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ABSTRACT

We study how individuals plan dynamic risk-taking by eliciting stopping times—
complete contingent plans of when to continue or stop taking a given risk. Despite
substantial heterogeneity in stopping times, a machine-learning algorithm
identifies a small number of economically meaningful strategy clusters. Many
subjects use path-dependent and randomized rules, and trailing stop-loss strategies
are more common than threshold strategies. Most subjects plan using forward
rather than the normatively appropriate backward induction. Comparing planned
stopping times with sequential risk-taking, we decompose dynamic inconsistency
into the effects of memory constraints, defaults, mechanical inconsistencies
induced by planning constraints, and planning as such.
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I. Introduction
We propose a first experimental method to elicit unconstrained stopping times—the complete
(time- and outcome-) contingent plan for taking a risk repeatedly. A large literature has studied
risk-taking in static contexts and identified various aspects that affect the attractiveness of static
risks (e.g., Kahneman and Tversky 1979). In this paper, we take the dual stance and consider
a very simple static risk while focusing on dynamic aspects of risk-taking. A risk that is
unattractive on its own may be attractive if taken repeatedly because the plan when to stop
taking the risk can systematically affect outcomes. Stopping times and their characteristics
have thus received significant attention in economic models and probability theory more

generally, and an extensive recent literature studies “behavioral stopping.”!

FIGURE 1.—Elicitation of unconstrained stopping times
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Notes: The left panel of Figure 1 shows our representation of the repeated risk as an initially colored (green)
ball triangle. The leftmost ball represents the first of five risks. In the second column, the upper (lower) ball
corresponds to the second risk conditional on winning (losing) the first risk. Balls further to the right represent
subsequent risks conditional on earlier outcomes. For example, the second-highest ball in the fourth column
corresponds to the risk after two wins and one loss. Subjects decolor the ball triangle by clicking each ball in
an order of their choice and thereby design their stopping time t. The right panel provides an example. Risk-
taking stops at black balls and continues at white balls.

We experimentally elicit unconstrained (i.e., time- and outcome-contingent) stopping times
for taking a risk repeatedly for up to five times. We visualize the five-times repeated binary,

fair, and symmetric risk as a ball triangle that represents a recombining binomial tree. The left

! Shiryaev (2007) provides a classical textbook treatment of optimal stopping under standard preferences.
Bjork, Khapko, and Murgoci (2021) provide a comprehensive overview of the recent, though already quite
extensive, literature on “behavioral stopping” under non-standard preferences.



panel of Figure 1 showcases our experimental approach. Subjects design their preferred
stopping time T by removing the coloration from all initially colored balls of the ball triangle
during the Decoloring Task. The right panel of Figure 1 shows an exemplary decoloring—a
stopping time. Risk-taking stops at black balls and continues at white balls. If the Decoloring
Task determines the subject’s payment, risk-taking is exogenously stopped according to the
subjects’ decoloring. The Decoloring Task constitutes the first incentivized method for the
elicitation of unconstrained stopping times. Methodologically, the incentive-compatibility of
the Decoloring Task roots in the strategy method (Selten 1967) and our implementation is
inspired by the behavioral stopping model of Barberis (2012) and He et al. (2017). After the
Decoloring Task, subjects take the risk sequentially without precommitment.

In addition to time- and outcome-contingent risk-taking, we allow some subjects to design
path-dependent or randomized risk-taking strategies, as motivated by theory (Shiryaev 2007;
He et al. 2017; Hu, Obtoj, and Zhou 2022). Although our experimental design allows for
hundreds of behaviorally different risk-taking strategies, the graphical interface enables a
parsimonious elicitation of even complex path-dependent or randomized risk-taking strategies.
The order in which subjects make their choice for each contingency is endogenous and each
action is visualized as part of the whole strategy, supporting subjects’ perception of the
stopping time as a fully contingent risk-taking strategy beyond sequential risk-taking
considerations.

The observed decolorings display known salient properties of repeated risk-taking,
suggesting that the Decoloring Task elicits economically meaningful stopping times. Most
subjects start taking a five-times repeated binary, fair, and symmetric risk, and do so using
continue-when-winning and stop-when-losing (or stop-loss) strategies. While such behavior is
inconsistent with risk-averse expected utility (EU) preferences, it is expected under non-EU
preferences (e.g., Barberis 2012; Ebert and Strack 2015), and has been documented previously
(Fischbacher, Hoffmann, and Schudy 2017; Strack and Viefers 2021; Heimer et al. 2025).

Facts about stopping times. Stopping times are complex, high-dimensional data objects.
We use machine-learning methods and structural estimation techniques to analyze stopping
times, and document three new facts about the chosen stopping times.

First, there is significant heterogeneity between subjects. We use an unsupervised machine-
learning algorithm—that can identify arbitrary patterns in the data—to cluster the several
hundred stopping times we observe. We find that stopping times are comprehensively
described as stop-loss, take-profit, buy-and-hold, take-the-risk-once, and never-start strategies.

Neither did the algorithm—by definition—Ilearn these strategy types from training data, nor
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did the experimental design restrict the strategies of subjects to certain types. Yet, we find
economically interpretable clusters of unconstrained risk-taking strategies that have been
predicted in theoretical work.

Second, we extend the non-parametric analysis of risk-taking strategies by proposing a
method to structurally estimate prospect theory parameters from stopping times. To our
knowledge, this is the first attempt to infer preference parameters from stopping time data. On
average, the estimated parameters yield a prospect theory formulation with diminishing
sensitivity, probability weighting, and loss aversion. We also estimate a mixture model to
capture the heterogeneity in stopping times. The results map well to the strategy clusters
identified through the unsupervised machine-learning algorithm, implying that prospect theory
might be a good starting point for describing and modelling stopping behavior.

Third, path-dependence and randomization are both used often. About 55% of subjects use
path-dependence at least once, while 80% of subjects use randomization at least once. We do
not find a simple systematic pattern in the usage of path-dependence, which is more consistent
with a revealed demand for randomization than with a direct preference for path-dependence.
Randomized stopping probabilities are mostly below 50%, shifting risk-taking strategies closer
to buy-and-hold strategies than without randomization. Neither the popularity nor the usage of
path-dependence or randomization is systematically affected by making them costly, indicating
a robust demand for these non-standard risk-taking strategies.

Applications. In the second part of the paper, we use the Decoloring Task to obtain new
insights on several economic applications. First, we inform about subjects’ mental models
when planning repeated risk-taking. Having subjects choose the order of decoloring the ball
triangle yields insights into their decision-making process. We find that about 60% of subjects
choose their stopping time by forward induction as opposed to the normatively prescribed
backward induction (27% of subjects).

Second, eliciting unconstrained risk-taking strategies allows us to analyze what kind of stop-
loss strategies subjects use: We find that trailing stop-loss strategies—strategies with an
increasing stopping barrier like the one in the right panel of Figure 1—are a better description
of the observed stopping times and are used about 1.5 times as often as threshold stop-loss
strategies (i.e., strategies with a constant stopping barrier). Using a dedicated experimental
study, we find no significant change in aggregate measures of stopping times when subjects

must choose a threshold strategy. The focus on threshold risk-taking strategies in theoretical,



empirical, and experimental work, therefore, seems to be a reasonable simplification in the
aggregate, but constitutes a binding restriction for individual-level stopping times.

Third, comparing each subject’s risk-taking plan to her sequential risk-taking actions during
the second part of the experiment, we find the standard shift in dynamic risk-taking (Barberis
2012; Heimer et al. 2025): Subjects systematically deviate from their stop-loss plans by
continuing longer when losing and stopping earlier when winning (the Disposition Effect; cf.
Shefrin and Statman 1985; Odean 1998). We document that the standard shift prevails with
unconstrained risk-taking plans and make another observation about dynamic inconsistency
that may be unexpected: Subjects follow their plan for 89% of their risk-taking actions. This
result exploits that our data contain all planned actions for all possible contingencies.
Therefore, the standard shift (and thus the disposition effect) arises from a small number of
systematic deviations rather than from an overall inconsistency. As the disposition effect
lowers investors’ returns due to transaction costs, taxes, or foregone time-series momentum,
our findings should be informative to regulators aiming at reducing the disposition effect.

Fourth, we quantify the inconsistency between planned and sequential decisions that arises
from constrained choice sets rather than from preferences. Subjects forced to choose a plan
from a constrained set may deviate from it simply because the desired plan was not available.
For example, a subject that must choose a threshold strategy deviates from the constrained-
optimal choice if her unconstrained-optimal strategy is not a threshold strategy. Such a
deviation does not constitute a preference reversal and “mechanically” increases dynamic
inconsistency estimates. This fact — which we refer to as mechanical inconsistency — has been
ignored in the literature thus far. Ex-ante, mechanical inconsistency could increase or decrease
the standard shift. Accounting for mechanical inconsistency, we find that the standard shift
remains significant although dynamic inconsistency estimates decrease by about 50%. The
size of this bias shows that mechanical inconsistency effects can be severe, and thus our
corroborating evidence of the standard shift is strong. In general, mechanical inconsistency
(introduced and quantified here in a behavioral stopping paradigm) may not only cause severe
overestimation of dynamic inconsistency but also overturn results in any experiment or field
setting where subjects’ choices among different choice sets, situations, or contexts are
compared.

Fifth, we study the causes of dynamic inconsistency using additional between-subject
studies and obtain a behavioral decomposition of the standard shift. The largest difference in
stop-loss intensity arises when comparing the plans of subjects restricted to using threshold

strategies with the risk-taking actions of subjects who are not required to submit a plan (as in



Cubitt, Starmer, and Sugden 1998; Heimer et al. 2025). We decompose this difference into five
behavioral components. The principal cause of the standard shift is a lack of commitment,
accounting for about 38% of the total effect. Memory constraints explain about 34%, while
explicit planning accounts for about 15%. Mechanical inconsistency induced by a restriction
to threshold strategies contributes the remaining 13%. Nudges through a plan-consistent
default have no measurable impact.

By eliciting unconstrained stopping times, we hope to inspire experimental and empirical
work on applied research questions. Many, if not most, risks that people face can be taken
repeatedly and stopping problems abound. Examples include the sale of an asset, job search,
real options, or the decision to conclude data collection. The experimental method introduced
in this paper can be adapted for such purposes (see the Discussion section). We also hope to
inform the fundamental and applied theoretical stopping literature. Given this large literature
(summarized, for example, in the textbooks of Shiryaev 2007 or Bjork, Khapko, and Murgoci
2021), it may be surprising that unconstrained stopping times have not been elicited yet.

Related literature. On a general level, we contribute to the literature on repeated risk-taking
and stopping decisions. Classical experiments in this literature are Thaler and Johnson (1990),
Redelmeier and Tversky (1992), Tversky and Shafir (1992), Gneezy and Potters (1997), or
Barkan and Busemeyer (1999). A classical theory textbook on stopping is Shiryaev (2007) or,
with a focus on economic applications, Dixit and Pindyck (1994). More recently, theoretical
research analyzed stopping problems under non-standard preferences (Karni and Safra 1990;
Barberis 2012; Bjork, Khapko, and Murgoci 2021; Heidhues and Strack 2021; He and Zhou
2022). We seek to inform this literature by proposing and implementing an experimental
method to elicit unconstrained stopping times, and we provide the first experimental evidence
on the unconstrained stopping times that subjects use.

The experimental stopping literature mostly focuses on sequential risk-taking (e.g., Langer
and Weber 2008; Magnani 2015; Imas 2016; Nielsen 2019; Strack and Viefers 2021). Barkan
and Busemeyer (1999) elicit incentivized plans for gambling once, after a gain or loss,
respectively, and find that subjects gamble more than planned after losses. More recently,
researchers elicited stopping times for longer horizons and under constraints suitable for the

application under study.? Fischbacher, Hoffmann, and Schudy (2017) show that commitment

2 Previous research that elicited risk-taking strategies typically focused on threshold strategies due to their
analytical tractability (Dixit 1993; Xu and Zhou 2013; Ebert and Strack 2015; Magnani 2015; Henderson, Hobson,
and Tse 2018) and suitability for experiments even with continuous-time processes.



to threshold stop-loss and take-profit strategies reduces the disposition effect. Heimer et al.
(2025) documented the above-described standard shift for threshold strategies in experimental
and observational data. To test the implications of salience theory (Bordalo, Gennaioli, and
Shleifer 2012), Dertwinkel-Kalt and Frey (2024) show that subjects start taking a risk
repeatedly with a stop-loss plan even if the stochastic process has a negative drift. In contrast,
subjects in the experiment by Antler and Arad (2023) often select a stop-gains strategy among
five pre-selected threshold strategies. Magnani et al. (2022) elicit time- and outcome-dependent
as well as path-dependent stochastic control (rather than stopping) plans to study dynamic
portfolio choices.> We contribute to this literature by proposing the Decoloring Task as a
method to elicit unconstrained stopping times and by documenting properties of unconstrained
stopping times in our data. In addition to designing path-dependent risk-taking strategies, we
allow some subjects to use a randomization device, thereby extending previous work on
randomized risk-taking in static contexts (Agranov and Ortoleva 2022) to a dynamic setting.
The extension of our method to other risks, like skewed risks (Ebert and Kdster 2026) or risks
with time-changing moments (Nielsen 2019), is well possible.

We also contribute to the growing literature in microeconometrics that uses machine-
learning methods to analyze and interpret data from experiments (see, for example, Fudenberg
and Liang 2020; Fudenberg et al. 2022). We show how supervised and unsupervised machine-
learning methods can be used to analyze stopping times and to structure between-subject
heterogeneity. We combine machine-learning methods with a structural estimation of
cumulative prospect theory preference parameters (Tversky and Kahneman 1992; Wakker
2010) by extending the method in Bruhin, Fehr-Duda, and Epper (2010).

We further contribute to the literature on dynamic inconsistency in stopping decisions,
which is theoretically predicted under non-standard preferences (Machina 1989; Cubitt,
Starmer, and Sugden 1998; Barberis 2012; Ebert and Strack 2015; He and Zhou 2022). Our
first contribution here concerns the comparison of unconstrained risk-taking strategies
(possibly allowing for path-dependence or randomization) to sequential risk-taking actions
when assessing dynamic consistency. We document that subjects in our study follow their risk-
taking strategies at most balls. Relatedly, Nielsen and Rehbeck (2022) find that subjects follow
canonical (static) choice axioms if they previously expressed consent with the axiom. The
emerging pattern suggests that individuals are more likely to adhere to a plan, rule, or norm if

they could choose the rule or express agreement therewith. Second, we are, to our knowledge,

3 Andrade and Iyer (2009) and Imas (2016) ask for a similar plan without incentivizing it.



the first to discuss and investigate the possible overestimation of dynamic consistency that
arises from confounding dynamic and mechanical inconsistency. A third contribution to the
dynamic inconsistency literature is the behavioral decomposition of the standard shift, with
ensuing policy implications. Consistent with prior work that highlights the importance of
memory for individual-level risk-taking (Gddker, Jiao, and Smeets 2025; Jiang et al. 2025;
Godker, Odean, and Smeets 2026), we find that a memory-aid reduces dynamic inconsistency,

as does planning as such.

II.  Overview of experimental design
Eliciting unconstrained stopping times requires a controlled experiment since complete
contingent plans are not observable otherwise. Our method enables a parsimonious and
intuitive elicitation of unconstrained risk-taking strategies through the Decoloring Task and
allows for comprehensive comparisons with sequential stopping behavior through the Walking

Task. An overview video (https://youtu.be/ParT-P9gX04) and an interactive version of the

experiment are available.*

FIGURE 2.—Schematic storyboard of the experiment

General and task- Task 1 Task-specific Task 2 - 11 Questionnaire
—p —p A A —p —p
specific instructions Decoloring Task instructions Walking Task and payment

Notes: Subjects first receive general and task-specific instructions, accompanied by comprehension questions.
We then elicit the precommitted stopping time in Task 1, the Decoloring Task. Subjects then receive another
short instruction for Tasks 2 — 11, the Walking Tasks, and complete these ten tasks. The experiment ends with
a questionnaire and subjects learn their payment. We include one attention check during each set of
instructions.

