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Abstract
Severe weather requires protective action even at low probabilities. However, as revealed in
naturalistic decision experiments, people often fail to protect when it is rational to do so,
resulting in predominantly risk-secking decisions. This study appliedXsignal detection theory
pe%tive to better understand this phenomenon. Two hypotheses were tested: People are risk-
seeking due to 1) too high criterion for taking protective action or 2) too low subjective
likelihood of the event. In two experiments conducted in 2024, the economically rational

criterion and gain-loss framing were manipulateiié{{esults revealed that participants’ subjective

criterion was between the economically rational criterion and the center of the range, suggesting
a centering effect. In addition, the subjective criterion was higher in a loss than a gain frame,
suggesting a framing effect. In contrast, participants subjective likelihood ratings were

unaffected by either manipulation, but tended to be inflated. Wﬁe shifted subjective

+Hhe
criterion overcameA inflated subjective llkellhood resultmg in rlsk-seeIg}E dcﬁlsmns Thus we
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conclude that a shift of the subjective cntenor;\Msk—seelang decisions i m naturahstlc

Wd race, suggesting )

generalizability to the US populationf Potential interventions to improve subjective criterion
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decision tasks.
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placement are discussed.



Public Significance Statement
In situations in which the probability of the severe weather is low but the severity of the potential
outcome is high, people tend to take more risk than warranted. This resez\rch,ﬁusing anovel
signal detection approach, provides new insigh;ts\into that behavior. It sgﬁs that even when
reliable probabilities are provided, people are risk seeking. It is not because people misperceive
the likelihood of the event, but rathelt because they have a higher than optimal subjective
criterion for taking action. ’Eﬁﬁnd‘i‘ngs repestedsbospprovide new insights for designing

behavioral interventions to increase the uptake of protective actions against severe weather

events.
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In risky W situations such as potential severe weather, people often need to make
decisions for an uncertain future. For example, when facing a possible tornado, people must
decide whether or not to seck shelter before they know if it will be necessary. Taking such action

,F\ 4 fovaite ¢t
can cost time and resources but provide needed protection /1\% On the other hand, not
taking protective action can save time and resources, but might expose decision-makers to
potential harm if a tornado occurs. Due to the prospect of serious harm, people are often advised
to take protective action when the probability of severe weather is low, for example, a 10%
chance (Qin et al., 2024). Under these circumstances, severe weather often fails to occur at the
residents’ location, making protective action seem like a waste of time, potentially making them
reluctant to follow future recommendations. Indeed, research on residents responses to warnings
for events such as floods, tornadoes, and hurricanes, suggests that people often fail to comply
with the recommendations (e.g., evacuation), a risk-seeking tendency ( Baker, 1991; McKinley &
Urbina, 2008; Parker et al., 2009; Smith & McCarty, 2009; Morss & Hayden, 2010; Nagele &
Trainor, 2012; Gibbs & Holloway, 2013; Martin et al., 2017; Rashid et al., 2025).

One contribution to low compliance might be that residents do not routinely receive
probabilistic information, although such information is increasingly available with its
dissemination encouraged by scholars (National Research Council et al., 2006; Morss et al.,
2008; Nagele & Trainor, 2012, Gallo et al., 2016; Karstens et al., 2015). Lacking probabilistic
information, residents may misunderstand the likelihood or worse, they may regard the forecast
as deterministic which may increase the perception that the warning was a false alarm when the

severe weather fails to occur. This may, in turn, reduce trust in future warnings.

Naturalistic Weather Tasks Requiring Decision Making under Risk



Indeed, there is experimental evidence that providing probabilistic information helps
people better understand the likelihood of the weather event, increases trust in the forecast, and
allows them to make better decisions compared to those using a single value or deterministic
forecasts (Ash et al., 2014; Joslyn & LeClerc, 2013; Klockow-McClain et al., 2020; Demnitz &
Joslyn, 2020; Gulacsik et al., 2022; Qin et al., 2024). Decision quality in these experiments was
determined by comparing participants’ decisions to an economical rational standard. According |
to expected value theory, to maximize gains or minimize losses, one should choose the option
with the best expected value (sum of the option’s outcomes multiplied by the probability of
occurrence; Tversky & Fox, 1995). The probability at which the expected value of the risky
option (e.g., a chance of losing $10) and fixed cost of the safe option (e.g., always costing $5)
break-even is the economically rational criterion: One should select the safe option when the .
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probability of the adverse event is greater
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In the experiments cited above, participants’ decisions were closer to thi%standard when
probabilistic forecasts were provided to them. The only exception was when the economically
rational criterion was at very low probability levels (e.g., 10%; Morss et al., 2010, Qinetal.,

2024) where no advantage was observed for probabilistic forecasts over deterministic forecasts.
Moreover, although probabilistic forecasts generally improved decisions, participants still
showed a risk-seeking tendency (not taking protective action as often as was warranted).
Interestingly, this risk-seeking tendency was observed despite the fact that participants’ self-
reported perception of the likelihood of the weather event was fairly accurate or even slightly
overestimated (Grounds & Joslyn, 2018; Burgeno & Joslyn, 2023; Gulacsik et al., 2022; Qin et
al., 2024). This suggests that perceived probability of the severe weather event was only part of

the equation. Additional biases must have contributed to participants’ decisions.



Most of the decision tasks in the experiments cited above used a loss frame: Participants
could only lose points with the goal to minimize point loss. However, some of the tasks involved
a mixed gamble in which it was possible to both gain and lose points from the options. In mixed
gamble tasks participants were overall risk-averse: They chose the safe option more often than
was economically rational (Demnitz & Joslyn, 2020). This pattern, taking more risk than is
economically rational for losses and less risk than is rational for gains or mixed gambles, is
consistent with a gain-loss framing effect described by Prospect Theory (Kahneman & Tversky,
1979).

However, the result of inflated subjective likelihood and risk-seeking decisions in a loss
frame (Gulacsik et al., 2022; Qin et al., 2024) presents a curiosity if considered together. When
all else is equal and unbiased, overestimating likelihood should lead to risk-averse decisions. If
people thought the likelihood of the weather event was higher than it actually was, they should
have taken the safe option more often than economically rational. Nonetheless, the studies
reviewed here found the opposite tendency (Gulacsik et al., 2022; Qin et al., 2024). This
combination of biases was also observed in a game of chance experiment, in which only losses
were possible but no probabilistic information was provided to participants (Barron & Ursino,
2013). Participants’ decisions showed a risk-seeking bias, but they overestimated likelihood. This
suggests that this curiosity is not limited to naturalistic weather tasks or to tasks in which the
probability is provided.

