognitive dissonance, but will as-

sume that any gain is also only due to temporary ŕuctuations of the price. Overall,

such an investor believes that the price will always tend to revert back to the initial

buying price (i.e., a belief in "buying price reversion"). This assumption is closely

linked to the concept of mental accounting, where making a new investment can be

viewed as "opening up a new mental account". An investor will then track gains

and losses not on the level of the portfolio but relative to the initial balance of that

account (Shefrin & Statman, 1985; Thaler, 1999).

Under the assumption of such a belief in buying price reversion it would be rea-

sonable to hold on to losses and sell gains as quickly as possible, hence leading to the

disposition effect. Jiao (2017) őnds evidence that such mean reversion beliefs sig-

niőcantly contributed towards the disposition effect in an experimental investment

task. He however reports notable between subject variability, with 12.5% of par-

ticipants reporting extrapolative beliefs within their investments. Similarly mixed

evidence can be found in a seminal experiment by Weber & Camerer (1998), in

which participants invested in price paths with upward or downward trends, trying

to discern which might be the most proőtable. Here the authors őnd that people

do indeed buy more stocks after losses than after gains, hinting at a belief in mean
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reversion. However, in a second condition in which stocks where sold automatically

after each period and could be bought back at no additional cost participants more

willingly let go of their losses, indicating that the disposition effect stemmed from

a reluctance to sell rather than from misguided beliefs. One could however ar-

gue that participants’ knowledge about the "one shot nature" of the automatically

sold investments would remove the need for mental accounting and could thereby

have inŕuenced how they formed their expectations, mitigating a belief in mean

reversion that could otherwise have developed. While the authors also show that

participants where proőcient in recognizing which assets had an upward trend, they

did not directly elicit participants’ expectations about the price movements during

the study.

1.3 Reinforcement Learning

When investigating how people learn and adapt to new information it is essential to

have a model of this updating process. The most prevalent of these models found in

the literature are Bayesian updating and reinforcement learning. Bayesian updat-

ing is based upon the principles of probability theory and describes how one would

optimally incorporate new information into a prior held belief. Reinforcement

learning simpliőes this task by proposing that an updated belief always consists

of a weighted average between the previously held belief, and the newly acquired

evidence. While it is often used to update the value a decision maker ascribes to

an option, the same technique can be used to reŕect the formation of expectations

and learning about the probability of an outcome (Sutton & Barto, 2018). While

the mechanism behind reinforcement learning is computationally rather simple, it

is still capable of explaining behavioral phenomena such as recency and the under-

estimation of rare events in decisions from experience (see e.g. Hertwig & Pleskac,

2010). Even extending beyond the investing paradigm, Erev & Roth (1998) őnd

that people are best described as reinforcement learners in a multitude of economic

games. Lastly, the prediction errors that are necessary for reinforcement learning

strongly correlate with measurable brain activity, further lending it some biologi-

cal foundation (Schultz et al., 1997; Rangel et al., 2008; Schultz, 2015). For these

reasons the general approach and main analysis in the őrst manuscript (Chapter 2)

are based on the assumption that the study participants update their beliefs using

a reinforcement learning mechanism.

Two points are worth noting here: While this thesis focuses on the updating
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of expectations and beliefs throughout an investment an investor would not only

learn within, i.e., during investments, but also between them. As an example,

Malmendier & Nagel (2016) show that experiencing extreme macro-economic con-

ditions, such as a őnancial crisis with high inŕation, can have a long lasting impact

on how investors form their expectations about inŕation in the future, especially

when these experiences were made at a younger age. Secondly, while investors can

and will often consult outside sources of information the information in the studies

in this thesis is located entirely within the value changes of the investment itself.

This allows for a simpler design of the study while retaining the most important

aspects of the investment decisions.

Context Dependent Reinforcement Learning

When applying reinforcement learning models, one constant learning rate param-

eter is generally used to capture the weight given to new evidence. However, the

reality denial strategy of self-deception as deőned by Bénabou & Tirole (2016) can

also be expressed as a form of distorted learning; A piece of information about

reality is learned, but not fully integrated into ones model of the environment.

The weight that is given to the new information is not necessarily static, but can

change with the context of the information. In this way, motivated beliefs may

be based on motivated learning. Note also that in contrast to the aforementioned

belief in buying price reversion being held a priori, motivated learning could induce

such a belief only once the investor őnds themselves in the relevant situation. In

other words, being invested oneself could be crucial for the formation of this belief

pattern.

In line with this assumption of a dynamic learning rate, Kuhnen (2015) őnds

that investors learn differently from gains compared to losses. Speciőcally, partici-

pants in her study updated their beliefs more strongly when seeing a low outcome in

the loss domain. Studies by Knutson & Bossaerts (2007) and Seymour et al. (2007)

further corroborate the idea of dynamic learning rates as they őnd evidence that

different brain areas are involved in processing gains as opposed to losses. Kaustia

& Knüpfer (2008) on the other hand show that involvement plays an important role

in this effect of dynamic learning as well. They show that investors who personally

experienced higher returns from participating in an initial public offering (IPO) of

a stock also decided to hold more shares in these companies later on. The same

pattern is found in retirement funds by Choi et al. (2009). Here, people invested

more into their retirement fund when they personally experienced positive returns
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from prior investments. Lastly, Kuhnen et al. (2017) show that future expectations

are especially inŕuenced by ones own previous decisions. In her experiment partic-

ipants disregarded information that was not in line with their previous investment

decisions, leading to "sticky portfolios". While these differences in belief formation

may happen by giving more weight to some lived experience than to others dur-

ing the updating process, there exists also the possibility of "motivated memory",

i.e., beliefs being inŕuenced by remembering certain experiences better than others

(Amelio & Zimmermann, 2023).

Studies such as the one by Kuhnen (2015) show that the domain, that is, having

made a previous loss or gain plays an important role in belief updating. Sharot

& Garrett (2016) argue that the valence, that is, whether information is favorable

or unfavorable, is an additional important factor. There is however no unequivo-

cal evidence on whether there is a general "processing advantage" (and thereby a

stronger inŕuence on beliefs) of negative or positive information (Unkelbach et al.,

2020). We solve this conundrum in the őrst manuscript (Chapter 2) by combining

the two aspects mentioned above and proposing a further differentiation of favor-

able and unfavorable information into that received after having made a gain and

that received after having made a loss.

1.4 First Manuscript: Belief Updating and Investment

Decisions

The focus of the őrst manuscript (Chapter 2) lays on the way in which investors

form their beliefs and the inŕuence of two particular factors: First, the current

position of the investment, i.e. whether so far a gain or a loss has been made. Sec-

ond, whether new information is favorable or unfavorable towards the investment.

Using these two factors, belief updating can happen in a way that ultimately leads

to beliefs that resemble a belief in buying price reversion. As described above, the

disposition effect can be shown to be a natural consequence of a belief in buying

price reversion, which in turn can be the consequence of motivated beliefs.

I adapt a task introduced by Frydman et al. (2014) in which participants can

invest in a simulated asset. This asset has two states, expressed through an upward

or downward drift in its value. The current state of the asset is governed by a

Markov-Chain process, which is set up such that in each round the state remains

the same but has some small probability of switching. Participants were informed

about this system. They therefore knew that they could gather whether the asset
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was more likely to currently have an up- or downward drift from observing the

price changes, yet they could never be sure it would remain that way. The main

outcome measures in this task were twofold: First, the investments participants

made. This could be either owning one share, no shares or short selling one share.

Short selling is an investment technique in which an asset is loaned, sold and then

bought back later, hopefully at a lower price, to return it to the loaner. This gave

our participants the opportunity to also proőt from downward drifts. The second

main outcome was participants’ belief reports. Here I asked participants to indicate

how likely they thought it to be that the price of the asset would increase in the

next round.

After establishing that participants do follow their beliefs with their invest-

ments, I investigate how belief updates Ð that is, the difference between belief

reports from one round to the next Ð are inŕuenced by the factors introduced

above. Looking at the updating magnitudes I do őnd a strong interaction between

the investment position (i.e., whether the investment so far has made a gain or

a loss) and price movement favorability (i.e., whether the price move in- or de-

creased the portfolio’s value). However, this interaction interestingly did not quite

follow the hypothesized pattern. While in a gain position beliefs are updated more

strongly from unfavorable information (in line with the hypothesis), this is also true

for a loss position (contrary to the hypothesis). There is however an (expected)

strong effect of price movement favorability, in which unfavorable information is

updated more strongly in general. Removing this effect would lead the pattern of

belief updating to match the hypothesis.

In addition to the direct analysis of the price updates, I also translated the

concept of the differential learning rates into an extended reinforcement learning

model. The context sensitive reinforcement learning (CSRL) model incorporates

different learning rates for each of the possible combinations of the two factors

described above, as well as a separate rate for the state of not being invested.

Using Bayesian model estimation and a hierarchical implementation of the model

I conőrm a credible interaction between investment position and information fa-

vorability. Further, using the modelling approach, the learning rates follow the

expected pattern: Beliefs are updated less strongly when facing favorable informa-

tion after having made a gain and unfavorable information after having made a

loss.

In a second phase of the experiment I aimed to mitigate the impact of these

belief updating effects by providing participants with more precise information,
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thereby hopefully supporting the process of belief updating. In a őrst treatment

condition participants were shown the pre-calculated Bayesian probability of a

price increase in the next round. This condition technically does not add any new

information that a savvy participant could not have calculated. The second treat-

ment condition however revealed the current state of the asset completely, therefore

adding information that before could have only been inferred with uncertainty from

price moves. Taking the disposition effect as a target measure, I őnd the additional

information to improve participants’ disposition effect measures by bringing them

closer to the benchmark of a risk-neutral Bayesian investor. However, only the

intervention in which the state of the asset is completely revealed lead to a sta-

tistically signiőcant improvement. This result could be indicative of participants

knowingly distorting their expectations following a "reality denial" strategy and

thereby changing their investment decisions despite "knowing better".

In summary I show that the impact of new information can be inŕuenced by

outside factors such as the current position of the investment as well as the favor-

ability of the information. In detail, these factors seem to interact in a way that

leads to beliefs in buying price reversion which can have detrimental consequences

for investment decisions. Very strong information (i.e., revealing the true state of

the asset) was necessary to overcome this interaction. While the effect seems to be

robust overall, it is worth mentioning that there seems to be a high heterogeneity

between participants in all aspects, but also in their estimated learning rates. This

between person heterogeneity appears as a fruitful point of interest for future inves-

tigations. It is also in line with the results by Jiao (2017), who, despite a prevalent

belief in mean reversion, őnds a substantial subgroup to hold extrapolative beliefs.

This heterogeneity also allows for subgroups of investors who may pursue even

simpler heuristics such as a following a win-stay-lose-shift strategy. In addition,

jointly estimating the investors’ preference functions was outside the scope of this

project, but may also prove promising to gain further understanding of investors’

the decision processes.

1.5 Second Manuscript: Take your Time

The second manuscript (Chapter 3) builds upon the őndings reported in Chapter 2.

Again, participants were given the opportunity to invest into an asset with either an

up- or downward drift, the nature of which they had to deduce from the evidence

given by the observed price movements. In this experiment however the price
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paths were kept shorter, as the drift direction of the asset was stable. This setup

is similar to that used in an earlier study by Weber & Camerer (1998). After an

initial period of three rounds participants in the baseline condition were free to

invest or short sell the asset as they pleased from round to round. In a second

condition, called the blocked trades condition participants were forced to select,

after the initial three rounds, an investment which would then be held for the rest

of the price-path (őve rounds) except for a őnal decision. The third condition,

the delayed information condition had the same restriction as the blocked trades

condition. However, additionally participants could not watch the price move from

round to round, but only received them in list form after all rounds had already

played out.

The goal of these interventions was to increase the psychological distance be-

tween the investor’s past and current decision. The blocked trades condition aimed

to do so by letting investors focus on updating their beliefs using the new infor-

mation, rather than making a new consequential decision in each round. In the

delayed information condition this distance could be increased even more, as par-

ticipants were not able to track each price move over time (and thereby "drive

the roller coaster"), but only ponder the results of their initial investment after

some investment periods had passed. Overall, such increased distance would im-

ply a lower involvement with the price development, which in turn could lead to

less overreaction in belief updating and investment decisions (Kaustia & Knüpfer,

2008). For these reasons I expected the interventions to improve participants’ belief

updating.

To measure the effect of these interventions, I focus on the round before the őnal

investment decision. There, I calculate the distance between participants’ reported

beliefs in a price increase and that of a Bayesian updater. The second target

measure was the success of the investments made in that őnal round. This success

rate was measured by comparing whether the investment (holding or short selling

a share) corresponded to the drift of the given asset (up or down). Interestingly,

I do őnd that participants’ beliefs approach that of a Bayesian updater in both

treatment conditions, yet this difference only reaches statistical signiőcance in the

delayed information condition. As the effect was also rather small, this impact on

the beliefs does not translate into more successful investment decisions in the őnal

investment period.

Interestingly, when analyzing the data further, I do őnd the drift, that is,

whether the asset had an up- or downward drift, as a more reliable predictor for
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investment success. Overall, participants made better investment decisions in the

őnal round of an upward drift and the interventions used in the treatment condi-

tions lead to greater improvements during downward drifts. Note, that downward

drifts require short selling to make a proőtable investment. Short selling adds a

layer of complexity by ŕipping the meaning of price movements around, that is,

price increases are unfavorable while price decreases are favorable for such an in-

vestment. The őnding that the treatment conditions improved beliefs signiőcantly

during a downward drift could indicate that this additional complication may be in

part responsible for participants’ beliefs differing strongly from those of a Bayesian

updater (i.e., participants making the best of the limited resources they have left;

Simon, 1990). An interesting avenue for future studies could therefore be to eval-

uate the interaction between the complexity of an investment endeavor and the

accuracy of belief formation.

1.6 Third Manuscript: Degree of Involvement

In the third manuscript (Chapter 4) the focus is laid on the aspect of involvement.

I evaluate whether experience could mitigate the negative effects of feeling respon-

sible for a decision that lead to a unfavorable outcome. In other words, the main

focus of this study was on the inŕuence of involvement on the effects of sunk costs

(Martens & Orzen, 2021).

The basic structure of the experiment follows that described in Chang et al.

(2016): Participants are asked to choose one of őve investment options. After re-

ceiving feedback about the investment’s performance, they are asked to either stay

with the investment or switch to another investment option. Cognitive dissonance

would dictate the prevalence of the sunk cost fallacy, possibly through belief based

mechanisms such as the ones shown in the previous manuscripts. An investor who

has received feedback that the investment so far was a failure is inclined to over-

weight any positive aspect of the investment and convince themselves that it was

a good idea to invest in the őrst place. Following Chang et al. (2016) the study

contains a second condition in which participants are given a "way out" of this

dissonance. In this condition, participants are not asked to make an investment

themselves, but pick a "consultant" to make the investment for them. The return

options and their probabilities remain identical, and this is not hidden from par-

ticipants. Hence, the only difference between conditions is that participants do not

view the investment as their own decision, but as the decision of the consultant

12



they picked (and who they could easily "őre" in the next round). Participants in

this study were recruited from the controlling team of a large Swiss infrastructure

company. The study therefore constitutes a "lab in the őeld" replication of Chang

et al. (2016) with the main differences being the participant sample as well as the

framing of the decisions. In detail, while the Chang et al. (2016) paper frames

the decisions to their student participants as investments in the stock market, the

cover story in the present study is about startup-businesses.

Ultimately, the results replicate the őndings of Chang et al. (2016), showing

that having "someone to blame", i.e., a consultant in this case, increases the chance

of ending an unproőtable investment. However, I also őnd that this effect vanishes

with age. This indicates that, with more experience investors may be more willing

to let go of an "error", even when they have no one to blame but themselves.

1.7 Discussion

The overarching theme of the manuscripts in this dissertation stems from past de-

cisions and circumstances inŕuencing our beliefs and decision making. The őrst

manuscript points out the inŕuence of circumstances on belief formation and how

these beliefs in turn inŕuence the decisions made based upon them. It also im-

plements an intervention based on providing more and clearer information. Very

clear information, that is, displaying the current drift of the asset in the study,

was necessary to overcome the negative effects of context sensitive belief updating.

The second manuscript builds upon these őndings and implements a new interven-

tion based on the involvement (or its opposite, creating psychological distance).

Here again, only the strongest intervention, that is, blocking investments as well

as delaying the information, lead to signiőcant improvements in belief formation.

While this study provides high external validity due to the investment task used,

it still may prove fruitful for future endeavors to abstract the intervention further.

In detail, it would be interesting to directly compare learning between tasks with

a sampling (low involvement) and a repeated choice (high involvement) paradigm

(Gonzalez & Dutt, 2011). Lastly, the őnal manuscript is concerned with another

phenomenon based in involvement and past decisions: the sunk cost fallacy. This

study replicates a previous őnding by Chang et al. (2016) in a sample of profes-

sional decision makers and expands the analysis to include age as a proxy measure

for experience. I show that the effects of sunk costs seem to decrease with age and

conclude that experience with a certain decision environment can indeed improve
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decisions by inhibiting the inŕuence of irrelevant circumstantial factors such as who

made the original decision.

While the CSRL model certainly is a step in the right direction in incorporating

the inŕuences on belief updating, it certainly does not capture everything perfectly.

The experiments used here are done in a controlled laboratory environment and

participants are well prepared by the instructions to őnd out the optimal solution

to the tasks given. Investment decisions in the real world are messier, adding

many more outcome conditions and information sources. Still, current models of

belief formation and decision making struggle to capture the full extent of even the

simpliőed decisions in the laboratory. While there are many possible reasons for

these shortcomings, the following paragraphs will discuss three of them as well as

their implications for future investigations.

First, the process of belief formation, belief reporting as well as decision making

is inherently noisy. The noise in the decision stage is often captured and explicitly

modeled by a stochastic choice rule in which options are chosen with a probability

that is proportional to its value, but never certain (McElreath, 2020; Farrell &

Lewandowsky, 2018). Noise in the elicitation of beliefs can be mitigated to a certain

extent by choosing the "right truth serum for the right occasion" (Trautmann &

van de Kuilen, 2015), which I believe to have done in the reported experiments.

Lastly, the noise in the updating of beliefs and expectations can also be modeled to a

certain extent. The context sensitivity aspect of the CSRL model is one factor that

may reduce what would otherwise be interpreted as noise in the updating process.

However, there may be more factors that lay outside of the scope of a model such as

momentary attention or interactions with the aforementioned motivated memory

(Amelio & Zimmermann, 2023). Distinguishing the different sources of noise Ð

updating, reporting and deciding Ð is a task that requires thoughtful experimental

design and must be kept in mind for future investigations.

The second factor that current models may struggle to capture lies in the het-

erogeneity between people. When investigating individual participants’ learning

rate posterior distributions (omitted in the manuscript), many seem to adhere

very clearly to the proposed CSRL model, while others distributions are highly

dispersed. This indicates that some participants may use other strategies than

the proposed belief updating mechanism. As an example, simpliőcations such as

counting heuristics or win-stay-lose-shift strategies can often yield acceptable re-

sults in simpliőed laboratory tasks while being cognitively far less taxing. Future

endeavors may őnd it promising to classify these inter-personal differences. This
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could help in understanding the strategy-selection problem which has to be solved

before participants can start solving the task itself. Such a classiőcation could

also bring the opportunity to focus on a speciőc subgroup of investors at a time

and thereby obtain clearer results and a better understanding of the underlying

mechanisms.

The last problem, and most likely the hardest to address, is the question of

whether belief formation and decision making truly works in the clear sequential

way that is often implicitly assumed. While sequential updating and reinforcement

learning seem to be sensible strategies for the tasks in the studies presented here,

decisions in the őeld are often spread out over a longer period. It is therefore

unclear whether intermediate values such as beliefs are truly "kept in mind" at all

times or whether beliefs and values are only constructed and reconstructed once

they are needed. A similar argument has already been made for utility calculations

and preferences, shaking at one of the fundamental axioms of economic decision

theory, the axiom of completeness (Murawski & Bossaerts, 2016). This point may

be addressed by spreading learning experiments over a longer period in which

working memory plays less of a role and reconstruction of previously remembered

expectations becomes more important. Preliminary evidence for a "spacing effect"

in value learning (Wimmer et al., 2018) indicates that it may indeed prove fruitful to

combine the model presented in the őrst manuscript with models of reconstructive

memory (e.g. Albrecht et al., 2021).

1.8 Conclusion

The manuscripts in this thesis add to the literature by exploring the effect past

decisions and circumstances have on how new information is used and how decisions

are made. They provide three possible remedies for averse effects of past decisions

and contextual inŕuences based in providing information, increasing psychological

distance and reducing personal involvement. Additionally the őrst manuscript

provides and evaluates a new formal model for capturing the situational effects in

belief updating and explaining their consequences. A better understanding of the

effects investigated here can not only help in őnding the situations in which they are

detrimental but also in developing interventions that ultimately can help decision

makers in aligning their beliefs with their given information and their decisions

with their best interest.
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Chapter 2

Belief Updating and Investment

Decisions: The Impact of Good or

Bad News Varies With Prior

Returns
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The manuscript has been submitted for publication.
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Abstract : Investors’ belief updating differs for investments in a gain position

versus those in a loss position and by the favorability of the news, leading to a

anomalies in investment decisions. We propose a context-sensitive reinforcement

learning model unifying these empirical őndings. In a preregistered experiment

we show that the model captures investors’ belief dynamics best. We observe

stronger changes in beliefs from negative information in gain compared to loss po-

sitions, leading to proőt-harming decisions. Providing participants with additional

information mitigates these effects. Our őndings have implications for theories

incorporating belief dynamics and applications improving őnancial and economic

decisions.
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2.1 Introduction

Investors’ expectations about the value of an asset should be moved only by new

information that is truly predictive for the asset’s future proőts. In contrast, we

demonstrate a context sensitivity in belief updating independent of the informa-

tion’s value for future earnings. Combining prior literature we propose a unifying

belief formation mechanism incorporating differences in the belief updating depen-

dent on the investment position (i.e., gain or loss), information favorability (i.e.,

favorable or unfavorable) and their interaction. The belief updating dynamics re-

semble a belief in "buying-price reversion" (also called "mean reversion"; Odean,

1998; Asparouhova et al., 2009; Jiao, 2017), i.e. investors think that the price will

always revert back to the one at which the investment was initially made. We

formalize this idea of belief updating dynamics by extending the reinforcement

learning framework using context sensitive learning parameters. Estimating this

model conőrms the expected pattern in belief dynamics and reveals that the model

complexity is justiőed by the data. These patterns in belief updating can serve

as part of a unifying mechanism for well-known proőt-harming trading patterns in

professional and retail investors alike.

Past research indicates that investors have difficulties forming expectations ac-

curately and they do not strictly follow normative principles of Bayesian learning

(Knutson et al., 2011; Adam et al., 2020). Such "differential updating" (Bénabou &

Tirole, 2016) comes in a number of forms: Not only do past experiences in őnancial

risk taking inŕuence the formation of expectations (Seru et al., 2010; Malmendier

& Nagel, 2011; Knüpfer et al., 2017; Andersen et al., 2019; Malmendier et al.,

2020), but there also appear to be effects of the context, which can lead to over- or

underreaction to news (Enke et al., 2020) or joint evaluation with prior outcomes

(Heinke et al., 2020). The literature mostly focuses on the investment positionÐ

whether the investment has so far made a gain or a lossÐand on the favorability of

the informationÐwhether the information is positive or negative for the investors’

portfolio valueÐas two context factors. First, although the direction of the effect

is not unequivocal, the literature reports that, once a person has invested, belief

updating differs for gain and loss positions (i.e., whether the investment’s return

so far is positive or negative; Kuhnen, 2015; Grosshans et al., 2020), even on a

neural level (Knutson et al., 2011). Second, negative or "unfavorable" information

generally seems to change expectations more strongly than favorable information

(Kuhnen, 2015; Kuhnen et al., 2017; Kieren et al., 2022). Last, investors seem to

19



incorporate information more strongly when they are invested in the asset of inter-

est (Andersen et al., 2019; Gödker et al., 2019; Hartzmark et al., 2021). Overall,

information processing seems to be guided by "motivated belief distortions" (i.e.,

the "utility" of holding a certain belief will play a role in deciding whether the belief

is adopted; Brunnermeier & Parker, 2005; Fischer & Maier, 2019; Zimmermann,

2020). Allowing the inŕuence of information to depend on investment position and

information favorability is also sufficient to allow for beliefs to develop in ways that

diminish the proőtability of investments based on those beliefs.

The anomalies in belief formation described above can be uniőed by our pro-

posed conceptual framework of context-sensitive belief updating. A natural way to

formalize this framework is by extending a standard reinforcement learning model

into a context-sensitive reinforcement learning (CSRL) model. Upon receiving new

information, a reinforcement learner őrst calculates the difference between the ex-

pected and the received signal, also called the prediction error. This error is then

weighted by a learning rate and added to the value of the next prediction, thereby

nudging it in the direction of the new information (Sutton & Barto, 2018). The

learning rate is usually considered to be a constant value between 0 and 1, and it

adjusts how much inŕuence new information has on the next prediction. However,

to account for the observation that belief updating in investment decisions is con-

text dependent, we allow for different learning rates. We assume that the learning

rate varies depending on context, that is, whether information is favorable or unfa-

vorable in regard to an investment and whether an investment has so far produced

a gain or a loss. We őrst hypothesize that unfavorable information is generally

updated more strongly (Kuhnen & Knutson, 2011; Kuhnen, 2015, ; Although there

exists also some evidence to the contrary. See e.g. Bénabou & Tirole, 2016 for an

overview). Next, we expect that people generally update their beliefs more strongly

when they are invested (Hartzmark et al., 2021). Last, and most importantly, we

predict an interaction between the investment position (i.e., gain or loss) and in-

formation favorability (i.e., favorable or unfavorable) that coincides with a belief

in buying-price reversion (Asparouhova et al., 2009; Jiao, 2017). When an investor

has made a gain with an investment, we expect unfavorable information to have a

stronger impact on beliefs compared to favorable information. In contrast, when

an investor has made a loss with an investment, we expect unfavorable information

to have a weaker impact on beliefs compared to favorable information. In sum-

mary, our conceptual framework therefore differentiates between őve contexts: Not
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being invested at all, and all combinations of investment position (gain or loss) and

information favorability (favorable or unfavorable).