11.A Structure of the experiment

The experiment consists of ten between-subject studies with different versions of the
experimental tasks. In each task, subjects are endowed with £1.50 (~$1.85) and decide about
taking a 50:50 risk of winning or losing £0.25 for up to five times. Following Barberis (2012),

4 The interactive version of the experiment is available at https://rtsexpdemo.onrender.com and further videos
of all experimental studies in Table 1 can be found at https:/www.youtube.com/playlist?list=PLr xX-
ToY8MNItLLa3176gL.Olw8rcNLmy. Appendix SA.5 shows further details. The experiment was programmed
using oTree (Chen, Schonger, and Wickens 2016).
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we represent stopping times—the complete (time- and outcome-) contingent plan for taking the
risk for up to five times—as a recombining binomial tree, visualized and described as a ball
triangle to subjects (see Figure 1).

Figure 2 illustrates the course of the experiment. For nine of the ten between-subject studies,
the first task of the experiment is a Decoloring Task. In the Decoloring Task, each subject uses
an interactive tool to design her precommitted risk-taking strategy by decoloring the balls of
an initially colored ball triangle.> The second part of the experiment consists of ten Walking
Tasks. In each Walking Task, subjects sequentially decide whether to take (another) risk
depending on how the previous risk(s) turned out. One study consists solely of ten Walking
Tasks, without a Decoloring Task. All subjects go through interactive instructions, practice
elements, and comprehension questions before each task. They must pass attention checks and
complete a short questionnaire before receiving their payment, which is determined by the

subject’s behavior in one randomly selected task (see Appendix SA.5S).

TABLE 1.—OQOverview over the ten experimental studies

# Name Decoloring Task Walking Task Session date N
1 Basic I Basic Basic Nov 16, 2022 73
2 Path-dependence  Path-dependent Basic Nov 16, 2022 75
3 Path-dependence®  Path-dependent® Basic Nov 16, 2022 67
4  Randomization Randomized Randomized Nov 16, 2022 88
5 Randomization® Randomized® Randomized® Nov 16, 2022 97
6 Basic II Basic Basic May 23, 2024 74
7 No default Basic No default May 23, 2024 85
8 No reminder Basic No reminder May 23, 2024 81
9 Threshold Threshold Basic May 23, 2024 78
10  No planning - No reminder May 23, 2024 163

Notes: Table 1 shows the different between-subject studies. The second column shows the name that we
use to refer to a specific study, while the third and fourth columns show the version of the Decoloring and
Walking Task used in the study. We ran the studies in two sessions, and column five shows when the
respective study took place. Column six shows the number of subjects for each study. See Appendix SA.5.1
for details on the subject pool.

11.B Studies

Table 1 provides an overview of the ten between-subject studies. In a Basic task, subjects can

decide to stop or continue risk-taking at any ball of the ball triangle. In a Path-dependent task,

> We refer to the task and the subject’s interaction with the tool as decoloring: the ball triangle initially has a
color (green, yellow, or red), and the subject must transform it into a greyscale ball triangle.



subjects can additionally condition on the path taken through the ball triangle; for example, a
subject’s risk-taking strategy could be to stop risk-taking if the first risk is won and the second
risk is lost but continue risk-taking if the first risk is lost and the second risk is won (up-down
vs. down-up). Note that sequential risk-taking during the Walking Tasks is necessarily path-
dependent and thus there is no dedicated path-dependent Walking Task (details in Section
IV.C).° Subjects in a Randomized task have access to an independent randomization device
that allows them to stop risk-taking with a probability of their choice.” The Path-dependent©
and Randomized® tasks are analogous to their counterpart described above, except that path-
dependence and randomization costs £0.01 per ball, respectively. Subjects in a Threshold task
can only condition on the profit level but not on the risk repetition. They can, for example, stop
risk-taking for all balls that yield a profit of £0.25 and continue otherwise. Finally, we vary the
availability of a default risk-taking action and of a strategy reminder in the No default and No
reminder Walking Tasks (details in Section IV.E).

11.C Eliciting stopping times with the Decoloring Task

Figure 3 illustrates the interactive tool that subjects use to design their stopping times during
the Decoloring Task. The data we obtain from the Decoloring Task for each subject—a
decoloring of a ball triangle—specifies a complete contingent plan of when to continue or stop
taking the risk for up to five times, also called risk-taking strategy or stopping time.

The first (second, third) row of Figure 3 is for the Basic (Path-dependent, Randomized)
Decoloring Task. Following Johnson et al. (2021), subjects make their decisions by giving
instructions to the computer.® Each subject in a given study clicks a ball in the right half of the
instruction panel—shown in panel (a) of Figure 3—and gives risk-taking instructions for that
ball in the left half of the instruction panel. She proceeds like this until all balls are decolored
and can revise the decoloring of any ball as often as desired. If the Decoloring Task is the

payoff-relevant task, a subject’s bonus payment is determined by taking the risk up to five

6 All Basic Walking Tasks are identical in that subjects can continue or stop risk-taking at any ball that is
reached. During the Walking Tasks, the subjects sequentially resolve the risk and thereby realize a specific path
to any given ball. The risk-taking action at a given ball is thus inherently conditional on the path taken to that ball.
Consequently, subjects cannot use a costly option during the Basic Walking Tasks in study Path-dependence®.

7 We simplify the task by discretizing the grid of stopping probabilities to multiples of 10 percent, such that
subjects can stop risk-taking with 0, 10, ..., 90, 100 percent probability at any ball.

8 Subjects here give instructions to the computer and not to the experimenter. First, the computer is the
recipient of the instructions and implements them, such that we do not deceive subjects. Second, as computers
follow instructions given to them, this frame highlights the decisiveness of the instructions.
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times according to the decoloring. The Decoloring Task is thus an incentivized method to elicit

stopping times under precommitment.

FIGURE 3.—Decision screens and median decolorings elicited in the Decoloring Task

(a) Instruction panel for each study (b) Median decoloring
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Notes: Subjects in a Basic (Path-dependent, Randomized) Decoloring Task must decolor all 15 balls of an
initially green (yellow, red) ball triangle. Subjects click a ball in the right half of the instruction panel (a) and
give the risk-taking instruction for that ball in the left half of the instruction panel (a). The selected ball turns
blue and pulses. The selected ball is decolored white (black) if the subject unconditionally continues (stops)
risk-taking at that ball. In Path-dependent and Randomized tasks, subjects can also decolor balls to become
black-white gradient (indicating path-dependence) or numbered (the number indicating the stopping
probability). Each subject proceeds like this for each ball in an order of her choice. Subjects can go back and
change their decoloring. Panel (b) illustrates the median decolorings observed in the experiment, whereby the
median is taken over the effective decoloring at each ball for all subjects.

The decoloring scheme is as follows: If a ball is white, the subject takes the 50:50 risk at
that ball. If a ball is black, the subject stops risk-taking. Balls with a black-white gradient
indicate that stopping at that ball is path-dependent in that the subject continues risk-taking for
at least one path leading to that ball and stops risk-taking for at least one other path. A numbered
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ball shows that the subject uses an independent randomization device that yields stopping with
the probability shown on the ball.

In the analysis, we focus on incentivized decisions by considering “effective decolorings,”
for which we treat decisions at balls that cannot be reached when following the risk-taking
strategy as ‘stop risk-taking,” consistent with Barberis (2012). We pool subjects from different
studies with the same Decoloring Task.” Details on the Threshold study and on the Walking

Tasks will be given in Section IV.

III. Evidence on stopping times
We obtain the first dataset of unconstrained stopping times through the Decoloring Task. This

section analyzes the stopping times.

111.A Basic Decoloring Tasks

Panel (b) of Figure 3 shows the aggregate precommitted risk-taking strategies for the Basic,
Path-dependent, and Randomized Decoloring Task, respectively. We first focus on the median
Basic decoloring obtained from N = 313 subjects. The median is taken ballwise, such that a
ball is black if more than 50% of the subjects stop risk-taking at that ball and white otherwise.

Frequent risk-taking. The median decoloring indicates risk-taking (white first ball),
continue-when-winning (the upper part of the triangle being white), and stop-when-losing (the
lower balls being black). 96% of subjects take the risk at least once; 3.82 times on average.
The large share of subjects that begin taking a mean-zero risk in our experiment is at odds with
risk-averse expected utility (EU) preferences, but expected under non-EU preferences (e.g.,
Barberis 2012; Ebert and Strack 2015). The fact that the risk can be taken more than once is
crucial for this theoretical prediction, and our evidence for it is in line with other experiments
on repeated risk-taking (Fischbacher, Hoffmann, and Schudy 2017; Strack and Viefers 2021;
Heimer et al. 2025).

Trailing stop-loss. The median strategy is of the loss-exit type defined by Barberis (2012):
A strategy is loss-exit if the expected number of risks taken conditional on stopping at a loss
ball is less than the expected number of risks taken conditional on stopping at a gain ball.

Similarly, a strategy is gain-exit (symmetric) if this number is larger (the same). More

® Whenever present, the Decoloring Task is each subject’s first experimental task and not affected by
differences in subsequent Walking Tasks. We found no statistically significant differences in the decolorings of
subjects in different studies with the same Decoloring Task, highlighting the robustness of our findings especially
when considering the different execution dates of the studies (see Table 1).
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specifically, the median strategy is a level-3 trailing stop-loss.!’ Stopping occurs after losing
thrice (level-3; ignoring that there is a final period) so that the stopping barrier trails profits.
We can reject that aggregate risk-taking is consistent with a threshold stop-loss: The median
risk-taking strategy would be a threshold stop-loss strategy if the bottom ball in the third
column was black. 58% of the subjects decolor the bottom ball in the third column white,

which is significantly different from 50% (t(312) = 2.68).

FIGURE 4.—Summary statistics of the precommitted risk-taking strategies

(a) Correlation between T and S¢ (b) Strategy types
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Notes: Panel (a) shows the distribution of the correlation between the stopping time 7 and the induced
outcome distribution S;. Panel (b) shows the share of loss-exit, gain-exit, and symmetric-exit strategies.

Continue-when-winning. On an individual level, we also find that most strategies are stop-
loss strategies. Panel (a) of Figure 4 shows the correlation p between the stopping time T and
its induced outcome distribution S, for the different Decoloring Tasks. A positive correlation
indicates continue-when-winning (or, likewise, stop-when-losing; i.e., a stop-loss strategy).
For the Basic Decoloring Task, we find a positive average correlation (p = 0.35,t(312) =
13.71), which is non-negative for 75% of all individual risk-taking strategies. The average
expected stopping time conditional on stopping with a gain is 4.41 and significantly higher
than the expected stopping time conditional on stopping with a loss (3.54,t(312) = 12.54).
Panel (b) of Figure 4 shows that a majority of 61% of the subjects in the Basic Decoloring
Task use a loss-exit strategy. Heimer et al. (2025) document a popularity of loss-exit plans

among threshold strategies. We find that loss-exit strategies even emerge endogenously when

10 Stop-loss strategies are a subset of loss-exit strategies, though we use the terms interchangeably when no
confusion arises. Threshold and trailing stop-loss strategies are specific forms. Similarly, stop-gain or take-profit
strategies are a subclass of gain-exit strategies.
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allowing for unconstrained risk-taking strategies, and that many of them are of the trailing type
(see Section IV.B).

By the optimal stopping theorem, the expected earnings of any risk-taking strategy are zero,
and thus, risk-averse EU preferences are incompatible with the results of our experiment. The
induced outcome distribution S; is, on average, positively skewed (skew = 0.36,t(312) =
12.24), in line with Ebert and Kdster's (2026) result that relates a positive p to a positively
skewed S;. As observed by Barberis (2012), taking risks repeatedly in a way that skews the
profit distribution to the right is consistent with a wide range of cumulative prospect theory
(CPT) preference parameters (see Section II1.D).

Stopping times elicited from the Basic Decoloring Task are qualitatively consistent with
predictions from non-EU models—foremost CPT—and with prior experimental findings. They
are also internally consistent (cf. footnote 9 and section V.B), suggesting that the graphical
interface of the Decoloring Task allows for a parsimonious elicitation of economically

meaningful risk-taking strategies.

1I1.B Path-dependent and Randomized Decoloring Tasks

In addition to time- and outcome-contingent risk-taking, subjects in the Path-dependence study
(N = 75) can costlessly condition their risk-taking strategy on the path taken to the ball and
subjects in Randomization (N = 88) can condition their risk-taking strategy on an independent
randomization device.

We elicit risk-taking strategies for these strategy spaces for two main reasons: (1) Path-
dependent as well as randomized strategies are theoretically predicted. A decision-maker with
law-invariant preferences that are not quasi-convex—as is the case for rank-dependent utility
(Quiggin 1982), prospect theory (Kahneman and Tversky 1979; Tversky and Kahneman 1992),
or the dual theory of choice (Yaari 1987)—strictly prefers randomized strategies over path-
dependent strategies, which she in turn prefers over Basic strategies (He et al. 2017; Henderson,
Hobson, and Tse 2017; Hu, Obtdj, and Zhou 2022).!! (2) Path-dependence and randomization
are empirically relevant. The house money effect (Thaler and Johnson 1990) is a classic
example of path-dependent risk-taking. Stopping behavior as well as the evaluation of risks
often depend on the path of outcome realizations (Rabin 2002; Grosshans and Zeisberger 2018;
Strack and Viefers 2021), and price paths affect stock returns (He and Liang 2024).

! Note that path-dependent and randomized risk-taking strategies do not improve upon the path-independent
and randomized risk-taking strategies for which we allow in Randomization, see He et al. (2017).
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Randomized risk-taking, in addition, is a longstanding finding in experimental research
(Mosteller and Nogee 1951; Machina 1985) that has recently been characterized as a deliberate
choice rather than a mistake (Agranov and Ortoleva 2017, 2022). Optimal risk-sharing and
competitive equilibria require exogenous randomization when some individuals are risk-
seeking (Lauzier et al. 2024). High-stakes decisions such as study programs (Dwenger, Kiibler,
and Weizsicker 2018), charitable donations (Zhang and Zhong 2020) and important life
choices (Levitt 2021) are often randomized. We give a first analysis of path-dependence and
randomization in stopping times, whether subjects use them, and (if so) how they affect risk-
taking strategies.

Path-dependence and randomization are both used often. Path-dependence can be used
at the six inner balls of the ball triangle, as all outer balls can only be reached via one path
(always up or down). 55% of subjects use path-dependence at least once and 78% of those
subjects use it more than once.

No systematic patterns in the usage of path-dependence. We do not observe a simple
systematic pattern in the usage of path-dependence. Subjects are neither more likely to stop
risk-taking for paths that reach a ball from above or below (see Figure SA.1.2), nor to stop
more frequently when reaching the highest or lowest earnings along a path. Thus, path-
dependence might be used to achieve randomized stopping decisions (we elaborate on this in
Section V.D). Consistently, we find that 81% of subjects in Randomization use at least one
randomization, and more subjects randomize at all 15 balls than at none of the balls (30% vs.
19%, respectively). Making path-dependence or randomization costly does not affect their
utilization (see Figure SA.1.1).1?

Stop-loss strategies continue to be popular when allowing for Path-dependence. The
second row of Panel (b) in Figure 3 shows the median risk-taking strategy for N = 75 subjects
in Path-dependence. The median Path-dependent decoloring resembles the median Basic
decoloring as it shows risk-taking (first ball being white for 92% of subjects), and a stop-loss
strategy. The median strategy is (roughly) a trailing stop-loss strategy, in which subjects stop
risk-taking after two to three losses. On an individual level, most subjects in Path-dependence
use a loss-exit strategy (panel (b) of Figure 4), with a higher share of gain-exit strategies than

in Basic. Overall, path-dependent strategies are behaviorally similar to Basic strategies.

12 The frequency of path-dependent balls is statistically identical (x?(6) = 3.898) in Path-dependence and
Path-dependence®, while the frequency of randomized balls differs at the 10%-level (y%(15) = 22.487) for
Randomization and Randomization®.
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Randomization strongly affects risk-taking toward buy-and-hold. The bottom row of
Panel (b) in Figure 3 shows the median risk-taking strategy for N = 88 subjects in
Randomization. Most subjects start risk-taking (white first ball) and design risk-taking
strategies with a higher stopping probability in the loss domain than in the gain domain. 93%
of subjects start risk-taking with a positive probability and we find an average probability of
taking at least one risk of 83%. The median decoloring is of a stop-loss type in that the balls in
the bottom of the ball triangle tend to be darker than in the upper part, but less strongly so than
in Basic or Path-dependence. An interesting observation is that subjects in Randomization
often use low stopping probabilities (see Figure SA.1.2). Panel (b) of Figure 4 shows a

comparably high popularity of gain-exit strategies in Randomization.