This curiosity is important because it suggests that there is another component in the
decision-making process that leads to the risk-secking bias described above. In the study reported
here, we ask whether the observed risk-seeking tendency could be explained by a higher than

rational subjective criterion, the likelihood above which one decides to take protective action.



A higher than rational subjective criterion can explain a risk-seeking decision bias when

perceived likelihood is well calibrated to objective probabilities. Theoretically a high enough
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subjective criterion could also counteract /gveres‘umated subjective likelihood and lead to risk-
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toward the risky optlon. Therefore, a biased subjective criterion can explain the disconnect
between overestimated subjective likelihood and risk-seeking decisions. A similar explanation
has been used for biases in the motivated reasoning literature. For instance, people require more

evidence (higher criterion) to be convinced that their preferred conclusion is false compared to

the nonpreferred conclusion (Kunda, 1990; Windschitl et al., 2010).

Signal Detection Theory and Decision Making

In the work presented here, a signal detection approach Ivas used to isolate the impact of
ive typicell 7
participants’ subjec}\ criterion. Signal detection theory,/tlsed to understand perceptual processes,

concerns two separate sycholo ical mechanis Intcrnal representations referredtoas-the
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strength required by the decision maker to identify it as present (See F igure 1; Macmillan &

Creelman, 2005). Separate internal representations age g nerated,*by the presence of the
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stimulus and
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(two distributions in Figure 1). Both are assumed to be noisy and follow some distributionx
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Because of this noise, the same extesmat-signat might be internally represented

differently each time. The ability to differentiate internal representations of the stimulus present
versus absent is the person’s sensitivity. Sensmwty is jointly determined by the distance between

/(fit He drc Ay

the two internal representation distributions st their n01se The further apa% or the less noise,
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The subjective criterion is the s&engﬂref-thw above which the presence of the
stimulus is reported (red line in Figure 1). The placement of the subjective criterion indicates
whether there is a decision bias towards reporting a presence or an absence of the stimulus.
Under the same internal representation, a lower subjective criterion leads to an increase in both
hits (reporting stimulus is pre sent when it is) and false alarms (reporting stimulus is present when

T com f
it is not), Wil g high subJective cnterion leads to a decrease in both these outcomes. In short, a
change in subjective criterion can lead to a behavioral change even if the internal representation
distributions stay the same.

Assuming stochastic internal representations such as those of signal detection theory is
not new to decision theory (Busemeyer & Townsend, 1993; Thurstons 1994; Walliibet al 2018).
For stochastic representations, one does not necessarily make the same decision based on the
same external information every time. This means that, in the context of weather decision tasks,
one does not take protective action every time the objective probability is above the
economically rational criterion. Signal detection theory with variable internal representations can

be integrated with behavioral economics theories such as prospect theory that consider the

uncertainty in the outcomes to better understand decision-making processes (Lynn et al., 2015).

Figure 1 \ Y
Random Likelihood Model Example Based on Signal Detection Theory '
rie
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Note. The random likelihood model need not assume the shape of the internal representation
distribution. Normal distributions are used in the graph as an example.



Mgmﬂ detection theory has been applied to the study of diagnostic decisions

in real life decision making under risk (Swets et al., 2000). For example, a physician needs to
diagnose whether a patient has cancer based on an X-ray. The physiciar’s ability to interpret the

,L~ S L ‘5 utw vl e
X-ray is a combination of their sensitivity and@he amount of evidence required to diagnose the

image as indicating cance)%WAs with many diagnostic decisions, the utility
of a miss (reporting no stimulus when the stimulus is present) is not the same as the utility of a
false alarm. In this example, perhaps not diagnosing cancer when the patient actually has cancer
is less acceptable than incorrectly diagnosing cancer when the patient does not have cancer.
Therefore, the physician should have a lower, more liberal criterion (requiring less evidence) to
increase hits at the expense of higher false alarms. Signal detection theory has been applied in

these situations is to identify th economlcallyXatlonal criterion to increase outcome utility in
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domains kﬁ&medmal/psychiatric diagnoses, violent risk assessment, weather forecasting, and
school admissions (Swets et al., 2000). In previous work, some studies aimed to provide a
prescriptive rational criterion for decision makers (Swets et al., 2000). Others aimed to

byl
distinguish effects on “sensmVlty” and “bias” Ife’e the research reported here (Harvey et al.,

2012).
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Stimulus-Response Table Used zn&gnaklw“mdqﬁﬁm Weather Tasks
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Stimulus Present " Stimulus Absence
Reporting a presence Hit False Alarm
Reporting an absence Miss Correct Rejection
Weather Tasks
Severe Weather Present Severe Weather Absence
Taking protective actions Hit False Alarm
Not taking actions Miss Correct Rejection




Random Likelihood Model

Signal detection theory is applied in this project by assuming a random likelihood model.

an
It ii\ analog to a random utility model in which a given value is translated to a noisy utility

(Bockenholt, 2006). As illustrated in Table 1, the four outcomes in the naturalistic weather
coum be L
decision tasksﬂaligl}\ with the four outcomes in signal detection theory (hit, false alarm, miss,

correct rejection), ad

Heve.
(Ferrell & McGoey, 1980, Harvey et al., 2012). The internal representation ofsisterextivencris the
A

participants subjective likelihood Wthat the weather event will occur, using a similar
method to a previous application of signal detection theory (Ferrell & McGoey, 1980). The
subjective criterion is the subjective likelihood above which the participants decide to take
protective action. We assume that the subjective likelihood of the weather event has variability
while the subjective criterion has no variability.

This model assumes that subjective likelihood varies over)k triz’(even when given the
same forecast information which includes probabilities. This assumption is consistent with
previous studies with naturalistic decision-making tasks showing that subjective likelihood
ratings differed in the same participant in different trials with the same objective probability,

R Yerm W
widishemert the probabilities of the weather event on each trial that were calibrated to be roughly

reliable’ andprovidediopastieinantsrrex eI ToMistions (Demnitz & Joslyn, 2020;
Gulacsik et al., 2022; Qin et al., 2024). The model does not assume a specific shape of
distribution for this varjability. This is because subjective likelihood ratings were elicited directly

Asiomsomenmle®®s to provide an estimate of tzi ?ﬁtribution. hrm:&e random
I

variability of subjective likelihood is cugsislerad the result of an amalgamation of many factors.

