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Individuals’ decisions under risk tend to be in line with the notion that “losses loom larger than gains.” This
loss aversion in decision making is commonly understood as a stable individual preference that is manifested
across different contexts. The presumed stability and generality, which underlies the prominence of loss
aversion in the literature at large, has been recently questioned by studies reporting how loss aversion can
disappear, and even reverse, as a function of the choice context. The present study investigated whether
loss aversion reflects a trait-like attitude of avoiding losses or rather individuals’ adaptability to different con-
texts. We report three experiments investigating the within-subject context sensitivity of loss aversionin a
two-alternative forced-choice task. Our results show that the choice context can shift people’s loss aversion,
though somewhat inconsistently. Moreover, individual estimates of loss aversion are shown to have a con-
siderable degree of stability. Altogether, these results indicate that even though the absolute value of loss
aversion can be affected by extemal factors such as the choice context, estimates of people’s loss aversion

Mikhail S. Spektor'* 2, David Kellen®, Jorg Rieskamp®, and Karl Christoph Klauer®

still capture the relative dispositions toward gains and losses across individuals.

Public Significance Statement

Loss aversion is a core feature of prospect theory, and is widely relied upon by researchers and practi-
tioners when characterizing the causes behind real-world phenomena; for example, why people gener-
ally dislike stocks despite them having higher returns than risk-free bonds. The present work shows
systematic changes in loss aversion across contexts, alongside stable individual differences. These
results legitimize the comparison of people’s loss aversion relative to one another, while undermining
the comparability of estimates to different contexts.
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There are only a few theoretical concepts in the social and deci-
sion sciences that are as prominent as loss aversion, a core compo-
nent of prospect theory (Kahneman & Tversky, 1979; Tversky &
Kahneman, 1992). Loss aversion establishes how the displeasure
of a loss of any magnitude weighs heavier than the pleasure of an

equally large gain or, in other words“losses loom larger than
gains” (Kahneman & Tversky, 1979, p. 279). This status of loss
aversion in the literature at large can be attributed to its intuitive
appeal and explanatory power, both in the lab (Camerer, 2005)
and in the wild (Barberis et al., 2001; Benartzi & Thaler, 1995;
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Camerer, 2000; DellaVigna, 2009; Odean, 1998). More recently,
researchers have attempted to uncover correlates of loss aversion
(Boyce et al., 2016; Kellen et al., 2016; Sokol-Hessner et al.,
2009) as well as its neural foundations (Botvinik-Nezer et al.,
2020; Canessa et al., 2013; De Martino et al., 2010; Tom et al.,
2007). These efforts presuppose—explicitly or implicitly—that
loss aversion is a relatively stable individual characteristic, an
assumption that is corroborated by reports of sizeable test—retest cor-
relations (Glockner & Pachur, 2012; Rakow et al, 2020;
Scheibehenne & Pachur, 2015).

Empirical investigations of loss aversion, in which individuals are
typically asked to make choices between different options that
involve potential losses as well as gains, find that the impact that
losses have on choices, is about twice as large as that of equivalent
gains (e.g., Abdellaoui et al., 2007; Barberis etal., 2001; Booij et al.,
2010; see Brown et al., 2022, for a recent meta-analysis). Although
the empirical merit of loss aversion has been criticized by several
authors challenging prospect theory (Birmbaum, 2008; Gal &
Rucker, 2018; Hofmeyr & Kincaid, 2019), the notion that there is
some stable individual-level relation between gains and losses has
either been left out of the discussion or given only very limited atten-
tion (for notable exceptions, see Brooks & Zank, 2005; Chechile &
Cooke, 1997; Ert & Erev, 2013).

This situation drastically changed with the recent work of
Walasek and Stewart (2015), who claimed that one can easily
make loss aversion disappear or even reverse by simply manipulat-
ing the decision context, specifically, by varying the relative rank
of gains and losses within the outcome distributions encountered
by people in the experiments that they take part in. Walasek and
Stewart reported that the very same loss outcome is evaluated
more/less favorably if it is among the lower/higher losses encoun-
tered in the course of the experiment.! Such behavior would cast
serious doubts on the possibility of drawing any general conclusions
about loss aversion at the individual level: people found among the
most loss averse in a study might simply be those that most dramat-
ically adjusted their preferences in the present context. Under differ-
ent circumstances, the very same people might have turned out to be
among the least loss averse. Walasek and Stewart’s conclusions also
open the door to a reinterpretation of the relationship between loss
aversion and a number of empirical correlates, for example, the lev-
els of activity in the brain regions identified by Tom et al. (2007) as
associated with loss aversion might in fact be tracking the decision-
maker’s adaptation to the choice context in which they are operating.
Last but not least, their report of context sensitivity also raises con-
cerns over the merit of policies designed around the idea of loss aver-
sion as a vehicle to promote or discourage certain behaviors (e.g.,
encouraging smoking cessation; Halpern et al., 2015).

As compelling as Walasek and Stewart’s (2015) original report
might be, there are a number of issues that call for further scrutiny.
First, their studies relied on between-subject designs that are unable
to shed light on the question of relative individual stability. Second,
there are concerns with the accept/reject task that they adopted. In
each choice trial, participants were shown a single mixed lottery
with two equiprobable outcomes, one of which was a gain and the
other a loss. Participants were then asked to state whether they
would like to play the lottery or instead reject playing it in favor of
the status quo. It turns out that it is quite difficult to obtain reliable
estimates of loss aversion based on the accept/reject judgments
(see Walasek & Stewart, 2021).

A number of additional concerns were raised in a recent critique
by André and de Langhe (2021b). They argued that the comparisons
of loss aversion reported by Walasek and Stewart (2015) are invalid
given that the compared estimates are obtained from different sets of
lottery problems. According to André and de Langhe, this consti-
tutes a violation of measurement invariance that can produce spuri-
ous differences in loss aversion. As a proof of concept, André and de
Langhe considered a number of scenarios where choices were sim-
ulated from models different from the one used by Walasek and
Stewart to estimate loss aversion. While none of these models
assumed any change in the underlying representations of gains
and losses across conditions—nor assumed loss aversion for that
matter—the estimates obtained from these simulated choices never-
theless replicated Walasek and Stewart’'s original ﬁrldings.2
However, André and de Langhe also show that, even when measure-
ment invariance is satisfied, there are ways to engage with the
accept-reject task that can lead to spurious differences in measured
loss aversion. Forinstance, they can emerge in a scenario where indi-
viduals attempt to track their history of accepted lotteries, which they
regulate throughout the course of the experiment.

The goal of the present work is to appraise the stability of loss aver-
sion while directly addressing the aforementioned issues. We present a
number of choice experiments in which we implemented a within-
subject manipulation of gain- and loss-outcome ranges, allowing us
to assess the degree to which the individual differences found in
loss aversion estimates are stable across contexts. Moreover, the
reported experiments rely on a two-alternative forced choice task: in
each trial, participants were requested to select which of two lotteries
they preferred. A main advantage of this task, which is widely used by
decision-making researchers, are its desirable psychometric properties
(e.g., in terms of parameter estimability; Broomell & Bhatia, 2014;
Nilsson et al, 2011), which happen to be absent in its accept/reject
counterpart (see Walasek & Stewart, 2021). Additionally, it has the
benefit of being immune to the task-engagement issue identified by
André and de Langhe (2021b), whereas the accept/reject task can
invite comparisons between the present lottery and the history of pre-
viously accepted/rejected lotteries, the two-alternative forced-choice
task, in which people choose one lottery over another, manages to nar-
row the focus to the pair being compared; strategies aiming at main-
taining a specific rate of lottery acceptances or rejections are not
feasible in this context.