1I1.C Individual-level analysis of strategy types using unsupervised clustering

We now examine the individual-level heterogeneity in unconstrained stopping times by using
an unsupervised machine-learning algorithm, specifically a K-means clustering.!’> The
approach in this section is data-driven, since we do not formulate any strategy types or
properties of risk-taking strategies as input for the algorithm. Instead, the algorithm partitions
the elicited risk-taking strategies into clusters which may or may not represent familiar or
economically interpretable strategies. Appendix SA.3.1 contains methodological details and
robustness results.

Interpretable heterogeneity in stopping strategies. The clusters suggested by the K-
means clustering have a natural economic interpretation in terms of stop-loss, take-profit, buy-
and-hold, take-the-risk-once, or never-start strategies. Figure 5 shows the median decoloring
of all strategies assigned to a cluster as well as the number of loss-exit, gain-exit, and
symmetric-exit strategies it contains for K = 6 clusters.!* Visually, the median strategies of
clusters 1 and 2 are time-dependent (buy-and-hold) strategies, and a relative majority of risk-

taking strategies in these clusters are symmetric-exit strategies. Whereas the median strategy

13 Unsupervised machine-learning algorithms find patterns in unlabelled data. In contrast, supervised machine-
learning methods learn a mapping between data X and output vector y that is then applied to new, previously
unseen data.

14 Intuitively, a K-means algorithm partitions data into K € N* clusters. We conduct the analysis here with
K = 6 clusters and use all N = 640 elicited risk-taking strategies for simplicity. Appendix SA.3.1 shows the
robustness of our results towards using more clusters and towards conducting the analysis separately for Basic,
Path-dependent, and Randomized risk-taking strategies. In unreported analyses, we find that the clusters exhibit
greater within-cluster similarity and between-cluster separation than matched placebo datasets, suggesting that
they capture genuine strategy types (see also Table SA.2.1).
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of cluster 1 (27.7% of subjects) is a long-horizon buy-and-hold strategy, that of cluster 2
(12.5% of subjects) is noisily taking the risk once.'> The median strategy of cluster 3 (19.1%
of subjects) appears to be a mixture of a buy-and-hold and a take-profit strategy, as the balls in
the upper part of the ball triangle are darker than in the lower part. Cluster 3 also contains more
gain-exit than loss-exit strategies (63 vs. 39). Thus, we interpret cluster 3 as a take-profit
cluster. The median risk-taking strategies of clusters 4, 5, and 6 (10.8%, 14.7%, and 15.3%
of subjects, respectively) are trailing stop-loss strategies, each with a different trailing stop-loss
level and a varying blur of the stopping barrier. Almost all strategies in these three clusters are
loss-exit strategies. Our visual interpretation of the clusters is supported by an analysis of the

cluster constituents, as shown in Table SA.2.1.

FIGURE 5.—Median precommitted risk-taking strategy for each cluster of a
K —means clustering
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Notes: Figure 5 plots the median decoloring per cluster resulting from a K-means clustering with K = 6
clusters. We also show the number of loss-exit, gain-exit and symmetric exit strategies as well as the total
number of risk-taking strategies in each cluster below the cluster number. The format is (loss-exit + gain-
exit + symmetric-exit = N subjects).

An unsupervised machine-learning algorithm partitions unconstrained risk-taking strategies
into economically reasonable clusters. Neither did the algorithm—by definition—Ilearn
strategy types from training data, nor did the experimental design restrict the risk-taking

strategies of subjects to certain types. Nevertheless, we find a clustering of risk-taking

15 The analysis in Appendix SA.3.1 shows that when allowing for more than K = 6 clusters, Cluster 2 splits
into a never-start cluster and short-horizon buy-and-hold strategies. We therefore do not classify this cluster as
buy-and-hold when reporting that 28% of all strategies are buy-and-hold.
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strategies into types that have previously been identified, analyzed, and discussed in the
economics, finance and probability theory literature. We take this as support for theoretical and

empirical work that focuses on a set of simple strategies.

111.D Structural estimation of CPT from stopping time data

Our findings that (a) most subjects start risk-taking although the symmetric risk has an expected
value of zero and (b) most subjects’ risk-taking strategies induce positively skewed outcome
distributions S;, as predicted by the CPT (Tversky and Kahneman 1992) model of Barberis
(2012). We also find (c) significant heterogeneity in stopping times that can be represented by
a low number of strategy types (Figure 5). We show below that CPT predicts (c) as well. We
then estimate CPT parameters using stopping time data to inform the increasing number of
models that apply CPT in dynamic settings and help with model calibration. We identify types
of CPT agents that map well to the non-structural cluster analysis (Section III.C). CPT, as a
theory of choice under risk, is flexible enough to rationalize most of the elicited stopping times,
and the estimated types might be a good starting point for describing and modelling stopping
behavior.

Theoretical benchmark. Before describing our methodology, we briefly review CPT. A

decision maker considers a lottery L = (X_,,, P} -3 X—1,P—1; X0, Po; X1, P1; «-} Xy Pyy) that

yields outcome x; with probability p;. In our setting, x_,,, = —1.25, x,, = 1.25, x;,; — x; =
0.25forall i = —m,...,n — 1, and we assume x, = 0. CPT posits that the lottery’s value is
given by:
n
V) = ) mule—xo)
i=—m
with

S { w(p; + -+ D) —wWPig + -+ pp),for0 < i
olw(p g+t p) —w(p_ g + o+ i), for0 >0

We assume the probability weighting function as in Tversky and Kahneman (1992) with

w(p) =p%/(p® + (1 —p)° )1/5 and an exponential value function (K&bberling and Wakker
2005)16

16 The exponential value function is econometrically more robust than the commonly used power specification,
which confounds the loss aversion and diminishing sensitivity parameters (Kobberling and Wakker 2005).
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which is piecewise-linear for « = 1. We focus on @ € [0,1], 6 € [0.30,1] and A € [1,4].

Barberis (2012) shows that an agent with CPT preferences starts taking a fair and symmetric

risk for up to five periods mainly for two wide parametric regions: low §-high a and high §-

low a. We replicate the analysis from Barberis (2012) with the exponential value function

defined above and obtain the optimal Basic risk-taking strategy for each of the 8,000 parameter

triples in the set A = {(a, 6,4):a €{0,0.053,...,0.947,1},6 € {0.3,0.337,...,0.963,1},1 €

{1,1.16,...,3.84,4}}.

FIGURE 6.—Optimal risk-taking strategies under CPT
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Notes: Figure 6 shows all optimal Basic risk-taking strategies under CPT. 8,000 CPT parameter
combinations result in only 12 optimal strategies that start risk-taking. The strategies are ordered

decreasingly according to the number N of parameter combinations for which the strategy is optimal, as
shown in the header of each strategy. The bottom line of each strategy’s header shows the median
parameter triple over all parameter combinations that yield the strategy.

CPT predicts a low number of distinct risk-taking strategies. We find that a CPT agent

starts risk-taking for 2,332 of the 8,000 parameter triples. Figure 6 shows all 12 unique optimal

risk-taking strategies. We order the strategies by the number of parameter triples that yield the

respective risk-taking strategy. Thus, among a population of CPT agents with different
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parameters, we would expect to observe Strategy 1 more often than Strategy 2, and so on.
Strategies 1 to 7 are loss-exit strategies, while strategies 8 to 12 are gain-exit strategies, which
highlights that loss-exit risk-taking is more common under CPT than gain-exit risk-taking.

The median parameter triples for each risk-taking strategy—which are shown in the bottom
line of each strategy’s header in Figure 6—demonstrate that we find loss-exit strategies mostly
for a low §-high a. Agents with low & and high « like positively skewed risks (large gain with
low probability), which are induced by loss-exit strategies (see also Ebert and Karehnke 2026).
Intuitively, an agent with a low § overweights the tails of the distribution, and high a implies
high marginal utility of large gains. In contrast, the gain-exit strategies in Figure 6 are more
prevalent for high §-low a. An agent with high § and low «a likes negatively skewed risks
(large losses with low probability), as induced by a gain-exit strategy, because she barely
overweighs the low probability of a large loss, and the low a makes large losses only slightly
more frightening than small losses.

In summary, CPT predicts (a) risk-taking for a wide range of parameters; (b) that loss-exit
strategies are more common than gain-exit strategies; and (c¢) a small number of different risk-
taking strategies.

Estimation approach. We next estimate the parameters of CPT using the elicited Basic

risk-taking strategies.!” For each of the j = 1,2,...,313 subjects that completed a Basic
Decoloring Task, we observe one chosen stopping time Tg which induces an outcome
distribution Stjc. Observing stopping time Tg implies that subject j did not choose any of the

other available Basic stopping times that yield different outcome distributions. We generically

denote non-chosen stopping times as 7_, € Tgqgic, Where Tgyg . 1S the set of all 802 Basic
stopping times, and assume that choosing Tg is as if choosing TZ in all pairwise binary choices

between Tg and 7_. The approach mirrors structural estimations based on multiple price list
data (e.g., Holt and Laury 2002).

Individual estimation. To estimate CPT parameters, we follow Stott (2006) and Bruhin,
Fehr-Duda, and Epper (2010) and embed CPT into a stochastic (logit) choice function that

gives the probability of choosing 7, over alternative 7_, for a given parameter vector 6; =

(aj, 8;, A, ej) with error parameter €; € (0,100]:

17 With Path-dependent and Randomized stopping times, the number of alternatives to the chosen stopping
time is too large to be computationally feasible.
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The error parameter €; measures the extent to which the subject’s choice between two stopping
times is determined by differences in the induced CPT values. Larger values of €; imply that

choice is driven even by small differences in CPT values, while a low €; implies a more random

choice. We estimate 8; for each subject by maximizing the log-likelihood of observing TZ in

TBasic , as

—€ (V(Sr£

9)_v(srﬂ|9)) |

07 = argemin z | log| 1+e
T.€ TBasic\{T i}

Individual-level parameter estimates are clustered. Figure 7 shows the results of our
maximume-likelihood estimation. To get a first impression, Panel (a) of Figure 7 shows the
estimation results for two selected strategies. For the level-3 trailing stop-loss strategy in the
upper row of Panel (a)—which is identical to the median Basic decoloring in Figure 3—we
estimate (a, 8,1, €) = (1.00,0.30,1.00,44.91). Our maximum-likelihood estimation thus finds
a high a, low §, and low A for loss-exit strategies that induce positively skewed outcome
distributions. In contrast, the estimates for a level-3 trailing take-profit strategy as in the bottom
row of Panel (a) are (a, 6,4, €) = (0.28,1.00,1.00,100.00).

Panel (b) of Figure 7 shows the location of all 313 individual-level parameter estimates.
The most pronounced cluster of estimates is in the bottom-right of Panel (b), for a high a, low
d, and low A, as is consistent with our observation that most Basic stopping times induce a
positively skewed outcome distribution. We also find a pronounced cluster in the bottom center
of the cube, that is, for a low «a, low §, and low A. These parameter combinations are obtained
for long-duration buy-and-hold strategies, of which we also observe many (see Section I11.C).
Otherwise, the parameter estimates are scattered over the cube, reflecting the heterogeneity in
our data. Both the median and mean parameter triples over all individual estimates are in the
high @, low &, low A region. The median tuple is (1.00,0.30,1.00,44.91) and the mean is
(0.69,0.45,1.47,47.23). Note that we obtain the estimates from a single task (though with
many choice options), such that our estimates are more extreme than in typical discrete choice
estimations of CPT. Visually, our parameter estimates tend to be on the hull of the cube in
Panel (b) of Figure 7. This pattern reflects limited trade-offs in the parameter estimation: the
CPT value of a stop-loss strategy, for example, decreases in § and increases in @, while the

attractiveness of any risk-taking strategy is decreasing in A. Adding further tasks (be it stopping
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tasks with different basic gambles or horizons, or different risky choice tasks) would result in

more nuanced estimates.

FIGURE 7.—Individual-level CPT parameter estimates
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Notes: Panel (a) shows the parameter estimates that we obtain from our maximum-likelihood estimation
for a level-3 trailing stop-loss (top) and a level-3 trailing take-profit strategy (bottom). Panel (b) shows the
parameter triples that we estimate for all Basic risk-taking strategies. Both, the color and the size of the
dots visualize the frequency of observing the respective parameter triple.

Finite mixture model. Given the theoretical predictions from Figure 6 and the apparent
clustering of parameter combinations in Figure 7, we now analyze if a small number of CPT
agent types can capture the heterogeneity in our data by estimating a finite mixture model as
in Bruhin, Fehr-Duda, and Epper (2010). A finite mixture model assumes that the data is
generated by a fixed number of agent types, each characterized by its own parameter vector.
For each type, we estimate the parameters and the likelihood that an observed stopping time
has been chosen by that type. Details and robustness analyses are in Appendix SA.4.

A small number of different CPT agent types captures the individual heterogeneity.
Figure 8 shows the parameter estimates and median risk-taking strategies using four agent
types. Similar to Bruhin, Fehr-Duda, and Epper (2010), we can unambiguously assign each
risk-taking strategy to one agent type. About half of all risk-taking strategies are assigned to
agent type 1, for whom the median risk-taking strategy is a threshold stop-loss.!® For agent

type 1, we estimate a linear value function (¢ = 1.00), strong probability weighting (6 =

18 For agent type 1, the third-highest ball in the fourth column is black for 46% of the assigned risk-taking
strategies, which is insignificantly different from 50% (t(149) = —0.97,p = 0.33). More correctly, the median
risk-taking strategy for agent type 1 is thus in-between a trailing and threshold stop-loss.
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0.30), and no loss aversion (4 = 1.00). The median risk-taking strategy of agent type 2, to
whom about one-third of all risk-taking strategies are assigned, is a buy-and-hold strategy. The
parameter estimates reflect little diminishing sensitivity (&« = 0.86), no probability weighting
(6 = 1.00), and no loss aversion (A = 1.00). About one-third of the risk-taking strategies
assigned to type 2 stop at some gain balls (unreported results), which leads to a slight negative
average skewness of the induced outcome distributions (Skew(S,;) = —0.08, t(107) =
—3.688)and to a < 1.

FIGURE 8.—CPT parameter estimates and median strategies from a finite mixture
model
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Notes: Figure 8 shows the median risk-taking strategies for each agent type. Next to each header, we show
the parameter estimates for the agent type as well as the number of strategies. We find an almost perfect
separation of the risk-taking strategies.

Substantially fewer risk-taking strategies are assigned to agent types 3 and 4. Agent type 3
seems to be a buy-and-hold type with early stopping and is characterized by a linear value
function (@ = 1.00), medium probability weighting (§ = 0.57), and high loss aversion (1 =
4). The strategies assigned to agent type 4 are strategies that take the risk often, but stop at late
loss balls, such that the parameter estimates are close to those for type 1.

Overall, CPT predicts a small number of different risk-taking strategies and a prevalence of
stop-loss strategies over gain-exit strategies. In the previous sections, we noted that a small
number of clusters of economically reasonable risk-taking strategies seems to provide a good
approximation to the individual-level heterogeneity in our data, and that most risk-taking
strategies are loss-exit strategies. In this section, we additionally highlight that the structural

assumption of CPT groups risk-taking strategies into types representing trailing or threshold
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stop-loss strategies as well as buy-and-hold strategies. Few subjects, instead, are assigned to
types that yield no or little risk-taking, as well as take-profit strategies. CPT is flexible enough

to a be a good approximation to the non-parametric clusters identified using machine-learning.

IV. Applications
In this section, we use the Decoloring Task to obtain new insights on a number of economic
applications. Specifically, we inform about subjects’ mental models when planning repeated
risk-taking (Section IV.A); we test if threshold strategies—which are often used in practice—
provide a good approximation to unconstrained risk-taking strategies (Section IV.B); we show
that mostly following a plan is compatible with a systematic dynamic inconsistency (Section
IV.C); we introduce and quantify the mechanical dynamic inconsistency that emerges from
constraining choice sets (Section IV.D); and we comprehensively test causes of dynamic
inconsistency (Section IV.E). Some of these applications involve data from additional

experimental tasks and studies (cf. Table 1), and we describe them when they are used.

1V.A How do people plan repeated risk-taking?