Portfolio investment decisions generally follow investors’ beliefs, in trading

decisions in the őeld (Giglio et al., 2021) as well as in laboratory experiments

(Grosshans et al., 2020). We therefore expect that the hypothesized belief-updating

pattern has direct consequences for investment decisions. Two opposing effects

arise after having made a gain or a loss with an investment: stronger updating

from unfavorable information after having made a gain increases the likelihood of

liquidating an investment at a gain; stronger updating from favorable information

after having made a loss decreases the likelihood of liquidating an investment at

a loss. This investment patternÐselling gains too early and holding on to losses

for too longÐis well documented in the őnance literature as the disposition effect

(Shefrin & Statman, 1985). It is formally deőned as the difference between the

proportion of the realized (i.e., liquidated) gain positions (relative to all experi-

enced gain positions) and the proportion of the realized loss positions (relative to

all experienced loss positions). As positive returns can in fact signal further favor-

able price development, the disposition effect does lead investors to "leave money

on the table" (Odean, 1998). The disposition effect has been found not only in

laboratory experiments (e.g., Weber & Camerer, 1998; Fischer & Maier, 2019) but

also across multiple asset classes, such as individual stock trading (e.g., Shefrin

& Statman, 1985; Odean, 1998), mutual funds (Frazzini, 2006), and real estate

markets (Genesove & Mayer, 2001).

A second consequence of updating expectations according to our conceptual

framework might be that decisions to sell an asset are less predictive of future

price developments than decisions to buy. The reason for this is that the interac-

tion between investment position and information favorability can take place only

when a person is invested in an asset. When not invested, there is neither a gain

or loss position nor favorable or unfavorable news, and belief updating can there-

fore not be inŕuenced by these contexts. In line with this prediction, Grosshans

et al. (2020) observed in an investment experiment that buying (i.e., investing)

decisions are more predictive for future price changes than selling decisions and

thereby also more proőtable. Note that the proőtability of a selling decision can

be measured by calculating the losses that were avoided and the proőts that were

forgone by liquidating the investment. A similar őnding is reported by Akepanidta-

worn et al. (2021), who analyzed the investment decisions of institutional investors.

They found that while the buying decisions of these investors clearly outperform a
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random buying strategy, their liquidation decisions underperform, even when com-

pared to selling assets at random. In sum, as with the disposition effect, investors

who initially made a good purchase lose out on its potential by bad timing of their

decision to close the investment.

We test the predictions of our unifying framework with a preregistered exper-

iment building on a standard laboratory investment task (Frydman et al., 2014)

which is often used to investigate the patterns described above. In this task partic-

ipants invest in a stock whose value is subject to either a noisy upward or a noisy

downward drift. In each round this drift can, however, also switch direction with a

low probability. Note that it is common for this kind of task to restrict participants’

options to either holding or not holding the asset (Frydman et al., 2014; Frydman

& Rangel, 2014; Grosshans et al., 2020). As investors also experience negative price

trends, however, we give our participants the option to short sell the asset. Short

selling not only allows participants to react to the detection of a downward trend

in the same way as for an upward trend but also allows us to disentangle the two

reasons for not holding a positive number of shares: A participant could either not

be certain enough that the price will increase or simply believe the price is falling.

After each investment decision we also elicit participants’ expectations about a

price increase in the subsequent round. This elicitation allows us to determine the

difference in expectations between rounds, thereby directly assessing the updating

of participants’ beliefs. The experimental setup further allows us to contrast the

observed behavior with the actions and beliefs of a risk-neutral Bayesian investor.

In a second phase of the study, we leverage the potential of our experimental setup

and aim to demonstrate the causal effect of these belief-based mechanisms: By

providing additional information about the likelihood of a price increase, we sup-

port participants in updating their beliefs, thereby demonstrating and mitigating

the adverse effects of context-sensitive updating on investment decisions.

To gain a broader perspective and ensure the robustness of the results, we an-

alyze the observed belief updating and its effect on investment behavior with two

conceptually different approaches: First, we calculate the difference between the

belief updates reported by participants and those of a Bayesian learner. This ap-

proach allows us to directly investigate the magnitudes of the belief updates and

compare them to results of the normative Bayesian updating model. Next, we esti-

mate the parameter values of the proposed context sensitive reinforcement learning

model using participants’ reported beliefs. This estimation allows us to translate

the magnitudes of the belief updates into implied learning rates. We conőrm the
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viability of this method using a parameter recovery exercise. Letting the learning

rate vary by context, we aim to uncover the differences in updating strengths pre-

dicted by the conceptual framework. Thus, we predict that the estimated learning

rates will differ depending on the investment position and the favorability of new

information. This structural model approach also allows us to test the CSRL model

against more parsimonious competitors. We őnd that the CSRL explains the data

best and the model’s complexity is justiőed by its explanatory power. Independent

of the method, the common robust őnding is an interaction effect between the in-

vestment position and the favorability of the new information on belief updating.

This interaction effect on the updating strength is also reŕected in participants’

investment decisions. Compared to the rather low hypothetical disposition effect

value of a risk-neutral Bayesian investor, the disposition effect value shown by par-

ticipants is signiőcantly higher. Further, we observe that when an investor closes

an investment, the subsequent price movements would have been more proőtable

(i.e., more proőt was forgone by closing the investment) when closing from a loss

position compared to a gain. In the second part of the experiment we mitigate

the effects of the context on belief updating by providing additional information to

participants. This leads to a decrease in the disposition effect, approaching that

of a risk-neutral Bayesian investor, and thereby leads to a larger proőt from the

investment decisions. We do őnd, however, that the information provided needs to

be rather precise to have a signiőcant impact.

To the best of our knowledge we are the őrst to investigate the combination

of the effects of investment position, information favorability and their interaction

on belief updating. The resulting framework provides a unifying explanation for

frequently observed anomalies in belief formation and investment decisions. Never-

theless, there is a large body of research examining how past experience inŕuences

changes in expectations. People’s expectations in turn have a large impact on

their stock market participation and portfolio composition, which inŕuence their

overall wealth levels (Malmendier & Nagel, 2011; Knüpfer et al., 2017). There is

strong evidence from the őeld (Choi et al., 2009; Bucher-Koenen & Ziegelmeyer,

2014; Hoffmann & Post, 2017; Guiso et al., 2018) as well as from the lab (Kuh-

nen & Knutson, 2011; Kuhnen et al., 2017; Hartzmark et al., 2021) showing that

past experiences have a stronger effect on people’s expectations when their own

investments are involved and they therefore have "skin in the game." The seminal

work by Kuhnen (2015) shows an interaction between the domain of the returns

(positive or negative, akin to the investment position) and information favorability
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in a lottery investment task. In her experiment, participants experienced either al-

ways negative or always positive returns and had to learn whether returns stemmed

from a good (high positive or low negative returns) or a bad (low positive or high

negative returns) distribution. The main őnding in Kuhnen (2015) is an overly

strong pessimism from favorable information in the negative domain. We extend

this strand of literature to őnancial decisions, were gain and loss positions arise

endogenously.

We further add to the belief distortion literature, investigating why people

deviate from the normative or Bayesian way of belief updating? The possible ex-

planations can be subsumed by three approaches: First, people could be following

a speciőc motivation when updating their beliefs, a mechanism called motivated

belief distortion (e.g., Brunnermeier & Parker, 2005; Fischer & Maier, 2019; Zim-

mermann, 2020). Accordingly, people have preferences among possible beliefs, so

that they are motivated to update their beliefs in such a way that favorable be-

liefs result (e.g., "It would be horrible to believe that there will be a price drop").

In other words, each possible state of belief has some utility of its own and the

investor decides what to believe, taking that utility into account. Second, belief

updating could be inŕuenced by cognitive dissonance (Festinger, 1962). Here, an

investor might feel a displeasurable dissonance between their self-image ("I’m a

good investor making good investment decisions!") and the current expectation

about the future value of the investment ("The investment’s value is likely going to

decrease"). Both of these elements can be changed to alleviate the dissonance, but

it is easier to change the expectation rather than take a hit to one’s positive self-

image. A further loss is a bigger threat for ones self-image compared to losing part

of an already made gain. For this reason we expect optimistic updating to mainly

occur when in a loss position. In keeping with the concept of self-image, Chang et

al. (2016) őnds that investors are more likely to liquidate a losing investment if the

initial investment decision was made by a fund manager rather than by themselves.

In this case, the investor can protect their self-image by blaming the fund manager

while still admitting that the investment should be stopped. Cognitive dissonance

can also arise after having made a gain, through a desire to avoid regret (Loomes

& Sugden, 1982; Bell, 1982). Here, the dissonance lies between the belief that

the value will further increase and the desire to liquidate to avoid regret in case

of a value decrease. As the "cost of being wrong" (i.e. experiencing a favorable

price movement) is rather low, these beliefs are more readily distorted (Bénabou &

Tirole, 2016). Last, Jiao (2017) provides evidence that investors foster a belief in
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buying-price reversion (i.e., mean reversion). According to this belief, the price of

an asset will return to the price at which the investment was initially made and all

deviations from that price are just temporary. This őxation on the initial buying

price also serves as an explanation for why interventions such as hiding the buying

price can decrease the disposition effect (Frydman & Rangel, 2014). It is implicitly

assumed that this belief in buying-price reversion is held ex ante; that is, investors

believe it to be an inherent trait of an asset. Note, however, that motivated belief

distortion and cognitive dissonance may inŕuence belief updating in such a way

that a belief in buying-price reversion emerges ex post, and therefore only after

an investment was made. In other words, an investor may start to believe that

the price will fall (rise) again only after having made a gain (loss) with a held

investment.

All of these three approaches can be captured by letting the learning rates of

a reinforcement learning model depend on the investment position and the favor-

ability of the new information. The learning model speciőes how the probability

of an event is learned, described as "probability learning" (Eldar et al., 2018; Sut-

ton & Barto, 2018; Fontanesi et al., 2019). In this domain of probability learning,

these models are also known as weighting and updating (Albrecht et al., 2021) or

anchoring-and-adjusting models (e.g. Hogarth & Einhorn, 1992, allthough here

the model also includes an additional subjective valuation of the new evidence).

Regarding the impact of new information, Gershman (2015) reports stronger up-

dating for negative prediction errors underlining the advantage of using multiple

learning rates for different situations. Knutson et al. (2011) argue that different

neural systems may be responsible for learning from gains and losses and show that

the interindividual differences in learning rates for gains versus losses even correlate

with real-life consequences such as asset holding and debt. Learning rates further

do not have to be stable over different situations. Lee et al. (2020) show that

learning rates can be adapted to best account for the "observation stochasticity"

(i.e., noise) in a given environment. In general, reinforcement learning models align

well with many effects found in the őnance literature such as strong recency effects

on beliefs and risk taking (Malmendier & Nagel, 2011, 2016; Dessaint & Matray,

2017). As it does not require any assumptions on the knowledge about the underly-

ing distribution of outcomes and is very ŕexible (see, e.g., Olschewski et al., 2021),

reinforcement learning can be appiedl to a plethora of environments with a small

computational burden on the learner (Erev & Roth, 1998; Sutton & Barto, 2018).

Reinforcement learning is also biologically well founded, as a prediction error signal
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can be found as measurable brain activity in humans as well as in other species

(Rangel et al., 2008; Schultz, 2015). These signals are commonly associated with

the reward-processing areas of the brain, which in turn have been shown to react

to price changes in an investment task (Frydman & Camerer, 2016). We add to

this literature by proposing and testing a novel reinforcement learning model for

investment decisions in which the learning rates depend on the current context of

the investment.

The remaining manuscript is structured as follows: Section 2.2 introduces our

experimental design in further detail. Section 2.3 presents the results of the exper-

iment. Section 2.4 follows by reporting the results of our structural model estima-

tion. Last, all results are then discussed in Section 2.5, which will also provide our

conclusion.

2.2 Experimental Design

To test the proposed conceptual framework, our task needs to fulőll two major

requirements: First, the task should provide the opportunity to learn about the

future returns of an asset. The amount of information that can be learned by

participants should be clearly quantiőable, allowing for a clean analysis. Second,

participants should be able to hold investments over multiple rounds, allowing

them to create gain and loss positions by their own choices and reliably exhibit

the expected anomalies in investment behavior. We implemented a version of

the well-studied experimental paradigm used by Frydman et al. (2014) to meet

these criteria. Additionally, we also elicited participants’ beliefs in each round.

In a second phase of the experiment we aimed to manipulate the strength of the

context-sensitive belief updating. To do so, we provided participants with three

different levels of information about the next price movement in the second phase.

The more information is presented, the less participants have to rely on their ability

to learn. This within-subject design of splitting the experiment into two phases

enabled us to test the effect of our experimental manipulations on belief formation

while holding individual abilities, preferences, and other interindividual differences

constant.

Investment task: In detail, we gave participants the option to invest in an as-

set whose value was governed by a hidden Markov chain. If the chain was in the

"good" state, there was a .65 probability of the price increasing; if the chain was

26



in the "bad" state, the probability of a value increase was .35.1 The magnitude

of each price movement was drawn uniformly from the set {5, 10, 15}, rendering it

uninformative. In each round, the state of the Markov chain remained the same

with a probability of .8 or switched with a probability of .2. Participants were

informed about this mechanism and that this implied that the price would expe-

rience a "drift." The direction of this drift could be learned from the direction of

the observed price movements. Whereas investment decisions in the őeld are often

based on information other than the price movements, this compact design allowed

us to test the proposed mechanism without having to consider complicating outside

sources of information. In each round, participants could change their investment

without transaction costs and decided either to hold one share of the asset, not to

hold any shares, or to short sell one share of the asset (i.e., a "short" investment).

Thus, participants’ decision whether to invest at all and the gains or losses they

experienced where all endogenous. This feature of the experimental design is cru-

cial for mechanisms based on motivated beliefs and cognitive dissonance. While a

simpliőcation of real world investment decisions, the design also comprises the nec-

essary features to pursue our research questions and better reŕects real investment

situations than a standard lottery task.

Belief elicitation: After participants made their investment decisions, we elicited

their beliefs about the probability of a price increase. To ensure accuarcy we im-

plemented a incentivized belief elicitation. However, some of these tasks can be

skewed by participants’ risk preferences or require an explanation of the Bayesian

probabilities. For this reason we used a lottery matching task which ensures incen-

tive compatibility even under strong risk aversion (Trautmann & van de Kuilen,

2015). Participants were presented with a lottery with possible payouts of 0 or

10 experimental points and a winning probability of pw. In each round, pw was

randomly drawn from a uniform distribution, but the result of this draw remained

hidden. Participants were asked to indicate the minimum value of the winning

probability pw for which they preferred playing the lottery over a bet on the next

price move (receiving 10 points for a price increase or 0 points otherwise). This

probability was reported using a slider ranging from 0 to 100%. If pw > pm, the

lottery was played; if pw < pm, the bet on a price increase was taken. This system

was communicated to participants in the instructions. It ensured that participants

could maximize their expected payoff only by reporting their true beliefs. This

1Note that these probabilities are symmetrical around .5, meaning that the probability of a
price increase P (up) in the other state was always 1− P (up).
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was also explained to participants in the instructions. Points won in this proce-

dure were added to the őnal payoffs only at the end of the experiment and were

weighted by a factor of .1.

Sequence of events in one round: Participants őrst saw their portfolio at

current values and chose whether and how to invest. Next, they reported their

beliefs about an upcoming price increase. After 6 and 5 s of no investment decision

or belief report, respectively, a message reminded participants to please continue

with the task. Finally, the price update was displayed, indicating the movement

and the new price.2 Note that no new information was added between participants’

investment decisions and their belief reporting, rendering the order of these actions

irrelevant.

Second phase: The goal of the second phase was an experimental manipulation

to reduce the impact of belief updating effects on investment behavior. To rule

out that observed changes in the behavior are driven by individual differences (e.g.

preferences, cognitive abilities etc) we implemented this as a within participant

comparison. The experimental procedure was identical to the őrst phase, with the

exception of the further information that was provided to some participants, sup-

porting them in the rational updating of their beliefs. In detail, we implemented

three between-subjects conditions: Participants in the full-information condition

received the true probability of a price increase in each round. This essentially

revealed whether the asset was currently in the good or bad state, which is more

precise information than what even a Bayesian learner could infer from the price sig-

nal. Short of revealing the actual next price movement, this therefore represented

the "best possible" informational situation for the participants. In the partial-

information condition, the participants received the probability of a price increase

according to the Bayesian updating solution. This information would be redundant

to a Bayesian learner and therefore should not change the belief of someone fol-

lowing the "normative" Bayesian updating process. Participants in this condition

were informed that these probabilities were determined by incorporating all infor-

mation about the price structure they had seen in the instructions as well as the

past price movements. Note that both of these conditions left participants with the

possibility of simply transcribing the probabilities shown in the trading interface

to the belief report page. As the belief reports were incentivized to be as accurate

2Screenshots of the experimental setup and instructions (in German) can be found in Section
A.5 of the internet appendix.
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a prediction as possible, such "transcription" would constitute reward-maximizing

behavior. The no-information condition served as a control group; here the task

used in the őrst phase, where the participants received no further information, was

repeated. The trading interface was kept identical in all three conditions and in

both phases of the experiment.3

Portfolio and payoff: Each participant played two blocks of Phase 1 and two

of Phase 2, with each block lasting 75 rounds. Each block for each participant

was initialized completely independently: A new price path was generated, with

the asset’s price always starting at 1,000 points. To avoid inertia and systematic

anchoring effects, the initial portfolioÐholding one share, no shares, or having

short sold one shareÐat the start of each block was also randomly determined

with equal probability. The value of the starting portfolios was set to 2,500 points,

and points that were not invested were displayed as cash. Note that participants

could adjust their initial portfolio without transaction costs before the őrst price

movement. We calculated the payoff for each block as the difference between the

initial value of the portfolio (including cash) and its value after the őnal round of

the block. This difference was then summed over all four blocks and 5% of this sum

was added to a baseline payment of CHF 15. This procedure allowed participants

to lose money over all four blocks while still ensuring that they received a minimum

participation fee of CHF 10 in all cases.

Bayesian Benchmark Investor: Some of the numbers presented here are strongly

dependent on the experimental task and its implementation, making them hard to

interpret without reference. For this reason we will sometimes compare partici-

pants’ performance to that of a risk-neutral Bayesian investor which serves as a

benchmark. A Bayesian investor would infer the current state of the asset by opti-

mally utilizing the information provided in the instructions as well as the observed

price.4 Risk neutrality implies that this investor would hold or short sell the asset

whenever the probability of a good state (and thereby the probability of a price

increase) is estimated to be above or below .5, respectively. Although we do not

assume our participants to be risk neutral, this benchmark allows for an easily un-

derstandable comparison. Risk aversion would simply lead to fewer investments, as

there would be a "range" of uncertainty around the .5 probability mark at which

3The probability indicator őeld was replaced with a dash in Phase 1 as well as in the no-
information condition of Phase 2.

4We describe the way in which such an investor would draw inferences about the state of the
assets in Appendix A.1.
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a risk-averse investor would refrain from investing. The experimental setup al-

lows us to calculate and compare the benchmark values for each individual price

path in which participants could invest. Note that a Bayesian investor would show

the same behavior in the no-information and partial-information conditions in the

second phase. In contrast, in the full-information condition with the additional

information, even a Bayesian investor would not need to do any belief updating

but could just rely on the given information.

Control variables: To further investigate the individual differences between par-

ticipants, we also asked them to indicate their age, gender, program of study, stock

ownership, and trading experience. We further used a test with four progressive

matrix tasks (incentivized by paying CHF 0.60 per correct answer; Civelli & Deck,

2018) as an approximation of intelligence and measured risk preferences with the

7-item risk questionnaire of the German Socio-Economic Panel (11-point Likert

scale; Richter et al., 2017). Last, we checked participants’ level of engagement in

the study with a 7-point Likert scale and similarly asked them to self-report their

level of ambiguity and loss aversion.

Procedures and demographics: We implemented the experiment using the

oTree framework (Chen et al., 2016) and each session lasted approximately 1.5

hr. After signing the informed consent all participants read through the on-screen

instructions. To ensure sufficient knowledge about the investment task and belief

elicitation, we conducted a comprehension quiz and had participants go through 30

training rounds, which were all payoff irrelevant. After this, participants started

the investment task. The elicitation of the other control variables followed, and the

session concluded with the exit questionnaire. We recruited 192 participants (mean

age = 22.92 years, SD = 3.24; 112 women) who all completed the study. A general

overview of the sample demographics is reported in the appendix in Table A.2.1.

Participants on average earned CHF 49.8 in our experiment, including the CHF 10

participation fee that was paid independent of task performance.

2.3 Empirical Findings

The objective of this section is to analyze the belief updates in the őve different

contexts discussed in section 2.1 and their effects on the investment decisions,

before reporting the results of the structural model. We begin by analyzing the

data of Phase 1, in which all participants received no additional information about
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the price developments.5 The őrst analysis focuse on the investment decisions

and works also as a sanity check that participants understood the task. We then

continue by relating the magnitudes of the belief updates to the previously discussed

investment contexts and decisions. To complete this investigation we then turn to

the effect of the experimental intervention of phase 2. Note that for brevity we

frequently use the term "belief" to refer to the participants’ reported belief about

the probability of a price increase in the next round.

Investment Positions

Participants’ investment positions broadly follow those of a risk-neutral Bayesian

investor. There are, however, some notable differences: Consider that the Markov

chain governing the price development has an overall probability of .5 of being in

a good state. This would lead the risk-neutral Bayesian investor to hold the asset

on average in half of the rounds while short selling it in the other half. In contrast,

participants held the asset on average in 49.5% of the rounds in Phase 1 while

shorting it in 32.5%. Such a reluctance to short sell might be the result of the

more complex nature of a trading strategy that includes short selling.

Next, a risk-neutral Bayesian investor (i.e. our benchmark investor) would have

made an average of 57.5 trades over the course of the 150 trading rounds in Phase

1 of the experiment, therefore switching between portfolios relatively often.6 Here

participants behaved very similarly, trading on average in 58.9 of the 150 rounds,

albeit with a much higher dispersion (a standard deviation of 7.6 for the benchmark

investor and 26.3 for participants). Note, that this measure includes trades where

the portfolio "jumps" over holding no shares from holding a share to short selling

and vice versa. As a risk-neutral Bayesian investor would always hold or short,

all of their trades would constitute such jumps. Participants, in contrast, jumped

on average in only 24.8 rounds, with the rest of their trades either starting a new

investment (starting from holding no shares) or liquidating an investment (moving

to holding no shares). These trading frequencies mean that participants on average

held the asset for 4.58 rounds while shorting it for 3.61 rounds. For comparison,

5The results reported here include data from all 192 participants who completed the study.
Twenty-eight participants reported a level of engagement in the study of 3 or smaller (on a 7-point
Likert scale). Excluding this group from our analyses in accordance with the preregistration does
not change the qualitative conclusions. Robustness checks of the main analyses excluding those
participants are, however, reported in Table A.5.6 and Table A.5.7 in Appendix A.5

6Note, that risk aversion would lower this number, as a risk averse agent would refrain from
investing during insecure times.
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the risk-neutral Bayesian investor would switch from holding to shorting or vice

versa after an average of 2.64 and 2.6 rounds, respectively.

Last, we test whether the őrst observed price change and later the underlying

state of the asset did in fact inŕuence participants’ investment decisions. This

seems to be the case, as participant adjust their initial portfolio in line with the

őrst signal, i.e. after observing the price going up (down) in the őrst period 75%

(25%) participants held the asset, 10% (54%) were shorted and 5% (20%) remained

not invested (χ2 = 219.59, p < .001 for the differences in the investment positions

after observing up or downs). A similar pattern emerges when looking at the state

of the asset: the ratio of holding over shorting the asset is signiőcantly higher in the

good (52.3% held, 31.6% shorted) compared to the bad (48.1% held, 34.2% shorted)

state, χ2 = 42.05, p < .001. A second way to show the effect of the states can be

seen in Figure A.2.1 in Appendix A.2, which reports an event analysis regarding

participants’ investments before and after the asset switches states from good to

bad or vice versa. The event analysis reveals that participants did react quickly to

state switches by adjusting their portfolios. In summary, participants therefore did

make sensible decisions that were adapted to the circumstances of the environment,

that is, whether the asset was currently in the good or bad state. These results

indicate that participants did understand the task and generally acted in their best

interest.

Belief Updating

We now turn to analyzing participants’ belief updating and its dependence on

investment position and information favorability. In general, the reasonable in-

vestment decisions reported above are paralleled by sensible beliefs: Participants

on average reported higher beliefs whenever the Markov chain was in the good

compared to the bad state (.513 and .479, respectively, one-sided t test, p < .001).

Nonetheless, throughout Phase 1, belief reports vary widely between participants.

A Bayesian updater’s beliefs would ŕuctuate around the central value of .5 with a

standard deviation of .031. In contrast, for participants’ belief reports these stan-

dard deviations range from .029 to .49. The dispersion of the reported belief was

independent of participants’ engagement with the study (Spearman rank correla-

tion test, ρ = .066, p = .360). The average ŕuctuation in the beliefs of participants

(again measured as the standard deviation of the reported beliefs) being higher

than that of the Bayesian benchmark, with an average value of .22, is also an indi-
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cation for participants’ general tendency to overupdate.7 This tendency can also be

seen when comparing the magnitude of individual updates to those suggested by a

Bayesian learner: When participants updated in the same direction as a Bayesian

agent, 86.2% of their updates were larger, and only 13.8% were smaller.

To investigate the formation of beliefs, we calculate belief updates as the differ-

ence between a belief report at time t and the report in the previous round t−1. To

compare the magnitudes of these updates between contexts, regardless of whether

expectations increased or decreased, one would be tempted to calculate the abso-

lute values of these updates. However, the sign of the absolute value will be the

same, no matter whether expectations had increased or decreased. This problem

becomes even more severe considering belief updates that go against the signal

("inverse updates"), for example, lowering the expectation of a price increase by

after seeing a price increase.8 Such inverse belief updates would clearly deviate

from the rational benchmark, yet taking the absolute value would treat them the

same way as though they had been in line with the benchmark. To preserve the

information of the sign of these inverse updates, we use a different procedure: We

ŕip the sign of any update that was made after seeing a price decrease. This way,

belief increases (decreases) after seeing a price decrease (increase, i.e., inverse up-

dates) will always end up as negative values, preserving the information that would

be lost when taking the absolute value. Next, to ensure that we are measuring par-

ticipants’ updating "beyond" that of a Bayesian learner, we analyze the difference

between participants’ reported belief updates, ∆Report, and that of a hypothetical

Bayesian updater, ∆Bayes, by calculating ∆Report −∆Bayes. This is important, as a

similar, but weaker, pattern in belief updating to the hypothesized one can also be

produced by a Bayesian updater. More precisely, after an investor has made a gain

(loss) from a certain price movement, a second movement in the same direction will

also be favorable (unfavorable) but have a weaker impact on beliefs than the őrst

movement. Note that taking the absolute value at this stage without ŕipping the

signs of updates from price decreases would lead to even more information being

lost, as over- and underupdates relative to the Bayesian updates would both be

counted as positive values.