! Usually rounded up or down to a number divisible by 5 (e.g., 33.33% rounded to 30%).
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For example, experience with weather events in preceding trials has been found to affect the
behavior in the subsequent trials, perhaps due to the availability heuristic, where an event is
deemed more likely if an event of the same type is experienced more recently and therefore,
more likely to come to mind (Kahneman, 2003; Demnitz & Joslyn, 2020).

The random likelihood model assumes that the subjective criterion has no variability,
consistent with the typical application of signal detection theory (Macmillan & Creelman, 2005).
In other words, we assumed that people chose the safe option whenever their subjective
likelihood was above their subjective criterion, which may or may not be the same as the

economically rational criterion.

This model allows for bias in subjective criterion as well as subjective likelihood. This
combination of biases can shift one’s decision away from the economically rational decision in
three separate ways. 1) A higher subjective criterion can lead to risk-seeking bias while a lower
one can lead to a risk-averse bias. 2) Higher subjective likelihood shifts the internal

P‘M‘ 6’
representations upward, potentially abosiasilhedsubjastivauiiniaseatiootivaly leading to a
L advee b 2
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ibionbi ron. Lower subjective likelihood shifts the internal

pigle S bom
representations downward, potentially betow-thesubieetiverrinrion leading to/a\ bias tewmsns,

thersi¥=Sp#ien 3) A greater sensitivity either resulting from increased distance between the
distributions or reduced variability can lead to more hits and fewer false alarms regardless of the

decision bia% he first two ways are biases where participants make more either risk-seeking or
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risk-averse errors. The last way it afferm ot orTst :
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The study reported here used the random likelihood model to examine two possible
explanations for the tendency toward risk-seeking decisions: A bias in the subjective criterion
(biased criterion hypothesis) versus a bias in the subjective likelihood distribution (biased

likelihood hypothesis).

Possible Explanations for Biases in Subjective Criterion

Culiel &\
E’%@e, we nvestigated two explanations for ajsmile shift in the subjective
o pt.mz a
criterion away from the economically rational criterion. The first is the centering effect, the
s
tendency to bias Wy judgemely\towards the center of the response range (also called central
tendency bias; Poulton, 1979; Olkkonen et al., 2014). Originally observed in perceptual
judgements (noise volume, distance, iolor perception), this effect has been observed in
Syvel od

judgement and decision making#ie the estimation of opposing bidders’ bid in an auction
(Poulton, 1979; Radvansky et al., 1995; Olkkonen et al., 2014). It is possible that a similar effect
is present in the subjective criterion in decision-making tasks. For instance, an economically
rational criterion at 20% might result in a subjective criterion above 20% closer to the midpoint

of 50%, while an economically rational criterion at 80% might lead to a subjective criterion

below 80%, again, closer 50%.
e (4 5 /- W
A second samemaswf decision bias is gain-loss framing, es-explained-byprosprrrtironye

(Tversky & Kahneman, 1979). Risk-aversion in the gain frame might be due to a subjective
criterion lower than what is economically rational, while a risk-seeking tendency in the loss
frame might be due to a higher than rational subjective criterion. These two sources of bias,

centering and framing, are not m mutually exclusive and might both contribute to a

biased subjective criterion.
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Overview of Analyses and Experiments
To begin, two previously published experiments from Qin et al., 2024 were reanalyzed
using the random likelihood model to determine the subjective likelihood, subjective criterion,

and the sensitivity in the context of both framing and centering, M Then two

new naturalistic weather decjsion experiments were conducted to more systematically examine

a~
the biased criterion hypethestsand-its-potentineansesas-welkas-the biased likelihood
e 1
hypothef.

Transparency and Openness

For data availability, hypothesis, and analysis plan of the reanalyses (Qin et al., 2024),
please see the transparency and openness sections of the original paper. Analytic codes and
additional materials for reanalyses are available upon request.

For the two new experiments reported below, hypotheses, experimental design,
procedure, method, elimination criteria and data analysis plans of were preregistered at the Open
Science Framework at https://doi.org/10.17605/0SF.JI0/RUFDS on Jan. 21th, 2024 (experiment
1) and https://doi.org/10.17605/QSF.I0/V368N on March. 29th, 2024 (experiment 2).

Registration occurred after data collec&wmmJ&maMags avaBTea\the Open

w"‘"
Science Framework gtf&bs //osf.io/bspgn/?view onlv-249fe2542ed747829042dd35e3f®9

(experiment 1) an\ s://osf.io/sv57z/?view_only=116867f6874341cd85¢2¢ccl8b6
N
(experiment 2). Analytic codes, and additional materials for the two new experiments are

Ll <impev
uni,

available upon request.

Reanalysis of Previous Experiments
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Method of Tornado Experiments

In e two previously published experiments (Qin et al., 2024), participants made
decisions, based on a tornado warning, about whether to take shelter from possible tornadoes
(safe option) or not (risky option). The tornado warnings were presented either with or without
the probability of a tornado, manipulated between groups. The reanalysis presented here included
only the probabilistic conditions. In these conditions, participants were given reliable objective
probabilities of the toMo (e.g., 30% chance of tornado) either in the form of a color-coded
visualization (red format) or a numeric percentage (tabular format). As the differences between
these conditions were not the concern of the study reported here, they were combined. There
were 83 participants from experiment 1 and 85 from experiment 2 in the reanalyses.

The procedure of the two experiments was identical. There were 68 trials in total. On
each trial, participants saw a tornado warning, rated how likely they thought a tornado would be
(likelihood ratings), and decided between the safe option and the risky option (binary decision).
At the end of each trial, they were told whether the tornado occurred. As mentioned above, there
was a point cost to shelter and a larger point penalty if participants failed to shelter and a tornado
hit their location. Therefore only losses were possible. Participants’ goal was to lose as few
points as possible by the end of the experiment.

The main difference between the two experiments was the point structure (see Table 2).
In both experiments, the risky option had no cost but would incur a 1,000-point penalty if a
tornado hit. Participants could mitigate this loss completely by choosing the safe option for a
fixed cost. The cost was 90 points in tornado experiment 1 and 270 points in tornado experiment

2. Therefore, the economically rational criterion was 9% in tornado experiment 1 and 27% in
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tornado experiment 2. Another difference was that in tornado experiment 1 the proportion of
trials with a tornado was 23.5% while in tornado experiment 2 it was 38.2%.
Results

Three sets of analyses were conducted for each experiment to examine Y4€ three possible
ways the decisions could be affected. Ananlyses were conducted on 1) mean subjective criterion,
2) mean likelihood ratings, and 3) sensitivity, operationalized as Receiver Operating
Characteristic (ROC) plots. ROC plots were constructed from participants likelihood ratings and
decisions and show how different subjective criteria can impact participants’ hit and false alarm
probability given the same sensitivity. The greater the area under the curve the greater the

sensitivity (see Figure 2). Inferential statistics of t-tests were conducted with an alpha of .05.