Allowing subjects to design unconstrained risk-taking strategies enables us to analyze the
mental model by which subjects plan risk-taking. Subjects in our experiment can decolor the
ball triangle in any order, such that we analyze the decoloring process as a representation of
their mental model (Payne, Bettman, and Johnson 1988).!? In our setting—with a finite horizon
of T = 5 risks—the normative benchmark is backward induction, where decoloring proceeds
from right to left. Instead, we find that most subjects use forward induction—going from left
to right.

In the aggregate, subjects decolor from left to right and from top to bottom. We
recorded the decoloring process for N = 240 subjects who completed the Basic Decoloring
Task in the second experimental session on May 23, 2024, and use click order numbers 1, 2,
..., 15 to summarize the decoloring process (a ball gets a one if it is decolored first). In the
aggregate, subjects decolor the ball triangle from left to right (i.e., they use forward induction)
and from top to bottom (i.e., gains-first), see Figure SA.1.3. Forward induction is evidenced
by a positive average correlation between the risk repetition t and the click order (p; =

0.20,t(239) = 7.408), whereas gains-first decoloring is reflected in a negative average

1 We thank Christian Gollier and Fabio Maccheroni for independently suggesting this analysis. Consistent
with assuming that the decoloring process represents the planning process, we observe some pondering in that
about 40% of subjects change the decoloring of at least one ball that they previously decolored.
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correlation between the accumulated earnings at a ball and the click order (pg4

—0.09,t(239) = —3.526).

FIGURE 9.—Types of decoloring orders

Cluster 1 Cluster 2 Cluster 3
(0r=0.64, pg =0.12, (pr=0.41,py= —0.49, (pr=0.24, p;= — 0.2,
N=38) N=64) N=41)

[
00
00
0L00

Cluster 4 Cluster 5 Cluster 6
(pr=0.17, pg = 0.04, (pr= —0.09, pg=0.61, (ot=—0.47,pg= -0
N=33) N=29) N=35)

©

@ -

60

©000
00000 ©0000
000000 000000

@
0
©00
0000

O
G =
000

0000
00000 00000

©

00

©00

0000
00006 00000
000000 000000

©
©0

000
0000 :

Notes: Figure 9 shows the best-fitting decoloring process per cluster resulting from a K-means clustering
with K = 6 clusters. We also show the correlation between the click order and, respectively, the risk
repetition (p,) and the accumulated earnings (p,), as well as the number of decoloring processes assigned
to each cluster.

Individual-level heterogeneity: few subjects use backward induction. We analyze the
heterogeneity in the decoloring processes using a K-means clustering with K = 6 clusters.?°
Figure 9 shows the decoloring process that minimizes the total squared distance to the click
orders of the cluster constituents (computed using the Hungarian algorithm), the number of
subjects as well as p; and p, for each cluster.

Decoloring processes assigned to Cluster 1 (16% of subjects) are characterized by forward
induction (p, > 0 and large) and a gains-first tendency (pg > O). Clusters 2 and 3 contain
27% and 17% of subjects, respectively, and feature forward induction with losses-first. Cluster
4 (14% of subjects) features forward induction with no gains-first or loss-first tendency.
Clusters 5 and 6 (12% and 15% of subjects, respectively) feature backward induction (p; <
0). While Cluster 5 is gains-first (o, > 0 and large), Cluster 6 is losses-first (o, < 0).

20 Multiple model selection criteria, including the silhouette score, AIC, and BIC point to K = 6. In unreported
results, we confirm that the findings replicate economically when using K = 5 and K = 7 clusters.
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Overall, the decoloring processes of 60% of subjects—those in clusters 1, 2, and 3—show
a clear pattern of forward induction (p, > 0 and large), while about 27% of subjects (clusters
5 and 6) seem to use backward induction. Our direct evidence of pervasive forward induction
in designing stopping times complements research that infers dynamic decision-making
processes indirectly from outcomes (see Johnson et al. 2002; Levitt, List, and Sadoff 2011;

Moinas and Pouget 2013; Klein Teeselink et al. 2024).%!

1IV.B Are strategies threshold or trailing risk-taking strategies?

Section II1.C established that many unconstrained risk-taking strategies are stop-loss strategies.
Eliciting unconstrained risk-taking strategies allows us to further inquire what kind of stop-loss
strategies subjects choose and whether threshold or trailing stop-loss strategies are more
common. Threshold stop-loss orders appear to be offered by most brokers (see also Linnainmaa
2010), while trailing stop-loss strategies (sometimes called Azéma—Y or stopping times) appear
to be less commonly observed despite their theoretical appeal.?

We investigate the possible preference for trailing over threshold strategies in two steps.
First, we compare unconstrained risk-taking strategies to the set of all threshold and trailing
strategies, respectively, using matching and supervised machine-learning methods. Trailing
strategies are more popular, with a ratio of trailing to threshold stop-loss strategies of
approximately 1.5:1. Second, we introduce a Threshold Decoloring Task in which subjects
must use threshold strategies to test whether this constraint systematically distorts stopping
times. Despite the greater prevalence of trailing strategies among unconstrained strategies,
restricting subjects to threshold strategies does not significantly affect aggregate properties of

stopping times.

2l Much of the existing literature infers decision-making processes from observed outcomes. For example,
Moinas and Pouget (2013) design an experiment in which asset price bubbles are ruled out by backward induction.
The emergence of bubbles suggests that subjects do not apply backward induction. Our design complements the
literature by directly observing dynamic decision-making processes.

22 For example, Vanguard seems not to offer trailing stop-loss orders (https:/investor.vanguard.com/investor-
resources-education/online-trading/stock-order-types; accessed 01/30/2026), Fidelity describes trailing stop-loss
orders as an advanced order type (https://www.fidelity.com/trading/fags-order-types; accessed 01/30/2026), while
Charles Schwab (https:/www.schwab.com/learn/story/trailing-stop-orders-mastering-order-types; accessed
01/30/2026) and Robinhood (https://robinhood.com/us/en/support/articles/order-types/; accessed 01/30/2026)
seem to offer both order types. The broker used in Heimer et al. (2025) obliges traders to use threshold strategies
when opening a position.
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IV.B.1 Matching procedure

We first define the templates used for the matching procedure (see Figure SA.3.5). The
threshold templates are all Basic (neither randomized nor path-dependent) threshold stop-loss,
threshold take-profit and two-threshold strategies. Similarly, the trailing templates are all Basic
trailing stop-loss, trailing take-profit and two-trailing strategies. We match each elicited,
unconstrained risk-taking strategy to the closest threshold or trailing template strategy,
respectively, using the lowest Hamming distance. In our setting, the Hamming distance is the
number of ball changes (from black to white or vice versa), referred to as redecolorings,

required to transform an unconstrained strategy into a given template strategy.

FIGURE 10.—Distribution of the distance to threshold and trailing risk-taking
strategies
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Notes: Figure 10 shows the distribution of the Hamming distance between the elicited risk-taking strategies
and the closest threshold or trailing risk-taking strategy. We exclude risk-taking strategies that never take
the risk or continue risk-taking at all balls. The left panel includes N = 259 Basic risk-taking strategies,
and the right panel includes all risk-taking strategies (N = 505).

More risk-taking strategies resemble trailing than threshold strategies. Figure 10 shows
the distribution of redecolorings. We exclude subjects that either always or never take the risk
from the analysis, but all results are robust to this choice. On average 1.69 of 15 decolored
balls must be redecolored to transform all Basic risk-taking strategies into threshold strategies,
which is higher than the average number of redecolorings required to transform them into
trailing strategies (1.44). We reject identity of the distributions of redecolorings using a
Wilcoxon signed-rank test (W = 4,245,n =152). The right panel of Figure 10 shows the same

analysis when using all elicited risk-taking strategies: on average, more redecolorings are
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required to transform the elicited risk-taking strategies into threshold strategies than into
trailing strategies (W = 13,550,n = 264).

The ratio of trailing to threshold stop-loss strategies is about 1.5:1. Among the Basic
risk-taking strategies in the left panel of Figure 10, we identify 61 pure trailing strategies and
44 pure threshold strategies, corresponding to a ratio of 1.39:1. To assess the robustness of this
classification, we apply additional matching and supervised machine-learning methods—
including cosine-similarity, logistic regression, a decision tree, and a random forest classifier.
As reported in Appendix SA.3.2, these approaches yield similar results, with the ratio of trailing
to threshold strategies ranging from 1.30:1 to 2.11:1 and centering around 1.5:1.

When free to choose, a majority of subjects prefers trailing to threshold strategies (see also
Figure 5). The preference for trailing over threshold strategies emerges despite the relatively
short risk-taking horizon with T =5 risks, which limits the effective difference between

trailing and threshold strategies.

FIGURE 11.—Elicitation of Threshold strategies
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Notes: Subjects in a Threshold Decoloring Task must decolor all 15 balls of an initially green ball triangle.
Subjects click a ball in the right half of the instruction panel (a) and give the risk-taking instruction for all balls
in the selected ball’s row in the left half of the instruction panel (a). All initially green balls in that row are
decolored white (black) if the subject continues (stops) risk-taking for that row. Each subject proceeds like
this in an order of her choice. Subjects can go back and change their decoloring. Panel (b) illustrates the median
decoloring, whereby the median is taken over the effective decoloring at each ball.

IV.B.2 Threshold study

We next test whether risk-taking strategies differ substantially when subjects must choose
among threshold strategies using a dedicated experimental study. Panel (a) of Figure 11 shows
the decision screen of the new Threshold Decoloring Task (N = 78), in which subjects must

decolor rows of balls and thus choose the same decoloring for all balls in each row. Risk-taking
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strategies in Threshold can depend on the profit- and/or loss-level, but not on the risk-
repetition.?

Threshold strategies approximate unconstrained risk-taking well. Panel (b) of Figure
11 shows the median risk-taking strategy of subjects in the 7hreshold Decoloring Task.
Compared to the median risk-taking strategy in the Basic Decoloring Tasks (top row of panel
(b) in Figure 3), the only difference is that the bottom ball in the third column is black for
Threshold but not for Basic. We indeed find that the share of subjects that stop risk-taking at
the bottom ball in the third column is significantly larger in Threshold than in Basic (t(389) =
2.22). The median risk-taking strategy thus changes from a level-3 trailing stop-loss in Basic
to a level-2 threshold stop-loss in Threshold.

Subjects in the Threshold Decoloring Task and in the unconstrained Basic Decoloring Task
tend to choose similar types of risk-taking strategies. In Threshold, compared to Basic, fewer
subjects use loss-exit (56% vs. 61%, see panel (b) of Figure 4) and gain-exit strategies (10%
vs. 13%), while more subjects choose symmetric-exit strategies (33% vs. 26%). None of these
differences is statistically significant. Similarly, we do not find statistically significant
differences for summary statistics of the aggregate stopping times 7 or the induced outcome
distributions S, except for a significantly more negative skewness of the stopping time 7 in
Threshold (Skew(t) = —0.80) than in Basic (Skew(t) = —0.32, t(389) = 3.78).

In sum, a majority of subjects prefers trailing over threshold strategies. Threshold strategies,
however, approximate unconstrained strategies well, at least in our five-period setting. The
focus on threshold strategies may thus constitute a reasonable simplification for many

(experimental and theoretical) studies of stopping under precommitment with short horizons.

1V.C Measuring dynamic consistency for unconstrained stopping times

After submitting a precommitted risk-taking strategy in the Decoloring Task, subjects take the
risk sequentially during ten Walking Tasks. Our dataset allows for testing dynamic consistency
at each possible ball, because we have ball-by-ball data on risk-taking plans (from the
Decoloring Task) as well as on risk-taking actions (from the Walking Tasks).

Walking Tasks. Figure 12 shows the decision screen for a Basic Walking Task. Subjects
make sequential risk-taking decisions while visually “walking” through the ball triangle (left

panel of Figure 12). Subjects instruct the computer about their risk-taking action at each ball

23 On average, subjects need 136 seconds to complete the Basic Decoloring Task and 110 seconds to complete
the Threshold Decoloring Task (t(389) = 2.463), suggesting that threshold strategies are simpler to implement.
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that is reached, possibly deviating from their previously elicited plan (right panel of Figure 12).
If a risk is taken, it is directly resolved. Each Walking Task comprises taking up to five risks
and each subject completes ten Walking Tasks. In the Randomized and Randomized® Walking
Task, subjects can (costly) stop risk-taking with any probability on the grid 0, 10, ..., 90,100.2*

FIGURE 12.—Basic Walking Task
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Notes: After submitting the decoloring in a Basic Decoloring Task, subjects in a Basic Walking Task walk
through their decolored ball triangle. The left panel of Figure 12 shows the situation where the risk has
been won the first two times and lost the third time. The subject must decide whether to take the risk a
fourth time in the panel on the right. Subjects’ default is the plan-consistent risk-taking action. If a subject
continues risk-taking, the single risk is resolved, the path through the ball triangle is updated, and the
subject sees the decision screen again. If a subject stops at a ball, this ball is colored yellow to indicate that
this ball determines the subject’s payoff if this Walking Task determines payment.

Comparing risk-taking actions from the Walking Tasks with risk-taking plans from the
Decoloring Task allows us to test for dynamic inconsistency within-subject at each ball.
Subjects are dynamically (in-)consistent at a ball if they (do not) follow their risk-taking plan
at that ball. We next report two results on dynamic inconsistency for subjects in the Basic
studies (N = 147) as a benchmark.

Systematic dynamic inconsistency: novel evidence on the standard shift. We first
document that the standard shift in risk-taking—going from a loss-exit plan to gain-exit risk-
taking—is present in our data. The standard shift was theoretically predicted by Barberis (2012)
and empirically first confirmed by Heimer et al. (2025). We show that the standard shift

prevails with unconstrained planning. To test for the standard shift in unconstrained stopping

24 Subjects must always resolve five risks regardless of when they stopped risk-taking to prevent finishing a
task faster by stopping early. After stopping, subjects no longer observe the risk resolution to prevent regret. We
do not implement a dedicated path-dependent Walking Task since sequential risk-taking is necessarily path-
dependent (see Footnote 6). Pooling all subjects, we observe a comprehensive set of 37,452 risk-taking actions.
For any ball, we observe at least 268 actions, with a maximum of 8,810 actions (= 881 subjects *
10 Walking Tasks) for the very first ball in the ball triangle.
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time data, we propose to measure the change in stop-loss intensity AD;, as follows. With o =
A, P for actual and planned risk-taking, respectively, we define

Losses stopped;

Proportion of Losses Stopped (PLS;) = Losses reached®”
i

Gains stopped;
Gains reached;’

Proportion of Gains Stopped (PGS;) =

and
D; = PLS; — PGS;.

D; < 0 indicates gain-exit risk-taking, while D; > 0 indicates loss-exit risk-taking. AD; =
D# — Df quantifies the change in stop-loss intensity. The standard shift posits that AD; < 0,
that is, actual risk-taking is more gain-exit/less loss-exit than planned. Note that D;* coincides
with Odean’s (1998) disposition measure.”> We compute D using the realized paths the
subject faced in the Walking Tasks (in which subjects must always resolve five risks) but stop
risk-taking following the subjects’ risk-taking strategy.

We find that both planned (D = 0.207,t(140) = 7.366) and actual risk-taking (D! =
0.081,t(140) = 3.658) are of a loss-exit type. The positive average D resonates with our
previous analysis of the Decoloring Task: Subjects plan to use loss-exit strategies. Removing
subjects’ precommitment—as in the Walking Tasks—Ieads to the standard shift in that AD; =
—0.125 (t(140) = —4.542), meaning less loss-exit risk-taking than planned. Section IV.E
shows why D{! is not negative.

Pronounced overall dynamic consistency. Before we proceed, we analyze another,
simpler measure of dynamic (in-)consistency that has not yet received attention because it
requires data on ball-by-ball risk-taking plans and actions. The (non-directed) consistency

measure C; is the share of plan-consistent risk-taking actions for each subject i:

Plan executions; Deviations;

™ Deviation opportunities; ~ ° Deviation opportunities; -
C; equals 1 if subject i always follows her plan, and 0 if she never follows her plan. Rescaling
the number of plan executions by the number of deviation opportunities controls for between-

subject differences, such as general risk appetite or the specific paths observed.