Lastly, our studies rely on a number of shared lottery problems
that can be used to estimate and compare loss aversion, without rais-
ing concerns with measurement invariance or estimation bias. This
possibility will be exploited later on to establish the robustness of
the results obtained when estimating loss aversion using overlapping
but distinct sets of lottery problems.

Experiment 1

Experiment 1 aims to establish the main phenomenon of interest, a
change in loss aversion while adopting an experimental design that
is as close as possible to the original study by Walasek and Stewart

! The general idea that people’s evaluations might depend on distributional
properties of stimuli was introduced in the seminal work by Parducci (1965).

2 André and de Langhe’s (202 1b) critique also discussed whether decision
by sampling (Stewart et al., 2006) is an adequate theory to explain the results,
an issue that is of little import for the present study.
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(2015). Specifically, we adopted the same distributions of outcomes
used in their Experiment 3 (the in-person lab experiment). In con-
trast with their original design, we used a within-subjects manipula-
tion of choice context, such that each participant encountered the
outcome distributions designed to elicit both loss-averse behavior
and the polar opposite.

Measuring Loss Aversion

Our evaluations of loss aversion relied on its parametric and
behavioral definitions. For the parametric definition, we relied
on a (streamlined) version of prospect theory (Kahneman &
Tversky, 1979). Here, the subjective utility (/) of the lottery
A= (‘;10 (;20) that yields two outcomes, a; and a,, with
equal probabilities is given by U(A) = w(.50) x (v(a;) + v(a,)).
In two-alternative forced-choice tasks, w(.50) is a constant and
can be set to 1 without loss of generality. The model includes
a value function v(x) = x® for x>0, v(x) = —Ax|* for x <0,
with parameter o capturing the decision-maker’s sensitivity to
outcomes and parameter A capturing loss aversion. Individuals
are considered to be loss averse whenever their estimated A > 1.
Individuals with estimates of A=1 or below 1 are referred to as
being loss neutral or gain seeking, respectively. Lottery valuations,
in this case of lotteries A and B, are then transformed into choice prob-
abilities by virtue of a sigmoid choice function:

1

PrfiA) =——F—
@ 14 e—Bx[U(A)—U(B’]]

O]

where 6 >0 corresponds to the choice sensitivity of the logistic
choice rule. Individual A estimates were obtained from a
hierarchical-Bayesian application of this prospect theory model.
Additional modeling details are provided in the Appendix.

As an alternative to A's parametric definition, we also relied on a
purely behavioral definition of loss aversion (Brooks & Zank, 2005).
Consider the two lotteries A = (;0 ?5) and B = (gﬁ ;g),
with outcomes x >y > 0. Although both options have the same
expected value, A isriskier than B by virtue of yielding more extreme
gain/loss outcomes. Gain seeking and loss averse individuals are
expected to prefer lotteries A and B, respectively. For these individ-
uals, the proportion of riskier options chosen in this kind of lottery
pair, the mean-preserving pair, can be used to track their relative atti-
tudes toward gains and losses (for relevant discussions, see Brooks
& Zank, 2005). This measure of loss aversion is based on each par-
ticipant’s proportion of riskier choices in mean-preserving pairs.

Method

Participants and Procedure

Forty participants (22 female, 16 male, age: 18-43, M = 24.39,
SD = 4.71)° completed a total of 352 choice trials, divided across
two counterbalanced blocks that corresponded to a condition
designed to elicit loss-averse behavior (the loss-aversion condition
[LAC]) and one that is designed to elicit gain-seeking behavior
(the gain-seeking condition [GSC]). On each trial, two binary lotter-
ies with equiprobable outcomes were presented side by side (see
Figure 1). A choice was made by clicking on one of the two

Figure 1
Depiction of a Choice Trial in Experiment 1

Note. A similar layout was used in the other experiments as well. See the
online article for the color version of this figure.

boxes below the outcomes and then confirming their choice by click-
ing on a box in the middle of the screen. Participants had the oppor-
tunity to make two self-paced breaks during each block, as well as a
break of at least 60 s between the two blocks. Between blocks, par-
ticipants were explicitly told that the upcoming block and the lotter-
ies presented therein were completely independent from the previous
one. After both blocks were completed, one trial from each block
was randomly drawn and the participant’s chosen lottery was played
out (participants were informed of this incentive structure at the
beginning of the experiment). A fraction of the resulting outcomes
was added to or subtracted from the show-up fee of CHF 20, yielding
a final payoff that ranged from CHF 12.50 to CHF 27.50. Explicit
ethical approval was obtained from the Institutional Review Board
of the Department of Psychology, University of Basel (IRB ID
017-15-2).

Transparency and Openness

The anonymized data from all three experiments and the analysis
scripts are available on the Open Science Framework (https:/osf.io/
28qzs/). The hypotheses of Experiment 3 were preregistered, and
the data were blinded prior to the main analyses (see https:/osf.io/
Tkeds/).

Design

In the LAC, losses were uniformly distributed from —5 to —20in
steps of 1 and gains from 10 to 40 in steps of 2. Each gain/loss
occurred 22 times, for a total of 176 trials. The trials in this condition
were randomly generated to fulfill the following conditions. A
majority of the trials (142 trials) were those in which both lotteries

*Due to technical problems, the demographic data from two participants
were lost. The demographic questionnaire was delivered in German for
which the word “Geschlecht” means both “sex™ and “gender.” Participants
were asked to choose between “weiblich” (female), “minnlich” (male),
and “keine Angabe” (prefer not to disclose).
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had the same expected value: 102 trials were comprised of mixed

lotteries [e.g., (25% Tjg) Vs. (353 TSI{;S )], eight of which

were mean-preserving pairs included in both conditions
[ 10 -10 14 -14 -

_e'g"(.SO ISO)VS. (‘50 50 ):I,andanaddlnonal set of
40 trials were comprised of pairs of gain-only

[ 34 16 40 10 .
e.g.,(_SO _50) vS. (_50 _50)] and loss-only lotteries

eg., =8 =) (12 1)) There were outcomes
S0 .50 S0 .50

left that could not be combined to have the same expected value,
so the remaining 34 trials were randomly generated from those out-
comes in order to achieve uniform outcome distributions

38 -19 22 -12 .
[e.g., (‘50 50 ) vs. (‘50 50 )] The GSC trials were a

mirrored version of the LAC trials (i.e., all signs flipped). A com-
plete list of trials can be found on the Open Science Framework
(https:fosfio/nfpy8).

Results

In terms of behavioral loss aversion, the analysis of the mean-
preserving pairs that were common across conditions (as is standard
in tests of contextual adaptability; e.g., Frydman & Jin, 2022)
revealed a main effect of experimental condition: individuals in
the condition designed to elicit loss aversion (LAC) were less likely
(M = .394, SD = .410) to choose the riskier of the two options than
in the condition (GSC) designed to elicit gain-seeking preferences
(M = .497, SD = .395), with #(39)=2.037, p=.048, and d,=
0.322 (95% C1 [0.002, 0.638]).