Table 2

Point Structure of the Two Tornado Experiments

15

Experiment 1

Safe Option

Risky Option

Tornado Occurred

Tornado Did Not Occur

Hit: -90 points

False alarm: -90 points

Miss: -1000 points

Correct rejection: 0 points

Experiment 2

Safe Option

Risky Option

Tornado Occurred

Tornado Did Not Occur

Hit: -270 points

False alarm: -270 points

Miss: -1000 points

Correct Rejection: 0 points
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Figure 2
A Typical Curve
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Note. The y axis is the probability of a hit when the probability of a false alarm is the value on
the x axis. A lower criterion is indicated by an increase in the probability of both a hit and a false
alarm, following the blue curve from bottom left to upper right.
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Calculated Subjective Criterion

The subjective criterion was estimated using each participant’s likelihood ratings and
proportion of trials on which they chose the safe option. The assumption was that participants
chose the safe option whenever their subjective likelihood was higher than their subjective
criterion. Thus, for each participant, the cumulative proportion of likelihood ratings falling
between X% chance and 100% was determined such that it matched the proportion of trials on
which the participant chose the safe option. The likelihood at the end point (X%) is referred to as
the calculated subjective criterion. For example, if a participant chose the safe option on 50% of
the trials, a number was located on their likelihood rating distribution such that 50% of the trials
had a likelihood rating higher than that number (Figure 3). This number, say 40% likelihood (the
red line in Figure 3), was the calculated subjective criterion for this participant because 50% of
trials fell above it. With this method, a calculated subjective criterion was obtained for each

participant, and a mean was calculated for each experiment.
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Figure 3
Hllustration of the Calculation of Subjective Criterion
14%
12% Calculated Criterion
40%
10%
Z The participant chose the safe option 50% of the trials
§ 8% 0.50 is the area under the distribution on the right
g side of the red line.
§ 6%
&
4%

2%

0%
2.5 7.5 12.517.5 22.5 27.5 32.5 37.5 42.5 47.5 52.5 57.5 62.5 67.5 72.5 77.5 82.5 87.5 92.5 97.5
Likelthood Ratings

Note. The blue area is an example of a likelihood rating distribution.
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In Figure 4, the mean calculated criterion for each experiment is shown as a blue dot in
relation to the economically rational criterion. An independent t-test revealed that the mean
calculated criterion in tornado experiment 1 (M = 31.0%, SD = 18.6%) was significantly lower
than in tornado experiment 2 (M = 41.2%, SD = 13.8%) with a difference of -10.2% (1(148.6) =
4.07, p < 0’{) Mmmstzm with an effect of the economically rational cntenon,%t
was-da-ﬁ’ermr-m-eaehexpenmenL

In addition, the mean calculated criterion in each experiment was directly compared to
the economically rational criterion in that experiment using one-sample t-tests. In both cases the
mean calculated criterion was higher than the economically rational criterion. In tornado
experiment 1, the calculated criterion (M = 31.0%) was significantly higher than the
economically rational criterion of 9% with a difference of 22% (t(82) = 10.77, p <.001). In
tornado experiment 2, the calculated criterion (M = 41.2%) was again, significantly higher than
the economically rational criterion of 27% with a difference of 14.2% (t(84) = 9.81, p <.001).
Thus, the calculated criterion was higher than the economically rational criterion in both
experiments, suggesting a biased subjective criterion. Moreover, the bias was larger in the

experiment with the lower economically rational criterion.

Likelihood Ratings

In each experiment, one-sample t-tests were used to compare the mean likelihood rating
over all trials with differing probability levels to an operationalization of mean objective
probability, the proportion of trials in which a tornado occurred in that experiment?. In both

experiments mean likelihood ratings were higher. In tornado experiment 1, the mean likelihood

> This is equivalent to the mean objective probability which was reliable.
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rating (M = 33.7%, SD = 10.0%) was significantly higher than the proportion of tornado trials of
23.5% with a difference of 10.2% (1(82) = 9.33, p <.001). In tornado experiment 2, the mean
likelihood rating (M = 42.7%, SD = 7.5%) was 4.5% higher than the proportion of tornado trials
of 38.2% (1(84) = 5.48, p <.001). Figure 5 shows the likelihood ratings for tornado experiments
1 and 2 as a function of the objective probabilities. It confirms that the likelihood was
overestimated for all objective probability levels except for the extreme high end. Because the
mean objective probability was different between the two experiments (due to different trial
composition), it was not possible to compare them to determine whether there was an effect of

different economically rational criteria on subjective likelihood.
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Figure 4
Calculated Subjective Criterion in the Two Tornado Experiments
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Note. The y axis represents the calculated criterion while the x axis represents the economically

rational criterion. Diagonal line represents when the calculated criterion is the same as the

economically rational criterion. The dashed line represents a calculated criterion of 50%. Error

bars show standard errors of the mean.
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Figure 5
Likelihood Ratings as a Function of Objective Probabilities in the Two Tornado Experiments

100%
90%
80%
70%
60%
50% ~——Tornado Expl

40%
30% ~—Tornado Exp2

Likelihood Ratings

20%
10%
0%

—Identity

0%10% 30% 50% 70% 90%
Objective Probability

Note. The y axis represents the likelihood ratings while the x axis represents the objective
probabilities. The blue line represents the likelihood ratings of tornado experiment 1. The orange
line represents the likelihood ratings of tornado experiment 2. Error bars show standard errors of
the mean.
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Receiver Operating Characteristic Plots

The ROC analysis was conducted to test the assumption of the random likelihood model
that subjective likelihood and the subjective criterion jointly determine the decision. It also
allowed us to examine whether the sensitivity (participants’ ability to predict the tornado as
revealed by their shelter decisions) differed between experiments. The ROC plots were
composed of two parts: 1) ROC curves 2) Points indicating the hit and false alarm rates of
decisions in each experiment. For a similar approach see Harvey et al. (2012). The calculation of
each is explained below.