25 As in Odean (1998), D/ < 0 signifies a disposition effect (or gain-exit risk-taking).
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On average, subjects in a Basic study follow their risk-taking plan 89.2% of the time (see
Table SA.2.2).26 We find this high overall consistency worth reporting since the literature
mostly emphasizes inconsistencies in stopping, like the standard shift discussed above. The
reason why a high overall consistency is not at odds with the likewise strong evidence for a
systematic inconsistency is that C; considers risk-taking actions at all balls—including those at
which subjects plan to continue. A subject planning with a low stop-loss level but sequentially
taking the risk until reaching a high gain will be consistent at most balls—all balls lying
between the loss and gain levels.?” A behavioral shift from a loss-exit plan to gain-exit behavior
is therefore compatible with a high C;. The evidence of high C; also implies that the standard
shift is the dynamic inconsistency observed in stopping. Shifting from buy-and-hold to never
starting, for example, is inconsistent with a high C;. In sum, our subjects exhibit the standard

shift but are otherwise quite consistent in their stopping behavior.

1V.D Mechanical inconsistency

Subjects—and economic agents in general—forced to choose a plan from a constrained set
may deviate from their plan simply because the desired plan was not available. Such
mechanical inconsistency is not a preference reversal and a source of bias that has not been
acknowledged in the literature thus far. Ex-ante, mechanical inconsistency could either
increase or decrease the standard shift. In this section, we measure the mechanical
inconsistency induced by a restriction to threshold strategies and estimate its effect on the
standard shift.

We first find the set of counterfactual threshold strategies (CTSs) that best approximate the
elicited unconstrained risk-taking strategy for each subject in Basic using the same method as
in Section IV.B.1. Panel (a) of Figure 13 illustrates the CTSs for an exemplary trailing strategy,
for which two threshold strategies have a Hamming distance of one. Redecoloring TIBI
(Threshold-/dentifying Ball 1) black yields a level-2 threshold strategy (CTS1) whereas
redecoloring TIB2 white yields a level-3 threshold strategy (CTS2).?® We assume that, if

26 We find no systematic pattern in the development of C; over the ten Walking Tasks. The within-subject
correlation between the Walking Task number and C; is virtually zero (p = —0.008, W = 2,624) and a Friedman
test does not reject equality of the task-specific C; (x2(9, N = 147) = 6.114).

27 To further assess the level of C;, note that a randomly choosing subject would exhibit plan-consistent risk-
taking in half of her decisions, yielding a C; of 0.50. Planning to use a level-3 trailing stop-loss strategy but taking
the risk following a level-3 (level-2) trailing take-profit strategy would even yield a C; of 0.84 (0.65).

28 If two redecolorings are required to make the elicited strategy a threshold strategy, we proceed analogously.
Then, pairs of TIBs define the CTSs. We define TIBs and CTSs analogously when three, four, five, six
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restricted to threshold strategies, a subject would have selected one of the CTSs. We then study

the (in)consistency of subjects’ risk-taking actions by treating these CTSs as their plans.

FIGURE 13.—Analysis of mechanical dynamic inconsistency
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Notes: Panel (a) of Figure 13 illustrates the construction of counterfactual threshold strategies (CTSs) for
an exemplary trailing strategy. TIB1 and TIB2 are the Threshold-Identifying Balls that must be redecolored
to convert the elicited strategy into a threshold strategy; each yielding a different CTS. Panel (b) shows the
distribution of the consistency measure C; for the elicited Basic decolorings, the CTSs, and at the TIBs for
subjects in the Basic studies (N = 147). Panel (c) shows the change in the stop-loss intensity |AD;| under
the CTSs and under the elicited Basic decolorings.

Panel (b) of Figure 13 shows that subjects' risk-taking actions are more consistent with their
elicited strategy (average C; = 0.892) than with the CTSs (average C; = 0.847,t(120) =
3.999). Consistency is particularly low at the TIBs themselves (average C; = 0.374),
indicating that the TIBs are precisely the balls at which subjects do not want their plan altered
and follow their unconstrained risk-taking plan instead.

Panel (c) of Figure 13 examines the bias in the estimated standard shift induced by
mechanical inconsistency. In Section IV.C, we found Df = 0.21 and D! = 0.08 for subjects
in the Basic studies. A counterfactual restriction of the risk-taking plan to threshold strategies
significantly increases D to 0.279 (t(119) = 2.156). The estimated change in the stop-loss
intensity under a restriction to threshold strategies is thus AD; = —0.197 instead of AD; =
—0.125 (t(118) = 2.028) under unconstrained planning. Put differently, the mechanical

dynamic inconsistency biases the magnitude of the standard shift upwards by 58%.°

redecolorings are required. We compute the consistency measures as the average over the subjects’ CTSs if there
is more than one best-approximating CTS for a subject’s strategy—as in Panel (a) of Figure 13.

2 The estimate based on the CTSs closely matches the evidence from the Threshold study, in which subjects
are exogenously restricted to threshold strategies. In Threshold, we find Df = 0.250 and D{* = 0.063 (see Table
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Overall, we find substantial evidence of mechanical inconsistency. First, subjects' risk-
taking actions are, on average, more consistent with their unconstrained plans than with
counterfactual thresholds. Second, subjects’ risk-taking actions are especially inconsistent with
the counterfactual threshold at the balls that need to be redecolored to make their unconstrained
strategy a threshold strategy. Thus, although threshold strategies approximate the aggregate
distribution of planned risk-taking well (Section IV.B.2), they differ from unconstrained plans
exactly at the balls that are consequential for the standard shift.

Imposing threshold strategies overstates the standard shift by about half the effect size,
showing that mechanical inconsistency can be severe. To our knowledge, we are the first to
identify and quantify mechanical inconsistency separately from preferences. The distinction is
likely to matter more broadly whenever choices are compared across environments that differ
in their choice set or decision structure. The concern may be particularly important under
context-dependent preferences (Bell 1982; Loomes and Sugden 1982; Bordalo, Gennaioli, and
Shleifer 2012). For the standard shift, preferences account for about half of the effect,
indicating that preference-driven dynamic inconsistency is itself substantial and economically

meaningful.

IV.E The causes of dynamic inconsistency: a decomposition of the standard shift

We now analyze causes of dynamic inconsistency and of the standard shift in particular by
implementing different types of the Walking Task between-subject (see Figure 14 and Table
1). During a Basic Walking Task, subjects walk along their previously decolored ball triangle,
which serves as a plan reminder, and the plan-consistent risk-taking action is pre-selected as
default. First, the presence of a default risk-taking action may affect consistency. With a
default, plan-deviations require active undoing of one’s earlier decision, making
inconsistencies salient. We implement a No default Walking Task that is like the Basic Walking
Task, except that no risk-taking action is pre-selected as default. Second, the availability of a
plan reminder may influence dynamic consistency. Subjects in a No reminder Walking Task
see no plan reminder (and have no default) when taking the risk sequentially but walk along a
colored (green) ball triangle. Third, planning as such may affect consistency, which is why
dynamic consistency is sometimes assessed between-subject. We test the effect of planning on

sequential risk-taking by having subjects in No planning complete Walking Tasks—which are

SA.2.3). The change in the stop-loss intensity of AD; = —0.187 is marginally significantly larger in magnitude
than for subjects in Basic (t(212) = 1.301).
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identical to the No reminder Walking Tasks—without a previous Decoloring Task. Comparing
our measures of dynamic inconsistency across the different treatments causally identifies the

effect of a default, a memory-aid, and planning as such on dynamic consistency.

FIGURE 14.—Dynamic consistency treatments
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Notes: After submitting the decoloring in a Basic Decoloring Task (left panel), subjects in a Basic and No
Default Walking Task (right panel) walk through their decolored ball triangle. Subjects in a No reminder
Walking Task walk through a green ball triangle. We plot exemplarily the situation where the risk has been
won the first two times and lost the third time. Subjects must decide whether to take the risk a fourth time.
In the Basic Walking Task, subjects’ default is the plan-consistent risk-taking action. Subjects in a No
default or No reminder Walking Task have no default risk-taking action and the “Confirm Instruction”
button only becomes active after selecting “Stop” or “Continue.” Subjects in the No planning study do not
submit a risk-taking plan (i.e., they start with the Walking Task), and complete the No reminder Walking
Task.

Reminding and planning increases consistency. Across the different Walking Tasks, we
find that subjects mostly follow their previously elicited risk-taking plan when taking the risk
sequentially. Panel (a) of Figure 15 shows the distribution of the consistency measure C; for
the different experimental studies.’® On average, 85.5% (median 88.4%) of the risk-taking
actions are consistent with the risk-taking plan, varying from 82.6% (87.5%) for subjects in

No reminder to 89.2% (92.3%) for subjects in Basic (see Table SA.2.2).

30 We construct C; for each subject in the No planning study by drawing a random sample of 50 Basic risk-
taking plans from other subjects. We then compute C; for each sampled plan and take the average.
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FIGURE 15.—Average dynamic consistency measures
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Notes: Panel (a) of Figure 15 shows the distribution of the consistency measure C; for the different studies.
Panel (b) of Figure 15 plots the average Df (light bars) and D! (dark bars).

Comparing the consistency C; across studies, we find statistically significant differences
between the Basic study and No reminder (t(226) = 3.101) and No Planning (t(308) =
4.308), respectively. Subjects are thus significantly less consistent if not reminded of their plan
or if they do not explicitly plan to begin with. Plan consistency does not vary significantly
when removing the default or when restricting the risk-taking strategies to threshold strategies.

Causes of the standard shift. Panel (b) of Figure 15 shows the average stop-loss intensity
D; for the different types of Decoloring and Walking Tasks. We focus on D{. First, removing
the default risk-taking action in the No Default treatment does not affect the stop-loss intensity
D} of risk-taking actions compared to Basic (t(224) = 0.011). This result also suggests that
subjects make their decisions intentionally, since the heuristic to “always follow the default”
would save clicks and cursor moves. Second, sequential risk-taking is systematically affected
by a reminder. The average D{ for No Reminder is -0.03 and significantly smaller than for
Basic (t(221) = 3.294). Without a reminder, we obtain a (mildly and insignificantly) negative
average D{, that is, a shift from loss-exit plans to gain-exit risk-taking. Third, comparing D;*
between No Reminder and No Planning assesses the additional effect of planning as such on
sequential risk-taking. We find a statistically marginally significant difference of 0.05 between
D# in No Reminder and No Planning (t(238) = 1.721).3!

31 We also analyze changes in the skewness of the outcome distribution (Table SA.2.3). The results are similar
to the disposition measure D;, but noisier because the skewness of each subject’s outcome distribution in the
Walking Tasks is constructed from only ten outcomes. Nonetheless, the correlation between D; and Skew(S;) is
0.92 for the risk-taking plan, and 0.52 for sequential risk-taking. Comparing the average skewness of the Basic
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FIGURE 16.—Behavioral decomposition of the standard shift
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Notes: Figure 16 shows the decomposition of the standard shift from threshold strategies (Df = 0.25 in
study Threshold) to purely sequential risk-taking (Df* = —0.08 in study No planning).

A behavioral decomposition of the standard shift. We observe a reversal from loss-exit
plans to gain-exit risk-taking when comparing precommitted risk-taking with Threshold plans
(DF =0.250 > 0, t(72) = 5.163) to purely sequential risk-taking without planning (D{ =
—0.077 < 0,t(159) = —4.689). Our experimental studies allow us to decompose the total
shift of |AD;| = 0.327 into its behavioral components, as shown in Figure 16. The largest
share, 38% (0.125), comes from the difference in the stop-loss intensity of Basic risk-taking
plans and actions and is thus caused by removing precommitment. The restriction to threshold
strategies—a mechanical dynamic inconsistency—accounts for 13% (0.043) of the total
effect. Nudging subjects with a plan-consistent default has no measurable impact. Memory
constraints, as captured by removing the plan reminder, explain another 34% (0.112) of the

difference. Finally, planning as such accounts for the remaining 15% (0.048) of the total shift.

V. Discussion: Eliciting stopping times with the Decoloring Task
The Decoloring Task constitutes the first method for eliciting unconstrained stopping times,
and we now discuss features of the experimental design (Section V.A), its robustness (Section

V.B) and make further observations (Sections V.C and V.D).

risk-taking plan to the realized skewness in No planning—as is also done in Heimer et al. (2025)—we find that
risk-taking plans induce a positively skewed outcome distribution, whereas the realized outcome distribution is
negatively skewed (see Table SA.2.3).
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V.A Experimental design

We deliberately isolate dynamic aspects of risk-taking by using the simplest possible risk of
winning or losing a given amount with equal probability. Just like the large literature on static
choice under risk abstracts from dynamic aspects, we abstract from static aspects. One could,
however, easily adapt the Decoloring Task to study non-fair risks (Antler and Arad 2023),
skewed risks (Ebert and Koster 2026), a multiplicative random walk (Strack and Viefers 2021),
or non-stationary risks with time-changing moments (Crosetto and Filippin 2013; Nielsen
2019). Alternatively, one could extend our framework to the elicitation of contingent plans for
stochastic control by asking for the wealth shares to be invested at each ball of the ball triangle
(Merton and Samuelson 1992) or to consumer search problems (Weitzman 1979).

The incentive-compatibility of the Decoloring Task roots in the strategy method (Selten
1967), and our implementation may offer advantages in the context of repeated risk-taking.
Asking a subject what she would do in each possible contingency (“what would you do if you
win twice and lose once?”’) seems more abstract. The order in which contingencies are
presented may prime subjects and affect risk-taking plans due to, for example, failures of
contingent thinking (Esponda and Vespa 2024), or it may be unnatural (for example, if
contingencies are shown in a random order). Eliciting subjects’ plans in a pre-specified order
feels closer to sequential risk-taking in that one asks about one contingency after the other. We
believe that it is crucial that subjects choose the order themselves when designing their strategy
while viewing each action as part of their complete risk-taking strategy, as is the case in the
Decoloring Task. This feature also allows for insight into the mental model by which subjects

plan risk-taking (see Section IV.A).

V.B Out-of-sample replication of the Basic study

Study Basic II provides an out-of-sample replication of Basic I, because both studies are
identical except for taking part at different dates (see Table 1). All major results reported
replicate. Specifically, we find no statistically significant difference between the expected
stopping times (3.74 for Basic I vs. 3.85 for Basic II, t(145) = 0.598) or the skewness of the
outcome distribution (0.36 vs. 0.37, t(145) = 0.157). The median risk-taking strategies are
identical, with 58% of subjects using loss-exit strategies in Basic I (62% in Basic II), 12%
gain-exit (9%), and 30% (28%) symmetric-exit strategies. Conducting the K-means clustering
from Section II1.C using only the data from Basic I and Basic 11, respectively, yields highly

similar clusters with a relative majority of risk-taking strategies assigned to clusters interpreted
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as (trailing) stop-loss (49% and 55%) followed by buy-and-hold (23% and 26%). The only
behavioral difference between the two studies appears to be a stronger preference for trailing
relative to threshold stop-loss strategies in Basic I. In Basic I, we observe 18 pure trailing and
5 pure threshold stop-loss strategies (as defined in Section IV.B.1), compared with 10 and 6,
respectively, in Basic II. We also find no statistically significant differences between the
consistency measure C; (0.890 vs. 0.894, t(145) = 0.182), the loss-exit intensity of risk-
taking plans DY (0.19 vs. 0.23, t(140) = 0.663), and the loss-exit intensity of risk-taking
actions D{! (0.07 vs. 0.10, t(141) = 0.710) between Basic I and Basic II.

V.C Buy-and-hold

We find it worth highlighting that, in an experiment that allows for unconstrained stopping
strategies, 28% of the subjects choose simple buy-and-hold strategies (see Figure 5). The
prevalence of buy-and-hold strategies suggests that many individuals prefer simple rules even

when more complex strategies are available.

V.D Theory considerations

The elicited stopping times are broadly consistent with predictions from non-EU models,
particularly CPT. At the same time, the observed strategies differ from theoretical benchmarks
in important ways. Theoretical models often predict level-1 stopping frontiers (see Figure 6),
whereas the observed strategies in our experiment accommodate losing the single risk more
often. Understanding which models of choice under risk can generate the stopping rules
observed in the data remains an open question.