However, a closer inspection of choice proportions revealed that this
main effect was overshadowed by a larger effect of starting condition:
individuals who encountered the LAC first chose the riskier of the two
options in only 27.5% (SD = 29.6%) of the cases across both condi-
tions, whereas individuals who started with the GSC chose the riskier
option in 61.6% (SD = 36.2%) of the cases. This large difference
(d =1.030, 95% CI [0.363, 1.686]) was mainly driven by the apparent
rigidity of the participants when transitioning from the first to the sec-
ond experimental condition: Individuals starting in the LAC chose the
riskier option in the LAC in 21% of the cases, going up to 34% in the
GSC. In contrast, individuals who started in the GSC began by choos-
ing the riskier option in 66% of the cases, a rate that reduced slightly to
57% in the subsequent LAC (see Figure 2A). This pattem of results
holds when extending the analysis to all choices between two options
with equal expected values (see Figure 2B).

The A estimates obtained from the hierarchical-Bayesian applica-
tion of the prospect theory model, reported in Table 1, corroborate
these first results: people who started with the LAC were, on average,
loss averse (M, = 1.606, 95% highest-density interval [HDI]:
[1.049, 2.243]) and people who started with the GSC were, on aver-
age, gain seeking or neutral (M, =0.737, 95% HDI: [0.475,
1.088]). When moving from this first choice context to the second,
we observed changes in the expected direction: the average A
decreased to 1.100 in the GSC, whereas it increased to 0.923 in
the LAC. However, the uncertainty surrounding these averages pre-
vents us from taking any of these estimate shifts with confidence. For
context, note that individual-level parameters were strongly

correlated across conditions, which is indicative of stable individual
differences (see Table 1; for more detailed results on parameter cor-
relations, see Table A1).”

Discussion

Experiment 1 evaluated whether people’s loss aversion is sensi-
tive to the distribution of gains and losses encountered in a decision-
making context. Specifically, it focused on two-alternative forced
choices and the question whether changes in loss aversion can be
observed in a within-subjects design in a single experimental ses-
sion. We found that individuals attached a higher decision weight
to losses if most of the lotteries they encountered were favorable
than if most of the encountered lotteries were unfavorable.
However, these results were limited to the first experimental block
encountered by the participants. Participants’ choices for common
lottery pairs, as well as their prospect theory parameters, were pretty
much the same across blocks.

The stability of individual choice behavior across the two choice
contexts is likely due to the fact that they were encountered by the
participants in the same experimental session. Inspecting the aggre-
gate choice proportions reported in Figure 2B, it becomes evident
that the propensity to choose riskier options picked up right where
it left off at the end of the first block. Although choice behavior
appeared to slowly adapt to the distribution of outcomes (as pre-
dicted by decision by sampling; Stewart et al., 2006), it did not man-
age to overcome the primacy effect of the first condition. Such
carryover effects across conditions within a single experimental ses-
sion have been reported in other settings before (Schneider et al.,
2016), an issue we will address in our other experiments.

Experiment 2

From Experiment 1, it became clear that the lotteries encountered
in one experimental condition have an effect on behavior in subse-
quent blocks. This not only limits the ability to identify the effect
of each condition on individual loss aversion separately, but it also
reduces the stability estimates of loss aversion to an estimate of reli-
ability, because participants’ estimated loss aversion did not change
from one condition to the other. In response to these carryover
effects, Experiment 2 varied choice contexts across different exper-
imental sessions at least 1 week apart.

Method and Results

A total of 185 participants (87 male, 86 female, two other; age:
18-57, M =26.98, SD=7.44) were recruited through Prolific
Academic and completed 49 choice trials in each of two experimen-
tal sessions, separated by at least 1 week.® At the end of the second
session, one decision from each of the two sessions was randomly
picked, and a fraction of the chosen options’ outcomes were added
to or subtracted from the show-up fee of £1.50 per session, yielding
afinal payoff between £2.30 and £3.70. Explicit ethical approval was
obtained from the Institutional Review Board of the Department of

4 An inspection of the model’s posterior-predictive distribution indicates
that it succeeded in providing a good account of individuals’ choices. This
success extends to all three experiments reported here.

> The demographics from 10 people were lost due to technical problems.
All demographics were obtained directly from Prolific.



This document is copyrighted by the American Psychological Association or one of its allied publishers.

This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

458

Figure 2
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Behavioral Results in Experiment 1 as a Function of Condition and Starting Condition
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First condition

Second condition

Risky choice proportion

1 26 51 76 101 126 151

176 1 26 51 76 101 126 151 176

Trial number

Note. Panel A depicts the choice proportions of the riskier option in mean-preserving spreads (e.g., + 10vs. + 14
contains a lottery that either wins or loses $10 with equal probabilities and one that either wins or loses $14 with
equal probabilities). Panel B shows the aggregated choice proportions of the riskier option among two options
with equal expected values. Solid lines depict the fit of simple linear regressions. In both panels, choice proportions
below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion condition; GSC = gain-

seeking condition; SE = standard error. See the online article for the color version of this figure.

Psychology, Syracuse University (IRB ID 16-253). The lotteries
were designed to maximize the number of symmetrical, common lot-
teries across the two conditions. We also reduced the total number of
lottery pairs. The outcome ranges were between six and 32 or
between 12 and 64, depending on the condition, with 15 common
lottery pairs. A complete list of lottery pairs can be found on the
Open Science Framework (https:/osf.io/5kw68). All other aspects
of the experiment were comparable to Experiment 1.

Once again, the analysis of the common mean-preserving pairs
revealed an effect of choice context that (partially) carried over across
experimental sessions: individuals starting in the LAC were, on aver-
age, loss averse in the first condition, choosing the riskier option in
45% of the cases.” Their subsequent choices in the GSC indicated
gain-seeking preferences, with the riskier option being chosen in
56% of the cases (d,=0.299, 95% CI [0.089, 0.505]). In turn,

individuals starting in the GSC manifested gain-seeking preferences
in both conditions, choosing the riskier option in 68% and 66% of
the cases in the GSC and the LAC, respectively (see Figure 3A).
The same pattern of results holds when considering lottery pairs
with equal expected value (see Figure 3B). Moreover, individual
choice proportions were found to be correlated across contexts, such
that the most/least loss-averse individuals, as determined by their

5Much like in the previous experiment, the effect of experimental condi-
tion (across both levels of starting condition) was significant and numerically
smaller than that of starting condition (across both levels of experimental con-
dition): individuals in the LAC were less likely to choose the riskier option
(M =.553, SD= 368) than in the GSC (M =.622, SD= 354),
1(184) =2.655, p =.009, d.=0.195 [0.049, 0.340].
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Table 1
Experiment 1: Group-Level Parameter Estimates of A and Correlation Between Individual LAC and
GSC A Estimates
Trials used Starting condition Condition Mean Difference Correlation
GSC Eig 3'74 [0.48, 1091, 26 1_0.56, 131
Al 92 [0.20, 2.11] 46 119, T2]
LAC LAC  L61[L0S,224] (401 3 0 '
GSC 1.10 [0.25, 2.40] : T
oo O 0ROy o
Shared (5% of total) Dbt 62 .28, .86]
LAC LAC  161086,286] (431 |77 004
GSC 1.14 [0.27, 2.40] ’ e

Note. LAC = loss-aversion condition; GSC = gain-seeking condition. The values in brackets cormrespond to

Bayesian highest-density 95% intervals.

choices in common mean-preserving pairs, tended be so in both con-
ditions, r(184) =.513 (95% CI [.399, .612]), p < .001.