The ROC curves show the relation between the estimated hit and false alarm probabilities
based on the likelihood rating distribution conditionalized by whether there was a drought or not
anci a varying hypothetical cut-off at 5% intervals from 0% to 100% on the distribution, using a
method similar to Ferrel & McGoey (1980). A hit was defined as a trial with a likelihood rating
above the cut-off and a tornado occurred. Theb hit probability was the proportion of tornado trials
above that cut-off. A false alarm was a trial with a likelihood rating above the hypothetical cut-
off and a tornado did not occur. The false alarm probability was the proportion of no tornado
trials above the cut-off. By varying the cut-off by 5% steps from 0% to 100%, a pair of hit and
the false alarm probabilities at each step (20 in total) were calculated and plotted as the ROC
curve in Figure 6. As 68 trials per participant were too few data points to populate 20 steps to
create participant level ROC curves, trials from all participants were lumped to create a singular
ROC curve for each experiment.

Next, a point representing the mean proportion of hits and false alarms of participants’

binary decisions in each experiment was added to the appropriate ROC plot. A hit was when the
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participant chose the safe option and the tornado occurred. A false alarm was when the
participant chose the safe option and no tornado occurred.

The first goal of the ROC analysis was to test the random likelihood model method of
calculating the subjective criterion. If participants chose the safe option whenever their
likelihood rating was above their subjective criterion, the hit and false alarm probabilities of the
ROC curve from their likelihood ratings should align with the mean hit and false alarm
probability of their decisions. Figure 6 shows the ROC plots for tornado experiment 1 and 2. In
both experiments, the ROC curve and the 95% confidence interval of the decision point
overlapped. This indicates that the decision point was consistent with the ROC curve.

To address the second goal of the ROC plot analysis, the mean percent area under the
ROC curve was calculated. The greater the area under the curve the greater the sensitivity. An
independent t-test revealed that the mean percent area under the ROC curve was significantly
lower in tornado experiment 1 (M = 64.0%, SD = 6.8%) than in tornado experiment 2 (M =
78.1%, SD = 6.8%) with a difference of -14.1% (t(165.86) = 13.41, p <.001). This indicates a
worse sensitivity in experiment 1 than experiment 2. However, as different trial compositions can

affect sensitivity, a conclusion about the effect of altering the economically rational criterion

cannot be drawn.



Figure 6
ROC Plots for Tornado Experiment 1(Top) and 2 {(Bottom)
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Discussion

The reanalysis of the tornado experiments indicated that the participants’ subjective
criterion was higher than the economically rational criterion in both experiments, indicating a
risk-seeking tendency. This is consistent with the loss frame leading to risk-seeking behavior. In
addition, the subjective criterion was closer to 50% than the economically rational criterion in
both experiments, consistent with the centering effect. Because the tornado experiments did not
test a gain frame known to lead to risk averse behavior (subjective criterion expected to be higher
for gain than loss), nor a condition where the economically rational criterion was higher than
50% (subjective criterion expected to be lower than rational), it is not possible to distinguish
between these two explanations. Hence in the new experiments reported in the next section, these
conditions were added to distinguish the centering effect and the gain-loss framing effect.

The reanalysis presented above also suggests that the risk-seeking tendency observed in
these two experiments was not due to biased subjective likelihood. The mean likelihood rating
analysis showed that likelihood was significantly over rather than underestimated in both
experiments. Subjective likelihood ratings were also not affected by centering as there were
similar amounts of overestimation across all objective probability levels except for the highest
level. The higher-than-rational subjective criterion counteracted the overestimated likelihood
ratings and led to risk-seeking decisions. Unfortunately, as the trial composition (e.g., mean
objective probability of a tornado) in the two experiments was different, the mean likelihood
ratings were not comparable with each other to examine whether changing the economically
rational criterion had an effect on subjective likelihood.

Next, the mean sensitivity differed between the two experiments. Again, the difference in

trial composition also prevented us from making a direct comparison in terms of mean sensitivity
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here. This is because the two experiments differed in the proportion of extreme probability trials
(10%, 90%) in which it was easier to predict whether a tornado would hit, translating to a higher
sensitivity. Therefore, it was not possible to determine whether this difference stemmed from the
change of the economically rational criterion between the two experiments or the difference in
trial composition.

Finally, in the ROC plots of both experiments, the 95% confidence interval of the binary
decision point overlapped with the ROC curve. This indicates that the proportion of hits and false
alarms based on participants’ binary decisions was consistent with the ROC curve of hits and
false alarms based on likelihood ratings. This in turn suggests that the subjective criterion and
subjective likelihood were the sole determinants of the decisions, validating th¢ random
likelihood model approach to calculating the subjective criterion.

Overall, the reanalyses indicated a bias in the subjective criterion that overcame the bias
in subjective likelihood and led to risk-seeking decisions. It left the door open to both a centering
effect and/or a gain-loss framing effect on the subjective criterion. However, the experimental
design and the difference in trial composition between experiments that led to confounds in
several analyses prevent stronger conclusions.

The goal of the two new experiments reported below was to distinguish the cause of the
bias in subjective criterion and rule out the effect of subjective likelihood. They employed a
drought preparation task based on Demnitz & J oslyn (2020), using both a gain and a loss frame?.

Experiment 1
Experiment 1 investigated the effect of centering on subjective criterion by manipulating

the economically rational criterion at, below and above 50%. If centering is present subjective

* Two pilot experiments, not reported here, examined the gain-loss framing effect. One yielded a significant effect
and the other yielded a trend in the expected direction but failed to reach significance.
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criterion should not shift in the first case, shift up in the second and down in the third. By the
biased criterion hypothesis, this manipulation was expected to affect only the subjective criterion
and not the subjective likelihood or sensitivity.
Method
Participants

A total of 160 participants from the US were recruited from Prolific Academic in January
2024, a crowdsourcing platform for online research. After an elimination process, 157
participants were used in the analysis. Three were eliminated for failing the comprehension
check (see the procedure section below). Each participant was paid $4 for participation plus a
performance based monetary bonus. Demographic data was provided by Prolific. The mean age
was 40 (SD = 13.91, range 20 to 80 years). There were 80 (51%) females, 75 (48%) males, 1
(1%) who preferred not to say, and 1 (<1%) for whom Prolific provided no data. There were 12
Asians (8%), 13 African Americans (8%), 112 Whites (71%), 12 mixed (8%), 6 other (4%) and 2
(1%) where Prolific had no data. This experiment was approved by the University of Washington
Human Subject Division.
Procedure and Stimuli

The experiment was hosted on Qualtrics. The link to the Qualtrics survey was posted on
Prolific inviting those who were residents of the US to participate. The electronic informed-
consent form was displayed on the first page and participants were instructed to click next and
continue if they consented. See Supplementary Materials S1 for illustrations of the task,
including instructions and survey questions.