Similarly, CPT predicts that path-dependent strategies are used to induce more positively
skewed outcome distributions S, than time- and outcome-contingent strategies (He et al. 2017;
Hu, Obt¢j, and Zhou 2022). We find, however, no significant difference between the skewness
of S; in the Basic and Path-dependent Decoloring Task. Moreover, subjects use path-
dependence neither to (a) systematically stop at earnings peaks along a path as predicted by
regret preferences (Strack and Viefers 2021), nor to (b) systematically differentiate between
upward- and downward-sloping paths (Rabin 2002; Grosshans and Zeisberger 2018).
Relatedly, Magnani et al. (2022) find that path-dependent stochastic control leads to less
efficient portfolio choices than standard path-independent control.

Our evidence on the usage of path-dependence is more consistent with a revealed demand
for randomization. Path-dependence can be used as a randomization device because subjects

design their strategy before the path is realized, making the stopping outcome at a path-
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dependent ball ex-ante random (see He et al. 2017; Hu, Obt6j, and Zhou 2022). For example,
a subject who stops risk-taking if the path to the middle ball in the third column of the ball
triangle was down-up and continues if it was up-down induces an ex-ante stopping probability
of 50% at that ball. This motivation for path-dependent stopping times is similar to the
motivation for randomizing static decisions identified by Agranov, Healy, and Nielsen (2023).
In their experiment, subjects vary static choices over multiple repetitions of the same choice
situation. When doing so, subjects do not know which of the choices will be payoff relevant,
such that varying the static choice is equivalent to randomizing over the options.

Consistent with our interpretation of path-dependence as a way to achieve randomization,
we observe a higher demand for direct randomization than for path-dependence. The high
usage of randomized risk-taking strategies is in line with observations in static settings
(Dwenger, Kiibler, and Weizsicker 2018; Agranov and Ortoleva 2022),>? and provides
empirical justification for randomized stopping times in theoretical work beyond their role as
a convexification device (Henderson, Hobson, and Tse 2017; Hu, Obt6j, and Zhou 2022).
Although randomization is often used merely as a technical tool in the analysis of optimal
stopping, we find that allowing for randomization systematically affects risk-taking strategies.
First, because subjects randomize at early risk repetitions, they place a substantial probability
mass on stopping early. This leads to a lower expected stopping time in Randomization studies.
Second, subjects’ stopping probabilities at gain nodes are close to the stopping probabilities at
loss nodes, resulting in relatively more gain-exit strategies. Randomization is not
systematically used to generate more skewness (Henderson, Hobson, and Tse 2017). Third,
subjects typically randomize with stopping probabilities below 50%, which is markedly

different from a ‘pull to the center’ effect. We currently have no explanation for this finding.

CONCLUSION
We propose and implement the first experimental method to elicit unconstrained stopping
times, which are important objects in economic models and probability theory more broadly.
Subjects choose their desired stopping time freely in some studies and under theoretically
motivated constraints in others. We find that many subjects want the trailing version of stop-

loss strategies, buy-and-hold strategies, path-dependence, as well as randomization. Foremost,

32 The prevalence of randomization in our Randomization studies falls within the range of randomization
frequencies observed in other studies. Agranov and Ortoleva (2017) find that 71% of subjects randomize, Feldman
and Rehbeck (2022) report that 94% of subjects randomize, and Agranov, Healy, and Nielsen (2023) observe that
between 64% and 76% of subjects mix in at least one domain.
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we document a significant and robust individual-level heterogeneity in stopping times, as well
as in how subjects obtain them (through forward and backward induction, respectively). The
heterogeneity can be approximated by a small number of distinct strategy types that have been
considered in earlier theoretical and empirical research, and that are observed in the real world.

As an application, we show that simple threshold stop-loss strategies approximate aggregate
risk-taking plans well, lending support to the many economic models that emphasize or predict
these strategies. We quantify the extent to which dynamic inconsistency can be mitigated by
offering memory-aides, commitment devices, and the opportunity of explicit planning. A
conceptual contribution concerns the definition and measurement of mechanical inconsistency,
a design-driven upward bias in dynamic inconsistency estimates that is difficult to avoid in
many empirical studies. We hope that these first results on general/unconstrained stopping
times can guide the assumptions imposed in theoretical work and inform future experiments

on stopping times and dynamic consistency measurements more generally.
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ABSTRACT

Sections SA.1 and SA.2 of this supplemental appendix (SA) contain figures and tables that
report on additional data analysis. Section SA.3 elaborates on the machine-learning
methods and results. Section SA.4 provides details on the estimation of the finite mixture
models, and Section SA.S provides details on the experiment and its design.

SA.1 Additional Figures

Figure SA.1.1 below provides additional information on the use of costly versus costless path-
dependence and randomization. Figure SA.1.2 presents evidence on the types of paths stopped
and the randomization probabilities used. Figure SA.1.3 plots the aggregate best-fitting

decoloring process.

FIGURE SA.1.1.—Utilization, strategy types and decoloring for costly and costless path-
dependence and randomization
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Notes: The upper left panel of Figure SA.1.1 shows the utilization of path-dependent balls when they are costless
(N = 75) or costly (N = 67), while the bottom left panel shows the usage of costless (N = 88) or costly (N =
97) randomized balls. The middle panel shows the share of loss-exit, gain-exit, and symmetric-exit strategies for
the respective studies. The right panels show the median decoloring when path-dependence (upper row) or
randomization (bottom row) are costly.



FIGURE SA.1.2.—Usage of path-dependence and randomization
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Notes: The left panel of Figure SA.1.2 shows the share of stopped risk-taking when a path is reached from above
or below in the Path-dependent Decoloring Tasks (N = 142), whereas the right panel shows the share of balls
with the stopping probabilities among all randomized balls for subjects in the Randomized Decoloring Tasks (N =
185).

FIGURE SA.1.3.—Individual as well as aggregate decoloring process
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Notes: The left panel of Figure SA.1.3 shows the decoloring process for two individual subjects, whereby the
upper decoloring process is from a subject that used forward induction, and the lower decoloring process is from
a subject that used backward induction. Panel (b) shows the best-fitting decoloring process over all N = 240
subjects in the Basic Decoloring Task during our second experimental session.

SA.2 Additional Tables

Table SA.2.1 provides details on the six strategy clusters identified using the K-means
algorithm in Section III.C. Table SA.2.2 informs about the consistency measure C; in different
studies. Table SA.2.3 reports on the relationship between the dynamic consistency measure Dy

and the skewness of the outcome distribution Skew(S,) in the different tasks and studies.



TABLE SA.2.1.— Analysis of cluster constituents

Cluster N E(t) E(7|Gain) E(t|Loss) Skew (S;)
1 177 4.24 4.62 4.62 -0.01
2 80 1.43 1.69 1.53 0.14
3 122 3.16 3.36 3.71 -0.13
4 69 2.88 4.09 2.66 0.67
5 94 3.60 4.92 2.77 0.81
6 98 4.27 4.82 3.79 0.40

Notes: Table SA.2.1 shows the number of strategies for each of the six clusters identified using the K-means
algorithm in Section III.C, as well as the average moments of the stopping time 7 and induced outcome
distribution S; for each cluster.

TABLE SA.2.2.—Consistency measure C;

Study Mean CI Lower CI Upper
Basic 0.8919 0.8712 0.9127
No default 0.8553 0.8165 0.8942
No reminder 0.8265 0.7845 0.8685
Threshold 0.8549 0.8072 0.9026
No planning 0.8348 0.8183 0.8512
Path-dependence 0.8357 0.7857 0.8857
Randomization 0.8141 0.7590 0.8692

Notes: Table SA.2.2 shows the mean as well as the upper and lower 95%-confidence interval for the within-
subject consistency measure C;.



TABLE SA.2.3.—Dynamic consistency measures D; and Skew(S,)

D; Skew(S;)
Mean CI Lower CI Upper Mean CI Lower CI Upper

Risk-taking plan

Threshold 0.2498 0.1581 0.3416 0.3883 0.2537 0.5229
Basic 0.2073 0.1715 0.2430 0.3593 0.3018 0.4168
Path-dependence 0.1285 0.0744 0.1826 0.2288 0.1482 0.3094
Randomization 0.0437 0.0068 0.0805 0.0513 -0.0233 0.1259

Risk-taking action

Basic 0.0827 0.0399 0.1255 0.0280 -0.1098 0.1659
No Default 0.0831 0.0243 0.1420 0.1824 0.0470 0.3177
Threshold 0.0611 -0.0076 0.1298 0.1146 -0.0317 0.2609
Path-dependence 0.0269 -0.0242 0.0780 0.1293 0.0193 0.2392
Randomization -0.0047 -0.0397 0.0303 -0.0276 -0.1153 0.0600
No reminder -0.0289 -0.0719 0.0140 -0.1655 -0.2903 -0.0408
No planning -0.0771 -0.1090 -0.0452 -0.1133 -0.2171 -0.0095

Notes: Table SA.2.3 shows the mean as well as the upper and lower 95%-confidence interval for our stop-loss
intensity measure D; and Skew(S,) for different studies and types of the task.

SA.3 Machine-learning methodology and robustness

This section complements Sections III.C and IV.B.1. In the first part, we describe the
unsupervised machine-learning procedure in more detail, report the results of a robustness
analysis, and separately analyze the clusters that emerge for Basic, Path-dependent, and

Randomized risk-taking strategies. Thereafter, we corroborate the findings from Section

IV.B.1.

SA.3.1 Unsupervised machine-learning—Individual-level analysis

In Section II1.C of the main text, we conduct an individual-level analysis of the elicited risk-
taking strategies using a K-means clustering algorithm. Here, we first describe the K-means
clustering and our implementation thereof. Afterwards, we highlight the robustness of our

results by replicating the analysis of Section III.C with a different number of clusters' and

! We also performed the K-means clustering after reducing the dimensionality of the space spanned by the
risk-taking strategies. We first conducted a Principal Components Analysis (PCA) and projected the risk-taking
strategies onto the space spanned by the first four principal components, which retains 72% of the variance.



separately for all risk-taking strategies elicited from the Basic, Path-dependent, and
Randomized Decoloring Tasks, including their costly variations. The findings highlighted in
Section III.C—the separation of unconstrained risk-taking strategies into economically
meaningful clusters that can be described as buy-and-hold, never-start, take-profit, and stop-
loss strategies—replicate across all implementations.

The K-means clustering algorithm belongs to the class of unsupervised machine-learning
algorithms that do not learn an assignment of data to specific outcome variables from labeled
(training) data. Instead, the K-means clustering algorithm takes a set of unordered data points—
640 precommitted risk-taking strategies that are represented as 31-tuples with the planned risk-
taking action at each subpath of the ball triangle—and partitions the data into K € N7 clusters
by minimizing the within-cluster variance, while maximizing the between-cluster variance.
The algorithm selects K random points from the dataset as initial cluster centers (called
centroids). Each data point is then assigned to the closest centroid based on the Euclidean
distance. In the next step, the mean of each cluster is calculated and becomes the new centroid.
The algorithm iteratively performs these two steps until convergence. The K-means algorithm
is known to converge to local minima (see Bishop 2006), which makes the resulting clustering
sensitive to the initial centroids. Whenever we implement the K-means algorithm, we therefore
run 400 iterations with random initial centroids and 400 iterations using the k-means++
algorithm (Arthur and Vassilvitskii 2007).2 Afterwards, we use a majority voting over the 800
iterations of the K-means clustering.

The number of clusters K is a hyperparameter that needs to be chosen before performing the
K-means clustering. Using standard methods? to determine the number of clusters, we find that
K = 9 clusters might lead to a partition of the data that provides a good fit. We focuson K = 6
clusters in Section III.C because it is more parsimonious and shows economically very similar

results.

Thereafter, we implemented the K-means clustering as described here. The results support the robustness of our
findings and are available upon request.

2 The k-means++ algorithm does not sample the initial centroids randomly but such that they differ from each
other. Therefore, the algorithm samples the initial centroids sequentially, with a probability that is higher the
further a datapoint in the sample is away from the already sampled centroids.

3 A standard elbow plot of the inertia (sum of the squared distances of a datapoint from its cluster center) is
inconclusive, as inertia is declining smoothly with the number of clusters. Additionally, we observe local minima
of the clustering performance for 6 and 9 clusters in the A/C and BIC of a Gaussian mixture model. All methods
suggest that using more clusters yields a better performance.



FIGURE SA.3.1.— Median risk-taking strategy per cluster
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Notes: Figure SA.3.1 shows the median decoloring per cluster resulting from a K-means clustering with K = 9
clusters. We use a majority voting over 800 iterations of the K-means clustering with 400 iterations for the random
and k-means++ initialization.

Figure SA.3.1 shows the median decoloring for each of the nine clusters and the number of
loss-exit, gain-exit, and symmetric-exit strategies, while Table SA.3.1 shows the average
moments of the stopping time 7 and induced outcome distribution S; per cluster. The median
strategy of clusters 1 and 2 corresponds to a buy-and-hold strategy, whereas the median
strategy of cluster 3 corresponds to a never-start strategy and that of cluster 4 to a take-profit
strategy. The median strategy of cluster 5 is more ambiguous and could be interpreted as a
take-profit or buy-and-hold strategy. In contrast, the median strategies of clusters 6, 7, 8, and
9 are (trailing) stop-loss strategies. We corroborate this interpretation through the analysis in
Table SA.3.1.

Combining the findings from Figure SA.3.1 and Table SA.3.1 leads to the cluster
interpretations as in Table SA.3.2. Compared to the results in the main text, we find more
subjects in clusters that we interpret as buy-and-hold (209 compared to 177) and stop-loss
strategies (295 compared to 261), and less subjects in clusters that can be interpreted as take-

profit (88 compared to 122) or never-start respectively taking-the-risk-once strategies (48



compared to 80). In addition, we now find a clear never-start cluster, whereas we interpreted

cluster 2 in the main text as noisily taking-the-risk-once. Overall, our findings from the

individual-level analysis—especially the interpretability of unconstrained risk-taking strategies

in terms of simpler strategy classes—is robust to the number of clusters used.

TABLE SA.3.1.—Average moments of the stopping time 7 and induced outcome

distribution S, for each cluster with K = 9

Cluster N E(t) E(t|Gain) E(7|Loss) Skew (S;)
1 171 4.42 4.64 4.62 0.00
2 18 438 4.70 4.69 0.01
3 48 0.74 0.88 0.80 0.07
4 88 2.77 3.05 3.67 -0.24
5 20 4.19 4.07 4.38 -0.12
6 68 3.08 3.40 2.99 0.21
7 58 2.57 4.37 1.93 1.17
8 79 3.76 4.90 2.96 0.69
9 90 427 4.87 3.74 0.20

Notes: Table SA.3.1 shows the assignment of strategies to the nine clusters identified using a K-means algorithm,

as well as the average (conditional) moments of the stopping time 7 and induced outcome distribution S; for each

cluster.

TABLE SA.3.2.—Assignment of clusters to economically meaningful strategy types

Strategy type Clusters N Main text
Buy-and-hold 1,2,5 209 177
Never-st'flrt / Taking- 3 43 20
the-risk-once
Take-profit 4 88 122
Stop-loss 6,7,8,9 295 261

Notes: Table SA.3.2 shows the assignment of the clusters to economically interpretable strategy types, based on
the results from Figure SA.3.1 and Table SA.3.1. The last column shows the number of subjects per class as in

the main text.

As a further robustness analysis, we replicate the analysis from the main text for all risk-

taking strategies that we elicited in the Basic (N = 313), Path-dependent (N = 142) and



Randomized (N = 185) Decoloring Tasks, including their costly counterparts, separately
using K = 6 clusters. The results are shown in Figure SA.3.2, Figure SA.3.3, and Figure
SA.3.4, respectively.

For all three sample splits, the median risk-taking strategy of cluster 1 is a buy-and-hold
strategy, while that of cluster 2 is a never-start or taking-the-risk-once strategy. Among the
Basic risk-taking strategies, the median strategy of cluster 3 is a take-profit strategy, those of
clusters 4 and 5 are stop-loss strategies, and the median strategy of cluster 6 is a two-threshold
loss-exit strategy in which the gain-threshold is further away from a profit level of 0 than the
loss-threshold. Note that equally many subjects in cluster 6 plan to continue or stop risk-taking
at the second highest ball in column five, leading to the median risk-taking plan at this ball
being to stop risk-taking with 50% probability. A relative majority of the Basic risk-taking

strategies is assigned to clusters interpretable as (trailing) stop-loss strategies.