7See Figure A.5.6 in the internet appendix for a histogram of the standard deviations of
participants’ belief reports.

8For a closer investigation on these inverse updates in our participants see A.5 in the internet
appendix. Note however that the median inverse update had a small magnitude of four percentage
points and therefore most likely constitutes reporting errors. in- or exclusion of these updates
does not change our qualitative results, as shown in A.5, also in the internet appendix.
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Figure 2.1: Belief updating in Phase 1 dependent on the current position (gain, loss, or
not invested) and the last price move (favorable or unfavorable). Error bars show group-level
90% conődence intervals. For the same őgure when excluding rounds with inverse updates, see
Figure A.5.10 in Appendix A.5. The x axis shows the context in which the update was made
(i.e., from not being invested, from a favorable information while in a gain position etc.). The y
axis shows the average difference between the belief updates reported by participants and those
of a Bayesian updater (∆Report −∆Bayes). Further, the sign of updates from price decreases was
ŕipped, such that the numbers represent the "magnitude" of the updates.

Figure 2.1 displays these corrected belief reports for each context deőned in our

hypothesis. Generally, participants seem to overupdate by a value of .05 compared

to a Bayesian updater (SD = .26, two-sided t test, p < .001). Contrary to our

expectations, we őnd no difference in the average updating magnitude between

rounds in which participants were invested and rounds in which they were not

(two-sided t test, p = .755). When focusing on rounds in which participants were

invested, favorable information seems to be on average under- or even inversely up-

dated (−.01, SD = .22). This stands in stark contrast to unfavorable information,

which is updated with an average magnitude of .11 (SD = .28). Taken together,

unfavorable information leads to signiőcantly stronger updates compared to fa-

vorable information (two-sided t test, p < .001). This result aligns with Kuhnen

(2015), who also reports stronger updating for unfavorable information. We also

őnd update magnitudes on average to be greater in gain compared to loss positions

(.05, SD = .26, and .03, SD = .26, respectively, two-sided t test, p = .026), driven
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by the strong overupdating of unfavorable information in a gain position.

To test for the signiőcance of these őndings, we use a regression analysis with

cluster robust standard errors (clustered on the participant level), including all

belief updates where participants were invested (Table 2.1). In line with the pat-

tern visible in Figure 2.1, we őnd a signiőcant interaction between the investment

position and information favorability. Belief updates from favorable information

are generally stronger when participants őnd themselves in a loss compared to a

gain position (.008, SD = .26, and −.026, SD = .2, respectively, two-sided t test,

p = .007). The opposite is true for unfavorable information, where updates are

stronger in a gain position, thereby driving the interaction (.15, SD = .29 in gain

and .06, SD = .27 in loss positions, two-sided t test, p < .001).9 Table 2.1 also

conőrms the two main effects of investment position and information favorability,

although the magnitudes of the estimated parameters are clearly overshadowed by

the interaction term. In sum, the hypothesized contextual sensitivity of belief up-

dates does in fact emerge in the reported beliefs, leading to a signiőcant interaction

effect between position and information favorability on updating magnitude.

Investment Behavior

To inŕuence an investment’s proőtability, context-dependent beliefs őrst have to

impact investment decisions. Hence, we őrst check whether participants do trade in

accordance with their reported beliefs. Table 2.2 reports the results of an ordered

logistic regression on investments after the trading decision in round t (shorted,

not invested, held, coded as −1, 0, and 1 respectively). Model 1 includes as an

independent variables only the reported beliefs in a price increase.10 This model

shows that the reported beliefs are highly predictive for investments with an effect

size of .05 (p < .001).11 Overall, the signiőcant parameter estimate for the reported

beliefs in Model 1 indicates that participants did overall base their investments on

their beliefs.

9Table A.5.6 and Figure A.5.10 in Appendix A.5 in the internet appendix contain the same
analysis when excluding rounds with inverse updates. Table A.2.2 in Appendix A.2 conőrms that
the general pattern still holds when analyzing only held or shorted investments.

10Recall the sequence of events in a round: After the investment decision, participants were
asked for their belief about the probability of a price increase at the transition from round t to
t+1. Only at the end of round t did participants observe the new price that they could trade upon
in round t+ 1. Recall also that there are no transaction costs in our task. Including transaction
costs could have lead participants to stick to a portfolio they no longer prefered.

11For a brief example of how to interpret these effect sizes, see Appendix A.5 in the internet
appendix. Appendix A.5 in the internet appendix further shows a visualization of the model’s
predicted investment probabilities at different levels of reported belief.
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Table 2.1: Bayes Corrected Belief Updates

Favorability −.05 (.01, p < .01)∗∗∗

Position .09 (.014, p < .01)∗∗∗

Favorability × Position −.124 (.018, p < .01)∗∗∗

Constant .025 (.051, p = .63)

Control Yes
Obs. (Participants) 14,558 (191)
Adjusted R2 .072

Note. ∗∗∗p < .01; Ordinary least squares regression clustered on participant level; standard errors
and p-values are reported in parentheses. The table also reports the number of observations (Obs.)
and participants as well as the adjusted R2. Only investments lasting longer than one round are
considered, which leads to the exclusion of one participant from this analysis. Dependent Variable:
Belief updates while participants were invested, normalized by the change in Bayesian probability.
The beliefs were reported on a scale of 0 to 100 and the updating values are calculated as (qt −
qt−1)/100, where qt is the belief q in round t. Further, to obtain the magnitude of the updates
rather than their direction, the sign of updates after a price decrease was ŕipped. Independent
Variables: All variables are dummy coded. "Favorability" indicates whether the change in price of
the asset was favorable (coded as 1) or unfavorable (coded as 0) to the participant’s investment.
A price decrease would, for example, be favorable if the participant had short sold the asset.
"Position" indicates whether the current price of the held (shorted) asset is above (below) the
initial buying price. A gain position was coded as 1, losses as 0. Control Variables: Age and
gender are included as control variables but are omitted from the table.

As noted before, a similar pattern to our hypothesis would arise from the up-

dates of a Bayesian learner. We therefore test how much additional variance is

explained by the reported beliefs, beyond what a Bayesian learner could already

explain. To this end, Model 2 in Table 2.2 separates the reported belief into a

Bayesian and a residual component. We őrst regress the reported beliefs on the

Bayesian probability using an ordinary least squares (OLS) regression. The resid-

ual values of this regression can be interpreted as the overupdating orthogonal (i.e.,

independent) to the Bayesian probability. These two signals, the residual values

of the OLS regression and the Bayesian probability, are then used as predictors in

the ordered logistic regression. The results of Model 2 in Table 2.2 at őrst conőrm

that the Bayesian probability has a strong and signiőcant positive effect (.24) on

the investment decisions (p < .001). While the effect of the residuals on invest-

ments is .04 and thus smaller than that of the Bayesian probability, it does also

have a signiőcant inŕuence (p < .001). This indicates that the belief reports are

an informative signal for the investment decision in addition to the Bayesian prob-

ability. In other words: Although assuming that investment decisions are based on

Bayesian beliefs provides a reasonable predictor for participants’ portfolios, their
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Table 2.2: Portfolio Allocation After Trades in Round t

(1) (2)

Reported belief 0.05 (< .01, p < .01)∗∗∗ -

Residual beliefs - .04 (< .001, p < .01)∗∗∗

Bayesian probability - .22 (.004, p < .01)∗∗∗

Intercept not invested 2.28 (.39, p < .01)∗∗∗ 10.92 (.44, p < .01)∗∗∗

Intercept short 1.16 (.39, p < .01)∗∗∗ 9.76 (.44, p < .01)∗∗∗

Control Yes Yes
Obs. (Participants) 28,799 (192) 28,799 (192)
AIC 46,339.93 45,673.05

Note. ∗∗∗p < .01; Ordered logistic regressions with random effects for participants; standard
errors are reported in parentheses. The table further displays the number of observations (Obs.),
participants, and the Akaike Information Criterion (AIC) of each model. Model 2 aims to check
whether the reported beliefs in round t predict the next investment above the predictive value of
the Bayesian probability in round t. For a similar analysis per trade (i.e., short selling, liquidating,
etc.) see Table A.2.3 in Appendix A.2. Dependent Variable: Participants’ portfolio allocation
(i.e., short selling, not investing, or holding a share) after trades in round t. Note that this is
identical to the portfolio allocation at the start of round t+1. Independent Variables: "Reported
belief" is the beliefs about an upcoming price increase reported by participants (on a scale of 0
to 100) in round t. "Residual beliefs" are the residual values of an ordinary least squares linear
model regressing the reported beliefs on the Bayesian probability. "Bayesian probability" is the
probability of a price increase as calculated by a Bayesian learner. Control Variables: Age and
gender as well as the round number and an inertia dummy (i.e., the last portfolio allocation) are
included as control variables but are omitted from the table. Round number had a signiőcantly
negative, and inertia a signiőcant positive effect (both p < .01).

true beliefs differ enough from the Bayesian such that knowing their beliefs signif-

icantly improves predictions about their portfolio choices. This result also hints at

a non-Bayesian mechanism, which we aim to capture with our structural model of

context-dependent belief formation.

Our hypothesized context-dependent belief formation can take place only when

a decision maker is invested. It therefore should mainly affect decisions to liquidate

an investment. To get a more detailed picture of this effect, we calculate the average

belief whenever participants decided to change their portfolio.12 Interestingly, short

sales were on average liquidated while the reported beliefs were still signiőcantly

below .5 (.46, SD = .2, two-sided t test, p < .001). At this probability of a price

increase, a short sale would still be proőtable on average. Participants liquidating

12A complete table of these average beliefs grouped by decision (opening or closing an invest-
ment) and position (gain or loss) as well as the hypothetical averages of a Bayesian updater can
be found in Table A.2.4 in Appendix A.2.
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short sales at this belief therefore indicates that preferences in the option valuation

process, for example, risk aversion, might also affect the investment decisions.13

In contrast, when deciding to sell a share that they hold, participants reported an

average belief of .47 (SD = .21). These decisions were therefore in line with their

beliefs, which were also signiőcantly below .5 (two-sided t test, p < .001). A more

detailed picture arises when differentiating liquidations further into those from a

gain and those from a loss position. Further, we can compare the average reported

beliefs of participants to the average Bayesian probability. This allows us to see

where (in terms of investment position and information favorability) deviations

from the Bayesian benchmark are especially inŕuential for investment decisions.

We őrst look at liquidations from losses. Here, the pattern reported before

emerges: When closing any investment (holding or short selling) from a loss po-

sition, participants on average thought a price decrease to be more likely than a

price increase. A risk-neutral Bayesian investor would however "agree" with their

decision: The average belief of a Bayesian learner when closing a short sale in the

loss position would have been .51 (compared to .49 reported by participants); the

average belief of a Bayesian learner when selling a held share in the loss position

would have been .48 (compared to .46 reported by participants). Turning to liq-

uidations from the gain position, participants still believed a price decrease to be

more likely in general. Here, however, the risk-neutral Bayesian investor would not

agree with participants’ decisions: The average Bayesian probability when closing

a short sale in the gain position was .48, indicating that the short sale could still be

proőtable (compared to .45 reported by participants); the average Bayesian proba-

bility when selling a held share in the gain position was .52, indicating that holding

on to the share could still be proőtable (compared to .48 reported by participants).

In general, this analysis therefore conőrms our previous őndings, in that deviations

from the benchmark belief are strongest when in the gain position.

Such "early exits"Ðthat is, selling before the Bayesian probability would sug-

gest doing soÐfrom gain positions directly affect the overall proőtability of par-

ticipants’ investment decisions. This can be illustrated by calculating the "success

rate" of participants’ investment decisions in the following way: Deőne a decision

to make an investment as "successful" whenever the following price movement is

favorable, and a decision to liquidate an investment whenever the following price

movement would have been unfavorable. Take as an example an investor who has

13We explore this option by analyzing the individual differences between participants in Ap-
pendix A.2 and őnd none of our additional variables to be sufficient to explain our őndings.
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just liquidated a short sale: If the price now increases, then the liquidation was a

successful action, as the unfavorable (when short sold) price movement was avoided.

Note that this analysis also quantiőes the information contained in the observed

action (i.e., how well the observed action predicts the subsequent price movement).

Decisions by participants to open an investment had a rather low success rate (i.e.,

correctly predicting the next price movement) of 50.3%. Note that this number

excludes jumps (from short selling to holding and vice versa), as participants were

already invested when deciding to jump. According to our conceptual framework,

the contextual factorsÐinvestment position and information favorabilityÐwill in-

ŕuence belief updating, and thereby decisions, only while invested (i.e., for jumps

or decisions to liquidate). This would imply that these types of decisions would

be less proőtable than those made when not invested. We do not őnd this to be

the case, as the average success rate of decisions to jump or liquidate was 50.6%.

Taking a closer look at these decisions to jump or liquidate, however, reveals a

familiar pattern: Decisions that were made from a loss position were in general far

more successful, with an average success rate of 52.1% as compared to 48.5% for

decisions from a gain position (χ2 = 13.77, p < .01). This underperformance of

decisions from gain positions can be explained by an overreaction to unfavorable

information, as depicted in Figure 2.1. Such an overreaction in the gain position

will lead to liquidation of the investment when it would have been better to keep

it.

This eagerness to liquidate investments in the gain position, as well as a reluc-

tance to liquidate from a loss position, is also what we conjectured to drive the

disposition effect. The disposition effect value is calculated by subtracting the frac-

tion of liquidated losses from the fraction of liquidated gains. Formally, this means

we calculate DE = #RG
#PG

− #RL
#PL

. Here, G and L stand for gains and losses and

R and P indicate whether the position has been realized (i.e., liquidated) or is a

paper gain/paper loss (i.e., unrealized). This measure can therefore hypothetically

vary between −1 and 1. Note also that for this analysis, a jump is also counted

as a liquidation. Participants liquidated on average 48.97% (SD = 30.9) of their

loss positions and 32.27% (SD = 21.9) of their gain positions. For comparison,

a risk-neutral Bayesian investor would liquidate on average 99% (SD = 0.1) of

their loss positions and 16.3% (SD = 2.74) of their gain positions.14 Relative to

14A risk-neutral Bayesian investor will invest as soon as the probability of a favorable price
movement is above .5. If the price movement is, however, unfavorable, this almost always pushes
the probability of a subsequent favorable price movement below .5, leading the investor to liquidate
the investment in 99% of the cases. If the investor has made a gain, however, this is a further
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this benchmark, participants were therefore reluctant to liquidate losses and were

realizing gains too early.15 This consequently leads to a signiőcantly higher dispo-

sition effect value of participants (−.17, SD = .39) relative to that of the Bayesian

benchmark investor (−.83, SD = .02, two-sided t test, p < .001), meaning that

participants did in fact hold losses for too long and sell gains too early.

Last, all these effects are also reŕected in participants’ payoffs being lower than

that of a risk-neutral Bayesian investor in Phase 1. When we look only at the

payoff from investment decisions (i.e., ignoring the incentivized belief reports and

őxed payoff sums), participants on average gained only CHF 0.71 (SD = 3.63) per

block of the investment task. This stands in contrast to a risk-neutral Bayesian

investor who would have gained CHF 2.23 (SD = 3.94) per investment block.

One possible explanation for this difference in payoff would be risk aversion in

our participants. Risk aversion would, however, lower the payoff by preventing

participants from investing in the őrst place. While our participants were not

always invested, they were so in a majority of the rounds. The low success rate

of participants’ investment decisions demonstrated above thus appears as a more

plausible explanation compared to pure risk aversion.

Summarizing, we do őnd evidence for context-sensitive belief updating and its

impact on investment decisions, as hypothesized by our conceptual framework.

Interestingly, we őnd the hypothesized diminishing effect on the proőtability of

decisions to liquidate an investment only when these decisions were made from the

gain position. Although such a lower proőtability of decisions in a gain position

is only half of the components of the disposition effect, we do őnd a signiőcantly

stronger disposition effect in our participants compared to the benchmark investor.

Phase 2

The results reported so far underline the context sensitivity of belief updating and

its impact on investment decisions. In Phase 2 of the experiment, we aim for

a more causal test of our proposed mechanism by manipulating the necessity of

belief updating, while holding individual differences among participants constant

with our within subject design. After the two blocks of Phase 1, participants

signal that the investment was a good one. Thus multiple unfavorable price movements may be
necessary to push the probability of a favorable price movement below .5, leading the investor
to liquidate the investment. This was the case in 16.3% of rounds for the risk-neutral Bayesian
investor.

15Figure A.5.8 and Figure A.5.7 in the internet appendix visualize this result.
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continued the experiment with two additional blocks in either the no-information

(i.e., baseline or control condition), the partial-information, or the full-information

condition.

Information Provision and Belief Updating

Participants in the two treatment conditions were provided with additional infor-

mation, namely, the Bayesian probability (partial information) or the true prob-

ability (full information) of a price increase in the next round. We őrst test

whether participants did incorporate this additional information into their be-

liefs in the partial-information condition. To do so we calculate the difference

between the reported beliefs and the Bayesian probability. Had participants re-

ported the same probability estimates as the displayed Bayesian probability in the

partial-information condition, these difference values should be zero. Further, if

participants even partially incorporated the displayed information they may still

vary around zero, but with a smaller standard deviation than in the no-information

condition. Indeed, we do őnd a signiőcantly smaller variance of these "belief er-

rors" (Levene’s test, p < .001) in the partial-information condition, indicating

that participants reported beliefs closer to the Bayesian probabilities. In the full-

information condition we őnd that most participants used the shown probabilities

as orientations for their reported beliefs. 16 However, despite our belief elicitation

being incentivized, and simply reporting the shown probabilities (i.e., .65 in the

good and .35 in the bad state) clearly yielding the highest payoff, not all partic-

ipants did so. This shows that although participants did in fact incorporate the

information into their expectations once it was provided, they did not adopt it

completely.

We next check how this added information impacted the interaction effect be-

tween investment position and information favorability on belief updating. We per-

formed an OLS regression analogous to that shown in Table 2.1 with the reported

beliefs from Phase 2. Model 1 in Table 2.3 shows that the interaction between

position and favorability also reproduces in a smaller group (p = .009). It further

conőrms that the effect does not disappear through experience after the 150 rounds

of Phase 1. Model 2 calculates the same regression for the partial-information con-

dition. Whereas the favorability of the information maintains its effect on belief

16Figure A.3.1 in Appendix A.3 shows a visual representation of this result. Further, Fig-
ure A.3.2 in the same appendix shows the average belief updating split by information favorability
and investment position.
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formation, investment position and the interaction term do lose their signiőcance.

Note that the estimated effect of the interaction nearly halves from −.081 to −.047

between Models 1 and 2. A more direct comparison is provided in Model 3: It

pools the data used in Models 1 and 2 and adds a dummy variable for the condi-

tion. Whereas the interaction term has lost its signiőcance between Models 1 and

2, in Model 3 this difference does not show up as a three-way interaction between

investment position, information favorability, and condition.17 Further, neither the

condition dummy itself nor any interactions with it are signiőcant. This indicates

that the effects we report from Phase 1 persist on a lower level even when providing

the Bayesian probability.

Last, Model 4 includes only participants in the full-information condition. Note

that following the displayed probabilities, we expect only updating magnitudes of

either 0 or .3 (in case of the state remaining the same or switching, respectively).

This is a bimodal distribution, which violates the assumption of normally dis-

tributed errors of the OLS regression. To mitigate this problem we add a variable

indicating whether the state of the chain has switched. As in all other models, fa-

vorability of the information seems to remain a signiőcant factor in the way partic-

ipants update their beliefs. However, the interaction between investment position

and information favorability also does not reach signiőcance in this model.

Overall, the provision of additional information in the full-information condi-

tion seems to have mitigated the interaction effect between information favorability

and investment position. Similarly, this interaction term is no longer signiőcant

in the partial-information condition, although this mitigation is not strong enough

to show up as a three-way interaction with a condition dummy. The only effect

remaining throughout all conditions is that of information favorability. Here, par-

ticipants consistently update their beliefs less strongly when witnessing favorable as

compared to unfavorable information, although the strength of the effect declines

with the amount of information provided.

17A visual representation of these results can be found in Figure A.3.3 in Appendix A.3.
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Table 2.3: Bayes Corrected Belief Updates

(1) (2) (3) (4)
No Partial No & Partial Full

Favorability −.073 (.02, p < .01)∗∗∗ −.049 (.014, p < .01)∗∗∗ −.072 (.02, p < .01)∗∗∗ −.038 (0.016, p = .02)∗∗

Position .047 (.023, p = .04)∗∗ .016 (.025, p = .53) .05 (.02, p = .04)∗∗ .024 (.017, p = .15)

Condition −.001 (.021, p = .99)

State switch .037 (.012, p < .01)∗∗∗

Position × Favorability −.081 (.031, p < .01)∗∗∗ −.047 (.027, p = .08)∗ −.081 (.031, p < .01)∗∗∗ −.02 (.018, p = .32)

Position × Condition −.036 (.035, p = .3)

Favorability × Condition .024 (.024, p = .32)

Position ×
.033 (.041, p = .42)Favorability × Condition

Constant .025 (.109, p = .81) .085 (.072, p = .24) .06 (.06, p = .32) .056 (.041, p = .17)

Control Yes Yes Yes Yes
Obs. (Participants) 4, 761 (64) 5, 067 (64) 9, 838 (128) 5, 683 (64)
Adjusted R2 .03 .06 .05 .02

Note. ∗p < .1; ∗∗p < .05; ∗∗∗p < .01; ordinary least squares regression clustered on participant level; standard errors are reported in parentheses.
Model 1 includes only participants from the no-information condition, Model 2 includes only participants from the partial-information condition, Model
3 pools participants from the no-information and the partial-information conditions, and Model 4 includes only participants from the full-information
condition. The table also reports the number of observations (Obs.) and participants included as well as the adjusted R2 for each model. Dependent
Variable: Belief update normalized by the change in Bayesian probability. The beliefs were reported on a scale of 0 to 100 and the updating values are
calculated as (qt − qt−1)/100, where qt is the belief q in round t. Further, to obtain the magnitude of the updates rather than their direction, the sign
of updates after a price decrease was ŕipped. Independent Variables: All variables are dummy coded. "Favorability" indicates whether the change
in price of the asset was favorable (coded as 1) or unfavorable (coded as 0) to the participant’s investment. A price decrease would, for example, be
favorable if the participant had short sold the asset. "Position" indicates whether the current price of the held (shorted) asset is above (below) the
initial buying price. A gain position was coded as 1, losses as 0. "Condition" indicates whether the participant was in the partial-information condition
in Model 3. "State Switch" is coded as either −1 or 1 for a state switch and 0 for no state switch being indicated in the full-information condition.
Control Variables: Age and gender are included as control variables but are omitted from the table.
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Information Provision and Investment Behavior

We continue the analysis by inspecting whether the improved belief updating be-

tween conditions do also translate to better investment decisions, and thereby

increases participants’ proőts. Recall that the success rate of participants’ in-

vestment decisions in Phase 1 only differed substantially between decisions made

from gain and loss positions. We őnd the same pattern for success rates in the no-

information condition. Although jumps exhibited a success rate of 49.1% from gain

positions and 50.5% from loss positions, a larger difference emerges for decisions

to close an investment: Here the success rates are 48.9% and 54.2% for gain and

loss positions, respectively. We őnd similar results for participants in the partial-

information condition (see Table A.5.4 in Appendix A.5 of the internet appendix for

a tabulated overview of these results). Comparing the full-information condition

to the no-information condition, we see a substantial improvement especially after

jumps: Jumps from a gain position were successful in 56.7% of cases, compared to

49.1% in the no-information condition; jumps from a loss position were successful

in 55.8% of cases, compared to 50.5% in the no-information condition. Thus, only

when provided with full information on the state of the price-generating process in

the full-information condition could participants improve the proőtability of their

decisions.18

The next investment pattern implied by context-sensitive belief updating was

an increased rate of selling at a gain position compared to a loss position, that is,

the disposition effect. Given the increased availability of information in the two

treatment conditions, we expect an improvement in the disposition effect values

toward their respective benchmarks. Note that in the full-information condition,

the expected disposition effect value of a risk-neutral investor is 0. This is because

the only reason to sell in this condition is a state switch. As state switches are

independent of the investor’s losses or gains, this leads to the same propensity to

sell gains as losses, and thereby to a disposition effect of 0.

To measure the effect of the provided information on the disposition effect

within each participant, we calculate the difference between the disposition effect

values in Phases 1 and 2.19 The values used here are the difference between the

18See Table A.5.5 in the internet appendix for a tabulated overview of participants’ reported
beliefs when making these decisions, as reported in Table A.2.4 for Phase 1 of the experiment.

19This can be done because the disposition effect values did not differ signiőcantly between
groups during Phase 1. See Table A.2.5 in Appendix A.2.
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Table 2.4: Change in DE Between Experimental Phases

Constant (no information) −0.13 (0.16, p = .43)

Partial information −0.04 (0.05, p = .51)

Full information −0.67 (0.05, p < .001)∗∗∗

Control Yes
Observations 192
Adjusted R2 .51

Note. ∗∗∗p < .01; Linear regression on the difference in the disposition effect (DE) between Phases
1 and 2. All participants received the same treatment (no information) during Phase 1, whereas
the different groups received increasing amounts of information about future price moves in Phase
2. Dependent Variable: The disposition effect measure calculated as the difference between the
propensity of selling a gain and that of selling a loss. This model uses the difference between the
disposition effect values of the participants and that of a risk-neutral Bayesian investor on the
same price path (i.e., the "corrected disposition effect values"). The model is calculated on the
difference between these corrected disposition effect values in the őrst and the second phase of
the experiment. The same model using the uncorrected disposition effect values can be found in
the internet appendix in Table A.5.7. Independent Variables: Dummy coded variables indicating
the condition in Phase 2. Control Variables: Age and gender are included as control variables
but are omitted from the table.

participants’ disposition effect and that of a risk-neutral Bayesian investor. As ex-

pected, participants in the no-information condition did not improve signiőcantly

between phases (one-sided t test, p = .178), meaning they did not come closer to the

benchmark disposition effect. This conőrms that experience alone was not enough

to alleviate the disposition effect and that improvements in the other conditions are

due to the provided information. Indeed, participants in the partial-information

condition did improve signiőcantly (one-sided t test, p = .038). However, as Ta-

ble 2.4 reports, the improvement does not signiőcantly surpass that of the slight

improvement observed in the no-information condition due to experience. Last,

a different picture emerges for the disposition effect values of the full-information

condition. Here, values did improve signiőcantly toward the rational benchmark,

both in a separate model (p < .001) and in the full regression as described in Ta-

ble 2.4. Overall, these őndings regarding the disposition effect conőrm the general

pattern found in Phase 2: The observed context-sensitive belief formation and its

effects on investment decisions seem to withstand the provision of the Bayesian

probability. Only very clear information, such as the true probability of a price

increase provided in the full-information condition, allows participants to overcome

the inŕuence of these effects.