In the task, henceforth called the drought task, participants played the role of an

agricultural consultant who advised farmers on whether to plant a drought-resistant crop (safe
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option) or a regular crop (risky option) based on a drought forecast for the upcoming season,
Participants were told that a potential drought might lead to a loss for farmers reflected in a point
loss for participants, compared to regular, non-drought seasons. They were then introduced to the
point structure that tracks the outcomes of their decisions. They were paid a monetary bonus
commensurate with their point balance at the end of the experiment. Participants’ goal was to
lose as few points as possible.

Point Structure. In order to simulate real life decisions with consequences, and to
encourage participants to put forth their best effort, a point structure mentioned above was
implemented (See Table 3). Point loss values determined the economically ration criterion,
manipulated between groups. There were three economically rational criterion conditions (erc):
25% (25erc), 50% (50erc), and 75% (75erc). In all conditions the regular crop (risky option)
provided a loss of 0 points if there was no drought and a loss of 400 points if there was a
drought. In the 25erc, 50erc, and 75erc condition, the drought resistant crop (safe option)
provided a sure loss of 100, 200 and 300 points respectively (See table 3). In all conditions
participants were endowed with the same starting balance of 20,000 points. The bonus payment
structure was set up to make the bonus roughly equivalent in the three conditions. In the 25erc
condition, participants were paid $1 for every 1,000 points in their balance above a payment
threshold of 15,000 points. In the 50erc condition, participants were paid $1 for every 2,000
points in their balance above 10,000 points. In the 75erc condition, participants were paid $1 for
every 3,000 points in their balance above 5000 points. This payment threshold was set up to
prevent participants from taking the simplistic approach of choosing the safe option in every
single trial. For example, in the 25erc condition, if they chose the safe option in all 50 trials, they

would end up with 15,000 points (20,000 — 50 * 100).
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Trial Structure. After reading the instructions and going through a practice trial, and answering
two attention check questions (See Supplementary Materials), participants began the 50
experimental trials. Each trial comprised three screens. On the first screen, participants saw a
forecast which described the probability that drought would occur on that trial (e.g., “The latest
climate forecast indicates a 35% chance of drought in the upcoming season for farmer-client 17).
We refer to this as the objective probability because it was calibrated to be roughly reliable. The
mean objective probability (M = 36.5%) matched the proportion of droughts across the 50 trials
(36%). Objective probability had five within-subject levels: 20%, 35%, 50%, 65%, and 80% (see
Supplementary Materials S2). The trial order was randomized for each participant.

Participants then moved the slider on a visual analog scale (VAS) with anchor points
impossible and certain to answer the question “Move the marker to indicate what you think the
likelihood of a drought is” (likelihood rating). On the second screen, participants saw the same
forecast and chose which crop they wished to plant by pressing one of the two buttons (binary
decision) labeled “Regular Crop: A loss of 0 points if there is no drought; A loss of 400 if there is
a drought” (25erc example) and “Drought Resistant Crop: A loss of 100 points regardless of

drought.” After making their decision, the third screen showed the outcome of the trial in terms

of point deductions.
Table 3
Point Structure of the Three Conditions in Experiment 1
25erc Condition
Safe Option Risky Option
Drought Occurred ~100 points -400 points
Drought Did Not Occur -100 points 0 points
50erc Condition
Safe Option Risky Option
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Drought Occurred -200 points -400 points
Drought Did Not Occur -200 points 0 points
75erc Condition
Safe Option Risky Option
Drought Occurred -300 points ~-400 points
Drought Did Not Occur -300 points 0 points
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Post-Task Questions. After completing all 50 trials, a summary of participants’ decisions
and their outcomes across the trials was shown along with several questions. Participants were
first asked a comprehension check question. They then indicated their (self-reported) decision
criterion for choosing the safe option. This was an alternative to the calculated criterion for
estimating the subjective criterion for choosing the safe option. The self-reported criterion was
asked at the end of the experiment and thus was based on experience from the 50 trials, similar to
a previous study (Joslyn & Grounds, 2015). However, the self-reported criterion was a conscious
post-hoc assessment based on memory. As such, it might not match participants’ actual decision-
making process which might also be affected by unconscious trial-specific processes. Next,
participants rated how difficult the task was and answered an open-ended question asking them
which part of the experiment they found difficult to understand. These two questions were meant
to check the challengingness of the goals in the loss frame task Finally, participants reported any
problems in the experimental program. No bugs or glitches were reported. After completion of
all questions, participants were thanked and provided with a unique completion code to enter into
Prolific to verify their participation and receive payment.

Design

Experiment 1 used a 3 x 6 mixed design. There was one between-group independent
variable: Economically rational criterion with three levels: 25etc, S0erc, and 75erc. There was
one within-group independent variable: Objective probability of a drought with five levels: 20%,

35%, 50%, 65% and 80%.
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Analysis Overview _
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Wthe biased criterion d,lie to centenngWs the mean subjective

criterion should Shlﬁ away from the economically rational criterion towards 50%. This means
that in the 25erc condition, the subjective criterion would be between 25% and 50% while in the
75erc conditioh the subjective criterion would be between 50% and 75%. In the SOerc condition,
the subjective criterion would be close to 50%. HﬂUO;:;‘ :he mampul%mon of the economically
rational criterion should not affect subjective likelihood or sensitivity. Additional analyses on

self-reported criterion and the proportion of trials choosing the safe option yielded results

consistent with the calculated criterion analyses and are reported in the Supplementary Materials

S3.
The same set of dependent measures as those used in the reanalyses were analyzed in
experiment 1. To test the biased cntenop 0 es1s alculated criterion was analyzed.
AA Lo Fof- it snbieim ,w, led

/\ Likelihood ratings and sensitivity (area under the ROC curve) wer:;t analyzed te-=SSTimmeiiontc

For all dependent variables, a series of ANOVASs and t-tests were conducted. Holm-
Bonferroni Method was used for planned and post hoc t-tests as well as planned pairwise
comparisons under omnibus ANOVAs. Tukey method was used for post hoc pairwise

comparisons under omnibus ANOVAs.