These results were corroborated by the prospect theory estimates of
A. Asreported in Table 2, participants who started with the LAC were,
on average, slightly loss averse. These same participants became, on
average, gain seeking in the subsequent GSC. In tum, participants
who started with GSC were gain seeking across the two experimental
sessions. Once again, we found individual estimates of A to be
strongly correlated across conditions (see also Table A2).

Discussion

Although Experiment 2 was partially successful in getting rid of
carryover effects, we essentially replicated the results of
Experiment 1: the first condition that individuals encountered had
the strongest effect on loss aversion, with stable individual differ-
ences across conditions. The resilience of the carryover effects is
quite surprising given that (a) participants encountered a much
smaller number of lotteries, (b) both sessions were at least 1 week
apart, and (c) participants in online platforms typically complete
multiple experiments per week, which should have made these ses-
sions less memorable and, therefore, less impactful.

Experiment 3

So far, both experiments have provided evidence that a
between-subject manipulation of the ranges of gains and losses
encountered during an experiment affect individuals’ propensity
to engage in loss-averse or gain-seeking behavior. The effect of
this experimental manipulation was somewhat larger in the first
experiment, whereas the temporal separation of the two conditions
was able to induce achange in loss aversion in one of the two start-
ing conditions. Experiment 3 attempts to combine the desirable
characteristics of the previous designs to assess the robustness of
the results. Specifically, it was an in-person study with two ses-
sions at least 1 week apart, with a greater number of lottery pairs
per session.

Method and Results

A total of 57 participants (40 male, 16 female, one prefer not todis-
close; age: 1844, M = 2493, SD =4.92) were recruited from the
participant pool of the Department of Psychology at the University
of Freiburg for a lab-based srudy.7 Each participant completed 360

choice trials in each of two experimental sessions that were separated
by at least 1 week. At the end of the second session, one decision from
each of the two sessions was randomly picked and a fraction of the
chosen options’ outcomes were added to or subtracted from the
show-up fee of 8€ per session, yielding a final payoff between 10€
and 22€. The present study used only procedures that are exempt
from formal ethical approval in Germany (where the data were col-
lected) under the ethical guidelines of the Deutsche Gesellschaft fiir
Psychologie [German Psychological Society]. The lotteries were
designed to maximize the precision of parameter estimates of prospect
theory. To achieve that, every condition was comprised of 180 unique
trials (42 pure-gain, 42 pure-loss, and 96 mixed) that were repeated (in
a newly randomized order) once in every experimental session, allow-
ing a precise estimate of the choice-sensitivity parameter as well as of
the curvature of the utility function.® All other aspects of the experi-
ment were comparable to the previous two.

Looking at choices among the common mean-preserving pairs, we
found that people who started in the LAC were not reliably less likely
to choose the riskier mean-preserving spread (M = .315, 5D = .315)
than those who started in the GSC (M = 421, SD = .330),d =0.329
95% CI [—0.196, 0.851].” Similar to Experiment 2, only people who
started with the LAC were more likely to choose the riskier mean-
preserving spreads in the second session than in the first condition,
increasing from 28.1% to 34.9%, d.=0.411, 95% CI [0.028,
0.773]. In turn, people starting with the GSC largely maintained
their propensity to choose riskier options, with choice proportions
not substantially decreasing from 43.7% in the first session to
40.5% in the second session, d, = 0.199, 95% CI [—0.188, 0.574]
(see Figure 4A). These patterns of results can be seen in a larger set
of lotteries as well (Figure 4B). Once again, individual risky-choice

7The demographic questionnaire was delivered in German for which the
word “Geschlecht” means both “sex” and “gender.” Participants were
asked to choose between “weiblich” (female), “miinnlich” (male), and
“keine Angabe” (prefer not to disclose).

8 A complete list of trials can be found on the Open Science Framework
(https:fosf.io/Thc69).

?The global analysis across starting conditions showed that people in the
LAC were less likely to choose the riksier mean-preserving spreads
(M = .340, SD = .327) than in the GSC (M = .391, SD = .341), 1(56) =
2314, p=.024, d=0.307 (95% CI[0.039, 0.571]). While this effect is of
similar magnitude as that of starting condition, this analysis has higher stat-
istical power as it is a within-subject analysis.
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Behavioral Results in Experiment 2 as a Function of Condition and Starting Condition
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proportions below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion condition;
GSC = gain-seeking condition; SE = standard error. See the online article for the color version of this figure.

proportions were strongly correlated across conditions, 1(56) = .875
(95% CI [.796, .925]), p < .001.

The A estimates tell a slightly different story: as reported in Table 3,
while the point parameter estimates suggest a slight decrease from the
LAC (M(Aac) = 1.712) to the GSC (M(Agsc) = 1.095) when partic-
ipants started in the LAC, their low precision renders this difference
inconclusive. In fact, none of the mean A estimates was reliably
above or below 1. This low precision is quite surprising in light of
the previous findings, the larger number of lottery pairs, as well as
the concurrent observation that the individual A estimates are strongly
correlated across conditions (see also Table A3).

Discussion

The success of combining desirable experimental-design features
from the two previous iterations proved to be modest. Although we

no longer found carryover effects across conditions, the uncertainty sur-
rounding the parameter estimates in each condition was so high that we
were no longer able to derive any group-level conclusions with confi-
dence. One possible explanation is that this uncertainty reflects the del-
eterious effects of using a large number of lottery pairs (forexample and
discussion, see Loomes, 2014). However, we do not see how this expla-
nation can be squared with the strong individual differences found
across conditions, with correlations of .88 and .92 for behavioral and
parametric estimates, respectively. It is clear that the participants were
not merely guessing in reaction to a demanding task.

A Focused Analysis of Shared Lottery Problems

Up to this point, our analyses have considered all of the lottery
problems encountered in both conditions. One concern with this
practice is that the loss-aversion estimates obtained are not



allied publishers.

11 Association or one of its

ted by the American Psych

=
3]
-4
3
3
=
=
.3
E

This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

CONTEXTUAL LOSS AVERSION 461

Table 2
Experiment 2: Group-Level Parameter Estimates of A and Correlation Between Individual LAC and
GSC A Estimates
Trials used Starting condition Condition Mean Difference Correlation
GSC Eig g;i [0.64,0.84] 0.07 [-0.10, 0.24]
.82 [0.67, 0.98]
All .60 [.46, .74]
LAC LAC  LI7[LO3,1.30] _ 501 047 _010]
GSC 0.88 [0.72, 1.06] : T
GSC Eig 32(1] {gi;' gg% 0.10 [-0.45, 0.61]
Shared (31% of total) DS, U 65 [.49, 81]
LAC LAC  1291085,223] _cio 144 006]
GSC  0.67[0.28,1.06] U

Note. LAC = loss-aversion condition; GSC = gain-seeking condition. The values in brackets cormrespond to

Bayesian highest-density 95% intervals.

commensurate due to a violation of “measurement invariance”
(André & de Langhe, 2021b), according to which parameter compar-
isons are only valid if the stimuli used to obtain their estimates were
identical. The purpose of this section is to further elaborate on this
issue and to address it directly by conducting a focused analysis
that only considers shared trials.