All the effects described above culminate in participants’ payoffs. While those
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in the no-information condition earned a nonsigniőcant average of CHF 0.2 less

in the second compared to the őrst phase, participants in the partial-information

condition did in fact improve their earnings. Yet, although participants in the

partial-information condition earned on average CHF 1.78 more in the second com-

pared to the őrst phase, this difference was not statistically signiőcant (one-sided t

test, p = .121). Participants in the full-information condition, however, improved

their earnings between the two phases by an average of CHF 13.32. This improve-

ment is both signiőcantly greater compared to zero and to the improvement in the

no-information condition (both one-sided t tests, p < .001).

In summary, we observe that providing additional information improves not

only belief updating but also investment decisions and thereby overall proőts. Par-

ticipants who did not receive any further information did not change their belief

updating or their behavior between experimental phases. Interestingly, providing

the Bayesian probability of a further price increase in the partial-information con-

dition led to weaker results than expected. Although it did seem to impact the way

participants updated their beliefs, its effects in regard to investment behavior did

not surpass that of mere experience effects found in the no-information condition.

Only when we provided very clear information about the future price movements,

such as in the full-information condition, did participants strongly change their

expectations as well as their investment behavior.

2.4 Context-Sensitive Reinforcement Learning Model

We suggest capturing the context sensitivity of belief updating with an augmented

reinforcement learning model. The previous analysis focused on the difference in

updating magnitudes, and thereby the result of the learning process. However

the implied non-linear dynamics in the observed belief formation can be better

captured by a structural modelling approach. Beyond that, one can test such a

structural model more rigorously against simpler versions, and thus investigate

whether the model complexity is justiőed by the data. First, we translate the

proposed conceptual framework into a reinforcement learning model with context-

sensitive learning rates. A test on model parameter recovery suggests that such a

model can be identiőed with our type of data and analysis approach. In such a

parameter recovery exercise one simulates data (in our case reported beliefs) for the

experimental task using known model parameters and then recovers them by őtting

the model on the simulated data (for details of this step see Appendix A.5). Note
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that successful recovery of the parameters of the full model in our case implies that

the model itself can be distinguished. As our competitor models are nested models

of the full model, they can not mimic data from a more complex one. Next, we

estimate the learning rates of the model using participants’ belief reports. Lastly,

we investigate the explanatory power of this CSRL model compared to reduced

versions including a standard reinforcement learning model with a single őxed

learning rate.

We model a reinforcement learner interested in the probability, qt ∈ [0, 1], of

observing a price increase at the end of each round, t. Price increases are coded as

xt = 1, and price decreases as xt = 0.20 Equation 2.1 describes such a learner, who

at the start of a round holds a prior belief, qt−1, and incorporates new information,

xt−1. This is done by adding to the prior belief a weighted difference between

the new information and the prior belief (prediction error ; Sutton & Barto, 2018).

Notice that the updated belief in round t becomes the prior belief used to update

the belief in the next round, t+ 1. Whereas classic reinforcement learning models

assume a constant weight by which the prediction error is integrated into the new

value, we allow the learning rate ηc ∈ [0, 1] to vary for different contexts c ∈

{i, g, l, f, u}, that is, not invested, gain, or loss position and favorable or unfavorable

information.

qt = qt−1 + ηc(xt−1 − qt−1) (2.1)

We estimate the learning rates of the model described in Equation 2.1 using a hi-

erarchical Bayesian model estimation technique. The intuition behind such a model

is that although the individual parameters may vary between participants, they

are not completely independent but form a group-level distribution themselves. In

practical estimation terms, this means that on the group level, we estimate for each

of the őve contexts cÐthat is, not being invested and the combinations of invest-

ment position and information favorabilityÐthe mean and standard deviation, µη
c

and ση
c , of the learning rates.21 Each participant is then assumed to possess their

own set of learning rates, ηc, which are drawn from the distributions deőned by the

20Note, that adding a subjective transformation of the evidence as in Hogarth & Einhorn
(1992) could, depending on the transformation, yield similar results as varying learning rates.
As this transformation would have to depend on the context as well, while still maintaining a
free learning rate parameter in the model, varying learning rates directly is a more parsimonious
approach.

21Note that the superscript η here only serves the purpose of making clear that these parameters
relate to the individual learning rates η of the participants.
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group-level parameters, µη
c and ση

c . In sum, we estimate for each context c and with

all N participants the set of parameters θc = {µη
c , σ

η
c , ηc,n=1, ηc,n=2, . . . , ηc,n=N}.

The Bayesian approach in turn means that we őrst make our prior assumptions

explicit by deőning prior probability distributions and likelihood functions for each

parameter. Bringing the priors and the model to the data, we arrive at a posterior

probability distribution for the set of parameters. All priors for the learning rates

were set to Φ(N(−.5, .5)). Here Φ is the cumulative density function of the standard

normal and is used to compress the learning rate values to the interval [0, 1]. This

transformation results in the effective prior being centered around a value of .33,

which is a sensible value given previous őndings (Gershman, 2015; Fontanesi et al.,

2019).

The Bayesian posterior distribution of a parameter indicates the probability of

each value given the speciőed priors, likelihood functions, and the observed data.

As the calculation of such a distribution has no closed-form solution for most

priors and likelihood functions, we use a Markov Chain Monte Carlo algorithm

that numerically approximates the posterior distribution (McElreath, 2020). De-

tailed information about the model estimation method and our speciőcations are

documented in Appendix A.4. Overall, the hierarchical Bayesian approach holds

multiple advantages over other analysis methods: It requires the explicit speciőca-

tion of prior distributions and a mechanism to calculate the likelihood. Further,

the results are not point estimates but probability distributions, which are more

informative and allow for a more intuitive interpretation of parameters. Last, the

hierarchical approach informs each individual case with the group-level data. This

can lead to more precise estimates, especially if only a few data points were present

for certain individuals (McElreath, 2020, a phenomenon called "shrinkage").

Figure 2.2 displays for each context the posterior distributions of the group-

level parameters for the mean learning rate, µη
c . The dot and whiskers beneath the

distributions indicates their mean value and the 90% credible interval. The latter

is the interval in which 90% of all posterior samples lie. It can thus be directly

interpreted as the interval containing the true parameter value with a probability

of .9. Note that all estimated learning rates are clearly below the priors, which

were centered around a value of .33. This conőrms that the data were informative

enough to overrule the priors. One reason for these low estimates may lie in the

rounds in which participants updated their beliefs in the direction opposite the

price movement (inverse updates). An inverse update would be best captured by

a negative learning rate. However, we restrict the learning rates to the interval
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Figure 2.2: Posterior probability distributions for the group-level mean parameters of the learn-
ing rates, µη

c . The dots and whiskers indicate the mean values and the 90% credible intervals,
that is, the inner area in which the value of the parameter is estimated to lie with a probability
of .9. These values are also tabulated in Table 2.5.

[0, 1]. Thus, the closest estimate within the given range is 0, pulling down the

overall estimates of the learning rate. Nonetheless, all 90% credible intervals are

reasonably far from zero, indicating that true learning rates below zero are rather

improbable.

The average estimated learning rate when not invested was .082 according to

its posterior distribution. Contrary to our predictions, this estimate not generally

lower than those for rounds where the participants were invested. The pattern

observed in the learning rates when invested are however in line with our concep-

tual framework: The average learning rate for favorable information is estimated

to be .019 when in a gain position and .176 in a loss position; the average learning

rate for unfavorable information is estimated to be .127 when in a gain position

and .033 in a loss position; We directly test whether this constitutes a credible

interaction between investment position and information favorability in the follow-

ing way: First, we calculate the difference between gain, g, and loss, l, samples

separately for unfavorable, u, and favorable, f , information, Df = Sgf − Slf and

Du = Sgu−Slu. The resulting distributions of samples, Df and Du, can be directly
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interpreted as the posterior distributions of a difference in learning rates between

gain and loss positions. Next, we can calculate the difference between the samples

of these new distributions to evaluate the interaction DI = Df − Du. Overall,

this leads to a difference-in-difference calculation, which tests whether the different

effects of investment position differ between information favorabilities. The 90%

credible interval of this new posterior distribution does not include zero (mean

−0.251, 90% credible interval [−.339,−.17]), indicating a credible interaction be-

tween the contexts. This analysis conőrms that both factorsÐinvestment position

and information favorabilityÐare necessary to accurately describe participants’

belief updating.22 Note also that the standard deviation of the group-level param-

eter distribution is estimated to be rather high (See Table A.5.1 in the internet

appendix), indicating some heterogeneity between participants.

22See Appendix A.5 in the internet appendix for an illustrative example of how the estimated
parameters would affect investment behavior.
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Table 2.5: Parameter Estimates per Model

Par. CSRL Invested Favorability Gain vs. Loss Standard

µη
n .082 [.049, .124] .141 [.087, .205] .078 [.041, .125] .075 [.036, .127]

µη
fg .019 [.008, .036]

µη
fl .176 [.115, .247]

µη
ug .127 [.082, .179]

µη
ul .033 [.016, .056]

µη
i .101 [.058, .155]

µη
f .140 [.085, .207]

µη
u .095 [.576, .141]

µη
g .003 [.001, .007]

µη
l .108 [.066, .159]

µη .108 [.059, .166]

BF - > 100 > 100 > 100 > 100

Note. Results of the hierarchical Bayesian model estimation of the reinforcement learning models. The models were all őt on the belief reports of
Phase 1. The table displays the sample mean and (in brackets) 90% credible intervals of the posterior for the mean parameter of the group-level
learning rate distribution µη. The "Par." column indicates for which parameter the row reports the calculated values. The subscripts in the parameters
are coded as n = not invested, i = invested, u = unfavorable, f = favorable, g = gain, and l = Loss. The row labeled BF displays the Bayes factors of
a comparison between the given model and the full context-sensitive reinforcement learning (CSRL) model. A BF > 1 indicates evidence in favor of
the CSRL model.
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Through the increased number of parameters, the CSRL model has more de-

grees of freedom, that is, it has a higher complexity compared to a standard rein-

forcement learning model with a single learning parameter. We thus now investi-

gate whether this complexity is justiőed by the data by comparing the explanatory

power of the CSRL model to reduced versions. We őrst apply the same estimation

procedureÐincluding the same prior distributions and dataÐto reduced forms of

the model: a standard reinforcement learning model with a single learning rate and

models differentiating either only between portfolio states (i.e., invested or not),

investment positions (gain vs. loss), or information favorability.23 Table 2.5 shows

the resulting average estimated group-level mean learning rates (µη) as well as the

comparisons to the full CSRL model. To compare the models we calculate Bayes

factors by estimating the marginal likelihood of the non-hierarchical implementa-

tion of each model using bridge-sampling (Meng & Wong, 1996). This approach

reveals under which model the data is more likely to occur (see e.g., Andraszewicz

et al., 2015) and also punishes for model complexity (it contains an "automatic

occam’s razor"; Kass & Raftery, 1995). It therefore constitutes a rigours test to

determine whether the complexity of the CSRL model is justiőed. A Bayes Fac-

tor of above one favors the model at test in explaining the data best. We őnd

that comparisons between each model and the full CSRL model consistently yield

BF > 100, indicating strong evidence in favor of the CSRL model.

The parameter estimates of the models with a reduced number of parameters

can also be used as a way to test the main effect of each factor. Using this method

we őnd no evidence for a difference in learning rate between being invested and not

being invested (mean difference in parameter estimates .04, 90% credible interval

[−.034, .118]). This is also expressed in a Bayes factor of BF = 22.07 in favor of

the model with a single learning rate when comparing to the one differentiating

between being invested or not invested. In contrast, we do őnd separate effects for

investment position and information favorability. The learning rate in a loss posi-

tion is estimated to be higher by .071 compared to the gain position (90% credible

interval [.032, .123]), indicating that participants reacted stronger to new informa-

tion when in a loss position. Regarding price movement favorability, the learning

rate is estimated .105 higher when witnessing an unfavorable price movement com-

pared to a favorable one (90% credible interval [.062, .156]). Lastly, comparing only

23Note that the models estimating the difference between investment positions as well as
favorability do use a third learning rate for the not-invested context. This is because the latter
cannot be assigned to one of the two contexts of interest (e.g., gain or loss).
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the reduced models with multiple learning rates among each other results in a clear

favorite in the model differentiating between information favorability (BF > 100).

In summary, this analysis conőrms that investment position and information

favorability generally interact in inŕuencing belief updating. Even when estimated

separately, investment positions and information favorability seem to inŕuence the

strength of the belief updating independently, as well as interacting with each other.

While the pattern of learning rates estimated here does differ somewhat from the

one found when analyzing the belief updates directly, they do agree on one aspect:

A meaningful interaction between investment position and information favorability

inŕuencing the strength of the belief updates.

2.5 Discussion

We combine effects from the literature (e.g. Knutson et al., 2011; Kuhnen, 2015;

Jiao, 2017) and propose a novel conceptual framework of how people update beliefs

when facing new information depending on an interaction between their investment

position (gain or loss) and information favorability. The conceptual framework of

the belief-updating process predicts proőt-harming investment behaviors regularly

observed in the laboratory and őeld, such as a difference in the proőtability of open-

ing or closing investments (Akepanidtaworn et al., 2021) and the disposition effect

(Odean, 1998). We conőrm the feasibility of this framework and its consequences

in an preregistered experiment utilizing a standard investment task (Frydman et

al., 2014) where we additionally elicited participants’ beliefs about the likelihood of

a price increase in the next round. We analyze the reported beliefs using regression

models as well as by estimating the parameters of the CSRL cognitive model. Dif-

ferences in the strength of belief updating in the contexts of investment position

and favorability of the information, as well as the importance of the interaction

emerges as a robust őnding in both approaches. Moreover, a model comparison

reveals that our proposed model őnds more support by the data than simpler mod-

els, even when punishing for complexity. In Phase 2 of the experiment we aimed

for a more causal test of the effect of belief formation on investments by providing

additional information about the probability of observing a price increase. We őnd

that with our interventions the context-sensitivity of belief formations can only be

mitigated and improve investment decisions once very precise information about

the next price movement is provided. The within subject nature of our exper-

imental design holds individual differences such as risk preferences, motivation,
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intelligence, and comprehension of the task constant. This allows a more causal

interpretation of the observed impact of information provision on belief updating.

We őrst tested our hypotheses on belief updating in terms of direct updating

values and compared them to those of a Bayesian learner. Generally the par-

ticipants in our experiment updated their beliefs more strongly than a Bayesian

learner, even more so for unfavorable information, which is in line with the őnd-

ings by Kuhnen (2015). We also őnd a signiőcant interaction between investment

position (gain vs. loss) and favorability of the information. This interaction arose

despite our incentivization of belief reports, which can itself lead to more rational

belief formation (Zimmermann, 2020), and persisted even when participants were

shown the Bayesian probability of a price increase. Moreover, controlling for indi-

vidual abilities and preferences by including them in our models does not change

the signiőcance of the interaction for belief formation. One pattern we do not ob-

serve in our data, using either of our analysis approaches, is that of participants

updating their beliefs more strongly for assets they owned (Hartzmark et al., 2021).

A possible reason may lay in the mechanism proposed by Hartzmark et al. (2021),

which is based on attention. Because our participants only had to focus on a sin-

gle asset, a lack of attentional resources is unlikely, which may be why ownership

of the asset did not inŕuence updating strength. Attentional effects, and with it

ownership, might however gain importance in a more complex scenario than the

one used in our experiment.

As belief updates lie at the core of our hypotheses, we őt a cognitive learning

model, the CSRL model, to our data as a second method to investigate and ensure

the robustness of our results. We őnd that the CSRL model provides a good őt

to the data and its complexity is well justiőed by the data compared to simpler

versions. The literature using models including differential updating is rather novel

but a promising direction of research (see Gershman, 2015). To the best of our

knowledge our CSRL model is the őrst to implement these effects in an investment

context and using an explicit dependence on these circumstantial factors.

Our results are further in line with explanations based on a belief in buying-price

reversion (Jiao, 2017). Note, however, that we do not propose that people hold

a belief in buying-price reversion a priori. Rather, the proposed context-sensitive

belief updating leads to expectations that resemble a belief in mean reversion,

although they emerge only once an investor is already invested. It may prove

fruitful for future research to explore other contexts that may inŕuence learning in

settings beyond őnancial decision making.
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Turning to the behavioral consequences of our őndings regarding belief up-

dating, we do őnd a strong difference in proőtability (i.e., success rates) between

liquidations or jumps from gain and loss positions. In contrast, the general őnding

of opening investments being more proőtable than closing them (Akepanidtaworn

et al., 2021) does not replicate in our experiment. Note that Akepanidtaworn et

al. (2021) do not őnd this proőtability difference for investors following a momen-

tum strategy. In our experimental setting, the actions of a risk-neutral Bayesian

investor would strongly resemble a momentum strategy. It might therefore not be

surprising that we őnd only a negligible effect in this environment. Only decisions

to jump between investments were improved by the information we provided, and

only substantially so in the full-information condition. This seems sensible, given

that belief updates were also only strongly inŕuenced when participants were pre-

sented with the objective probability of a price increase. In our experiment we can

therefore only partially conőrm a fundamental difference between the proőtabil-

ity of buying and selling decisions, namely, when also differentiating between the

original investment position from which the decision was made.

Participants in our experiment were more willing to liquidate losses than gains,

leading to overall negative disposition effect values. These values were, however,

clearly above that of a risk-neutral Bayesian investor, indicating that participants

could have increased their earnings by holding gains longer and selling losses earlier.

Here again, providing information in the partial-information condition did not move

disposition effect values much, whereas the full-information condition did have a

very strong impact. Our results complement other experimental őndings pointing

toward the importance of belief updating. For instance, Kuhnen et al. (2017)

proposes motivated beliefs to be the reason why people stick to their portfolios in

the losses, which conversely can lead to the disposition effect. Our participants

had higher disposition effect values compared to a risk-neutral Bayesian investor

even when provided with the true probabilities of a price increase. Thus, while the

data of the experiment underline the importance of belief updating in investment

behavior, there remains room for preference-based explanations of the disposition

effect(e.g. Tversky & Kahneman, 1992; Barberis & Xiong, 2012), which do, however,

have their own problems and limitations (see, e.g. Hens & Vlcek, 2011).

In summary, we do őnd a strong effect of the context on belief updating and

demonstrate how it can lead to adverse investment behavior. The effect of the

context on belief updates can, however, be generalized toward other sequential

decision-making scenarios: Take as an example a project manager who receives
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mixed news about an otherwise well-running project. Overweighting the more unfa-

vorable aspects of the news may drive the manager to be overly skeptical about the

project. The sunk cost fallacy Arkes & Blumer (1985) is another well-established

effect that may stem from belief updating: Our participants gave less weight to

negative information after incurring a loss; someone inŕuenced by the sunk cost

fallacy may similarly disregard negative information (and overweight positive in-

formation) after having incurred a loss in terms of time, money, or effort (i.e., a

sunk cost). Findings such as those by Asparouhova et al. (2009) also indicate that

such belief effects are rather universal as they can also appear when a person thinks

about abstract probabilities. It could thus be fruitful for future research to expand

and apply our conceptual framework across different domains. In particular, the

CSRL model provides a useful quantitative framework to derive clear and testable

predictions.

Preferences are largely assumed to be stable traits; belief updating, in contrast,

may be improved by education or providing better information. It is thus valuable

to know its mechanisms, what inŕuences it, and how decisions are affected by it.

Our results stress the importance of making relevant information clear, precise, and

easily accessible, especially when őnancial decisions are to be made. There are also

policy implications, for example, for trading interfaces. Here interventions such as

hiding the original buying price of an assetÐthus making the gain and losses of an

investment position less present to the investorÐhave already shown to be fruitful

(Frydman & Rangel, 2014), and the promotion of limit orders (Fischbacher et al.,

2017) may help by making selling decisions before expectations can be affected by

contextual factors. Overall our experimental data reveal the importance of the

context sensitivity of belief updating and investment behavior. They show that

providing clearer information can indeed play an important role in aiding investors

in achieving their goals.
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Abstract : Investors’ belief-updating is often inŕuenced by factors such as the

current investment position and whether information is subjectively favorable.

Such motivated beliefs can lead to proőt harming decisions. We argue that the

degree of involvement with the development of an investment is a driver of such

motivated beliefs. In a pre-registered experiment we aim to lower involvement by

delaying information and committing participants to a portfolio. We show that

this brings participants’ beliefs signiőcantly closer to a Bayesian benchmark. Sep-

arating information processing and belief-updating from decisions thus appears as

a promising and easy to implement intervention to improve őnancial decisions.
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3.1 Introduction

Processing information and forming beliefs about future asset returns is an essen-

tial aspect of successful őnancial decisions. Investor’s information processing is

however often inŕuenced by contexts irrelevant for predicting future returns. For

instance, the way investors update their beliefs given new information depends on

whether their current investment position reŕects a gain or a loss and whether the

information they receive is favorable with respect to their investment (Kuhnen &

Knutson, 2011; Kuhnen, 2015; Trutmann et al., 2022). Such context-dependent

belief updating processes can have a detrimental impact on investor’s decisions

and proőts (Grosshans et al., 2020). At őrst glance, it appears natural to assume

that people’s belief updating will proőt from receiving information instantly. Like-

wise it should be beneőcial to respond immediately to new information. However,

piece-wise and instantaneous information processing might lead to less deliberated

decisions (Imas et al., 2022). The objective of the present work is to investigate

whether people’s belief updating might beneőt from delayed information provision

and restricted decision making opportunities. By separating information process-

ing from decision making we expect improvements in the beliefs which can in turn

lead to better investment decisions.

The hypothesized underlying mechanism motivating our intervention is that

cognitive distance to a prior decision helps mitigate the effects of the context in

belief formation such as motivated beliefs, regret aversion and cognitive dissonance.

When people immediately receive information affecting their proőts, they may

update their beliefs very subjectively (e.g. expecting the value of an investment

to return to the initial buying value, Trutmann et al., 2022). In contrast, delayed

information provision and restricted decision-making opportunities separate the

information processing and the decision. Delaying information therefore provides

time to process new information thoroughly and may have similar positive effects as

a dedicated waiting period (Imas et al., 2022). Consequently, these changes to the

decision environment might reduce the involvement of an investor with their prior

decisions. This in turn can improve belief updating and thereby also subsequent

decisions. Based on these assumptions we predict that, őrst, delayed information

provision and restricted decision-making opportunities brings people’s beliefs closer

to a Bayesian belief which serves as our rational benchmark. Second, such improved

beliefs might translate into to more proőtable subsequent investment decisions.
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Past research has illustrated that it can be beneőcial for subsequent decision

making to distance oneself from previous decisions (e.g. Chang et al., 2016; Heinke

et al., 2021; Rotaru et al., 2021). These studies focus mainly on preference based

explanations, disregarding the potential role of beliefs. We argue that cognitive

distance also affects and improves decision makers’ beliefs by bringing it closer

to a rational Bayesian belief. Another strand of literature shows that manipulat-

ing frequency of decisions and information can improve decision performance (e.g.

Benartzi & Thaler, 1995; Gneezy & Potters, 1997; Thaler et al., 1997). Our pre-

registered experiment and analysis differs from these studies in three substantial

ways: First, while previous investigations have mainly focused on the anticipatory

effect of the manipulations we focus on their inŕuence on beliefs and decisions after

the intervention has been experienced. In other words, rather than investigating

how decision makers react to the anticipation of a changed environment, we study

the effects of having experienced the environment. As most investment decisions

have to be repeated or reconsidered, this is an important open research question

in the literature. Second, our within-subject study design controls for preferences

and other inter-personal differences, allowing for a more causal interpretation of the

effects on beliefs. Third, the elicitation of participants’ beliefs about future price

movements allows us to differentiate mechanisms based in risk preferences from

improvements in beliefs. Not only is this important because investment decisions

are largely based on the investor’s expectations (Trutmann et al., 2022; Grosshans

et al., 2020), but also because knowledge about the cognitive mechanisms behind

a behavioral change is valuable when planning new interventions to change and

improve behavior.

3.2 Experimental Design

We want to test the hypothesis that separating investment decisions from infor-

mation processing improves investors’ beliefs. Therefore, we need an investment

task where participants learn something about the future value of an asset and

which also allows to determine a rational benchmark belief. This section describes

brieŕy the pre-registered study. Detailed descriptions, instructions, screenshots of

the task as well as the pre-registration and further tables can be found on OSF

(osf.io/kxqda/).

Investment Task We adapt a standard investment task with a single asset with

an up- or downward trending price (Weber & Camerer, 1998). Participants could
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either buy or short sell up to four shares of the asset over a "block" of eight rounds

with no transaction costs. Throughout a block the assets’ price followed either

an upward or downward drift (chosen with equal probability), implemented by a

.65 probability of a price in- or decrease respectively. Participants were instructed

about all details of the task. The posterior probability of an upward or downward

trend in this task can be determined by Bayesian probability updating, which in

turn allows to predict the probability of a price increase for the upcoming round.

A standard round consisted of the following sequence of events: First, partici-

pants decide whether to buy or sell any shares. Next, using a slider they indicated

their estimated probability for a price increase from the current to the subsequent

round. Notice, that we ask participants for this probability as it is immediately

relevant for their decision. However, as this probability is only inŕuenced by the

probability of an upward drift it perfectly correlates with the latter. Lastly, par-

ticipants observe the price change.

For every participant eight different price paths were generated, each with its

own 50% chance of an up- or downward drift. Over the course of the experiment,

participants experienced each of the eight individual price paths in each of the

three conditions, resulting in 24 path-condition combinations (blocks). The order

of blocks was randomized for each participant.