Calculated W Criterion

In Figure 7, the calculated criterion is shown as blue dots for 25erc, 50erc, and 75erc

conditions. The mean calculated criterion was 35.0% (SD = 13.3 %) in the 25erc condition,
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48.4% (SD = 15.9%) in the 50erc condition, and 58.1% (SD = 15.3%) in the 75erc condition. An
ANOVA on the calculated criterion with economically rational criterion (25erc, 50erc, and 75erc)
as the independent variable showed a main effect (F(2,154) = 32.53, p <.001). In planned
pairwise comparisons the 50erc condition had a significantly higher calculated criterion than the
25erc condition with a difference of 13.4% (t(154) = 4.54, p < .001, corrected alpha = .025). The
75erc condition had a significantly higher calculated criterion than the 50erc condition with a
difference of 9.7% (t(154) = 3.30, p = .001, corrected alpha = .05).

In addition, three planned one-sample t-tests compared the calculated criterion in each
condition with the economically rational criterion. In the 25erc condition, the calculated criterion
was significantly higher than 25% with a difference of 10% (t(53) = 5.47, p < .001, corrected
alpha = .017). In the 50erc condition, the difference of 1.6% between the calculated criterion and
50% was not significant (t(46) = 1.40, p = .17). In the 75erc condition, the calculated criterion
was significantly lower than 75% with a difference of -11.9% (t(53) = 8.06, p < .001, corrected
alpha = .025). This pattern of results is consistent with the centering effect such that the

calculated criterion shifted towards 50% from the economically rational criterion.
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Figure 7
Calculated and Self-Reported Subjective Criterion in the Three Conditions of Experiment 1
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In addition, the pattern of self-reported ctiterion was consistent with that of the calculated
criterion, although the self-reported criterion was pulled towards 50% to a greater extent than the
calculated criterion in the 25erc condition. Similarly, the pattern of the proportion of trials
choosing the safe option was also consistent with that of the calculated criterion. The proportion
was lower than economically rational proportion (risk-seeking) in the 25erc condition, not
different from economically rational (risk-neutral) in the 50erc condition, and higher than
economically rational (risk-averse) in the 75erc condition. These results corroborate the
calculated criterion analysis. The full results of the self-reported criterion and the proportion of
trials choosing the safe optiona‘ {':;p%rtcd in the Supplementary Material S3.

Likelihood Ratings

Figure 8 shows the likelihood ratings as a function of objective probabilities in the three
conditions. An ANOVA on the mean likelihood ratings collapsed over all objective probability
levels with the economically rational criterion manipulation as the independent variable (25erc,
50erc, and 75erc) showed no significant differences (F(2,154) = 0.81, p= 45). The mean
likelihood rating was 37.1% (SD = 7.0%) in the 25erc condition, 39.3% (SD =11.9%) in the
50erc condition, and 37.8% (SD = 7.1%) in the 75erc condition. In addition, to assess the
accuracy of participants likelihood ratings, post hoc one-sample t-tests compared the mean
likelihood rating in each condition with the proportion of drought trials (36%). None of the three
differences was significant (25erc: 1.1% (t(53) = 1.16, p =.25); 50erc: 4.3% (1(48) = 1.94, p
= .06, corrected alpha = .017; 75erc 1.8% (t(53) = 1.88, p = .07, corrected alpha = .025)). This
suggests that the likelihood of drought ratings was close to the proportion of drought trials and

not affected by the manipulation of economically rational criterion. In addition, as seen in Figure
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8, the three conditions had similar likelihood rating patterns. Likelihood ratings were slightly
overestimated at all objective probability levels except for 35%.
Sensitivity

The next analysis examined the sensitivity or participants’ ability to predict the drought,
as measured by the area under the ROC curve. In Figure 9, ROC plots are shown for the 25erc,
50erc, and 75erc conditions. The ROC curves of the three conditions were similar, indicating that
all conditions had similar sensitivity or the ability to predict drought based on provided drought
forecasts. The mean percent area under ROC curve was 71.2% (SD = 5.0%) in the 25erc
condition, 70.3% (SD = 5.5%) in the 50erc condition, and 70.6% (SD = 5.4%) in the 75erc
condition. An ANOVA on the mean percent area under curve, with the economijcally rational
criterion as the independent variable (25erc, 50erc, and 75erc) failed to reach significant
(F(2,154) = .043, p = .65). This suggests that the economically rational criterion manipulation
had no effect on the sensitivity. Note also that the dot representing the mean binary decisions fell
on the ROC curve in all three conditions suggesting again that the decisions were consistent with

participants making decisions based on subjective likelihood and subjective criterion.
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E;‘Igtglr;zgod Ratings as a Function of Objective Probability in Experiment 1
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Note. The blue line represents the 25 economically rational criterion condition. The orange line
represents the 50 economically rational criterion condition. The purple line represents the 75
economically rational criterion condition. There was no observed centering effect.
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Figure 9
ROC Plot for the 25% Economically Rational Criterion Condition in Experiment |
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Note. The blue curve is ROC curves created from likelihood ratings. The orange dot is created
from binary decisions. The percent area under curve was 71.2% for the 25erc condition, 70.4%

for the 50erc condition, and 70.6% for the 75erc condition. Error bars show standard errors of the
mean.
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Discussion

Experiment 1 tested two predlctlons based 0£ the biased criterion hypothesis: 1)
manipulating the economically rational criterion :mﬂ:l:e‘veal a centering effect such that
calculated criterion would shift towards 50%; 2) The likelihood ratings and sensitivity would not
be affected. Supporting this hypothesis, the calculated criterion was between 25% and 50% in the
25erc condition (a shift up towards 50%), and between 50% and 75% in the 75erc condition (a
shift down towards 50%). Meanwhile there was little shift in the 50erc condition. These results
were corroborated by analyses of self-reported criterion and the proportion of trials choosing the
safe option in which similar patterns were observed. Thus, in this loss framed task, participants
were risk-seeking in the 25erc condition, risk-neutral in the 50erc condition, and risk-averse in
the 75erc condition.

J_..a ml 3 !R’\

Hess®®r, as predicted by the biased criterion hypothesis, manipulating the economically
rational criterion did not affect the likelihood ratings ruling it out as an explanation for
participants biased choices. As seen in Figure 8, there was a slight overestimation but no
observed centering effect in likelihood ratings as indicated by comparing them to the objective
probability levels. In addition, sensitivity was also not affected by manipulating economically
rational criterion. This suggests that changing the economically rational criterion does not affect
people’s perception of the probability of drought or their ability to predict the drought.