The notion of measurement invariance stems from the psychometric
literature, where test items are characterized in terms of how they load
onto a numberof latent factors (Meredith, 1993). Comparisons that rely
on different test items need to ensure that they have the same factor
loadings, otherwise commensurability is compromised. One way to
try to establish measurement invariance is to rely on the exact same
test items.'” However, when it comes to the specific case of estimating
loss aversion by means of prospect theory, the problem faced is argu-
ably different: The relevance of lottery problems involving gains and
losses, when it comes to the question of loss aversion, is not a
to-be-determined empirical matter—this relevance is established a pri-
ori by the theory itself and the model instantiating it by Batchelder
(1998). The way in which the gain and loss outcomes in a lottery
speak to loss aversion is formalized by the way in which the latter is
operationalized into the model. That being said, there is some degree
of ambiguity given that prospect theory is realized by a family of mod-
els with varying parametric forms (see, e.g., Stott, 2006).

Even if we take for granted that prospect theory provides an ade-
quate characterization of people’s choices, it is likely that the para-
metric model used to estimate A is misspecified to some extent,
and thereby vulnerable to distortions, especially so when said esti-
mates rely on different subsets of lottery problems (Stewart et al.,
2019). André and de Langhe (2021b) provided an illustrative exam-
ple in which accept/reject choices regarding GSC and LAC lotteries
are governed by a prospect theory model assuming a logarithmic
value function (concave/convex for gains/losses) without loss aver-
sion (i.e., A =1). Fitting these choices with Walasek and Stewart’s
(2015) model, which assumes a linear value function and estimates
loss aversion, results in spurious differences in A across conditions,
with A taking on values smaller/larger than 1 for GSC/LAC lotteries.

To address the concern that a violation of measurement invariance
is the main driver of our results, we refitted our prospect theory
model on the subset of lottery problems that were shared across
both conditions. The results obtained, which can be found in the bot-
tom halves of Tables 1-3, are very similar to the outcomes of our
original analyses. The only noteworthy difference between these
two analyses lies in the precision of the parameter estimates,

something that is to be expected if the estimation is based on just
5%-36% of the original data. Importantly, the robust positive corre-
lations for A across conditions corroborate the considerable degree of
stability of individual differences (see also Tables A1-A3).

A Nonparametric Take

To better understand the choice behavior underlying the estimated
differences in loss aversion, we also conducted an additional non-
parametric analysis of loss aversion. Assuming that the curvature
of the utility function is identical for gains and losses, it is possible
to derive general qualitative predictions that hold under all paramet-
ric assumptions of prospect theory. These predictions are closely
related to the behavioral definition of loss aversion as introduced
by Brooks and Zank (2005) and used for the behavioral analyses
reported here. This analysis extends it to the complete set of mean-
preserving spreads.

‘Werely on the data of the first condition of Experiment 2, as it had
the clearest effect of the experimental condition. If individuals are
loss averse, then the probabilities of choosing the riskier option
P(R) for the 15 lottery pairs displayed in Figure 3A and indexed
in Table 4 must satisfy the following system of inequalities:

> P(Ry1) = P(Ry2) = P(Ry3) = P(R14) = P(R;5),
> P(Ry1) = P(Ra2) = P(Ry3) = P(Ry4),

> P(R31) = P(R32) = P(R33),
(2)

B = b = B = ] =

> P(R4)1) = P(R42),

P(Ry1) = P(Ry2),

P(Ryp) = P(Ry3),

P(Ryy) = P(R32) = P(Ry3) = P(Ry4),

P(Rs;1) = P(R42) = P(R33) = P(R24) = P(Ry5).

In contrast, if individuals are gain seeking, then a mirrored system

10 Measurement invariance is never guaranteed though. For example, it can
be violated if different groups of individuals engage with the items differ-
ently, leading to different factor loadings. Similarly, it can also be violated
if the same individuals engage with the items differently across contexts.
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Figure 4
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Behavioral Results in Experiment 3 as a Function of Condition and Starting Condition

First condition

=

Second condition

LAC

T T T T
I I I I
1 1 1 1
5 I I I I
1 1 1 I
1 1 ] 1

GSC

S0 + t+

.25

%
;

Risky choice proportion (£1 SE)

Bob @
b b B B
-

First condition

Second condition

Risky choice proportion

I 40 80 120 160

200 240 280 320 3601 40 8O 120

]
160 2000 240 280 320 360

Trial number

Note.

Panel A depicts the choice proportions of the riskier option in mean-preserving spreads (e.g., + 10 vs.

+ 14 contains a lottery that either wins or loses $10 with equal probabilities and one that either wins or loses
$14 with equal probabilities). Panel B shows the aggregated choice proportions of the riskier option among
two options with equal expected values. Solid lines depict the fit of simple linear regressions. In both panels,
choice proportions below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion con-
dition; GSC = gain-seeking condition; SE = standard error. See the online article for the color version of this

figure.

of inequalities is expected to hold (replace all > with <). It is
important to point out that both systems of inequalities impose
severe constraints. To see this, consider the space of all possible
choice probabilities, which in this case can be represented as a
15-dimensional hypercube with a volume of 1. The probabilities
satisfying the inequalities occupy less than one-hundred billionth
of said volume. Therefore, if people do not strictly choose in line
with the predictions of loss-averse or gain-seeking behavior as
established by prospect theory, it is extremely unlikely that these
inequalities will hold. In spite of this, the choice data obtained
in the GSC and LAC of the GSC- and LAC-first groups in
Experiment 2 are in line with the systems of inequalities associated
with gain-seeking and loss-averse preferences, respectively (larg-
est G>=2.692, with smallest strictest p =.050)."" Not surpris-
ingly, they were also found to be at odds with the inequalities

associated with the opposite preferences (smallest G* =20475,
p <.001).

However, these results would also be consistent with the hypothesis
that there is no real difference in terms of risky-choice probabilities
beyond being above/below 50% (e.g., André & de Langhe, 2021b).
One way to evaluate this hypothesis while sidestepping the challenges
associated with order-constrained inference (e.g., Davis-Stober, 2009;
Heck & Davis-Stober, 2019; Sarafoglou et al., 2021) is to sample
choice probabilities from the posterior distributions and check the

" For order-constrained null hypotheses, the G statistic follows a mixture
of 2 distributions. The strictest sampling distribution corresponds to a equal-
weight mixture of two ¥~ distributions with zero and one degree of freedom
(for an overview, see Davis-Stober, 2009).
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Table 3
Experiment 3: Group-Level Parameter Estimates of A and Correlation Between Individual LAC and
GSC A Estimates
Trials used Starting condition Condition Mean Difference Correlation
GSC Eig g'g‘; 0.32, 1.96] 04 [—1.02, 1.65]
All 83 [0.16, 2.19] 92 .82, 99]
LAC LAC  L71092,2.56] (591 136 028] ‘
GSC 1.10 [0.36, 2.01] : e
GSC gig 3,6; {g}g' %g%} 0.06 [—1.30, 1.30]
Shared (36% of total) IAC 1171022 261 90 .76, .99]
LAC AT1022,2.611 g 45 11,96, 132]
GSC  0.74[0.14, 1.99] '

Note. LAC = loss-aversion condition; GSC = gain-seeking condition. The values in brackets cormrespond to

Bayesian highest-density 95% intervals.

proportions that conform to a weaker version of the aforementioned
inequalities that omit the 1/2 terms (in red)." ? The ratio of these propor-
tions is expected to be 1 if choice probabilities are roughly the
same across the board (i.e., mirrored opposite pattemns are equally likely
to be sampled). In the GSC of the GSCHirst group, the ratio
(corresponding to a Bayes factor; see Karabatsos, 2005) was 230, indi-
cating much greater chances of sampling gain-seeking preferences from
the posterior distributions. In contrast, in the LAC of the LAC-first
group, loss-averse preferences were 780 times more probable.