Conditions After an initial three rounds in which participants could not change

their randomly allocated portfolio the conditions varied in the following ways: In

the Baseline condition participants played őve additional standard rounds as de-

scribed above. In the Blocked Trades condition participants had to decide upon

one portfolio which was then held for the upcoming őve rounds. They observed

the price change and reported their beliefs in a price increase in each of the őve

rounds. Lastly, the Delayed Information condition also required participants to

commit to their portfolio over őve rounds. Here the price updates were however

only displayed in a list format at the end of the őve rounds and participants only

report their belief about a price increase in the őnal round. In all conditions, par-

ticipants could then make one last investment for a őnal round where their beliefs

about the őnal price update were elicited. Note that at the őnal round participants

in all conditions had received the same information. The only difference between

the blocked trades and delayed information condition was therefore the time at

which beliefs could be updated, as both could only act upon their beliefs in the

őnal round.
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Procedures & Sample The online experiment was implemented using oTree

(Chen et al., 2016) and conducted through the proliőc.co platform in March of

2022. The main task was preceded by a detailed and interactive instruction, a

comprehension quiz as well as multiple training rounds. This was to make sure

that participants had fully understood the task as well as the option of short selling

the asset (the median participant answered 6 out of 8 quiz questions correctly).

The study took around one hour to complete. Participants were incentivized by

paying out the returns of a randomly selected block and earned an average of

$13.55. Guided by a power analysis (see the pre-registration) we aimed at a sample

of around 300 participants, giving us a power > .95 to detect a small effect of

Cohen’s d = .2. The őnal sample consists of 315 participants (156 female, mean

age 33.36, SD 10.86) with 68.57% of the sample declaring having at least some

previous experience with őnancial investments.

3.3 Results

We start the pre-registered analysis by investigating how increasing the cognitive

distance from prior decisions reduces the deviation from the rational Bayesian

benchmark. Next we take a closer look at participants’ trading decisions and study

whether the treatments improved proőts. Finally, as up- and downward drifting

asset prices might differ in their demand for cognitive resources, we study whether

the improvement by the treatments was stronger in either case.
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Figure 3.1: Treatment effect on the average absolute difference between the Bayesian Bench-
mark and participants’ reported beliefs for the őnal investment decision. The bars show the
average difference to the baseline condition, with lower values implying stronger improvement.
The average differences are the respective coefficients of treatment dummies from an estimated
OLS regression, error bars indicate 90% conődence intervals with standard errors clustered by
participant and price path, and the asterisk denotes p-Values < .05 for a one-sided t-test.

Beliefs We measure the accuracy of beliefs by calculating the absolute distance of

the reported beliefs at the end of a block to the Bayesian benchmark. The average

of this measure in the baseline condition was 18.47 percentage points. A decrease

in this value means beliefs closer the Bayesian updater, which we interpret as an

improvement in the belief formation. Figure 3.1 shows the effect of the treatments

on this distance compared to the baseline condition, estimated by a OLS regression

with treatment dummies and standard errors clustered on participant and price

path. Blocking trades brought participants’ beliefs (as compared to the baseline

condition) on average 0.39 percentage points closer to the Bayesian benchmark

(p = 0.096, one sided test). Delaying the information in turn reduced the deviation

from the Bayesian benchmark on average by 0.68 percentage points (p = 0.004,

one sided test). Thus, Figure 3.1 reveals that both treatments improved the beliefs

slightly, whereas only delaying information is statistically signiőcant.

Investment Decisions Over the őve trading rounds and the extra round at

the end of a price path participants on average invested (i.e. held or sold short)
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2.76 shares in the baseline condition. In general, we őnd that participants’ beliefs

(p < .001) as well as the price drift direction (p < .001) signiőcantly inŕuences in-

vestment decisions in an ordered logistic regression, underlining that participants

generally understood the task.1 At the start of the investment period they invested

slightly more when facing blocked trades (0.07 shares, p = 0.017) or delayed infor-

mation (0.11 shares, p = 0.009). This is in line with other results investigating the

anticipatory effect of varying the length of evaluation periods and risk taking (e.g.

Gneezy & Potters, 1997; Thaler et al., 1997; Larson et al., 2016).

In contrast to this previous work we focus on the end of the investment phase of

a block, once participant experienced the price changes and the speciőc treatments.

To investigate the success rate of the decisions after our interventions we calculate

each participants’ "drift hit rate": the number of shares held in the őnal round

that are in line with the current asset’s price drift. For example, shorting two

shares during a downward drift would be counted as a correct investment and

coded as a value of plus two. In contrast, shorting two shares during an upward

drift counts as an unsuccessful decision and is coded with a value of minus two.

The binary version of this measure is only concerned with whether the general

portfolio (holding or shorting shares) is in line with the current price drift (coded

as zero or one, hence binary). Note here, that random investments would generate

an average drift hit rate of zero for both measures. Table 3.1 compares these

measures between conditions using an OLS regression and a logistic regression for

the two measures respectively. In the baseline condition participants surpassed the

random benchmark signiőcantly in both measures. However, we őnd no signiőcant

improvement for the two treatment conditions.

1The table can be found on the project’s OSF repository (osf.io/kxqda/).
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Table 3.1: Treatment Effect on Drift Hit Rate

(1) (2)

Baseline 0.527*** 0.377***
( 0.071 ) ( 0.051 )

Blocked Trades -0.058 -0.058
( 0.043 ) ( 0.033 )

Delayed Information -0.088 -0.065
( 0.055 ) ( 0.034 )

R2 0.0001 -
AIC - 8373.69
Obs. (Clusters) 7560 ( 315, 8 ) 6161 ( 315, 8 )

Note. * = p < .05, ** = p < .01 *** = p < .001. One sided p-values with standard errors
(in parentheses) clustered on participant and path level; Treatments are dummy coded; Model
(1): OLS regression with Drift Hit Rate as outcome variable; Model (2): Logistic regression with
Binary Drift Hit Rate as outcome variable.

Note that our task involves a constant asset price trend and therefore trend

chasing is a proőtable strategy. As a consequence of this speciőc setting, having

stronger beliefs than a Bayesian updater can be advantageous in this setting. If

an investor is for example strongly convinced of an upward trend where such a

trend is indeed present, it may help reduce the investor’s perceived uncertainty

and thereby lead them to invest more in a proőtable opportunity. As a result,

participant’s beliefs may deviate less from a Bayesian benchmark in our treatment

conditions while they simultaneously make more cautious decisions and thereby

participate less in proőtable investments.

Regarding participants’ overall earnings, using an OLS regression we őnd the

average points earned over all eight rounds in the baseline condition to be signiő-

cantly positive with a value of 9.06 (p < .001). The treatments did lead to slight,

though statistically insigniőcant, improvements in participants’ earnings by 2.21

(blocked trades, p = 0.067) and 1.6 (delayed information, p = 0.253) points. Note

that earnings are calculated over all eight rounds of a block whereas the hit rates

reported above are only concerned with the őnal round.

Effects of Price Drift Proőting from a downward trending asset requires short

selling. This strategy may however be more cognitively demanding as the meaning

of price moves are "ŕipped" (i.e. falling prices now being positive). We there-

fore further investigate the underpinnings of our results by adding the price drift
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direction as a dummy coded predictor to the model underlying Figure 3.1, investi-

gating the belief difference to a Bayesian benchmark.2 Doing so reveals a signiőcant

improvement from both treatments during a downward drift (by 0.63 and 0.57 per-

centage points respectively). The interaction terms reveal that the difference in

condition effects seen in Figure 3.1 are due to blocked information being substan-

tially (0.48 percentage points), albeit not signiőcantly (p = 0.096), less effective

during upward drifts.

Regarding participants’ investment decisions, a strong effect of the price drift

alone can be observed when adding it as a predictor to the models presented in

Table 3.1. Here, an upward price drift lead to signiőcant improvements in both

measures (1.59 and 1.39 for the binary version) compared to a downward price

drift. In addition, there is a signiőcant negative interaction between an upward

price drift and the blocked trades treatment in both measures. This interaction

indicates that the intervention of blocking trading decisions was more effective

during a downward compared to an upward price drift. Thus blocking trades was

more sensitive to the price drift compared to delaying information both for beliefs

and investment decisions.

3.4 Discussion

In this study we investigated whether increasing the cognitive distance to prior de-

cisions improves belief formation and thereby the success rate of subsequent invest-

ment decisions. We őnd both of our treatments to bring beliefs closer to those of a

Bayesian benchmark. This improvement was statistically signiőcant when informa-

tion provision was delayed. Such a stronger effect of delayed information provision

is in line with motivated reasoning, as delayed information allows investors even

more distance to their previous decisions than only blocking investments. Further

supporting this interpretation, the "weaker" intervention of blocking trades only

improved beliefs during downward price drifts, while delaying information improved

beliefs independent of price drift. While the uncovered effects are small, they could

potentially inŕuence longer investments by compounding over time. Small effect

sizes might also indicate that further mechanisms which do not change with in-

volvement also play a role in the discrepancy between participants’ beliefs and the

Bayesian benchmark.

2These tables can also be found on the projects OSF repository (osf.io/kxqda/).
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In our setting, which we adapted from a simple standard investment task, the

improvement of the beliefs did not lead to higher proőtability of all investments

decision. A partial explanation may be that overly strong beliefs in the correct

direction (e.g. being very sure about an upward trend that truly exists) was bene-

őcial in our task. In environments where trend chasing can be harmful to proőts,

such as the impending burst of a bubble (Hefti et al., 2018), having rational beliefs

about future price changes may be even more important. While the rather small

effects on beliefs might be the result of the very simple and stylized environment

they also leave room for mechanisms based in investor preferences. Moreover, be-

yond the effects on beliefs, our results are the őrst to shed light on the effects

of restricted trading and information provision after investor experienced them,

rather than anticipating them. Lastly, we generally őnd a signiőcantly worse in-

vestment performance during downward price drifts in our baseline condition, and

blocking trades being signiőcantly more helpful there than during an upward drift.

Falling prices therefore overall seem more demanding for participants, and future

investigations may focus speciőcally on how to aid investors to make the best out

of falling markets.

In general our results fall in line with previous literature which, for a vari-

ety of reasons, recommends lay investors to check their portfolios less frequently

(Benartzi & Thaler, 1995; Odean, 1999; Mosenhauer, 2020), albeit for a different

reason. Ideally, expanding on the small effects we found, investigations into differ-

ent interventions using delays and bundling of information can be a further step

toward better investment decisions.
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Abstract : The likelihood of stopping an investment project differs after an expe-

rienced gain or loss. We investigate how the degree of involvement in prior decisions

affects the subsequent decision to change an investment. To this end we conduct

a lab-in-the-őeld experiment with professional participants from the őnance and

controlling department of a large infrastructure company. In line with the hypoth-

esis and prior őndings from student samples we őnd that lower involvement in the

decision is associated with a higher likelihood of changing the investment project

after a loss. However, this difference disappears with age, which we interpret as

experience in the professional career.
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4.1 Introduction

Many start-up founders speak openly about their failures and what they learned

from them. For instance, Andrew Wilkinson described on Twitter how he burned

10 million dollars of his own money on an ultimately failed workŕow management

platform.1 At the core of his and others’ sequence of risk-taking decisions lies a

stopping dilemma: Should they continue a project with uncertain large rewards in

the future while losing money along the way or stop the losses by not proceeding

with the venture and give up the chance for a large reward? Experiencing the

outcome of a prior decision that one has been involved in might lead to cognitive

or emotional costs when evaluating whether to continue the endeavor, which can in

turn lead to suboptimal stopping (Chang et al., 2016; Cohen & Erev, 2021; Martens

& Orzen, 2021).

In this study we investigate how the degree of involvement in decisions which

lead to experiences of gains or losses affects the subsequent decision to stop the

investment. Our analysis focuses on a speciőc sample of professionals in the őnance

and controlling department of one of the largest Swiss infrastructure provider, who

regularly deal with such high stakes investment decisions. Moreover, we investigate

whether age lowers the impact of personal involvement on decisions of this type,

as this correlates highly with seniority and thus professional experience in their

career.

A common observation in these stopping dilemmas is that human (e.g., Thaler,

1980) and other animal (e.g., pigeons; Navarro & Fantino, 2005) decision makers

tend to over-commit resourcesÐmoney, effort, or timeÐto failing enterprises. They

are more likely to continue a project once large initial investments are already made,

an effect known as the sunk cost fallacy (Thaler, 1980; Arkes & Blumer, 1985),

escalation of commitment (Staw, 1976, 1981), or the Concorde fallacy (Dawkins

& Carlisle, 1976; Arkes & Ayton, 1999; Navarro & Fantino, 2005). While money

that was burned due to stopping too late is rather salient, the oppositeÐgiving

up too earlyÐgets less attention, as that counterfactual is never realized once a

project is stopped. Early stopping is, however, a regularly reported behavior in

experimental studies. For example, Zikmund-Fisher (2004) observes in a sequential

risk-taking task where winning is rare that individuals stopped after six rounds,

even though the optimal strategy suggests stopping after 10. This phenomenon

is also known as learned helplessness (Seligman, 1972; Teodorescu & Erev, 2014),

1https://twitter.com/awilkinson/status/1376985854229504007
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de-escalation of commitment (Heath, 1995; McCain, 1986), the reverse sunk cost

effect (Zeelenberg & van Dijk, 1997), or early termination in optional stopping

tasks (such as the secretary problem; Seale & Rapoport, 1997; Brockner et al.,

1979; Hoelzl & Loewenstein, 2005; Lejuez et al., 2002; Wallsten et al., 2005) (see

Cohen & Erev, 2021 for a framework reconciling these seemingly opposing effects).

Motivated beliefs (Fischer & Maier, 2019; Jiao, 2017) or emotions (Corgnet et

al., 2020) might work as a mechanism to amplify the behavioral bias in risk taking

after an initial decision. As such, decision makers may, for example, avoid cognitive

or emotional costs such as feeling regret (Strahilevitz et al., 2011) or admitting a

mistake (e.g., cognitive dissonance; Festinger, 1962). In line with such a cognitive

dissonance mechanism, Chang et al. (2016) őnds in both experimental data with

students as well as őeld data of retail investors that investors are more likely to

liquidate a losing investment if the initial investment decision was made by a fund

manager rather than by themselves. Thus when investors buy a stock themselves,

they are less likely to sell losing positions than winning onesÐa phenomenon called

the disposition effectÐwhich can be caused by motivated belief distortions (Fischer

& Maier, 2019; Jiao, 2017; Trutmann et al., 2022, 2023). Two studies especially

corroborate this őnding: In the őeld Lehenkari (2011) analyzes data from the Finish

stock market and őnds that investors show a signiőcantly higher disposition effect

when they were personally responsible for the investment. In a laboratory setting

Martens & Orzen (2021) modiőed an experiment on escalation of commitment by

Staw (1976) with real experienced outcomes and consequential decisions and also

conőrm that participants react differently to őnancial losses when they have been

responsible for the prior decision.

Many of the aforementioned experimental investigations rely on student sam-

ples or retail customers. However, a crucial part of investment decisions and in

particular those with larger budgets are made by professionally trained and edu-

cated executives in large-scale enterprises. Such individuals go through specialized

training, and as they advance in seniority they learn from their experiences and

feedback in their career. On one hand, it is possible for feedback to increase a bias

toward proőt-harming behavior if the experienced outcome of the proőt-harming

decision is on average positive (Cohen et al., 2020; Yakobi et al., 2020). On the

other hand however, if the experience effect of feedback offsets these biases, profes-

sionals might show less proőt-harming behavior (Erev & Roth, 2014). In this latter

case the assumption of unbiased institutional investors might hold. The empirical
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results from the őeld are similarly contradictory regarding whether certain behav-

ioral biases do in fact disappear for professionals in őnancial decision making: On

the one hand, professionals are better at judging the quality of public signals in

information cascades (Alevy et al., 2006) and are less prone to trading overpriced

assets in a laboratory asset market where bubbles usually occur (Weitzel et al.,

2020). On the other hand, a persuasive amount of literature documents biases

among experts in corporate őnance settings (Malmendier, 2018), such as CEOs in

charge of mergers (Malmendier et al., 2011) or restructuring (C. F. Camerer & Mal-

mendier, 2007), who are inŕuenced in their decisions by major life experiences and

their own personal traits, such as overconődence. Mutual fund investors further

fall victim to proőt harming behaviors such as following short-lived price patterns

(Griffin et al., 2003) being myopically loss averse (Haigh & List, 2005) and other

biases similarly held by student samples (Abdellaoui et al., 2013; Schwaiger et al.,

2020).

We investigate how the degree of involvement in prior decisions affects the sub-

sequent decision to change an investment and how age, as a proxy for professional

experience, may mitigate this bias. For this purpose we conducted a lab-in-the-őeld

online experiment2 with 167 employees in the őnance and controlling departments

of one of the largest infrastructure companies in Switzerland. The sample mostly

consists of higher ranked employees working as project manager, controller, accoun-

tant or product owner in the the headquarter of the company. Thus, participants in

our study frequently face and experience the outcomes of many high stake őnancial

decisions.

In our experiment, participants faced a sequential risk-taking task. In each of

15 rounds they decided whether to invest in one of four risky options. They always

had a choice: Keep the previous investment, switch to a different option, or stay out

of investing completely. After each round concluded, participants received direct

performance feedback. All options yielded on average the same positive return, had

two of six positive outcomes (all with equal probabilities), and differed only in their

variance between outcomes. Conceptually our work resembles that of Chang et al.

(2016), with a between-group manipulation of the perceived degree of involvement

in the decision by the cover story and the labeling of the risky options: While one

group had to think of themselves as managers who invest in a start-up (manager

2Following the deőnition of Gneezy and Imas (2017) a lab-in-the-őeld study is conducted in a
naturalistic environment targeting the theoretically relevant population but using a standardized,
validated lab paradigm.
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condition, high decision involvement), the other group had to hire a consultant who

would invest for them in a start-up (consultant condition, low decision involvement).

For a normative proőt-maximizing decision maker the likelihood of switching to

another option should not be affected by either the experience of a loss or gain

nor by being in the manager or consultant condition. Nonetheless, we observe

that participants in the low-involvement treatment (consultant condition) switch

investment options after having experienced a loss more often compared to those in

the high-involvement treatment (manager condition). This tendency is particularly

strong for those below the median age of 34, while there is hardly any effect of

the condition for those above the median age. Higher education further seems to

mitigate the effect, while participants with a business background in their education

or training do not behave differently from those without such a background.

We thus contribute to the literature twofold: őrst, we investigate the effect of

involvement into a decision for a sample of professionals. This is important, as

most investment decisions bearing consequences for the general public are made by

such professional decision makers overseeing a large budget. Second, to the best

of our knowledge we are among the őrst to investigate the role of age, and with it

professional experiences in the effects of sunk costs. More professional experiences

may bring with it the ability of detaching oneself from the decision being made,

thereby lowering the effect of involvement on the decision.

In the following we describe the experimental design and our hypotheses in

detail in section 4.2. We present the results in section 4.3 and conclude with a

brief discussion of their immediate implications in section 4.4.

4.2 Experimental Design

We conducted a lab-in-the-őeld online experiment with an investment task, follow-

ing a between-subjects design in which we changed the framing of the investment

opportunities. This section describes the details of our experimental study.

Investment Task

Participants were initially endowed with 10,000,000 experimental currency units

(ECU). In each of the 15 rounds they őrst decided whether they want to invest

or keep the current cash balance. If they wanted to invest, they chose one of

the four options and decided how much of their current cash will be allocated to
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this investment option. In each round participants could invest in at most one

option. At the end of the round one of the returns was drawn from the respective

investment option with the same likelihood for each of the six returns, by rolling a

virtual fair die. Subsequently, the invested amount was multiplied by the return,

and added to the participants’ overall budget. Participants only saw the outcome

of their chosen investment option.3

The őve options remained the same over the whole 15 rounds and always con-

sisted of four investment options and one option not to invest. All investment

options consisted of six equally likely potential percentage returns of the invested

amount. Table 4.1 displays the return outcomes of each investment option.

Table 4.1: Return Outcomes of the Investment Options

Investment Potential return Mean return Variance
Option outcomes (%) (%)

I −10,−5,−3,−2,+2,+20 .33 108.27

II −10,−7,−2,−1,+7,+15 .33 69.47

III −10,−6,−1,−0,+9,+10 .33 63.47

IV −6,−4,−3,−1,+7,+9 .33 38.27

All four investment options offered the same positive average return of .33%.

Despite the positive overall return, each option contained only two positive out-

comes meaning that the distribution of the outcomes was positively skewed. In

other words, while participants would on average make a positive return, they

would experience a negative return more often than a positive one. The options

differed in the spread between the lowest and highest possible return as well as in

the variances of these returns, ranging from 38.27 to 108.27. As the risk-free option

of not investing always yielded a return of zero, it was therefore on average slightly

more attractive to invest, as there was a potential to earn large signiőcant returns.

Participants were allocated into two between-subject conditions which differed

only by the label of the investment options (similar to the approach used in Chang

et al., 2016): In the manager condition participants learned that they were in-

vestors and could invest in one of the four start-ups (high degree of involvement

in the decision). In the consultant condition participants were informed that they

were investors and could choose an investment consultant who would in turn in-

vest in start-ups on their behalf (low degree of involvement in the decision). In

3See Appendix C.3 for screenshots of the task.

75



both conditions participants were informed about the potential outcomes for each

investment option. The investment options were same for both conditions, only

the label changed as a consequence of the cover story. Thus, participants knew the

potential six returns if they choose one particular investment option and that one

of the six returns was drawn randomly with equal likelihood. Participants were

informed that their budget at the end of round 15 would determine their payoff.

Procedure

The online study was conducted in German and programmed using JavaScript and

HTML. The invitation E-mail to participate in the study was distributed in July

and August 2019 across the email distribution list of the őnance and controlling

department of one of the largest infrastructure companies in Switzerland. Most

recipients on this distribution list work as project manager, controller, accountant

or product owner in the headquarter of the infrastructure company. Thus, our

study sample consisted of higher ranked employees in this major Swiss infrastruc-

ture company, who regularly make investment decisions for small and large projects

up to multiple millions USD and monitor their outcomes. In total 167 employees

completed the study. After participants gave their informed consent they were

randomly assigned to one of the two treatment conditions. This led to our sample

consisting of 93 participants in the manager and 74 in the consultant condition.

This imbalance in sample size is within the range of what is expected when par-

ticipants are randomly assigned to treatments. This sample allocation resulted in

a power of at least .8 to detect medium sized effects of d = .39 or greater.

First, participants were provided with instructions for the experiment, which

were followed by a short comprehension quiz and three practice rounds to ensure

their understanding of the task. At the end of the 15 rounds of the investment

task, participants were informed about their total payoff. Afterward, they could

state their investment strategy in an open-form text őeld. The study ended with an

exit questionnaire eliciting age, education, and self-reported risk-taking behavior

(Richter et al., 2017) as additional control variables.

The top őve participants with the highest őnal payoff additionally received a

book coupon worth CHF 20 (around USD 22 at the time of the experiment) and this

was communicated to participants before they started the study. As a true őnancial

incentive for professional employees in a high wage country like Switzerland would

surpass the budgetary constraints of most studies, this mechanism was rather an
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incentive to motivate participation. As the incentives affect all participants in the

same way, we conclude that our between group comparisons are not affected by a

weak incentivation. In Section 4.4 we elaborate and discuss whether and how this

may inŕuence our results and how we come to this conclusion.

Table 4.2: Summary Statistics of Participants

Variable Total Manager Consultant Difference p value
(N=167) (N=93) (N=74)

Age 36.892 35.430 38.730 3.300 0.048**

Gender 0.395 0.366 0.432 0.067 0.383

Higher education 0.611 0.591 0.635 0.044 0.567

Business background 0.389 0.398 0.378 -0.019 0.799

Risk taking 5.808 5.839 5.770 -0.068 0.840

Nonnative speaker 0.054 0.032 0.081 0.049 0.167

Note. Means of demographic indicators for total, manager, and consultant condition. The differ-
ence column reports the differences between the treatment groups, and the last column reports
the p values of a two-sided t test, **p < 0.05. Age, measured in years; gender, dummy variable
taking on the value of 1 if the participant is female, 0 otherwise; higher education, dummy variable
taking on the value of 1 if the participant’s highest education is a tertiary degree, 0 otherwise;
business background, dummy variable taking on the value of 1 if the participant’s highest edu-
cation included some business aspects, 0 otherwise; risk taking, self-reported willingness to take
risks in general on a scale from 0 (no willingness to take risks) to 10 (high willingness to take
risks); nonnative speaker, dummy variable taking on the value of 1 if the participant’s mother
tongue is any other language than German, 0 otherwise.

Table 4.2 shows summary statistics for the total participant pool and for each

treatment group separately. Overall, the two treatment groups are very similar,

apart from participants in the consultant condition being a bit older.

Hypotheses

Involvement: Assuming a similar mechanism as the one proposed in Chang et

al. (2016) our őrst hypothesis is the following: a reduced perceived involvement

in a decision lowers the emotional costs of changing ones mind (i.e. the cognitive

dissonance). Thus, we expect the likelihood of changing a project after losses to be

higher in the consultant condition, due to a "denial of responsibility" (McGrath,

2017).

Professional Experience: Age correlates with professional experience. This

type of seniority in a őeld of high stakes decision making can improve the decisions
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made (see e.g. von den Driesch et al., 2015), possibly through an improved ability

for cognitive closure after a negative experience (Beike et al., 2009). Therefore, we

measure the professional experience through the age of the participants in our sam-

ple. We expect the effect of the treatment to be smaller for participants above the

median age compared to those below. This is because we expect older participants

to be less affected by negative prior outcomes.

4.3 Results

In this section we investigate the investment decisions made in our online experi-

ment. The presentation of the results is organized along the hypotheses and focuses

on the effect of the degree of involvement, which was manipulated by asking partic-

ipants to think of themselves as a manager or as someone who hires an investment

consultant. We start with comparing the general investment behavior and testing

for treatment differences. Next, we look at the likelihood of changing the invest-

ment option due to prior losses or gains. This is a direct test for the involvement

hypothesis, as we expect the likelihood of changing after prior losses to be higher

in the consultant condition. Finally, we check for robustness of the treatment dif-

ferences to the effects of age. This serves as proxy for professional seniority and

expertise and thus testing the professional experience hypothesis.

Investment Decisions

Overall, in most rounds participants chose to invest in one of the risky options.