FIGURE SA.3.2.—Median risk-taking strategy per cluster (Basic)
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Notes: Figure SA.3.2 shows the median decoloring per cluster resulting from a K-means clustering with K = 6
clusters. We use a majority voting over 800 iterations of the K-means clustering with 400 iterations for the random
and k-means++ initialization. We only include risk-taking strategies elicited in the Basic Decoloring Tasks.

The median risk-taking strategy of cluster 3 among the Path-dependent risk-taking
strategies in Figure SA.3.3 is a mixture between a buy-and-hold and a gain-exit strategy, while
the median strategies of the remaining clusters are (trailing) stop-loss strategies. Again, a
relative majority of risk-taking strategies is assigned to clusters interpretable as (trailing) stop-

loss strategies.



FIGURE SA.3.3.—Median risk-taking strategy per cluster (Path-dependent)
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Notes: Figure SA.3.3 shows the median decoloring per cluster resulting from a K-means clustering with K = 6
clusters. We use a majority voting over 800 iterations of the K-means clustering with 400 iterations for the random
and k-means++ initialization. We only include risk-taking strategies elicited in the Path-dependent and Path-

dependent® Decoloring Tasks.

FIGURE SA.3.4—Median risk-taking strategy per cluster (Randomized)
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Notes: Figure SA.3.4 shows the median decoloring per cluster resulting from a K-means clustering with K = 6
clusters. We use a majority voting over 800 iterations of the K-means clustering with 400 iterations for the random
and k-means++ initialization. We only include risk-taking strategies elicited in the Randomized and Randomized®
Decoloring Tasks.

The median risk-taking strategy for cluster 6 in Figure SA.3.4 of the Randomized risk-taking
strategies also seems to be a (trailing) stop-loss strategy and that of cluster 5 seems to be a take-
profit strategy. Cluster 1’s (Cluster 2’s) median strategy is buy-and hold (never-start.) The

remaining clusters 3 and 4 are less clearly interpretable. Indeed, the median risk-taking strategy
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of cluster 4 seems to be a mixture between a buy-and-hold strategy and a two-threshold strategy
with dark balls in the very top and very bottom of the ball triangle. We visually inspected all
39 risk-taking strategies assigned to cluster 3 of the Randomized risk-taking strategies and most
strategies seem to be “random randomizers” without clear patterns in the stopping probabilities
and a tendency towards stopping with medium probabilities around 50%. In line with our
observation from Section I11.B, allowing for the usage of Randomization has a larger effect on

the risk-taking strategies than allowing for Path-dependence.

SA.3.2 Classification—Differentiating trailing and threshold stop-loss

We now complement the analysis from Section IV.B.1 of the main text and analyze what kind
of stop-loss strategies subjects use. We include buy-and-hold, never-start, and trailing as well
as threshold take-profit strategies in our analysis to reduce potential confounds from these
strategy types.

The analysis here builds on supervised classification algorithms. In contrast to unsupervised
methods (used before), these algorithms learn the assignment between features of the data and
pre-defined classes using labeled data. We complement the analysis in the main text by using
(a) a broader set of template strategies and (b) a broader set of methods, including cosine-
similarity and three machine-learning algorithms. Regardless of the method, we find that
trailing stop-loss strategies are more popular than threshold stop-loss strategies.

Basic template strategies. We construct a comprehensive set of all time-and outcome-
contingent strategies for the following strategy types, as shown in Figure SA.3.5:

o Never-start strategies have a black first ball, such that the decoloring is black for all balls.

e Buy-and-hold strategies are time- but not outcome-contingent, such that the balls are
white until the stopping repetition is reached, and black to the right of the stopping
repetition.

e Threshold stop-loss strategies are outcome- but not time-contingent, such that the balls
are white above the stop-loss level, and black below the stop-loss level.

o Trailing stop-loss strategies are time- and outcome-contingent with a stop-loss level that
is increasing with the risk repetition. Trailing stop-loss strategies can be described by the
number of risks lost before stopping, called the trailing stop-loss level.

o Threshold and trailing take-profit strategies are defined as the mirror image of the trailing

or threshold stop-loss strategies.
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Furthermore, we include two-threshold and two-trailing strategies, which are a combination
of the threshold or trailing stop-loss and take-profit strategies, respectively.* We also define
one indeterminate stop-loss strategy, one indeterminate take-profit strategy, and one
indeterminate two-threshold (or two-sided) strategy. Due to the finite time horizon (T = 5),
they cannot be unambiguously assigned to the threshold or trailing type (see Figure SA.3.5).5

FIGURE SA.3.5.—All Basic risk-taking strategies for each class label
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Notes: Figure SA.3.5 shows the comprehensive set of 25 Basic template strategies, with 3 threshold stop-loss, 3
trailing-stop-loss, 3 threshold take-profit, 3 trailing take-profit, 2 symmetric two-threshold, 2 symmetric two-
trailing, 5 buy-and-hold, and 1 never start strategy. In addition, one stop-loss, one take-profit, and one two-
threshold strategy are neither clearly a threshold nor a trailing strategy due to the finite horizon.

We define neither path-dependent nor randomized templates and thus expect a lower
similarity of path-dependent or randomized risk-taking strategies to the templates. Because we
compare the similarity across different templates only within-subject, between-subject
differences in the level of similarity do not affect the results. As an example, if a subject

randomizes at the very first ball, this ball must be changed for all templates (which are not

* We only include symmetric two-threshold and two-trailing strategies as their asymmetric counterparts are
subsumed by the one-sided strategies in all analyses.

5 For simplicity, in the analysis we split these indeterminate cases evenly between threshold and trailing
strategies rather than letting them define two separate classes, each containing only a single template. This
simplification works against our result that trailing stop-loss strategies are more common than threshold stop-loss
strategies, although the effect is very small due to the small number of indeterminate stop-loss strategies.

12



randomized). The classification of path-dependent or randomized strategies relies only on balls

that are not path-dependent or randomized.

TABLE SA.3.3.—Hamming-distance based classification of elicited risk-taking strategies
for all elicited risk-taking strategies

Classification based on the Hamming distance

Threshold Trailing Buy-and- Never- Threshold Trailing Sym. two- Sym. two-

Cluster stop-loss stop-loss hold start  take-profit take-profit threshold  trailing Total
1 22.33 833 105.97 1.07 11.08 19.08 4.58 458 177
2 0.84 8.51 20.48 25.70 2.09 5.59 1.84 14.93 80
3 8.90 8.23 35.16 3.06 14.20 26.03 15.88 10.54 122
4 15.36 30.53 15.39 0.34 1.04 3.62 1.07 1.66 69
5 19.87 70.87 3.25 - - - - - 94
6 40.87 40.71 0.25 - - - 3.83 12.33 98

Total 108.17  167.18  180.50 30.17 28.41 54.32 27.19 44.03 640

Share 16.9% 26.1%  28.2% 4.7% 4.4% 8.5% 4.2% 6.9%

Notes: Table SA.3.3 shows the assignment of strategies to the classes of the 25 template strategies based on the
Hamming distance. We allow for partial assignment of an elicited risk-taking strategy to multiple classes if
multiple template strategies from different classes are most similar to the elicited risk-taking strategy. We split
indeterminate strategies evenly between the threshold and trailing type.

In the main text, we estimate the distance of each elicited risk-taking strategy to either the
threshold strategies (threshold stop-loss, threshold take-profit, indeterminate stop-loss, two-
threshold, and indeterminate two-threshold in Figure SA.3.5) or to the trailing strategies
(trailing stop-loss, trailing take-profit, indeterminate stop-loss, two- trailing, and indeterminate
two-threshold in Figure SA.3.5) by counting the number of balls that must be changed to
transform the elicited risk-taking strategy into the respective template strategy (Hamming
distance). Table SA.3.3 shows the classification when including all template strategies in
Figure SA.3.5. We distribute indeterminate strategies evenly between the threshold and trailing
type and allow for a partial assignment of the elicited risk-taking strategy to several classes. If
an elicited risk-taking strategy, for example, has the same Hamming distance to threshold and
trailing stop-loss strategies, then we assign it with a weight of 0.5 to both classes. Overall,
Table SA.3.3 shows that the highest number of strategies is assigned to buy-and-hold strategies,
reflecting the high propensity of planning to take the risk often. We find almost as many trailing
stop-loss strategies as buy-and-hold strategies, and a proportion of trailing stop-loss strategies

to threshold stop-loss of 1.55:1.
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FIGURE SA.3.6.—Share of strategies exceeding the similarity threshold as a function of
the threshold and exemplary classifications
(a) Threshold exceedance (b) Threshold-dependent classification
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Notes: Panel (a) of Figure SA.3.6 plots the share of elicited risk-taking strategies whose cosine similarity to the
closest template exceeds the threshold on the x-axis. Strategies are assigned to one of eight classes (never-start;
threshold or trailing stop-loss; buy-and-hold; threshold or trailing take-profit; symmetric two-threshold;
symmetric two-trailing) if their maximum similarity exceeds the threshold. Indeterminate stop-loss and take-profit
strategies are split evenly between threshold and trailing types. Panel (b) reports the resulting classifications for
thresholds 0.6 and 0.9; strategies below the threshold are labeled “None.”

We complement the analysis of the main text by matching each elicited strategy to the
template strategy to which it has the highest cosine-similarity.® We assign an elicited strategy
to a strategy class if the similarity to the matched template strategy is above a threshold.
Otherwise, the elicited risk-taking strategy is not classified. Panel (a) of Figure SA.3.6 shows
the share of elicited strategies whose highest similarity to a template strategy exceeds the
threshold-level for varying thresholds. We find that almost all elicited risk-taking strategies
can be classified if the threshold is at or below 0.6, while only around 61% of the elicited risk-
taking strategies can be classified if the threshold is 0.9. Panel (b) of Figure SA.3.6 shows the
classifications that arise for thresholds 0.6 and 0.9. For both thresholds, we find that most
strategies are classified as buy-and-hold or trailing stop-loss strategies. Trailing stop-loss
strategies are more common than threshold stop-loss strategies (27% to 13% for a similarity
threshold of 0.6, and 18% to 9% for a similarity threshold of 0.9). Additionally, Table SA.3.4
shows the classification separately for each type of Decoloring Task, whereby we do not
impose a similarity threshold. We find that trailing stop-loss strategies are more popular than

threshold stop-loss strategies, with a ratio of trailing to threshold stop-loss strategies ranging

® We represent the elicited risk-taking strategies as 31-tuples. Let the risk-taking strategy of subject i be
denoted by 7; € R31, while the template strategy j in class c is v € R31. The cosine similarity is then

Se (Ti' vc,f) =

TiVe,j

, with dot product - and the Euclidean norm ||-]].
Izl lve, 1]
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from 1.61:1 (Basic) to 2.82:1 (Randomized). Using a cosine-similarity measure instead of the

change-count corroborates our finding that trailing stop-loss strategies are more popular than

threshold stop-loss strategies.

TABLE SA.3.4.—Cosine-similarity based classification of elicited risk-taking strategies

for each type of Decoloring Task

Threshold Trailing Buy-and- Never- Threshold Trailing Sym. two- Sym. two- TSL/
Study  stop-loss stop-loss hold start take-profittake-profit threshold  trailing = SL
Basic 56.00  109.50 82.50 11.00 2.00 24.00 9.50 18.50 1.96
Path-dep. 16.50 35.50 48.50 7.00 4.00 12.50 7.50 10.50  2.15
Rand. 11.00 31.00 49.00 47.00 8.50 20.50 1.50 16.50  2.82
Total 83.50 176.00 180.00 65.00 14.50 57.00 18.50 4550  2.11
Share 13.05% 27.50% 28.13% 10.16%  2.27%  891%  2.89% 7.11%

Notes: Table SA.3.4 shows the assignment of strategies to the classes of the 25 template strategies based on the
cosine-similarity. We partially assign an elicited risk-taking strategy to a class if multiple template strategies from
different classes are most-similar to the elicited risk-taking strategy and we split indeterminate stop-loss and take-

profit strategies evenly between the threshold and trailing type.

Furthermore, we use a logistic regression, a decision tree, and a random forest classifier to

map the elicited risk-taking strategies to the template strategies (for a more formal description,

see Bishop 2006):

1. Logistic regression: We fit a separate logistic regression for each strategy class, using

the representation of decolorings as 31-tuples as for the cosine-similarity. We assign an

elicited risk-taking strategy to a strategy class if the projection of the elicited strategy

onto the logistic regression weights yields the highest odds-ratio among all strategy

classes.

2. Decision tree: Decision trees sequentially separate data into different branches and

nodes of a flowchart-like tree. The algorithm may, for example, choose a certain entry

in the 31-tuple that represents the decoloring (a stopping plan after a subpath in the ball

triangle) as the feature for the very first node in the decision tree. If the stopping decision

is larger than a threshold value, the algorithm moves “right” in the decision tree and

“left” otherwise. This continues until a so-called leaf is reached, which assigns a strategy

to a strategy class. We use the Gini impurity to design the decision tree, implying that

the feature and threshold value for any node of the decision tree are chosen to minimize

the Gini impurity.’

7 For a motivating example see https://victorzhou.com/blog/gini-impurity/.
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3. Random forest: Random forests combine many decision trees. The algorithm repeatedly
collects a random subset of the training data and trains a decision tree on each subset.
The classification of a strategy is eventually obtained as the majority vote from many

decision trees.

TABLE SA.3.5.—Class assignment for different supervised machine-learning algorithms

Class Logistic regression Decision tree Random forest
Never-start 59 28 27
Buy and hold 188 203 228
Threshold stop-loss 120 115 108
Trailing stop-loss 156 169 164
Threshold take-profit 22 25 22
Trailing take-profit 60 35 49
Symmetric two-threshold 18 27 18
Symmetric two-trailing 17 38 24

Trailing stop-loss /

L. 1.4 1.52
Threshold stop-loss 30 7 5

Notes: Table SA.3.5 shows the assignment of elicited risk-taking strategies to the eight strategy classes (first
column) using three different supervised machine-learning procedures (columns 2 to 4). The bottom rows show
the proportion of trailing to threshold stop-loss strategies.

Table SA.3.5 shows the classification obtained from each of the three supervised machine-
learning algorithms. Across the algorithms, buy-and-hold as well as trailing stop-loss strategies
are the most common strategy types. All algorithms classify more risk-taking strategies as
trailing stop-loss than as threshold stop-loss (and as trailing take-profit than as threshold take-
profit). Depending on the method, we find that the ratio of trailing stop-loss to threshold stop-
loss strategies is 1.30:1 (logistic regression), 1.47:1 (decision tree), 1.52:1 (random forest),

1.55:1 (count-based similarity), or 2.11:1 (cosine-similarity).

SA.4 Finite mixture model
We now describe the finite mixture model used to estimate the different types of CPT agents
in Section III.D of the main text.

Suppose that there are K different types of CPT agents in the data, whose value and
probability weighting functions are as in the main text. Each CPT agent type k = 1,2, ..., K can
be characterized by a parameter vector 8, = (@, 0, Ak, €x), and we denote the share of the

different types in our sample as qj, with )}, q, = 1. Recall that we observe one chosen
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stopping time T} for each subject. The likelihood of observing the chosen stopping time T} if
subject i is of type k is
. : ; -1
P(eilTasic6) = || fEleno0= [ (1+easieo0)”,
T,E TBasic\{Té} 7€ TBasic\{TZ:}
where A(Té, T_, Qk) =V (ng|9k) - V(Sfﬁ |t9k). However, we do not know a priori to which
type subject i belongs, such that we need to estimate the proportions of the different types in

the sample (the probability of group membership). The log likelihood function of the finite

mixture model is then given as

313 K
InL (® | {Té}leirTBasic) =In 1_[ Z qx P(Té-lTBasic' ek)
i=1 k=1
313 K
= z ln( QRP(T£|TBasiC' 9k)> ’
i=1 k=1

where @ = (04, ..., 0k, q4, -, qx) summarizes all parameters of the model.