Taken together, the nonparametric analyses corroborate the A esti-
mates obtained across conditions, and speak to the adequacy of the
parametric prospect theory model adopted throughout this work.

General Discussion

The goal of the present work was to rigorously explore the con-
text dependency of loss aversion originally reported by Walasek
and Stewart (2015) using a two-alternative forced-choice task
alongside a within-subject manipulation of the outcome distribu-
tions (i.e., the choice contexts). This approach has a number of
advantages: (a) it allows one to estimate prospect theory’s param-
eter, in particular the loss-aversion parameter A, with a higher pre-
cision (Broomell & Bhatia, 2014; Walasek & Stewart, 2021), (b) it
enables the estimation of behavioral loss aversion (Brooks & Zank,
2005), (c) it sidesteps existing concerns regarding the type of eval-
uation driving choices (André & de Langhe, 2021a,2021b), and
(d) it permits the assessment of individual differences and their rel-
ative stability.

Across three experiments, we found loss-aversion estimates—
behavioral and parametric—to shift as a function of outcome dis-
tributions, vindicating Walasek and Stewart’s (2015) original
report. However, a much more complex picture emerged
than the one painted in the literature so far: first, we found that
individual differences were quite stable. That is, people’s relative
weighting of gains and losses tended to be preserved across
choice contexts, even when there was an overall shift in loss aver-
sion.'®> We also found the influence of context on loss aversion to
be rather small, at least after the first outcome distribution was
encountered. Surprisingly, this carryover effect persevered even
when the different choice contexts were encountered at least a
week apart. The effect of outcome distribution in people’s choices
appears to be quite difficult to override.

One of the limitations of Walasek and Stewart’s (2015) study was
its vulnerability to model misspecification. The model used to esti-
mate loss aversion assumed that (a) subjective values are well
described by a linear value function, and (b) that each accept/reject
judgment is based on an independent evaluation of a single lottery.
Not only can either assumption fail under plausible assumptions, but
such a failure can easily result in spurious changes in loss-aversion
across conditions. The examples reported by André and de Langhe
(2021a,2021b) showed how either a model with a curved nonlinear
value function or a mental accounting of advantageous lotteries can
replicate the results reported by Walasek and Stewart (2015).
Fortunately, both alternative accounts are directly addressed in our
study. On the one hand, we were able to estimate A while allowing
the value function to be curvilinear (see Table A4). On the other
hand, our reliance on paired comparisons rendered the accounting
of past choices as the decision-making process impossible.

Auxiliary assumptions aside, there is the more general question of
whether prospect theory provides a valid account of human choices,
and therefore of the differences observed across conditions.
Fortunately, the status of our main results does not depend on the
validity of prospect theory; They will hold even if the results are
to be explained in terms of a change in attention exchange (e.g.,
Birnbaum, 2008), outcome-ratio evaluations (e.g., De Langhe &
Puntoni, 2015), or a shift in risk preferences that is not based on
the utility functions (e.g., Coombs & Pruitt, 1960; Lopes, 1981).
For example, according to the risk-as-variance perspective of
expected-utility theory, people’s choices in mean-preserving pairs
reflect their general risk attitudes rather than their loss aversion.
The important point is that, regardless of the exact processes leading
to a decision, they are shown to be sensitive to the context in which

12 For each binomial distribution of choices, we assumed a Dirichlet prior
with concentration parameter & = (1, 1). This (arguably noninformative)
distribution establishes that any value of P(R) is equally likely a priori. For
k risky choices over n observations, the posterior distribution of P(R) corre-
sponds to a Dirichlet distribution with parameter &« = (k4 1, n — k+ 1).

13 Compared to similar studies investigating the relative stability of loss
aversion (e.g., Glickner & Pachur, 2012), our estimates were substantially
higher, particularly so in Experiment 3. This difference is likely due to our
streamlined experimental design: all lotteries in our experiments had two out-
comes with 50% probability of occurrence each. An advantage of this design
is that it keeps the complexity of lotteries constant, not allowing it to play a
confounding role (Kellen et al., 2017; Zilker et al., 2020).
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Table 4

Choice Proportions in Mean-Preserving Spreads in Experiment 2
Index  Lottery pair (Svs. R)  GSC-GSC: P(R)  LAC-LAC: P(R)
1,1 +12 versus +16 .67 52

1,2 + 12 versus +20 75 49

1,3 + 12 versus +24 .65 43

1,4 + 12 versus +28 71 .43

1,5 + 12 versus +32 .68 41

2,1 + 16 versus +20 .65 .51

2,2 + 16 versus +24 .65 48

2,3 + 16 versus +28 T2 .39

2,4 + 16 versus +32 13 .45

3,1 + 20 versus +24 65 45

3,2 + 20 versus +28 1 .43

3,3 + 20 versus + 32 70 42

4,1 + 24 versus +28 61 44

4,2 + 24 versus +32 66 46

5,1 + 28 versus +32 66 45

Note. LAC =loss-aversion condition; GSC = gain-seeking condition. The
“Index” column refers to the subscripts in the inequalities in Equation 1. The
lottery pairs and choice proportions refer to those reported in Figure 3. § is
always the safer of the two options, while R is the riskier. Choice
proportions P(R) of the riskier option below 50% reflect loss aversion,
whereas those above 50% indicate gain-seeking preferences.

they take place. Appraising the empirical merit of different theoret-
ical accounts such as the ones described above is beyond the scope of
the present work, as that would require the deployment of tailored
experimental studies.

That being said, our results, in conjunction with previous research
on this topic (Walasek & Stewart, 2015, 2019), highlight the need for
theoretical accounts that incorporate context dependencies. For exam-
ple, Parducci’s (1965) range—frequency theory assumes that the eval-
uation of different attributes such as gains and losses depends on the
context in which they occur (e.g., their ranges) while still maintaining
the ability to identify context-free representations of stimuli
(Bimbaum, 1974). More recently, Stewart et al. (2006) proposed a
conceptually similar approach entitled decision by sampling, accord-
ing to which preferences are constucted by means of a
memory-retrieval process. In a nutshell, a sample from memory is
drawn and the decision maker compares each sample with the options’
attributes in a binary manner (better/worse?). These comparisons
allow the decision maker to establish how these attributes rank,
ranks that are then used to form preferences. According to these
two theoretical accounts, participants should be loss averse and gain
seeking in the LAC and GSC, respectively: for example, in a LAC
where gains go up to $40 and losses down to —$20, a gain of $12
is not perceived as extreme as aloss $12. The opposite scenario occurs
in a GSC where gains go up to $20 and losses down to $40. However,
they fail to provide an adequate dynamic account: a visual inspection
of how preferences develop throughout the experimental blocks/ses-
sions (see Figures 2—4) shows that the effects of context are already
present in the earliest choice trials, barely changing later on (see
also Alempaki et al., 2019; Zhao et al., 2020).