Only in 2.4% (SE: 0.3%) of all rounds did they not invest at all. There are, however,

strong treatment differences: Participants in the manager condition decided not

to invest at all in 4.2% (SE: 1.4%) of the rounds, which is signiőcantly more than

the 0.1% (SE: 1.4%) in the consultant condition (two-sided t test, p = .004).

On average, one investment lasted 3.089 (SE: 0.109) rounds, i.e. the numbers of

consecutive rounds participants were invested in one speciőc investment option,

and this investment length did not differ signiőcantly between the manager (3.13

rounds, SE: 0.161) and consultant (3.049 rounds, SE: 0.148) conditions.

Participants chose the least risky option (option IV) only in 15% (SE: 0.7) of

the rounds, while the second least risky option (option III) was the most favored

one (30% of the rounds, SE: 0.9) and options I and II were in between (24%, SE: 0.9

and 27%, SE: 0.9, of the rounds, respectively). Moreover, the amount invested in

the least risky option (option IV) was signiőcantly lower than the amount invested
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in the most risky (option I) and most favored (option III) options (see Appendix

Table C.1.2 ). Furthermore, the average amount invested increased signiőcantly

throughout the rounds, on average by 113,000 ECU per round (see Appendix Ta-

ble C.1.2). We do not őnd any differences among the treatment groups regarding

the likelihood of investing in one speciőc option nor in the invested amount (see Ap-

pendix Tables C.1.1 and C.1.2). In other words, participants’ preferences among

the set of investment options did not differ between treatment conditions. The

average proőt per round was not signiőcantly different from 0, with an average of

−4, 936 ECU (SE: 10,637); nor was there any treatment effect on the average proőt.

This amounted to an average proőt of −73, 299 ECU over all 15 investment rounds,

again with no measurable treatment differences. Note, however, that there exists a

notable gender difference, with women on average earning 50,610 ECU per round

(753,899 ECU over all 15 rounds) more than men (see Appendix Table C.1.3).

Result 1: There are no signiőcant differences in the manager and consultant

conditions with respect to chosen investment options, average investment length,

or general proőtability. Participants more often decided not to invest at all in the

manager condition compared to the consultant condition, although at a very low

level.

Involvement Hypothesis

To investigate treatment group differences in the likelihood of switching between in-

vestment options, we constructed a dummy variable change, which takes on a value

of 1 if the participant starts to invest in a new option and 0 otherwise. Figure 4.1

shows the average of this change dummy for each treatment group, separately for

whether the previous round resulted in a gain or a loss and for all rounds. On av-

erage, participants changed the investment option in 20.5% (SE: 1.1) of the rounds

in the manager condition, which is less often than in the consultant condition,

where the option was changed in 22.9% (SE: 1.3) of the rounds. This differences is

however not signiőcant (two sided t-test p = .430, robust SE clustered on partici-

pant level). Conditional on observing a gain in the previous round, participants in

the manager condition changed their investment in 19.2% (SE: 1.8) of rounds. In

comparison, after a gain in the consultant condition a change was observed in only

15.5% (SE: 1.8) of rounds. We observe the opposite pattern following a prior loss.

Here, participants in the manager condition behaved similarly to after a prior gain,

79



Gain Loss Total

Consultant Manager Consultant Manager Consultant Manager

0%

10%

20%

30%

Condition

M
e
a
n
 o

f 
C

h
a
n
g
e

Figure 4.1: This őgure displays separately for the consultant and manager conditions the
likelihood of changing an investment option due to a gain, a loss, and overall. As the variable
change takes on a value of 1 if the participant starts to invest in a new option and 0 otherwise its
average represents the propensity to change in each group. Error bars depict the robust standard
errors clustered on the participant level.

changing investments in 19.8% (SE: 1.5) of the rounds. In contrast, in the consul-

tant condition this happened in 27.3% (SE: 1.8) of the rounds. Thus participants

in the manager condition changed their investments in 19 − 20% of all rounds,

regardless of whether they experienced a prior loss or gain, while the likelihood

to change investment options in the consultant condition depended heavily on the

previous outcome, with a higher likelihood to switch after a prior loss.

Table 4.3 reports the corresponding probit regression analysis to Figure 4.1

and the tests for signiőcance of the differences in the likelihood of changing the

investment option mentioned above. We also control for age and gender effects

as these variables are known to have a small but robust inŕuence on decision

making under risk (Filippin & Crosetto, 2016; Frey et al., 2021). In addition, we

take into account the structure of the data where we observe multiple responses

from the same individual. Thus observations can not be considered as completely

independent, affecting the covariance matrix in the regressions. Ignoring this may
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Table 4.3: Prior Losses and the Probability of Changing the Investment Option

(1) (2) (3)

Variable Manager Consultant Pooled

Loss (t− 1) 0.00704 0.407*** 0.0102
(0.111) (0.150) (0.111)

Consultant -0.107
(0.151)

Consultant*Loss (t− 1) 0.393**
(0.186)

Controls Yes Yes Yes
Observations 1,247 1,034 2,281
Pseudo R2 0.00923 0.0256 0.0172
Log-likelihood -610.8 -540.0 -1,152

Note. Probit regression with cluster robust standard errors (in parentheses) clustered on the
participant level. Estimates for the constant parameter and control variables are omitted but
were included in the regression. Two-sided t statistics are shown, **p < .05; ***p < .01. Outcome
variable: Change, dummy variable taking on the value of 1 if the chosen investment option in
the current round is different from in the previous round, 0 otherwise. Independent variables:
Loss(t − 1), dummy variable taking on the value of 1 if the result of the previous round was a
loss, 0 otherwise; consultant, dummy variable taking on the value of 1 if the participant was in
the consultant (low-involvement) condition, 0 otherwise. Control variables: Age and gender.

lead to an overestimation of the precision of the estimated effect, which we combat

by using a clustered sandwich estimator for the standard errors (see Cameron &

Miller, 2015).

While in the manager condition the decision to change the investment is not

signiőcantly affected by a prior gain or loss (model 1), a change in investment is

signiőcantly more likely after an experienced loss in the consultant condition (model

2). Comparing the two conditions (model 3), the likelihood of a change after a prior

loss is signiőcantly higher among participants in the consultant condition, indicated

by a signiőcant interaction term in the model.

The observed differences in how losses affect the decision to continue an in-

vestment in both conditions are not subject to how prior losses are measured or

to preferences. Similar results are obtained if the prior loss dummy is replaced

by the proportion of rounds in which a loss was observed (see Table C.1.4) or

if one controls for the self-reported willingness to take risks in investments (see

Table C.1.5).
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The treatment differences and in particular the strong interaction between prior

loss and the low-involvement treatment support the involvement hypothesis: A

lower degree of involvement in the decision leads to a higher likelihood of switching

the investment option. This result can also be seen as a conceptual replication of

Chang et al. (2016) in the context of business investments. They report that private

investors become more likely to sell a losing investment position if it is a fund rather

than a stock they picked themselves. Moreover, we interpret the results as evidence

against an escalation of commitment explanation, as we do not observe a signiőcant

decrease in the likelihood of changing due to prior losses in either condition. The

increase in the likelihood of changing after a loss in the low-involvement treatment

(consultant condition) speaks more in favor of under-commitment to a project.

Broadly speaking, this result supports a scapegoat explanation, as participants

can blame a hypothetical consultant from the cover story for a loss.

Result 2: We observe signiőcantly more changes in the investment options under

low involvement (consultant condition), in particular after a prior loss.

Professional Experience Hypothesis

The age of of managers reŕects their seniority and thus the cumulative professional

experience and training received throughout their career path. A higher stock of

personal experience may mitigate the need for a hypothetical "scapegoat", thereby

reducing the observed differences between the manager and the consultant condition

in the likelihood of switching investments. We investigate this idea by looking at

the effects of age, higher education, and whether the education contained a business

component.

Figure 4.2 depicts the average number of changes per treatment separately for

participants younger and older than the median age of 34 years. Overall, older

participants were committed signiőcantly longer to their investment projects and

switched in only 15.5% (SE: 1.1) of the rounds. In comparison, younger participants

changed investment options in 27.0% (SE: 1.3) of the rounds. Those participants

older than 34 chose to change the option with almost equal likelihood in the two

conditions, that is, in 15.8% (SE: 1.5) of the rounds in the manager condition and

15.2% (SE: 1.5) of the rounds in the consultant condition. Participants age 34

or younger tended to change the investment option signiőcantly less often in the
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Figure 4.2: This őgure displays separately for the consultant and manager conditions the
likelihood of changing an investment option for those who are below the median age of 34 years
(young) or above (old). The variable change takes on a value of 1 if the participant starts to invest
in a new option and 0 otherwise, meaning that its average represents the propensity to change
investments. Error bars depict the robust standard errors clustered on the participant level.

manager condition (23.9% of the rounds, SE: 1.6) than in the consultant condition

(31.9% of the rounds, SE: 2.1).

To conőrm the results visualized in Figure 4.2 and to test for treatment dif-

ferences as well as control for gender, we conducted probit regressions explaining

the likelihood of switching investment options by age. Table 4.4 reports the results

of this investigation: Model 1 looks at those with an age of 34 or younger, where

we őnd a signiőcantly higher likelihood of changing the investment option after a

loss in the consultant condition. Model 2, in contrast, looks at those with an age

above 34, where we do not őnd any notable differences between the two treatment

groups. In model 3 we pool the data and add a three-way interaction of prior loss,

consultant condition dummy, and age in years. Here, the higher likelihood of a

change due to prior losses in the low-involvement treatment (consultant condition)

remains but decreases strongly with age. As Model 1 in Table C.1.7 shows, similar
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Table 4.4: The Effect of Age on the Treatment Differences

(1) (2) (3) (4)
Variable Young Old Pooled Pooled (Age)

Loss (t− 1) 0.0650 -0.0463 0.0276 0.00960
(0.133) (0.183) (0.109) (0.111)

Consultant -0.111 -0.0526 -0.149 -0.553
(0.192) (0.229) (0.182) (0.505)

Consultant*Loss (t− 1) 0.627*** 0.120 0.669*** 1.520***
(0.230) (0.291) (0.217) (0.578)

Old -0.367**
(0.152)

Consultant*Old 0.166
(0.252)

Consultant*Loss (t− 1)*Old -0.630**
(0.294)

Age -0.00392
(0.00892)

Consultant*Age 0.0112
(0.0135)

Consultant*Loss (t− 1)*Age -0.0292**
(0.0148)

Controls Yes Yes Yes Yes
Observations 1,209 1,072 2,281 2,281
Pseudo R2 0.0506 0.00124 0.0466 0.0228
Log-likelihood -661.3 -452.9 -1,118 -1,146

Note. Probit regression with robust standard errors in parentheses clustered on the participant
level. Estimates for the constant parameter and control variables are omitted but were included in
the regression. One-sided t statistics, **p < .05; ***p < .01. Outcome variable: Change, dummy
variable taking on the value of 1 if the investment option in the current round is different from
in the previous round, 0 otherwise. Independent variables: Loss (t − 1), dummy variable taking
on the value of 1 if the result of the previous round was a loss, 0 otherwise; consultant, dummy
variable taking on the value of 1 if the participant is in the consultant condition, 0 otherwise;
old, dummy variable taking on the value of 1 if the age of the participant is above 34 years (the
median age of the sample), 0 otherwise; age, measured in years. Control variable: Gender.
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results are obtained when losses are operationalized as the proportion of losses from

all the experiences with a particular investment option.

Result 3: We observe signiőcantly fewer changes in the investment options for

older participants.

Gender & Education are factors that are regularly associated with individ-

ual differences in risk-taking (Frey et al., 2021). To rule out that they drive the

effect, we conducted an exploratory analysis for age and educational effects in Ap-

pendix C.1. We observe signiőcantly fewer changes in the investment options for

female participants. We also őnd female participants to change investments signif-

icantly more often due to prior losses in the consultant compared to the manager

condition, an effect which we do not őnd for male participants. However, these

gender differences with respect to treatment effects are not statistically signiőcant.

We also do not observe differences in the likelihood to change the investment op-

tions for participants who obtained a tertiary degree or have a business background

in their education.

Summarizing, one can say that we robustly observe a higher likelihood of a

change due to a loss in the consultant compared to the manager condition. More-

over, age seems to be the only individual attribute that consistently and signif-

icantly reduces the treatment effect. As our participant pool consists of őnance

professionals, age can be interpreted as a proxy for experiences in the job, which

brings with it the knowledge and strategies for making better decisions.

4.4 Discussion

We investigate differences in the likelihood of changing an investment project due

to prior gains or losses as a function of the perceived degree of involvement of the

decision maker. Moreover, we inquire whether age as a measure for professional

experiences mitigates observed differences between the treatment groups. We con-

ducted a lab-in-the-őeld online experiment with 167 employees of the őnance and

controlling department in one of the largest infrastructure companies in Switzer-

land. One main objective of this manuscript is to conceptually replicate Chang

et al. (2016) with a professional sample in a lab-in-the-őeld study. We therefore

followed the initial study design by Chang et al. (2016) and altered the labels of
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the investment options in two between-participant conditions, one condition induc-

ing high personal involvement, manager condition, and one with more perceived

distance to the decision, consultant condition. Only under low involvement (consul-

tant condition) do we őnd a signiőcantly higher likelihood of switching to another

investment after prior losses compared to prior gains. However, these effects of

prior outcomes are limited to participants at or below the median age of 34 years,

as we do not őnd such effects in the choices of those above the age of 34. Further,

higher education mitigates the effect of prior outcomes, but a business background

in education or training does not seem to make a signiőcant difference.

Limitations. One limitation to the cover story approach might be that the fram-

ing has different meanings for different participants and is prone to individual inter-

pretation. While we can not fully rule out that such differences in interpretations

may have played a role in the observed treatment effect, the instructions introduced

both treatment groups to the true return generating mechanism behind the returns.

The instruction text about this mechanism also did not differ between conditions

and did not personify the mechanism by including the cover story in its description.

Nevertheless, a better understanding of the driving factors behind these effects is a

relevant and promising endeavor for future research, as the effects can be found in

the laboratory, as well as in the őeld for lay investors and professionals. To us the

personal involvement mechanism appears to be the most plausible explanation. It

employs very few assumptions and is in line with other research that studies per-

sonal involvement Heinke et al. (2020); Rotaru et al. (2021) and we replicate the

őndings of Chang et al. (2016) who similarly interpret their results in terms of a

blaming and involvement mechanism.

One aspect that did differ between the treatment groups was their size which

was due to the truly random allocation of participants. However, we do not believe

this imbalance to be detrimental to our őndings. In detail, while participants in the

manager condition were signiőcantly younger than those in the consultant condition

we do observe more change of investments after a loss in the latter. We further őnd

that younger participants are more likely to change their investments after a loss.

We therefore őnd an increased likelihood to change in the consultant condition,

despite this group being older, and thus more likely not to change investments

after a loss.

Further aspect that might impact the outcome are the statistical power of

the experiment as well as the incentivization. While the sample size and thereby
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the statistical power was restricted by the professional sample, our sample does

allow for adequate power of .8 for medium effects of size d = .39. Further, a low

power to detect small effects does not impact the interpretation of the signiőcant

differences we őnd throughout the experiment, as power calculation are concerned

with the probability of missing an existent effect. Regarding the incentives, őrst,

the tournament character of only the top őve participants winning a book coupon,

might explain why we observe a small share of investments in the least risky option.

However, this incentive structure affects both treatment conditions in the same way,

and thus disappears when comparing both treatments. Second, the incentives were

small, in particular for higher ranked professionals working in Switzerland. The

literature is, however, rather inconclusive whether low-stake/hypothetical decisions

only add noise or systematically bias decisions (C. F. Camerer & Hogarth, 1999;

Holt & Laury, 2002; Kühberger et al., 2002; Harrison et al., 2005; Gneezy et al.,

2015; C. Camerer & Mobbs, 2017; Hackethal et al., 2022). While noisier decisions

would make it harder to detect signiőcant effects, a decision bias would also affect all

participants in a similar direction and should therefore cancel out when comparing

decisions between condition groups.

Lastly, it is interesting that participants mostly chose the option which in-

cluded a zero return as an outcome, as this return is strictly speaking not negative.

Nonetheless, this aspect also does not impact our conclusions as the outcomes of

each investment option also did not differ between conditions.

Relation to the Literature. We őnd a lower commitment to an investment

project in the low-involvement treatment (consultant condition). This can be in-

terpreted as younger participants taking advantage of the possibility to use the

cover-story of hired consultant as a hypothetical scapegoat who can be blamed

for the negative outcome from a random process. These results contribute to the

literature in two aspects:

First, we conceptually replicate Chang et al. (2016) by experimentally manip-

ulating the perceived degree of involvement in a decision. We observe a higher

likelihood of stopping a losing investment when the investment option is labeled as

hiring a consultant (low involvement). In the high-involvement treatment (man-

ager condition), we do not observe a difference in the likelihood of switching invest-

ment options after either a gain or a loss. Presumably, we do not observe under-

commitment in the high-involvement treatment because of the lack of "someone

(else) to blame" after losses. Moreover, our őndings on the role of prior losses
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and personal involvement are in line with those by Martens & Orzen (2021), even

though the studies differ in the subject pool (see next point), the frequency of

decisions made, and how the degree of involvement is manipulated. This speaks in

favor of personal involvement in prior decisions having a robust impact on decision

making.

Second, we document that these behavioral differences exist also among pro-

fessionals but disappear with age and level of education. As with increasing age

one often climbs the career ladder and gains more experience, we interpret the

observed age effect as a proxy for professional seniority. However, it might also be

a pure and general effect of aging and gaining experiences through life, that drives

these results. While we cannot separate this with our data, our interpretation is in

line with the broader literature, such as Malmendier (2018), who points out that a

plethora of documented biases in professional decision making could be the result

of early career errors. If the outcome of proőt-harming decisions is on average

negative (i.e. more often negative than positive), such biases in decisions might

disappear with feedback and experience, as predicted by Erev & Roth (2014).

Also regarding the frequency of outcomes, Cohen & Erev (2021) observe that

if gains appear more (less) often than losses decision makers prolong their projects

for too long (short) in order to break even. For this reason we expect frequent

changes of options in our experiment, as only two out of six possible outcomes

are positive, despite the lotteries having a positive expected value. It might prove

interesting to investigate further whether and how the involvement in a decision

interacts with the frequency of observed gains or losses and subsequently over- or

under-commitment of resources to a project.

Lastly, while we focus our analysis on the propensity to switch the investment,

one may also ask why investors switch between options in our settings at all. All

information is presented to participants in the instructions, yet their experience

throughout the experiment still inŕuences their decision. While this behavior is

at odds with what one would expect form a rational investor, it is in line with re-

sults reported by Heinke et al. (2022) who őnd that experiences, may even overrule

provided information. In line with our őnding of the treatment effect vanishing

with age, Dessaint & Matray (2017) show that in őeld data experienced managers

"overreact" less to close-by hurricanes, even though here as well the statistical

probabilities of a hurricane incident occurring are known. Also note that partici-

pants not having a "rational" reason to switch investments does not diminish our

results as this was the case for both treatment conditions equally.
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In conclusion, we observe that the likelihood of changing an investment project

due to prior gains or losses is a function of the perceived degree of involvement of

the decision maker. The effect of involvement as well as treating gains and losses

differently, disappears with age, which can be seen as a measure for professional

experience. One straightforward implication of our őndings is the importance of

feedback to enhance learning from experience and reduce biases in decisions. How-

ever, feedback in itself might also increase biases if proőt-harming decisions are on

average rewarding (Cohen et al., 2020). Thus, ideally the proőt-maximizing option

is the one with the highest frequency of positive rewards (Erev & Roth, 2014).

While such considerations in designing a decision environment may be important,

our results also suggest that general experience of the decision maker also plays a

central role, even more so than speciőc economic and business training. Being able

to separate the personal involvement into a decision from evaluating the outcome

is crucial and seems to be a skill acquired over the life- and career span. Thus,

to improve decision-making quality along a career path, enhancing reŕection on

experiences and thereby learning presents itself as a promising approach.
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Appendix A

Appendix Manuscript I

A.1 Benchmark Investor

This section describes the process of calculating the Bayesian probability of a price

increase using the information known about the price-generating process as well as

the price history. The state of the asset is denoted as s ∈ {good, bad}, and price

increases and decreases as up = 1 and up = 0, respectively. If the asset is in a good

state at time t, the probability of a price increase is P (upt = 1|s = good) = .65,

resulting in an upward drift over time. The opposite is true for the bad state,

meaning P (upt = 1|s = bad) = .35. Given the knowledge of the investor about

this structure one can apply Bayes’s rule to calculate the Bayesian belief, Bt+1,

that the price will increase in the next round t + 1. To do so, őrst one needs

to determine the probability of the asset being in the good state, Qt, given the

observed price movement, upt, and the prior belief that the asset was in a good

state in the previous round, Qt−1.

Qt = Pt(s = good|upt)

=
Qt−1 × P (Ut|sgood)

P (upt)

=
Qt−1 × (.35 + .3upt)

Qt−1 × (.35 + .3upt) + (1−Qt−1)× (.65− .3upt)
(A.1.1)

Note that the expression in equation (A.1.1) holds for price increases and de-

creases. In the former case, upt = 1 and thus P (upt = 1|s = good) = .65, whereas

in the latter case, upt = 0, the probability of observing a price decrease in the good
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state is P (upt = 0|s = good) = .35. The same logic applies vice versa to the case

of the asset being in the bad state.

Next, one also has to consider the possibility of a state switch. This can be

incorporated in the following way:

Q′
t = .8Qt + .2(1−Qt) = .2 + .6Qt (A.1.2)

This binds the prior being in the good state Q′
t for the next round to the interval

[.32, .68]. Given these updated beliefs, the probability of observing a price increase,

Bt+1, in round t+ 1 can be calculated by considering the likelihood that the asset

will increase both if it is in a good state and if it is in a bad state:

Bt+1 = .65×Qt + .35× (1−Qt)

= .35 + .3×Qt (A.1.3)

This conőnes the Bayesian probability of observing a price increase further to

the interval of [.446, .554]. Thus, despite price movements being informative, the

environment in our experiment is uncertain and information is noisy.

A.2 Phase 1

Additional Figures and Tables
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Table A.2.1: Descriptive Statistics of the Sample

Condition Age Gender Exp. Student Err. Quiz IQ Score Risk Av.

No information 22.95 (2.76) 0.61 0.48 0.95 1.64 (1.72) 2.56 (0.97) 4.91 (2.02)
Partial information 22.92 (3.27) 0.58 0.53 0.95 1.83 (1.89) 2.77 (0.96) 5.44 (2.02)
Full information 22.89 (3.67) 0.56 0.48 0.92 2.08 (1.90) 2.70 (0.99) 5.30 (1.99)
Total 22.92 (3.24) 0.58 0.5 0.94 1.85 (1.84) 2.68 (0.97) 5.21 (2.01)

Note. Descriptive overview of the sample. Standard errors are reported in parentheses where applicable. "Age" is reported in years. "Gender" refers
to the fraction of female participants. "Exp." is the fraction who reported having prior experience making investment decisions. "Student" is the
fraction who reported to be enrolled as student. "Err. Quiz" describes the number of errors in the comprehension quiz. "IQ Score" is the score on
the progressive matrices task. "Risk Av." (risk aversion) describes the average answers to the German Socio-Economic Panel general risk assessment
question.
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Figure A.2.1: Event analysis of the average portfolio allocation around a state switch. The
x axis shows rounds since the őrst price movement from a new state was observed. Round 0
is therefore the őrst round in which a participant can react to a state switch and adjust their
portfolio allocation accordingly The y axis shows average investments at the given time point.
Investments are coded as −1 for a short investment 0 for no investment and 1 for holding the
asset. Further, the line is split between whether a switch from the bad to the good state or vice
versa happened.

Table A.2.2: Belief Updates for Long and Short Investments

Long Short

Favorable price move −.102 (.011, p < .001)∗∗∗ −.137 (.014, p < .001)∗∗∗

Gain position .017 (.012, p = .17) .049 (.013, p < .001)∗∗∗

Interaction −.126 (.018, p < .001)∗∗∗ −.12 (.024, p < .001)∗∗∗

Constant .006 (.05, p = .9) .021 (.064, p = .74)
Obs. (Participants) 9,222 (191) 5,336 (191)

Adjusted R2 .056 .11

Note. ∗∗∗p < .01; linear regression predicting the average intensity of belief updates by investment
domain and price movement (effect coded, standard errors and p-values in parentheses). The table
also reports the adjusted R2 and number of observations (Obs.) as well as participants. The beliefs
were reported on a scale of 0 to 100 and the updating values are calculated as qt−1 − qt where qt
is the belief q in round t. Further, updating values for downward price movements were ŕipped
such that all updates should have a positive sign. The analysis uses cluster robust standard errors
clustered by participant. Age and gender are added as control variables but omitted in the table.

110



Table A.2.3: Inŕuence on Trades

Buy Long Sell Short Liq. Long Liq. Short
Beliefs 0.048 −0.053 −0.049 0.054

(0.002, p < .001)∗∗∗ (0.002, p < .001)∗∗∗ (0.002, p < .001)∗∗∗ (0.002, p < .001)∗∗∗

Bayesian probability 12.644 −17.848 −14.872 21.403
(1.205, p < .001)∗∗∗ (1.397, p < .001)∗∗∗ (1.133, p < .001)∗∗∗ (1.511, p < .001)∗∗∗

Loss position − − −0.760 −0.456
(0.121, p < .001)∗∗∗ (0.166)∗∗

Interaction position belief − − 0.012 −0.001
(0.002, p < .001)∗∗∗ (0.003, p = .73)

Constant 9.109 −9.960 −9.166 13.140
(0.610, p < .001)∗∗∗ (0.695, p < .001)∗∗∗ (0.592, p < .001)∗∗∗ (0.723)∗∗∗

Obs. (Participants) 5,182 (190) 5,182 (190) 13,325 (192) 8,755 (188)

Note. ∗∗p < .05; ∗∗∗p < .01; mixed logistic regressions predicting trades with the Bayesian probability, the reported beliefs of the participants, and an
interaction with investment position in case of liquidation (liq.). Standard errors and p-values are reported in parentheses. Further a random effect
term per participant was added. The table also reports the number of observations (Obs.) and participants included in the calculation.
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Table A.2.4: Beliefs When Making Trading Decision

Investment Trading Decision Position Mean Reported SD Mean Bayesian

Hold (+1 share)
Start Invest. .599 .194 .509

Liquidate
Gain .480 .214 .522
Loss .459 .196 .479

Short (−1 share)
Start Invest. .347 .216 .488

Liquidate
Gain .448 .207 .475
Loss .495 .183 .518

Note. The mean and standard deviation of the beliefs reported by participants in the őrst phase
of the experiment. They are grouped by the trading decisions they made in that round. The last
column provides the mean probability calculated by a Bayesian updater in the speciőc situations
for comparison.