The summation inside the log prevents a closed-form solution, and the log likelihood
function is typically not directly maximized due to numerical problems (see Bruhin, Fehr-
Duda, and Epper 2010). However, if individual group-memberships were observable and
indicated by g& € {0,1}, the contribution of subject i to the total likelihood function would be

given by
K

Z(GilTéfTBasic) = 1_[ [qu(T£|TBasic' Hk)]gk'

k=1
We can use the above formulation under the assumption of observing the latent variable gt for

all subjects—summarized in matrix g—to obtain the complete-data log likelihood as

313 K

InL(0 | (i} Tausic 9) = z z gi[n gy +In P(¢|Tzasic, 6]
i=1k=1

The Expectation-Maximization (EM) algorithm proceeds iteratively to maximize the
complete-data log likelihood. In the (j + 1)-th E-step of the EM algorithm, the expectation of
the complete-data log likelihood is computed given the estimates from the last step, ). By
Bayes rule, this yields the posterior probability of individual group-membership

0 P (i Toasic, 6”)
K121 P (t|Toasic 67)

.’gz(Té' @(j), TBasic) =
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Given the posterior probabilities of individual group-membership, we maximize the remaining

parameters in the M-step of the algorithm. The parameters are updated as

313

U+1) _ 6)
CRNETPICI LY
L=

and
313 K
j+1 j+1 ~ i : ,
(91(] ); ey 919 )) = agg rréaxz Z gllc(Té’ 0w, TBasic) In P(TélTBaSic: k),
prvK =1 k=1

which we optimize separately for each agent type k. It is well known that the likelihood never
decreases from one iteration to another, such that the EM algorithm converges on (local)
maxima (Dempster, Laird, and Rubin 1977). We implement the numerical optimization using
the L-BFGS-B algorithm from the SciPy-library in Python and run the EM-algorithm with 15
different initializations to increase the chance of finding a global instead of a local maximum.
We report the results that yield the highest likelihood for a given number of agent types k over
all 15 initializations.

The number of types k is determined exogenously, either guided by economic reasoning or
model-comparison criteria. We perform the estimation with one, two, three... up until seven
agent types. Table SA.4.1 shows the log-likelihood, AIC, and BIC for the different
specifications. Although the specification with one CPT-agent is economically informative
because it yields the single parameter vector that is most consistent with the data, a
representative agent model provides the worst fit to the data among the models that we
estimate.® Table SA.4.1 highlights that specifications with more types are preferred over
specifications with fewer types and we find that the best-performing model contains seven CPT
agent types. If we closely analyze the estimates and type assignments for the different models,
we find that increasing the number of types from k to k + 1 tends to lead to a division of one
of the k types into two smaller types. Such a decomposition of an agent type into two smaller
groups generally does not affect the behavioral interpretation. As we want to achieve a
parsimonious characterization of different CPT agent types, we report the results with four
types in the main text. Figure SA.4.1 and Figure SA.4.2 show the estimates for three and five

agent types, respectively.

8 In contrast to the median parameter estimates that we obtained from the individual estimation, the one-cluster
specification takes interdependencies between the parameters into account. Therefore, these specifications are not
necessarily identical. We estimate (a, §,4) = (1.00,0.30, 1.00) with one agent type, which coincides with the
median estimates from the individual estimation.
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TABLE SA.4.1.— Model selection criteria for finite mixture models with up to seven types

Number of types Log-Likelihood AIC BIC
1 -139,676.95 279,361.90 279,376.89
2 -105,550.47 211,118.95 211,152.66
3 -96,139.48 192,306.97 192,359.42
4 -91,170.89 182,379.79 182,450.96
5 -90,975.99 181,999.98 182,089.89
6 -88,278.00 176,614.01 176,722.65
7 -76,073.60 152,215.20 152,342.57

Notes: Table SA.4.1 shows model selection criteria for finite mixture models with up to seven agent types.
We highlight the best value according to the respective criterion using a bold font.

FIGURE SA.4.1.— CPT parameter estimates and median strategies from a finite mixture

model with three types
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Notes: Figure SA.4.1 shows the median risk-taking strategies for each agent type. Next to each header, we
show the parameter estimates for the agent type as well as the number of strategies. We find an almost perfect

separation of the risk-taking strategies.

Comparing a setting with three agent types (Figure SA.4.1) and four agent types (Figure 8),

we find that agent type 3 is identical in both settings. Moreover, while agent type 2 in Figure

SA.4.1 includes two more risk-taking strategies than agent type 2 in Figure 8—which also

marginally affects the parameter estimates—the behavioral interpretation of both agent types

is identical. Indeed, the largest change when going from three to four agent types is a separation

of agent type 1 in Figure SA.4.1 into the two agent types 1 and 4 in Figure 8. Behaviorally, the

change implies a separation of the stop-loss types into two stop-loss types with different stop-

loss levels.
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FIGURE SA .4.2.— CPT parameter estimates and median strategies from a finite mixture
model with five types
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Notes: Figure SA.4.2 shows the median risk-taking strategies for each agent type. Next to each header, we show
the parameter estimates for the agent type as well as the number of strategies. We find an almost perfect separation
of the risk-taking strategies.

Proceeding in the same way for the comparison between four types (Figure 8) and five types
(Figure SA.4.2), we find that agent type 1 is identical in both setting, while agent types 3 and
4 in Figure 8 are behaviorally equivalent to agent types 4 and 5 in Figure SA.4.2. The only
behaviorally significant change is a separation of agent type 2 from Figure 8 into agent types

2 and 3 in Figure SA.4.2, which singles-out a dedicated take-profit CPT-agent type.

SA.5 Experimental details

The instructions and comprehension questions of the experiment are interactive, including
dynamic screens, pop-up windows, and behavior-contingent feedback. As a static textual
version of the instructions would be unnatural, excessively long, and inconvenient, we provide
videos of all experimental studies using the links in Table SA.5.1. The videos allow for viewing
any aspect of the experiment (e.g., instructions, comprehension questions, the payment screen)
quickly. To get a comprehensive overview of the experimental design and all ten studies, we

recommend viewing the overview video at https://youtu.be/ParT-P9gX04. All videos are

posted on the channel “Eliciting Stopping Times —  Experiment” at

https://www.youtube.com/playlist?list=PLr xX-ToY8MNLtL.L.a3176gl. Olw8rcNLmy.

Moreover, one can go through interactive versions of all studies at
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https://rtsexpdemo.onrender.com/demo.’ Below, we discuss the sample obtained from our

experiment and payment details.

TABLE SA.5.1.—Overview of the experimental studies

# Name Decoloring Task Walking Task Link

1 Basic Basic Basic https://voutu.be/ZRKuLjEtVUw
2 Path-dependence  Path-dependent Basic https://youtu.be/tISHWp1DI4A
3 Path-dependence® Path-dependent® Basic https://youtu.be/zX3cpH70g_k
4  Randomization Randomized Randomized https://youtu.be/VecSZRVzFgVQ
5 Randomization® Randomized® Randomized® https://youtu.be/cuSI8P-dQHS
6 Basic II Basic Basic (same as Basic)

7 No default Basic No default https://voutu.be/-GuQFqQMCew
8 No reminder Basic No reminder https://youtu.be/hQ4cFsMxToY
9 Threshold Threshold Basic https://youtu.be/dWIxL.nrCGUY
10 No planning - No reminder https://youtu.be/O2bX870IlnLU

Notes: Table SA.5.1 shows the different between-subject studies and the link to review the experimental
instructions.

SA.5.1 Procedural details and sample

We programmed the experiment using oTree (Chen, Schonger, and Wickens 2016) and ran it
via Prolific on November 16, 2022, and on May 23, 2024. We obtained N = 881 completes
(440 female and 441 male). As pre-registered, we excluded subjects who failed an attention
check or who did not complete all experimental tasks. Overall, 1,718 subjects started our
experiment. 320 (19%) of them left before the first attention check. Out of the remaining 1,398
subjects, 186 (13%) failed the first attention check. Of the remaining 1,212 subjects, 58 (5%)
left before the second attention check, and 181 of the remaining 1,154 subjects (16%) failed
the second attention check. Of the remaining 973 subjects, 948 finished the experiment. 67 of
these submissions had to be removed because the subject joined the experiment previously and
failed an attention check. We only consider the data of the remaining 881 completes. Our
participant selection filters lead to a final sample that is biased towards sophisticated and
attentive subjects, as in standard lab experiments. The subject pool contains a small share of
students (13%), and a relative majority of subjects are in full-time employment (49%, see Table

SA.5.2).

® Opening the browser window may take up to one minute. Once the window appears, click on “Risk-taking
Strategies: Experiment” located under the “Demo” header. Then, within the new window, click the link shown
below “Session-wide demo link” to open the study selection window of the experiment.
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TABLE SA.5.2.—Descriptive sample statistics

N %
Gender Male 441 50.06%
Female 440 49.94%
Nationality United Kingdom 692 78.55%
United States 103 11.69%
Ireland 31 3.52%
Nigeria 18 2.04%
Australia 13 1.48%
India 5 0.57%
Others 19 2.16%
Student Yes 113 12.83%
No 704 79.91%
N/A 64 7.26%
Employment Full-Time 431 48.92%
Part-Time 136 15.44%
Unemployed 59 6.70%
Not in paid work 111 12.60%
Starting a job soon 5 0.57%
Other 39 4.43%
n/a 100 11.35%

Notes: Table SA.5.2 shows the number and share of subjects by gender, nationality, student status, and
employment status.

Table SA.5.3 shows that the mean age of our subjects is 39.6 years, and that they are
experienced experimental subjects with an average of 860 completed studies on Prolific. On
average, subjects took 28.5 minutes to complete the experiment, whereby the fastest subject
took 10.2 minutes. The distribution of total earnings of the subjects is symmetric and centered

at the mean and median of £4.50.

SA.5.2 Payment

Subjects are exogenously assigned to a study in order of joining the experiment.!'® Before
receiving instructions about the experiment, subjects clicked one of 11 (10 for No Planning)
buttons to determine their individually payment-relevant task. After completing all
experimental tasks and a short questionnaire, subjects learn their payoff-relevant task. The
remaining risks are resolved if the Decoloring Task is the payoff-relevant task. If the bonus

payment is determined by a Walking Task, the outcome of that task is paid as bonus. The

10 In the experimental session on November 16, 2022, we gave priority to studies with fewer completes or
currently active subjects when assigning subjects to studies. We dropped this additional balancing mechanism for
the second run of the experiment.
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overall payment for the experiment consists of a completion fee of £3.00 ($3.57 at the time),

an endowment of £1.50 ($1.85 at the time), and the task-dependent bonus.

TABLE SA.5.3.— Summary statistics of the sample and experimental procedure

Standard
Mean Median Deviation Max Min

Age (in years) 39.6 37.0 13.0 83.0 18.0
Duration (in min) 28.5 26.1 10.5 68.1 10.2
Total earnings (in

GBP) 4.5 4.5 0.5 5.75 3.25
Studies completed on 859.5 595.5 863.0 4,984.0 0.0
Prolific

Notes: Table SA.5.3 shows summary statistics of the age of subjects, their experience as measured by the number
of studies they completed on Prolific before taking part in our experiment, and summary statistics of the
experiment, mainly the duration and the total earnings.
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  50 %


  N = 75


  N = 67


  N = 88


  N = 97


  N = 142


  N = 185


  N = 240


  K


   D i ∘


  Skew  (  S τ )


  𝔼  ( 𝜏 )


  𝔼  (  𝜏 | Gain )


  𝔼  (  𝜏 | Loss )


  Skew  (   S  𝜏 )


  K


  𝜏


    S  𝜏


    𝑪  𝒊


    C  i


    𝑫  𝒊 ∘


  𝐒 𝐤 𝐞 𝐰  (   𝑺  𝝉 )


    D  i ∘


  Skew  (   S  𝜏 )


    D  i ∘


  Skew  (   S  𝜏 )


  K


  72 %


  K


  K


  K ∈  ℕ +


  K


  K


  K


  400


  400


  800


  K


  K


  6


  9


  K = 9


  K = 6


  K


  K = 9


  K


  𝜏


    S  𝜏


  209


  177


  295


  261


  88


  122


  48


  80


  𝝉


    𝑺  𝝉


  𝑲 = 𝟗


  𝔼  ( 𝜏 )


  𝔼  (  𝜏 | Gain )


  𝔼  (  𝜏 | Loss )


  Skew  (   S  𝜏 )


  K


  𝜏


    S  𝜏


  N


   ( N = 313 )


   ( N = 142 )


   ( N = 185 )  


  K = 6


  0


  50 %


  K


  K = 6


  K


  K


  K = 6


  K


  K


  K = 6


  K


  39


  50 %


  T = 5


  25


  3


  3


  3


  3


  2


  2


  5


  1


  25


  0 . 5


  0 . 6


  0 . 9


  i


    𝜏  i ∈  ℝ 31


  j


  c


    v  c , j ∈  ℝ 31


    S  c  (   𝜏  i ,   v  c , j ) =     𝜏  i ⋅   v  c , j   |  |   𝜏  i | |    |  |   v  c , j | |


  ⋅


  |  | ⋅ | |


  0 . 6


  61 %


  0 . 9


  0 . 6


  0 . 9


  27 %


  13 %


  18 %


  9 %


  0 . 9


  31


  K


  k = 1 , 2 , … , K


    𝜃  k =  (   𝛼  k ,   𝛿  k ,   𝜆  k ,   𝜖  k )


    q  k


    ∑  k    q  k = 1


    𝜏  c  i


    𝜏  c  i


  i


  k


  P  (    𝜏  c  i |   Τ  B a s i c ,   𝜃  k ) =   ∏    𝜏 ¬ ∈    Τ  B a s i c \  {   𝜏  c  j }  f  (   𝜏  c  j |   𝜏 ¬ ,     𝜃  k ) =   ∏    𝜏 ¬ ∈    Τ  B a s i c \  {   𝜏  c  j }     ( 1 +   e  −   𝜖  k   Δ  (   𝜏  c  i ,   𝜏 ¬ ,   𝜃  k ) )  − 1 ,


  Δ  (   𝜏  c  i ,   𝜏 ¬ ,   𝜃  k ) = V  (    S    𝜏  c  i |    𝜃  k ) − V  (    S    𝜏 ¬ |    𝜃  k )


  i


   ln ⁡  L  ( Θ   |      {   𝜏  c  i }  i = 1 313 ,    Τ  B a s i c ) =  ln ⁡    ∏  i = 1 313    ∑  k = 1  K    q  k P  (    𝜏  c  i |   Τ  B a s i c ,   𝜃  k ) =   ∑  i = 1 313   ln ⁡   (   ∑  k = 1  K    q  k P  (    𝜏  c  i |   Τ  B a s i c ,   𝜃  k ) ) ,


  Θ =  (   𝜃 1 , … ,   𝜃  k ,   q 1 , … ,   q  k )


    g  k  i ∈ { 0 , 1 }


  i


    l ~  (  Θ  i |   𝜏  c  i ,  Τ  B a s i c ) =     ∏  k = 1  K       [   q  k P  (   𝜏  c  i |  Τ  B a s i c ,   𝜃  k ) ]    g  k  i .    


    g  k  i


  g


   ln ⁡    L ~ ( Θ    |      {   𝜏  c  i }  i = 1 313 ,    Τ  B a s i c , g ) =   ∑  i = 1 313    ∑  k = 1  K    g  k  i  [  ln ⁡    q  k +  ln ⁡  P  (   𝜏  c  i |  Τ  B a s i c ,   𝜃  k ) ] .


   ( j + 1 )


   Θ   ( j )


      g  k  i ~  (   𝜏  c  i ,    Θ   ( j ) ,  Τ  B a s i c ) =     q  k   ( j )   P  (    𝜏  c  i |   Τ  B a s i c ,     𝜃  k   ( j ) )    ∑    k ′ = 1  K    q    k ′   ( j )   P  (    𝜏  c  i |   Τ  B a s i c ,     𝜃    k ′   ( j ) ) .


    q  k   ( j + 1 ) =  1 313     ∑  i = 1 313      g  k  i ~  (   𝜏  c  i ,    Θ i   ( j ) ,  Τ  B a s i c )


   (   𝜃 1   ( j + 1 ) , … ,   𝜃  K   ( j + 1 ) ) =     arg   max    𝜃 1 , … ,     𝜃  K ⁡    ∑  i = 1 313    ∑  k = 1  K      g  k  i ~  (   𝜏  c  i ,    Θ   ( j ) ,  Τ  B a s i c )    ln ⁡  P  (   𝜏  c  i |  Τ  B a s i c ,   𝜃  k ) ,


  k


  k


  k


   ( 𝛼 , 𝛿 , 𝜆   ) = ( 1 . 00 ,   0 . 30 ,   1 . 00 )


  k


  k + 1


  k


  N = 881  
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