The joint occurrence of a high degree of interindividual stability of
loss aversion and the main effect of context is best understood within
the framework of latent state—trait theory (e.g., Steyer et al., 1999). The
stability reflects a high contribution of a trait-like disposition that
would comrespond to “loss aversion.” This disposition is manifested
across contexts, whereas the state influence is best described in terms

of a main effect (i.e., it affects all individuals to the same extent).
As an alternative perspective, choices could be understood as
being governed by two independent processes, one of which is the
overall tendency to trade off gains and losses, the other being a
simation-specific effect of context that, in light of the high stability
across contexts, is of smaller magnitude than the general tendency.

However, the observed order effects make it difficult to quantify
and make sense of the exact nature of the contextual/state influence,
such that further work exploring its impact is needed. A consistent
finding across our experiments was that people’s attitudes toward
losses were almost unaffected by the LAC if they first encountered
the GSC, even if both conditions were separated by more than a
week. It is likely that the GSC, containing mostly highly disadvanta-
geous lotteries with negative expected values, is uncommon in
behavioral research such that it exerts a long-lasting shiftin strategies
adopted by decision makers. While further research is needed, such
asymmetrical influences of experimental conditions might explain
the fragility of loss aversion reported in recent studies (Chapman
et al., 2022; Walasek et al., 2018).

The study of context dependencies is likely to shed light over
ongoing debates on the neural processes involved in preferential
choice: De Martino et al. (2010) reported a positive relationship
between activity in the amygdala and loss aversion, whereas no
such relationship was found by Tom et al. (2007). De Martino
et al. attributed this discrepancy in part to differences in lottery favor-
ableness (see also Canessa et al., 2013), an account that is corrobo-
rated by the present results. It is possible that the contributions of
different neural structures and their associated functions can vary
across contexts.

The concept of “context” and its limits also deserves further scru-
tiny. In the present work, we treated different blocks of choice trials
or experimental sessions as distinct contexts. However, there are
good reasons to adopt a more fine-grained understanding that dis-
criminates between different types of choice trials (for recent exam-
ples, see Davis-Stober & Brown, 2013; Kellen et al., 2017). One
notable example is the work by Chechile and Cooke (1997), who
demonstrated systematic shifts in the relative weighting of gains
and losses across different type of lottery pairs. In their study, partic-
ipants engaged in a probability-matching task in which individuals
matched a reference lottery R = ( $1570 1_353

(% %2
lottery C = ( g 1-g
Cooke found that when R was unfavorable (e.g., p = .10), individu-
als tended to be gain seeking, overweighting gains relative to losses
(i.e., A <1). In contrast, when R was favorable (ie., p =.90) they
tended to be loss averse, overweighting losses relative to gains
(i.e., A>1). Follow-up work refined the original methodology
(Chechile & Butler, 2000, 2003; Chechile & Luce, 1999) but the
take-home message is the same: the subjective representation of out-
comes is context-dependent, varying as a function of the favorable-
ness of the reference lottery. Future work should attempt to reconcile
these results with Walasek and Stewart’s and the present ones.

) with a comparison

) by setting its probability g. Chechile and

Constraints on Generality

The present work relied on choices made by college students
(Experiments 1 and 3) and a more representative sample of the gene-
ral English-speaking population (Experiment 2) regarding
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hypothetical (but incentivized) monetary outcomes. Given that these
characteristics are shared by a very large segment of work in psy-
chology, experimental economics, and cognitive neuroscience, we
see little reason to expect the results reported here to not generalize
to them. However, the widespread application of the concept of loss
aversion in applied settings calls for further research establishing how
people’s behavior is affected by context dependencies “in the wild.”
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Appendix
Prospect Theory Model

The streamlined cumulative prospect theory model was imple- Choices on each trial were given by a logit link function with choice-

mented within a hierarchical Bayesian framework. According to sensitivity parameter 0 that governs the stochasticity of choices, such
this model, the subjective valuation V(A) of lottery A with the out- that choices become deterministic as lim 4_,, and completely ran-
comes A; and A, is given by dom when 6 =0.

Raw individual-level parameters were assumed to stem from a
six-dimensional (o, A, and 6 for each of the two conditions) multi-
V(A) = U(A;) x .50+ U(A5) x .50, where variate Gaussian distribution with a vector of means p and the var-

s x>0 (A1) iance—covariance matrix X, As priors, we used independent
Ulx) = { 1 =5 standard normal distributions for p. X was decomposed into a cor-
—Axx* if x<O0. relation matrix Z, and a scaling vector {. For the correlation matrix

Table A1

ii Parameter Correlations Across Conditions Obtained From a Streamlined Cumulative Prospect Theory

2 Model in Experiment 1, Split by Fits to All Trials and Shared Trials, Respectively

z Ogsc Aasc Ogsc BLac MLac Opac

s All trials

2 Basc —.19 —71 76 —24 —44

5 Aasc [—.47, .11] 12 05 A6 —.19

g dasc [—.89, —.53] [—.20, 41] —47 23 49

3 BLac [.58,.91] [—.23, 33] [—.74, —.19] —.05 57

i Aac [—.49,.02] [.19,.72] [—.09, .52] [—.35, .23] -.30

G O ac [~.69, —.17] [—.50, .09] [18, 775] [—.80, —.33] [—.56, 02]

2 Shared trials

5 Bcsc —.03 —.04 05 —.05 14

& Ase [—.54, .56] —08 02 62 —04

§ dase [~.58, .55] [—.64, .42] .09 —.11 20

g Buac  [—.56,.61] [—.53, 56]  [—.46, .65] 02 —.03
Mac [—.61, .45] [.28, .86] [=.57, 39] [—.62, .52] —.11
O ac [—.49, .67] [—.52, 47] [—.39, .69] [—.61, .54] [—.61,.37]

Note. GSC = gain-seeking condition; LAC = loss-aversion condition; 8 = choice sensitivity of the logistic choice
rule; A = loss aversion coefficient; o = outcome sensitivity of the power-utility function. Upper triangular values
show the posterior means. Lower triangular values depict the 95% highest-density interval of the posterior. Gray
shaded cells depict the correlations of the same parameters across the two conditions.
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Table A2

Parameter Correlations Across Conditions Obtained From a Streamlined Cumulative Prospect Theory
Model in Experiment 2, Split by Fits to All Trials and Shared Trials, Respectively