Table A.2.5: DE to Benchmark in Phase 1

Constant (no information) 0.787 (.208, p < .001)∗∗∗

Partial information −.056 (.069, p = .42)
Full information −.078 (.069, p = .26)
Observations 192
Adjusted R2 −.003

Note. ∗∗∗p < .01; linear regression on the disposition effect (DE) measures for Phase 1 using the
participants’ condition as dummy variable (standard errors and p-values in parentheses). Age
and gender are added as control variables but omitted in the table. Although all measures are
signiőcantly above the rational benchmark value, they do not differ signiőcantly, as all participants
received the same treatment during Phase 1.

Individual Differences

The size of our sample (192 participants) also allows us to investigate if the effects

reported above may be moderated by individual differences. In that regard, previ-

ous literature has shown effects of intelligence and risk preferences (e.g., Fellner &

Maciejovsky, 2007; Grinblatt et al., 2012) on investment behavior. To test for indi-

vidual differences, we őrst added additional variables to the updating regression in

Table 2.1 as a three-way interaction with the already present interaction term (the

resulting tables can be found in the internet appendix). However, neither age, gen-

der or intelligence nor the reported ambiguity or loss aversion signiőcantly affected

the main results. Only two of the additional variables entered a signiőcant three-

way interaction with investment position and price movement favorability. These

were the number of wrong answers in the initial quiz after the tutorial (p = .040)
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and the reported engagement with the study (p < .001). This may indicate that the

effect was stronger for participants who initially struggled to grasp the instructions,

possibly due to a lack of motivation. Including this interaction does not, however,

take away from the original two-way interaction, which remains signiőcant even in

this case (p < .001).

All of the mentioned variables as well as the reported investment experience

further had no signiőcant impact on disposition effect values. In one questionnaire

participants indicated on a 5-point Likert scale how much nine strategies applied

to their behavior. None of the suggested strategies had a signiőcant direct impact

on participants’ payoff. However, those strategies that are expected to correlate

negatively with the disposition effect do show a signiőcant effect in the hypothesized

direction (see Table A.5.2 in the internet appendix for a detailed analysis).

A.3 Phase 2
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Figure A.3.1: Figure showing the average belief of each participant along the x -axis split
between the good and the bad state in the full-information condition. Participants were sorted
by their distance to the expected responses of .35 in the bad and .65 in the good state. Error
bars indicate one standard deviation.
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Figure A.3.2: Belief updating of the full-information group in the second phase of the exper-
iment split by investment position and price movement. Depicted are the averages of the raw,
nonŕipped updating values. Note here that all updates should be 0 if the state remains the same,
or either .3 or −.3 in case of a state switch. As state switches are independent of gains, losses, or
the favorability of the price move and since both switching probabilities are identical, we would
expect these updates to cancel out in all situations. Therefore the benchmark values in this őgure
are all average updates of 0.

Favorable Unfavorable

Not Invested Gain Loss Gain Loss

−0.01

0.00

0.01

0.02

0.03

0.04

Price Movement and Position

M
e

a
n

 C
o

rr
e

c
te

d
 B

e
lie

f 
U

p
d

a
te

Treatment

No Info.

Partial Info.

Figure A.3.3: Belief updating in Phase 2 according to the current position (gain, loss, or not
invested), the last price move (favorable or unfavorable), and condition (Partial or no nformation).
For the same őgure when excluding inverse updates see Figure A.5.9 in the internet appendix.
The x axis shows the combination of the portfolio allocation from which the update was made
(i.e., not invested, gain, or loss) and the favorability of the price move. Further, each of these
cells is split into the no-information and partial-information condition. The y axis shows the
average of the difference between a Bayesian investor’s belief updates and those reported by
participants (∆Report − ∆Bayes). Further, the sign of updates from negative price moves was
ŕipped, as described in the main text. Error bars show group-level 90% conődence intervals.
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A.4 Model Estimation Methods

All models were implemented as a hierarchical Bayesian model using the rstan

(Stan Development Team, 2020) package for the R programming language (R Core

Team, 2021). As mentioned in the main text, this approach assumes that each

participant’s parameters are drawn from a group-level distribution. As an example,

if the participant has a certain learning rate ηc in context c, we assume that ηc is

drawn from a group-level distribution that is deőned by its own mean and standard

deviation parameters. This means that not only is the group-level average informed

by the individual estimates, but in turn the parameter estimates for individual

participants are informed by the estimates of the whole group. This partial pooling

of information can lead to a favorable effect called shrinkage (McElreath, 2020).

Starting with the learning rate itself, this hierarchical structure was imple-

mented for both the mean and standard deviation of the individual learning rates.

The prior distribution for the mean learning rates was deőned by a normal distri-

bution with a mean of −.5 and standard deviation of .5. For use in the model,

the samples from this learning rate distribution were then transformed using the

cumulative density function of the standard normal distribution, thus ensuring all

values to be within the interval [0, 1]. This led the values to be centered around

.33 (which is reasonable given previous őndings, e.g., Gershman, 2015; Fontanesi

et al., 2019), while also putting enough probability weight on other values to rep-

resent uncertainty. The group-level standard deviation parameters were drawn in

turn from a gamma distribution with values of 1.2 and 3, allowing for a wide range

of values to be estimated. The individual learning rates of participant i in context

c were therefore deőned by:

µη
c ∼ Φ(N(−.5,−5))

ση
c ∼ γ(1.2, 3)

ηi,c ∼ N(µη
c , σ

η
c )

The belief report at time t, rt, was then assumed to be a noisy representation

of the belief qt modeled as a normal distribution around qt with a standard devi-

ation σi. This standard deviation parameter was also modeled hierarchically and

thus was assumed to be a draw from a population-level gamma distribution. The

priors of the shape ασ and rate βσ parameters of this group-level distribution were
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themselves sampled from gamma distributions. To calculate the likelihood of a

belief report, the normal distribution around qt was truncated to the interval [0, 1].

Thus, the likelihood of a belief report was deőned as

ασ ∼ γ(10, .3)

σσ ∼ γ(15, .2)

σi ∼ γ(ασ, βσ)

rt ∼ N(qt, σi), rt ∈ [0, 1]

where qt is calculated by the CSRL model as described in the main text. Note

that in the full model, situations in which participants were invested but had not

made a return yet were counted as "not invested." In the model differentiating

only the invested and not invested case, these situations were, however, classiőed

as invested. As we do not őnd any difference between the learning rates in the

latter model, this detail of the implementation seems not to have had a strong

inŕuence.

To estimate the posterior probability distributions of the parameters, the rstan

package uses a Markov Chain Monte Carlo algorithm. In our case we used four

chains with 21, 000 iterations each, of which the őrst 1, 000 were discarded as warm-

up. This high number of samples was necessary to obtain a stable estimate of Bayes

factors.

A.5 Internet Appendix

Parameter Recovery

To make founded claims about the models tested in this paper two prerequisites

must be fulőlled (Spektor & Kellen, 2018): First, the model must be identiőable,

meaning that different parameters can not trade of with each other, leading to

uncertain results. Second, the data delivered by the task must contain enough

information to accurately estimate the parameters of the model. To test these

two prerequisites, we use a parameter recovery exercise for our task and the CSRL

model.

In detail, we simulate 150 participants with known model parameters which are

then recovered through őtting the model to this simulated data. More participants
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will always add information and thus improve parameter estimates. Therefore we

use this number as a "lower bound" to check whether successful parameter recovery

is generally possible. To simulate participants’ behavior their belief updating and

choices were simulated using the following functions: In each price path, beliefs

in a price increase started at .5 (reported as 50%). After this, they were updated

using a CSRL model. This model used a learning rate of .2 for favorable or unfa-

vorable information in a loss and gain position respectively and .15 for favorable

and unfavorable information in gain and loss positions respectively. However, to

simulate the expected hierarchical nature of the data, an additional value drawn

from a normal distribution with mean zero and a standard deviation of .02 was

added to these learning rates for each participant separately. Lastly, the reports of

the calculated beliefs were also simulated to be noisy around the true value with a

normal distribution centered at zero and a standard deviation of 5.

Based on the updated belief our simulated participants would calculate a prospec-

tive value of each possible investment option. For this we calculated the utility of an

outcome x as u(x) = xα with α = .88. By weighting these values with the outcome

probabilities for each investment option one arrives at the utility value for each

investment option i, u(i). Lastly, our simulated participants made an investment

decision with decision probabilities calculated using the softmax function. This

function calculates the choice probability for each option using its utility value u(i)

as p(u(i)) = eu(i)∑︁
eu(i)

. This choice function thereby adds non-deterministic choices

to the simulated sample.
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Figure A.5.1: Posterior probability distributions for the recovered group-level mean parameters
of the learning rates, µη

c . True values were .2 and .15. The dots and whiskers indicate the mean
values and the 90% credible intervals, that is, the inner area in which the value of the parameter
is estimated to lie with a probability of .9.

For the recovery of the parameters the same procedure as described in Ap-

pendix A.4 was used. Figure A.5.1 shows the group level estimates of the recovered

parameters. All of the estimated values for the group level average learning rate

µη
c contain the true value within their 90% credibility intervals. Despite the noise

added on several levels (i.e. different learning rates per participant, stochastic in-

vestment decisions and noise added to the belief reports), these estimates are very

precise, indicated by the narrow credibility intervals. We conclude that the task

in therefore well suited to gain insight into contextual differences between learning

rates.
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Figure A.5.2: Scatterplots showing the correlation between each simulated participant’s true
learning rates and the recovered value (median of the posterior distribution). The black line has
a slope of 1 indicating perfect recovery.

Figure A.5.2 shows the parameter recovery on the individual level. While all

recovered parameters correlate highly signiőcantly (p < .001) with their original

value, they do so less strongly in those contexts that occur less often (i.e. encoun-

tering a favorable update after having made a loss). This indicates that estimates

of parameters on the individual level should be interpreted carefully. The focus of

our investigation lies on the group level parameters however, which we were able

to recover with high precision.
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Model Estimation Results

Table A.5.1: Standard Deviation Estimates for CSRL Model Learning Rates

Parameter Mean 5th Percentile 95th Percentile

Not Inv. 4.32 3.80 4.93
Fav. Gain 4.53 3.79 5.44
Fav. Loss 4.22 3.66 4.91
Unfav. Gain 3.87 3.39 4.46
Unfav. Loss 4.01 3.42 4.74

Note. This table shows the mean, 5th, and 95th percentiles for the parameter distribution of
the group-level standard deviation of the context-sensitive reinforcement learning (CSRL) model
learning rates, ση. "Not Inv." is not invested. "Fav." and "Unfav." are favorable and unfavorable
information, respectively. Note that these parameters were estimated on an "unbound" scale and
are the standard deviations for distributions that were transformed by the cumulative probability
density function of the standard normal distribution before learning rates were drawn from them.

Illustrative Example

To further understand the effects of the interaction in belief updating on investment

behavior, consider Figure A.5.3, which shows the updating in the őrst őve rounds

of an illustrative price path. We assume three rounds of increasing prices (indicated

by the + signs in the őgure), followed by two rounds with falling prices (−). All

beliefs start at .5 and the reinforcement learner uses the mean estimates of the

learning rates displayed in Figure 2.2. Note that the belief of a Bayesian learner

will also increase steeply at őrst but will then taper when approaching a value of .65.

A CSRL model learner who is not invested and therefore uses only one constant

learning rate makes adjustments in the beliefs that are of similar magnitude to

that of a Bayesian learner. However, given enough price increases, a reinforcement

learner would approach a belief of 1 and therefore would be certain that another

price increase has to follow. After witnessing the subsequent price decreases, both

the Bayesian learner and the reinforcement learner who is not invested end up with

similar beliefs about the next price move being an increase.

Turning to the invested case, we see a clear difference between updating in a gain

and a loss position. The investor in the loss position will over-update the favorable

information, leading to an overly optimistic expectaion for a price increase. The

following unfavorable information is then under-updated, which means that the

investor would remain over-optimistic. The investor in the gain position in turn will

under-update favorable information as compared to the Bayesian benchmark and

then over-update the unfavorable information. Toghether, this will result in a belief
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Figure A.5.3: Figure comparing the beliefs of a Bayesian updater (dashed line) against those
created by our proposed reinforcement learning (RL) model (solid lines). The learning rates used
for the reinforcement learner are the median values of the posterior distribution of each group-
level parameter. The beliefs of a reinforcement learner are shown for a gain and a loss position as
well as for not invested at all. Given that the investor does not short sell the asset, the őrst three
price movements in this example are favorable (indicated by the + sign in the graph) followed by
two unfavorable movements (indicated by a − sign).

in a price increase below .5, most likely leading to a liquidation decision by a risk-

neutral investor. Although not all situations will be as clear-cut as this example,

the average result of these updating patterns will be an increased likelihood of

liquidating investments in a gain compared to a loss position.

Elaboration of Ordered Logistic Regression Results

The effect size of an ordered logistic regression reŕects the log odds of observing a

category or any of the "lower" categories. In the case of our investment portfolios,

the categories were ordered, from lowest to highest, as "short sold," "not invested,"

and "holding the asset." The log odds here therefore concern whether one’s portfolio

Y is in category y or "lower," ln
(︂

P (Y≤y)
1−P (Y≤y)

)︂

. The estimated parameter can now

be interpreted as the difference in log odds per unit increase of the respective

predictor. In the case of Model 1 in Table 2.2, this predictor would be the reported

belief. The intercept of a given category then indicates the log odds of observing
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this category or a lower one, given a predictor (belief) of 0, ln
(︂

P (Y≤y|q=0)
1−P (Y≤y|q=0)

)︂

.

To provide an example, we use the values of Model 1 in Table 2.2. The intercept

of not invested is 2.28. Calculating the corresponding probability to this log odds

value indicates that given a reported belief of 0, the probability of either being not

invested or shorting is 91%. Further, given that the log odds space is linear, a

given predicted probability can be calculated by using the intercept, estimated pa-

rameter, and predictor, similar to a linear model. As an example, we can calculate

the probability of short selling (intercept 1.16) when holding a belief (estimated

parameter of .05) of .5 (i.e., 50 on the participants’ rating scale). We arrive at a

log odds value of 1.16−50× .05 = −1.34, which translates to a probability of short

selling of 26.1%. As a second example, we can easily calculate the belief at which

the probability of being shorted is .5. This is because a probability of .5 implies

log odds of ln
(︁

.5

.5

)︁

= 0. Such a log odds value of 0 is reached when the reported

belief is 1.16/.05 = 23.2 percentage points.

Additional Tables and Figures

Table A.5.2: Effect of Strategies

Strategy (1) (2)

I bought and sold the stock randomly. −.12∗ .15∗∗

I trusted my gut feeling about the price development. .018 .15∗∗

I invested whenever I was convinced that a price increase would happen
with over 50% probability.

.035 −.24∗∗∗

I shorted whenever I was convinced that a price decrease would happen
with over 50% probability.

.081 −.25∗∗∗

I only invested when I was very sure that the price would increase. .053 .08
I only shorted when I was very sure that the price would decrease. .020 .21∗∗∗

I tried to hold/not buy back the stock for as long as possible. −.07 .18∗∗

I tried to sell/buy back the stock only after having made a gain. .021 .31∗∗∗

I tried to sell/buy back the stock as fast as possible after having made
a loss.

.026 −.06

Note. ∗p < .1; ∗∗p < .05; ∗∗∗p < .01; participants were asked to indicate on a Likert scale
how much the nine presented strategies applied to them (translated from German). The table
depicts the ρ value of a Spearman correlation test. Column (1) shows the correlations between
the answers and the őnal payoff of Phase 1 and column (2) does the same with the disposition
effect values.
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Table A.5.3: Updating With Extra Variables

Variable Age Gender Intelligence Engagement Amb. Av. Loss Av.

Favorability −.052 (.011)∗∗∗ −.052 (.011)∗∗∗ −.052 (.011)∗∗∗ −.053 (.011)∗∗∗ −0.052 (.011)∗∗∗ −.052 (.011)∗∗∗

Position .090 (.015)∗∗∗ .090 (.015)∗∗∗ .090 (.015)∗∗∗ .090 (.015)∗∗∗ 0.090 (.015)∗∗∗ .090 (.015)∗∗∗

Favorability ×
−.101 (.101) −.124 (.022)∗∗∗ −.141 (.025)∗∗∗ −.05 (.027)∗ −0.121 (.022)∗∗∗ −.099 (.023)∗∗∗Position

3WI −.001 (.004) −.002 (.023) .006 (.006) −.015 (.004)∗∗∗ −0.001 (.003) −.004 (.003)∗

Constant .016 (.082) .024 (.052) .024 (.051) .028 (.050) 0.025 (.051) .023 (.051)

Adjusted R2 .073 .073 .073 .074 .073 .073

Note. ∗p < .1; ∗∗p < .05; ∗∗∗p < .01; estimates and standard errors of a linear ordinary least squares regression on participants’ reported belief
updates as shown in the main text in Table 2.1. These models, however, add a three-way interaction (3WI) between the price movement favorability,
the investment position, and one additional variable, which is denoted in the table heading row. Ambiguity and loss aversion are abbreviated "amb.
av." and "loss av.," respectively. All models include age and gender as control variables.
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Table A.5.4: Percentage of Successful Trades

Trade Position No Info. Partial Info. Full Info.

Open 52.2% 50.3% 53.4%
Jump Gain 49.1% 49.5% 56.7%

Loss 50.5% 51.4% 55.8%
Close Gain 48.9% 48.4% 46.7%

Loss 54.2% 53.4% 53.7%

Note. The percentages here refer to the fractions of trades that resulted in either an increase
in the portfolio’s value or the avoidance of a decrease. For example, a trader can decide to sell
a previously held asset. If the assets price decreases in the next round, that is counted as a
successful trade. This table reports only the values in Phase 2, where the conditions did differ.

Table A.5.5: Beliefs at Time of Trades

Investment Trading Decision Position No Info. Partial Info. Full Info.

Hold (+1 share)
Start Investment .618(.180) .583(.176) .626 (.223)

Liquidate
Gain .448 (.221) .478 (.162) .475 (.246)
Loss .409 (.204) .481 (.173) .410 (.222)

Short (−1 share)
Start Investment .317 (.204) .370 (.214) .307 (.234)

Liquidate
Gain .407 (.193) .456 (.156) .436 (.254)
Loss .443 (.218) .482 (.138) .471 (.248)

Note. Means and standard deviation (in parentheses) of participants’ reported beliefs about a
price increase in the rounds of a trade, separately for the three conditions. This table reports
only the values in Phase 2, where the conditions did differ.
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Figure A.5.4: Average belief updates after repeated price moves. The x axis shows the number
of repeated price movements. The y axis shows the average belief update after the price move.
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Figure A.5.6: Histogram of the standard deviations of belief reports between subjects. The
dashed line indicates the value of a Bayesian updater for comparison, which is .0314.
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Figure A.5.7: Boxplot showing the proportion of realized gains (PGR) and losses (PLR) for
each participant in Phase 1 relative to their respective benchmarks. The boxplot displays the
median (line), 25th and 75th percentile (box), and 1.5 the interquartile range (whiskers). The
diagonal lines connect the values of individual participants. Their steepness can be interpreted as
the difference between the rational benchmarks of the PGR and PLR and therefore the disposition
effect value (i.e., the difference from its rational benchmark value).
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Figure A.5.8: Boxplots showing the raw values for the proportion of realized gains (PGR) and
losses (PLR) for each participant in Phase 1. The boxplot displays the median (line), 25th and
75th percentile (box), and 1.5 the interquartile range (whiskers). The diagonal lines connect the
values of individual participants. Their steepness can be interpreted as the difference between
PGR and PLR and therefore the raw disposition effect value.
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Figure A.5.9: Belief updating in Phase 2 by the current position (gain, loss, or not invested),
the last price move (favorable or unfavorable), and the condition (partial or no information). The
őgure excludes inverse updates. The x axis shows the combination of the portfolio allocation
from which the update was made (i.e., not invested, gain, or loss) and the favorability of the price
move. Further, each of these cells is split into the no-information and the partial-information
conditions. The y axis shows the average of the difference between a Bayesian investor’s belief
updates and those reported by participants (∆Report −∆Bayes). Further, the sign of updates from
negative price moves was ŕipped, as described in the main text. Error bars show group-level 90%
conődence intervals.

128



Robustness Checks

Table A.5.6: Robustness Checks for Belief Updates

Favorable price move −.057 (.014)∗∗∗

Gain position .063 (.017)∗∗∗

Interaction −.126 (.02)∗∗∗

Constant .154 (.097)∗∗∗

Obs. (Participants) 6, 698 (163)
Adjusted R2 .093

Note. ∗∗∗p < .01; linear regression predicting the average intensity of belief updates by investment
domain and price movement (dummy coded). The table also reports the adjusted R2 and number
of observations (Obs.) and participants. The beliefs were reported on a scale of 0 to 100 and
the updating values are calculated as qt−1 − qt, where qt is the belief q in round t. Further,
updating values for downward price movements were ŕipped such that all updates should have
a positive sign. The analysis uses cluster robust standard errors clustered by participant. Age
and gender are added as control variables but omitted in the table. The regression excludes both
inverse updates as well as participants who reported an engagement with the study lower than 3
(reported on a 7-point Likert scale).

Table A.5.7: Difference in DE Values in Phases 1 and 2

(1) (2)

Constant (no information) −.18 (.16) −0.03 (0.04)
Partial information −.03 (.05) −.04 (.06)
Full information .16 (.05)∗∗∗ −.69 (.06)∗∗∗

Control Yes Yes
Observations 162 192
Adjusted R2 .53 .51

Note. ∗∗∗p < .01; linear regression on the difference in the disposition effect (DE) values between
Phases 1 and 2 (standard errors in parentheses). All participants received the same treatment
(no information) during Phase 1; the different groups received increasing amounts of information
about future price moves in Phase 2. This table reports the analysis when using the raw disposition
effect values (1), as opposed to subtracting the value of a risk-neutral Bayesian investor, and when
excluding those participants who reported an engagement with the study below 3 on a 7-point
Likert scale (2).
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Figure A.5.10: Belief updating during the őrst two blocks, excluding updates counter to the
direction of the last price move. The updating magnitude is corrected for that of a Bayesian-
updating investor. Error bars show group-level 90% conődence intervals. The pattern remains
when excluding those whose frequency of inverse updates is above the median (i.e. focusing on
the half of participants with the lowest amount of inverse updates).

Inverse Updates

A substantial number of belief updates (44.4%) were counter to the direction of

the price move. This means that participants increased their expectations about a

price increase despite having just witnessed a price decrease and vice versa. In this

section we further analyze their characteristics and whether there are individual

differences in the number of "inverse updates" during Phase 1. It should, however,

be noted that the main őndings of the paper are robust to inclusion or exclusion

of said rounds. Further it is important to mention that the median inverse update

had a magnitude of four percentage points. This means that most of the inverse

updates may constitute a "trembling hand" error when using the slider to indicate

the current belief.

We nonetheless further investigate the nature of these inverse updates. Fig-

ure A.5.4 shows the average updates after streaks of one to six price movements in

the same direction. On average, participants updated their beliefs counter to the

price movement after a streak of four price movements in the same direction. This
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could be interpreted as evidence for a possible ceiling effect, but this is an unlikely

explanation, as the average belief at that point is still far from either 1 or 0 (see

Figure A.5.5).

Although there was no signiőcant gender effect (p = .338), the number of in-

verse updates per participant did in fact correlate with participants’ age (r =

.14, p = .049). This correlation however vanishes if one participant is excluded,

who constituted an outlier in terms of age (44 years, r = .078, p = .282). Of the re-

maining control variables, that is, engagement with the study, result of the matrix

intelligence test, and reported general risk attitude, none were signiőcantly corre-

lated with the number of inverse updates (p > .05). One value that did correlate

signiőcantly with the number of inverse updates was that of the disposition effect

measure itself (p < .001), which, however, does not explain why these participants

updated their beliefs in the way they did.

Task Screenshots and Translation

Investment-Decisions Instructions Welcome to this investment-decision study.

The study will take between 1 - 2 hours and you will have the opportunity to earn

a bonus throughout the study. In the following it will be explained how you can

make your investment decisions, how the asset works in which you can invest, how

you will be asked about your expectations and how these decisions inŕuence your

bonus payment in the end. Then there will be some training rounds and in the

end of the instructions there will be a brief quiz for you to make sure that you

understood everything. If you őnd something confusing during the instructions do

not hesitate to raise your hand so we can answer your questions.
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We kindly ask you to keep as focused as possible throughout the whole study

and to remain within this browser window.

Press "Continue" to start the instructions.
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Making investment decision In this study you will make investment decisions

in 4 "blocks" consisting of 75 rounds each. There will be an asset in which you

invest. At őrst the value of that asset will always be 1000 points. You can decide

in each period what your portfolio should look like. There are three possibilities:

You can hold a share, you can hold no share or you can short sell. The latter will

be explained shortly.

Below you can see the screen with which you will interact throughout the task.

The columns are described below. Please also look at them in the table wen you

read their descriptions below.

• Column I Shows the number of shares of the asset. ’+1’ means that you have

invested into the asset by buying a share which you now hold. ’0’ means that

you don’t hold any shares at the moment. ’-1’ means that you have short

sold the asset. This will be explained later. Whether you want to hold a

share, no shares or short sell a share is up to you to decide in each round.

• Column II Shows the base value. This is the value at which you bought or

short sold the asset in case you invested.

• Column III This column shows the current value of the asset. This is the

price at which you could buy or sell a share in the current round. How this

price moves is also explained later.

• Column IV This column can contain further information about future values

at a later point. The content of this column will be explained at the relevant

time.

• Column V This column displays whether you have made any gains or losses

so far with the current investment. The number in parentheses displays

the same concept in relative numbers. 100% gain means that the price has

doubled since your initial investment. -50% would mean that the price has

halved since and you therefore have made a loss of 50%.

• Column VI Shows the current value of the individual positions. Therefore,

if you hold a share with a value of 100, this would display 100. The column

also displays your current cash, as well as the value of your cash plus your

portfolio in the "total" row.
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Below the table you can őnd the buttons with which you can make your in-

vestment decisions. To make yourself comfortable with the process, please buy one

share by clicking the "hold +1 shares" button. The instruction text will then be

continued here and you will be able to scroll down.