Basc Aasc OGsc OLac Mac o ac
All trials
Basc —.11 -39 .30 —.03 30
Aase [—.39, .12] —.19 -.23 60 —.12
aGsc [—.66, —.00] [—.46, 08] 28 —.18 -.07
BLac [.07, .51] [—.44, —.02] [.02, .55] —30 —41
Aac [—.26, .20] [.46, .74] [—.43,.07] [-.55, —.05] —.11
O ac [.00, .59] [—.34, .12] [—.40, 21] [—.68, —.11] [—.40, .14]
Shared trials
. Basc —.13 .00 13 —.15 22
; hasc [—.61,.41] —.14 —.16 65 -20
aGsc [-.57, .62] [-.56, .32] .20 —.19 38
BLac [—.45, .68] [—.62, .36] [—.39, .69] -2 .00
Aac [—.58, .40] [.49, .81] [—.62,.27] [—.75, .33] —43
O ac [-.37,.71] [-.53, .25] [—.20, 81] [—.55, 49] [—.76, —.01]

Note. GSC = gain-seeking condition; LAC = loss-aversion condition; 8 = choice sensitivity of the logistic choice
rule; A = loss aversion coefficient; o = outcome sensitivity of the power-utility function. Upper triangular values
show the posterior means. Lower triangular values depict the 95% highest-density interval of the posterior. Gray
shaded cells depict the correlations of the same parameters across the two conditions.
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%, we used the vague LKIJ(3) prior (Lewandowski et al., 2009). For
the scaling vector {, we used two independent half-Cauchy distri-
butions with scaling parameters of 1.5. The No-U-Turn sampler as
implemented in Stan (Carpenter et al., 2017) was used to obtain
samples from the posterior distributions. The raw parameters
were transformed to the [0, co) scale using the softplus transforma-
tion f(x) = log (1 +¢€").

Posterior samples were obtained by running four chains in parallel
for 15,000 samples each. The first 5,000 samples from each chain
were discarded as warmup samples and the last 10,000 samples
were thinned by a factor of 40, resulting in 250 posterior samples
from each chain or 1,000 posterior samples in total. Convergence
was confirmed using the R statistic (Gelman et al., 2013, p- 285)
for each parameter separately, such that all R < 1.01.

- Table A3
2 Parameter Correlations Across Conditions Obtained From a Streamlined Cumulative Prospect Theory
g Model in Experiment 3, Split by Fits to All Trials and Shared Trials, Respectively
2 Ogsc Aasc Ogsc BLac MLac Opac
g All trials
£ Basc —.10 57 77 —12 —.40
8 hasc [-.35,.17] —.08 —12 92 09
8 dasc [=.75, —.34] [—.35, 23] 28 —0 44
= Bt ac 162, .89] [—.36, .12] [—.54, —.01] —25 —6l
Mac [=.38,.13] [.82,.99] [—.28, 28] [—.49, —.01] 23
O ac [—.65, —13] [—.16, .39] [.20, .69] [—.80, —40] [—.06, .49]
Shared trials
Basc -.37 —.63 81 -.32 —.40
Aasc [—.61, —.10] 27 —18 90 03
aasc [—.83, —.42] [—.06, .57] —47 21 72
BLac .65, .93] [—.44, 09] [—.73, —.22] -2 59
Aac [-.58, —.06] .76, .99] [—.13, .51] [—.49, .04] 03
dac [—.69, —.09] [—.26, .33] [.49, .91] [~.79, —.35] [=.30, 31]

Note. GSC = gain-seeking condition; LAC = loss-aversion condition; 8 = choice sensitivity of the logistic choice
rule; & = loss aversion coefficient; o = outcome sensitivity of the power-utility function. Upper triangular values
show the posterior means. Lower triangular values depict the 95% highest-density interval of the posterior. Gray
shaded cells depict the correlations of the same parameters across the two conditions.
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To assess the model’s ability to (qualitatively and quantita- figures reported in the main text using the model’s predictions.
tively) predict the phenomena observed in the data (often referred The resulting figures (Figures A1-A3) reveal a very close
to as the model’s “absolute fit”), we have simulated choices from match between the model predictions and the empirical choice
the posterior parameter distribution in order to recreate the results proportions.

Table A4
Group-Level Parameter Estimates of the Curvature of the Utility Function Parameter, a, of a
Streamlined Cumulative Prospect Theory Model

Experiment  Starting condition  Condition number Condition M [95% HDI] My [95% HDI]

LAC 1.02 [0.89, 1.14]

GSC 1.06 [091,124]  004[=0.13,024]

Aggregated —

1 GSC 1.10 [0.85, 1.41]

1 GSC 2 LAC 0.89 [0.72. 1.04] —0.21 [-0.53, 0.10]
1 LAC 1.08 [0.88, 1.30]

LAC 2 GSC 1.00 [0.83, 1.18] —0.08 [-0.31, 0.17]

LAC 0.84 [0.78, 0.90]
Aggregated — pine 095 [080. 1.01] 0111002 020]

9 1 GSC 0.89 [0.79, 0.99]

3 2 GSC 2 LAC 0.84 [0.76.0.92] —0.05 [—0.17, 0.08]
@ 1 LAC 0.81 [0.73, 0.92]

= LAC 2 GSC 0.98 [0.90. 1.06] 0.18 [0.06, 0.29]
2 LAC 1.04 [0.91, 1.18]

- Aggregated — GSC 1.05 [0.86. 127] 0.01 [—0.18, 0.22]
< 1 GSC 1.05 [0.80, 1.37]

g 3 GSC 2 LAG 0.97 [0.84. 1.13] —0.09 [—0.36, 0.21]
g 1 LAC 1.05 [0.84, 1.32]

j LAC 2 GSC 0.95 [0.72, 1.23] —0.10 [-043, 0.18]

Note. Aggregated = across all starting conditions; GSC = gain-seeking condition; LAC = loss-aversion condition;
HDI = Bayesian highest-density interval; A = difference between conditions.
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Figure Al
Posterior Predictive Simulations for Experiment 1 as a Function of Condition and Starting
Condition
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Note. Panel A depicts the predicted choice proportions of the riskier option in mean-preserving spreads. Panel
B shows the expected choice proportions of the riskier option among two options with equal expected values
and expected standard errors. Solid lines depict the fit of simple linear regressions. In both panels, predicted
choice proportions below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion con-
dition; GSC = gain-seeking condition; SE = standard error. See the online article for the color version of this
figure.
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25

Figure A2
Posterior Predictive Simulations for Experiment 2 as a Function of Condition and Starting
Condition
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Note. Panel A depicts the predicted choice proportions of the riskier option in mean-preserving spreads. Panel
B shows the expected choice proportions of the riskier option among two options with equal expected values
and expected standard errors. Solid lines depict the fit of simple linear regressions. In both panels, predicted
choice proportions below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion con-
dition; GSC = gain-seeking condition; SE = standard error. See the online article for the color version of this

figure.

1ded solely for the persol

This document is copyrighted by the American Psycholc

@
=
2
=1
=
[_

(Appendix continues)



This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

472 SPEKTOR, KELLEN, RIESKAMP, AND KLAUER

Figure A3
Posterior Predictive Simulations for Experiment 3 as a Function of Condition and Starting
Condition
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Note. Panel A depicts the predicted choice proportions of the riskier option in mean-preserving spreads. Panel
B shows the expected choice proportions of the riskier option among two options with equal expected values
and expected standard errors. Solid lines depict the fit of simple linear regressions. In both panels, predicted
choice proportions below 50% reflect loss aversion, those above 50% gain seeking. LAC = loss-aversion con-
dition; GSC = gain-seeking condition; SE = standard error. See the online article for the color version of this
figure.
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