Very good. You have now invested into the asset. The value of the bought

share was subtracted from the "cash" őeld.

To give you some guidelines regarding the time during the task later on a blink-

ing indicator text like the one you can see below will appear after six seconds. If

you always make your decisions before the appearance of this indicator text you

will őnish the study within the planned time. However, do not feel put under pres-

sure by the indicator. Six seconds are enough to make a well considered decision.

If you like, you can let the time pass during some rounds in the training rounds to

get a better feeling for it.
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This is what the warning will look like: "Please decide now!"

After having decided for an action you will be given an update on the asset’s

price for three seconds. How the price develops will be explained in the upcoming

pages. The update will look like this:

The price of the asset rises by 5 and is now 1005

Please take a moment to look at what the table will look like after you bought

the asset.

If you have understood everything so far, please assume that you would like to

sell the asset now. Please click on the corresponding button below.

Imagine you have received the following price-update:

The price of the asset decreases by 5 and is now 995

As you can see, the "shares" column shows a value of -1, because you have short

sold one share. The buying price now displays the price at which the asset was
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short sold. As you can read in the price update, the price of the asset decreased.

This gives you the chance to re-buy the asset for cheaper than what you sold it for,

and it is therefore marked as a gain in the "gains/losses" column. As you can see,

the dependence of gains and losses on the price movement now is the other way

around compared to if you had bought a share.

In summary you should buy a share when you think the price will increase

and you should short sell a share when you think the price will decrease. You are

also free to jump directly from short selling to holding. In that case you just buy

two shares (which happens automatically when you click on the "hold +1 shares"

button): One which you give back from short selling and one which you now hold.

The same is true when you hold a share and want to short sell directly.

To continue please now hold one share (i.e. buy two shares).
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Price of the asset In the following text we will explain how the price will develop

throughout the task. The asset is a share for a company which can make gains or

losses. The company is always either in a good or a bad state. When the company

is doing great, there is a higher probability of the price increasing (56%). If the

company is doing poorly however, there is a higher probability (65%) of the price

decreasing. At the start of the task it will be decided randomly in which state the

company starts (with equal probability).
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The state of the company will develop in the following way: With a probability

of 80% the state will remain the same as it was in the previous round. This means

that a good state in one round would be continued in the next round and a bad

state would be continued with a bad state. With a probability of 20% the state

will ŕip from good to bad or vice versa. The following graph and table display this

principle in two different ways.

The "good" state only means that the price in this round will rise with a

probability of 65% and fall with a probability of 35%. This means that if the

company were in the good state for 100 periods, the price would on average increase

in 65 of these rounds and decrease in 35 of them. If the company is in the "bad"

state, the price rises with a probability of 35% and falls with a probability of 65%.

This means that out of 100 periods, the price would on average increase in 35 of

these rounds and decrease in 65 of them.

The magnitude of the price movements can be either 5, 10 or 15 points. This is

true for increases as well as decreases. Which of the three possible magnitudes is

realized in the next price update is decided randomly and with equal probability.

Only whether the price will increase or decrease is decided by the mechanism

described above. As an example: Imagine the current price of the asset is 1000 and

the mechanism leads to a price increase. It is now equally as likely for the next

price to be 1005, 1010 or 1015.
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Bet and Lottery Between investment decisions you will be asked to answer

another question which will be explained further now.

In each round there is a lottery, in which you can earn either 10 bonus points

or nothing. The probability with which you win the bonus points (winning proba-

bility) will not be displayed to you. It will be chosen randomly from the range of

0 to 100%, all with equal probability.

As an alternative to this lottery, you can bet on a price increase in the next

round. This bet would look as follows:
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If the price increases in the next round (no matter by how much) you will

receive 10 bonus points, which are paid out at the end of the study.

Therefore, winning the bet or winning the lottery would earn you the same

amount of points. The question you have to answer is the following:

What winning probability does the lottery have to have at least for you to

prefer it to betting on the price increase.

In case the true winning probability is not high enough for you (it is smaller

than the minimum probability you entered) you will automatically bet on a price

increase and receive the bonus points in case of the price increasing. If the winning

probability is equal or greater than the minimum you set, then you will play the

lottery and receive the bonus points with the true winning probability of the lottery.

Here you can see the slider with which you can set your minimum probability.

Before you click on it, only a line is visible. Please set the slider to 60% now and

click "continue".

Two points are especially important: Point 1: Your answer only depends on

the probability of a price increase. Imagine that you knew for sure that the price

would increase: The lottery would have to match that guaranteed payment (100%

winning probability) for you to not prefer the bet. If you knew for sure that
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the price will fall, you would prefer any winning probability to betting on a price

increase (or be indifferent to a winning probability of 0%). Therefore you would

indicate a minimum probability of 0% in this case.

During the task you will probably not be 100% convinced that there will be

a price increase or decrease. With the slider you can indicate the decree of your

belief. The further left or right you put the slider, the more sure you are that the

price will decrease or increase.

Point 2: It is always preferable to you to truthfully report what price devel-

opment you expect. If you indicate a probability that is too low, it can happen

that you play a lottery with worse winning probability than you would expect from

betting on a price increase. If you report a minimum probability that is too high it

could happen that you bet on the price increase despite the lottery having a higher

winning probability.

At the end of the experiment you will receive your earnings from the bets and

lottery plays alongside the earnings from the investment task. 10% of these points

will be added to the total points which your payment for the study is based on.
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Process and Payment The task will be presented in four "blocks". Each block

consists of 75 rounds and is independent from the others. This means that your

decisions and the development of the price in previous blocks will have no inŕuence

on the current block. Between blocks details of the task can change, which will be

indicated to you before the start of each block.

After the last round of each block there will be a őnal price-update. If you still

hold or short sold the asset in that őnal round, it will be automatically sold or

bought so that you will only hold cash in the end. The payment will work in the

following way:

Important for the payment is only the difference between the value of your

portfolio (cash plus asset) at the start of the block and the value at the end (so

your gains and losses). In addition 10% of the points you earned by indicating the

probabilities will be added. This sum will then be added or subtracted from the

base-payment of CHF 15 with an exchange rate of 5%.

As an example: If the value gain of your portfolio plus the bonus from the

probability tasks was 100 points, then your payment will be CHF 20 ( CHF 15

base-payment plus % of 100 points).

If you have understood the instructions you may click "continue" to start 30

training rounds. These rounds only serve as preparation and do not inŕuence your

payment at the end of the study.
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Appendix B

Appendix Manuscript II

B.1 Extended Procedure and Methods

Participants could invest into an asset with a constant upward or downward drift.

The asset’s price would change in each round and increase either with a probability

of .65 (upward drift) or .35 (downward drift). The magnitude of the price changes

were 5, 10 or 15 points with equal probability. This means that only the direction

of a price update was informative, but not the magnitude of the change. A price

path always started at 10’000 points. Participants’ portfolios could always consist

of holding between four and "negative four" (i.e. short sell four) shares of the asset

and an initial portfolio was allocated randomly with equal probabilities. Note őrst,

that a risk neutral proőt maximizing Bayesian investor would always use the full

potential of the allowed portfolio, that is, they would always either hold or short

sell four shares. As participants were fully informed about the price generating

mechanism it was always possible by Bayesian probability updating to calculate the

probability of an upward drift and thereby an upcoming price increase. However,

note also that this calculation would not be necessary for a risk neutral investor,

as a simple counting heuristic ("were there more up- or downward moves?") would

suffice to know whether an up- or downward trend was more likely.

The sequence of events in a (standard) round of the experiment would look

as follows: First, participants were asked to decide whether to buy or sell any

shares. Next, they used a slider (ranging from 0 to 100) to indicate how probable

they thought a price increase from this to the next round to be. Lastly, the price

update would be displayed in a sentence (e.g. "The assets price decreased by 5 and

is now 995").
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Eight price paths were generated per participant, each of which having an

upward drift with a probability of .5 and a downward drift otherwise. Over the

course of the experiment, participants experience each of the eight price paths

in each of the three conditions (described below), resulting in 24 path-condition

combinations ("blocks"). This threefold presentation of the price paths was done

because the noise of the randomly generated price paths could otherwise drown

out any effects of the treatments. To minimize recognition effects, the order of the

blocks were randomized for each participant. At the start of each block participants

were shown the block number (e.g. "Block 9 of 24") and were informed about the

current condition.

Each "block" was comprised of two phases: First participants received a ran-

domly allocated portfolio and started with three rounds in which they could not

trade. This means that, when making a őrst investment decision on a price path,

participants would already have observed three rounds and thus gathered some in-

formation about the current asset’s drift. This also meant that at the end of the őrst

phase participants would always have made an initial gain or loss. The subsequent

őve rounds changed depending on the experimental condition: In the Baseline con-

dition participants could change their portfolio at the start of each round. In the

Blocked Trades condition participants had to decide upon one portfolio which was

then held for the upcoming őve rounds. Lastly, the Delayed Information condition

also required participants to commit to their portfolio. Here however, the price

updates were only displayed in list format at the end of the őnal őve rounds and

participants reported their beliefs about an upcoming price increase only at once

afterwards. Finally, independent of the condition, participants could make one last

investment for a őnal round. Their belief in a price increase was also elicited for

this őnal decision.

The online experiment was implemented using oTree (Chen et al., 2016) and

conducted through the proliőc.co platform. The main task was preceded by a de-

tailed and interactive instruction, a comprehension quiz as well as multiple training

rounds. This was to make sure that participants had fully understood the task as

well as the option of short selling the asset. The study took around one hour to

complete. Participants were incentivized by paying out the returns of a randomly

selected block and earned an average of $13.55. The őnal sample consists of 315

participants (156 female, mean age 33.36, SD 10.86) with 68.57% of the sample

declaring having at least some previous experience with őnancial investments.
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B.2 Instructions and Screenshots
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B.3 Additional Tables

Table B.3.1: Treatment Effects on Belief Measure

Baseline 18.475***
( 0.543 )

Blocked Trades -0.389
( 0.298 )

Delayed Information -0.678**
( 0.258 )

R2 < .001
Obs. (Clusters) 7560 ( 315, 8 )

Note. * = p < .05, ** = p < .01 *** = p < .001. This is the table underlying Figure 1 in
the manuscript. OLS regression using one sided p-values with standard errors (in parentheses)
clustered on participant and path level; Treatments are dummy coded;

Table B.3.2: Effect of Belief on Investments

Belief .053***
( .002 )

Drift 1.782***
( .023 )

Interaction -.017***
( .005 )

AIC 60623.16
Obs. 17640

Note. * = p < .05, ** = p < .01 *** = p < .001. This table reports the results of an ordered logistic
regression, testing the effect of beliefs, drift and their interaction on participants’ investment
decision. Omitted are the intercept estimates (all signiőcant). The model contains random
effects per participants.
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Table B.3.3: Treatment Effects on Investments in Round Three

Baseline 2.737***
( 0.046 )

Blocked Trades 0.073*
( 0.034 )

Delayed Information 0.11**
( 0.046 )

R2 < .001
Obs. (Clusters) 7560 ( 315, 8 )

Note. * = p < .05, ** = p < .01 *** = p < .001. This model compares the (absolute) number of
shares held at the end of the third round, before the conditions differed. As participants invest
more when facing longer investment and evaluation times, these results replicate the known
őndings on myopic loss aversion. OLS regression using one sided p-values with standard errors
(in parentheses) clustered on participant and path level; Treatments are dummy coded;

Table B.3.4: Treatment Effects including Drift

(1) (2) (3)

Baseline 18.829*** -0.264** -0.247***
( 0.582 ) ( 0.101 ) ( 0.073 )

Blocked Trades -0.625* 0.051 0.016
( 0.291 ) ( 0.052 ) ( 0.041 )

Delayed Information -0.572** -0.069 -0.049
( 0.205 ) ( 0.079 ) ( 0.053 )

Upward Drift -0.715 1.594*** 1.387***
( 0.671 ) ( 0.11 ) ( 0.097 )

Drift × Blocked Trades 0.477 -0.221*** -0.186**
( 0.365 ) ( 0.071 ) ( 0.075 )

Drift × Delayed Info -0.215 -0.038 -0.062
( 0.679 ) ( 0.135 ) ( 0.089 )

R2 0.0009 0.062 -
AIC - - 7779.78
Obs. (Clusters) 7560 ( 315, 8 ) 7560 ( 315, 8 ) 6161 ( 315, 8 )

Note. * = p < .05, ** = p < .01 *** = p < .001. One sided p-values with standard errors
(in parentheses) clustered on participant and path level; Treatments are dummy coded; Model
(1): OLS regression with Distance to the Bayesian Belief as outcome variable; Model (2): OLS
regression with Drift Hit Rate as outcome variable; Model (3): Logistic regression with Binary
Drift Hit Rate as outcome variable.
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Appendix C

Appendix Manuscript III

C.1 Additional Results

Table C.1.1: Likelihood of Investing in an Investment Option

(1) (2) (3) (4)
Variable Set I Set II Set III Set IV

Consultant 0.213* −0.0950 −0.116 0.202
(0.126) (0.109) (0.139) (0.133)

Age −0.00271 0.00590 −0.00610 −0.000517
(0.00464) (0.00546) (0.00545) (0.00615)

Gender −0.448*** 0.101 0.369*** −0.0160
(0.111) (0.110) (0.143) (0.133)

Constant −0.524*** −0.816*** −0.389 −1.107***
(0.170) (0.228) (0.240) (0.244)

Observations 2,505 2,505 2,505 2,505
Pseudo R2 0.0240 0.00280 0.0210 0.00500
Log-likelihood −1,363 −1,468 −1,510 −1,052

Note. Probit regression with robust standard errors in parentheses clustered on the participant
level. Two-sided t statistics, *p < .1; ***p < .01. Outcome variables: Set I/II/III/IV, dummy
variable taking on the value of 1 if the investment option is from set I, II, III, or IV, 0 otherwise.
Independent variables: Consultant, dummy variable taking on the value of 1 if the participant is
in the consultant condition, 0 otherwise; age, measured in years; gender, dummy variable taking
on the value of 1 if the participant is female, 0 otherwise.
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Table C.1.2: Ivested Amount

Variable Invested amount (100 k)

Round 1.130***
(0.198)

Consultant 5.960
(4.185)

Set I 10.94**
(4.679)

Set II 1.227
(4.165)

Set III 19.34***
(4.941)

Age −0.274
(0.204)

Gender −7.093
(4.382)

Constant 42.15***
(9.682)

Observations 2,444
R2 0.096

Note. Ordinary least squares regression with robust standard errors in parentheses clustered on
the participant level. Two-sided t statistics, **p < .05; ***p < .01. Outcome variable: Invested
amount, measured in 100,000 experimental currency units. Independent variables: Round, number
of rounds played, from 1 to 15; consultant, dummy variable taking on the value of 1 if the
participant is in the consultant condition, 0 otherwise; set I/II/III, dummy variable taking on the
value of 1 if the investment option is from set I, II, or III, 0 otherwise; age, measured in years;
gender, dummy variable taking on the value of 1 if the participant is female, 0 otherwise.
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Table C.1.3: Proőts

(1) (2) (3) (4)
Variable Proőt per round Sum of proőts

Consultant −943.8 −15,524
(20,163) (302,357)

Age 863.4 871.4 12,785 12,915
(1,020) (1,010) (15,172) (15,078)

Gender 50,610** 50,716** 752,142** 753,899**
(23,861) (23,637) (356,518) (354,249)

Constant −56,892 −56,808 −842,222 −840,822
(50,787) (51,060) (755,554) (761,762)

Observations 2,480 2,480 167 167
R2 0.003 0.003 0.031 0.031

Note. Ordinary least squares regression with robust standard errors in parentheses clustered
on the participant level. Two-sided t statistics, **p < .05. Outcome variables: Profit per round,
proőt made in round measured in experimental currency units (ECU); sum of profits, proőts made
over all 15 rounds measured in ECU. Independent variables: Consultant, dummy variable taking
on the value of 1 if the participant is in the consultant condition, 0 otherwise; age, measured in
years; gender, dummy variable taking on the value of 1 if the participant is female, 0 otherwise.
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Table C.1.4: Cumulative Prior Losses and Likelihood of Changing

(1) (2) (3)
Variable Manager Consultant Pooled

Proportion rounds loss (t− 1) −0.149 0.288* −0.133
(0.162) (0.152) (0.158)

Consultant −0.0747
(0.161)

Consultant × 0.398*
Proportion Rounds Loss (0.218)

Age 0.000296 −0.00730 −0.00339
(0.00881) (0.00680) (0.00584)

Gender −0.182 −0.0309 −0.108
(0.139) (0.125) (0.0927)

Constant −0.795** −0.674** −0.702***
(0.332) (0.285) (0.231)

Observations 1,025 843 1,868
Pseudo R2 0.00458 0.00739 0.00705
Log-likelihood −471.0 −436.5 −909.1

Note. Probit regression with robust standard errors in parentheses clustered on the participant
level. Two-sided t statistics, *p < .1; **p < .05; ***p < .01. Outcome variable: Change, dummy
variable taking on the value of 1 if the investment option in the current round is different from
in the previous round, 0 otherwise. Independent variables: Proportion rounds loss, number of
rounds with loss in this investment option over number of rounds invested in this investment
option; consultant, dummy variable taking on the value of 1 if the participant is in the consultant
condition, 0 otherwise; age, measured in years; gender, dummy variable taking on the value of 1
if the participant is female, 0 otherwise.
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Table C.1.5: Main ResultsÐRobustness Check, Risk Preferences

(1) (2) (3)
Variable Manager Consultant Pooled

Loss (t− 1) −0.00541 0.430*** −0.0121
(0.107) (0.153) (0.108)

Consultant −0.117
(0.153)

Consultant × Loss (t− 1) 0.427**
(0.185)

Age −0.00367 −0.00255 −0.00458
(0.00911) (0.00697) (0.00642)

Gender −0.238 0.0309 −0.130
(0.177) (0.140) (0.121)

Risk preferences, investment 0.0289 0.0930** 0.0501
(0.0409) (0.0375) (0.0315)

Constant −0.771 −1.311*** −0.868**
(0.473) (0.424) (0.377)

Observations 1,247 1,034 2,281
Pseudo R2 0.00923 0.0256 0.0172
Log-likelihood −610.8 −540.0 −1,152

Note. Probit regression with robust standard errors in parentheses clustered on the participant
level. Two-sided t statistics, **p < .05; ***p < .01. Outcome variable: Change, dummy variable
taking on the value of 1 if the investment option in the current round is different from in the
previous round, 0 otherwise. Independent variables: Loss (t − 1), dummy variable taking on
the value of 1 if the result of the previous round was a loss, 0 otherwise; consultant, dummy
variable taking on the value of 1 if the participant is in the consultant condition, 0 otherwise.
age, measured in years; gender, dummy variable taking on the value of 1 if the participant is
female, 0 otherwise. Risk preferences, investment, self-reported risk preferences for investments
on a scale of 0 (unlikely to take risk) to 10 (very likely to take risk).
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Exploratory Analisys

Gender. As women earned signiőcantly more in this investment task, it is of

interest to check whether gender also affects the behavioral differences in the two

conditions. Female participants changed their investment option in 16.0% of the

rounds in the manager condition and in 20.5% of the rounds under the consultant

frame. Men did so in 23.1% of the cases in the manager condition and in 24.7%

of the rounds when they had to hire a consultant. Thus there exists a gender

difference in the general likelihood of changing, where men changed the chosen

investment option signiőcantly more often (23.8%) than women (18.2%; two sided

t-test, p = .043, robust standard errors clustered by individual).

Table C.1.6 reports for male (model 1) and female (model 2) participants sep-

arately the results of a probit regression checking for treatment and context (gain

or loss) differences in the likelihood of changing. In Model (3) we directly test for

the interaction of the treatment and gender differences. The overall level of chang-

ing the investment option among women is signiőcantly lower in both treatments

compared to that of men. Note that no interaction with treatment and gender is

signiőcant, which indicates that the treatment effect is similar between male and

female participants. Testing whether the treatment differences are affected by gen-

der, we include a three-way interaction term between treatment condition dummy,

prior experienced loss, and gender. The coefficient of this three-way interaction

is not statistically signiőcant. In sum, we conclude that we do not őnd evidence

that the higher likelihood of changing after prior losses in the consultant condition

is affected by gender differences, albeit on a lower base level of change for female

participants.
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Table C.1.6: The Role of Gender

(1) (2) (3)
Variable Male Female Pooled

Loss (t− 1) −0.0206 −0.199 −0.0174
(0.200) (0.202) (0.200)

Consultant −0.0850 0.0472 −0.0860
(0.158) (0.106) (0.157)

Consultant × Loss (t− 1) 0.180 0.678*** 0.181
(0.252) (0.257) (0.251)

Gender −0.456**
(0.211)

Consultant × Gender −0.195
(0.291)

Loss (t− 1) × Gender 0.247
(0.217)

Consultant × Loss (t− 1) × Gender 0.499
(0.359)

Age −0.00666 −0.0111 −0.00755
(0.00722) (0.00685) (0.00597)

Constant −0.469 −0.784** −0.437*
(0.298) (0.312) (0.256)

Controls Yes Yes Yes
Observations 1,362 919 2,281
Pseudo R2 0.00434 0.0501 0.0252
Log-likelihood −734.6 −408.0 −1,143

Note. Probit regression with robust standard errors in parentheses clustered on the participant
level. Two-sided t statistics, *p < .1; **p < .05; ***p < .01. Outcome variable: Change, dummy
variable taking on the value of 1 if the investment option in the current round differs from the
previous round, 0 otherwise. Independent variables: Loss (t− 1), dummy variable taking on the
value of 1 if the result of the previous round was a loss, 0 otherwise; consultant, dummy variable
taking on the value of 1 if the participant is in the consultant condition, 0 otherwise; gender,
dummy variable taking on the value of 1 if the participant is female, 0 otherwise; age, measured
in years.

Education. Having a higher education or even a business degree might affect the

way one makes decisions. Having at least a tertiary degree (model 2 in Table C.1.7)

nor a business background (model 3 in Table C.1.7) reduces the treatment differ-

ences in the likelihood of switching the investment option due to prior losses, an

education with.
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Table C.1.7: Age, Educational Background, and Treatment Differences

(1) (2) (3)

Variable Proportion Higher Business

rounds loss education background

Proportion rounds loss −0.137

(0.159)

Consultant × 1.655***

Proportion Rounds loss (0.501)

Consultant × Age 0.0113

(0.0137)

Consultant × Proportion −0.0334**

Rounds Loss × Age (0.0136)

Loss(t− 1) 0.0248 0.0210

(0.112) (0.115)

Consultant × Loss (t− 1) 0.638*** 0.297

(0.204) (0.190)

Higher education 0.203

(0.129)

Consultant × Loss (t− 1) × −0.393

Higher Education (0.209)

Business background 0.159

(0.142)

Consultant × Loss (t− 1) × 0.256

Business Background (0.241)

Consultant −0.507 −0.118 −0.116

(0.471) (0.151) (0.155)

Table continued on next page
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(1) (2) (3)

Variable Proportion Higher Business

rounds loss education background

Age 0.00105 −0.00707 −0.00700

(0.00875) (0.00618) (0.00598)

Gender −0.112 −0.235** −0.150

(0.0940) (0.0988) (0.107)

Constant −0.855*** −0.663** −0.635**

(0.317) (0.281) (0.272)

Controls Yes Yes Yes

Observations 1,868 2,281 2,281

Pseudo R2 0.0117 0.0215 0.0245

Log-likelihood −904.9 −1,147 −1,144

Note. Probit regression with robust standard errors in parentheses clustered on the participant

level. Two-sided t statistics, **p < .05; ***p < .01. Outcome variable: Change, dummy variable

taking on the value of 1 if the investment option in the current round is different from in the

previous round, 0 otherwise. Independent variables: Consultant, dummy variable taking on the

value of 1 if the participant is in the consultant condition, 0 otherwise; proportion rounds loss, the

number of rounds in which the participant experienced a loss from this investment option over

the number of rounds in which they invested in this option; Loss (t− 1), dummy variable taking

on the value of 1 if the result of the previous round was a loss, 0 otherwise; higher education,

dummy variable taking on the value of 1 if the participant’s highest education is a tertiary degree,

0 otherwise; business background, dummy variable taking on the value of 1 if the participant’s

education included some business aspects, 0 otherwise; age, measured in years; gender, dummy

variable taking on the value of 1 if the participant is female, 0 otherwise.
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C.2 Invitation Email

Dear sir or madam, you always wanted to test your investment skills? In that case

I would like to draw your attention to my thesis in the őeld of economic psychology.

There, I investigate the investment behavior of decision makers. For this thesis I

am conducting a study. The study takes around 30 minutes and you can participate

online. In this way I wanted to ask you kindly whether you would be willing to

participate in this experiment. You can őnd the study under the following link

[EXPERIMENT LINK]. Among the őve best participants I will also raffle off 5

x CHF 20 vouchers. Whoever wants to participate at this raffle can write me an

email to [EMAIL], where I will keep your email address separate from your data.

The data will be saved using a random key which can only be recognized by the

participant. In the end I will send the list of rankings to the participants including

only those random keys. I am looking forward to your participation. Thank you

and best regards.

C.3 Task Screenshots

Figure C.3.1: Screenshot of the decisions screen in the manager condition where participants
saw an overview of their investment options. The sidebar shows the current balance ("Kon-
tostand") as well as the investments and progress in the study so far. The title asks "Which
company would you like to invest in?" and each option shows the "Gains/Losses in %".
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Figure C.3.2: Screenshot of the decisions screen in the consultant condition where participants
saw an overview of their investment options. The sidebar shows the current balance ("Konto-
stand") as well as the investments and progress in the study so far. The title reads "Please choose
a consultant" and each option shows the "Gains/Losses in %".

Figure C.3.3: Screenshot of the outcome screen after a round. The title reads "In this round you
have achieved the following result:" and the three tiles show "Amount invested", "Performance"
and "Loss" (/"Gain") respectively.
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Figure C.3.4: Screenshot of the overview Screen after all 15 rounds had been completed. The
left graph shows the "Total gains/losses" over all 15 rounds. The right graph shows the "Total
investments" over all 15 rounds. The three tiles below read "You have made -798’500 EUC.",
"For this you receive 0 points." and "Thank you for participating! Your result will be saved and
kept for the ranking list."
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