Next, in the ROC plots (Figure 9), the binary decisions (the decision dot indicating

proportion of hits and false alarm) were conmstz? ? respegtive ROC curves, suggesting
Crmmpn. b.qxf:l ftv‘ el 2 _ /i.e
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In summary, experiment 1 yielded support for centering affecting the subjective criterion
but not subjective likelihood or the sensitivity, consistent with the biased criterion hypothesis. An
interesting finding is that participants showed risk-aversion when the economically rational

criterion was high even in a loss frame. This hints that the gain-loss framing effect might not be

powerful enough to ensure risk-seeking behaviors in a loss frame at least in this scenario. FirrrHymem

Experiment 2

In Experiment 2, the primary goal was to examine the gain-loss framing effect in addition
to the centering effect. Therefore, both a gain frame and a loss frame were included. Experiment
2 used the same drought-related decision task as experiment 1.
Method
Participants

A total of 591 participants from the US were recruited from Prolific Academic in March
2024. After the elimination process, 558 participants were used in the analysis. Eleven were
eliminated for having a lower than 0.7 ReCAPTCHA score, a bot detection system used by
Qualtrics survey platform*. Twenty-two were eliminated for failing the comprehension check
(same question as experiment 1). As with Experiment 1, each participant was paid $4 plus a
performance based monetary bonus. Demographic data was provided by Prolific. The mean age
was 39 (SD = 11.91, range 18 to 81 years). There were 229 (41%) females, 327 (59%) males, 1
(<1%) who preferred not to say, and 1 (1<%) for whom Prolific provided no data. There were 62

Asians (11%), 73 African Americans (13%), 359 Whites (64%), 37 mixed race (7%), 24 other

% Same procedure was used in experiment 1 with no participant eliminated.
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(4%) and 3 (1%) for whom Prolific provided no data. This experiment was approved by the
University of Washington Human Subject Division.
Procedure and Stimuli

The procedure, trial structure and stimuli were similar to experiment 1. Only exceptions
are noted here. In particular, a gain frame condition was added that was similar to the loss frame
(See Table 4), with the drought resistant crop (safe option) yielding a sure gain while the regular
crop (risky option) had the potential to yield a higher gain (see Supplementary Materials 52). In
addition, the 75erc condition was omitted in order to maximize the number of participants in the
each condition. The 75erc was excluded as it was the least realistic among the three levels as
severe weather events usually require people to take protective action at a lower probabilities.

In terms of dependent variables, the same questions were asked as with experiment 1
(See Supplementary Materials S2). In Experiment 2, an ANOVA on difficulty ratings with gain-
loss framing (gain frame, loss frame) and economically rational criterion (25erc, 5 QOerc) as the
independent variables revealed that participants reported the loss frame condition M=142,8D
=22.4, range 0 to 100) to be slightly more difficult to understand than the gain frame condition
(M=10.5, SD = 16.6, F(1, 554) = 4.94, p = .027).

Point Structure. The point structure in the 25erc and 50erc loss frame conditions was
identical to that of experiment 1 while the point structure in the gain frame conditions had the
equivalent risk (See table 4). The beginning point balance and payment structure were the same

as the 25erc and 50erc conditions of experiment 1.



Table 4

Point Structure of the Four Conditions in Experiment 2

25erc Condition Gain Frame
Safe Option Risky Option
Drought Occurred Hit: 300 points Miss: 0 points
Drought Did Not Occur False Alarm: 300 points Correct Rejection: 400 points
25erc Condition Loss Frame
Safe Option Risky Option
Drought Occurred Hit: -100 points Miss: -400 points
Drought Did Not Occur False Alarm: -100 points Correct Rejection: 0 points
S0erc Condition Gain Frame
Safe Option Risky Option
Drought Occurred Hit: 200 points Miss: 0 points
Drought Did Not Occur False Alarm: 200 points Correct Rejection: 400 points
50erc Condition Loss Frame
Safe Option Risky Option
Drought Occurred Hit: -200 points Miss: -400 points
Drought Did Not Occur False Alarm: 200 points Correct Rejection: 0 points




Design

Experiment 1 used a 2 x 2 x 6 mixed design. There were two between-group independent
variables: Economically rational criterion with two levels: 25erc, and 50erc and gain-loss
framing with two levels: Gain frame and loss frame. There was one within-group independent

variable: objective probability of a drought with five levels: 20%, 35%, 50%, 65% and 80%.

Results
Analysis Overview

As with Experiment 1 we expected the results to indicate a biased subjective criterion. In
Experiment 2 we tested two mechanisms for such a bias, gain-loss framing and centering. Based
on the utility function of prospect theory (Tversky & Kahneman, 1979), the loss frame should
lead to a higher subjective criterion than the gain frame. As with experiment 1, the centering
effect should shift the subjective criterion in the 25erc condition towards 50% while having no
effect on the subjective criterion in the 50erc condition. No interaction between these two effects
was expected as their mechanisms are theoretically independent. Neither manipulation was
expected to affect likelihood ratings or sensitivity.
Calculated Subjective Criterion

Figure 10 shows the calculated criterion for the four conditions. As predicted by prospect
theory, the calculated criterion in the loss frame (M =40.6%, SD = 15.9%) was higher than in the
gain frame (M = 37.9%, SD = 16.9%). As predicted by the centering effect, it was higher than
the economically rational criterion in the 25erc condition (M =34.5%, SD = 15.0%) and lower
than the economically rational criterion in the 50erc condition (M =43.7%, SD = 16.7%). An

ANOVA on the calculated criterion with the gain-loss framing (gain frame, loss frame) and
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economically rational criterion (25erc, 50erc) revealed a main effect of the gain-loss framing
manipulation such that in the loss frame the calculated criterion was 2.7% higher than in the gain
frame (; F(1, 554) = 4.38, p = .037). There was a main effect of the economically rational
criterion such that the calculated criterion in the 50erc condition was 9.2% higher than in the
25erc condition (; F(1, 554) = 46.76, p < .001). There was no significant interaction (F(1, 554) =
1.03, p=.31).

To measure the deviation from economically rational criterion in each condition, four
planned one-sample t-tests compared the calculated criterion with the economically rational
criterion in each condition. In the 25erc gain frame condition, the calculated criterion M=
32.5%, SD = 15.4%) was significantly higher than the economically rational criterion of 25%
with a difference of 7.5% (t(140) = 5.76, p < .001, corrected alpha = .017). In the 25erc loss
frame condition, the calculated criterion (M = 36.6%, SD = 14.3%) was significantly higher than
25% with a difference of 11.6% (t(129) = 9.27, p < .001, corrected alpha = .013). In the 50erc
gain frame condition, the calculated criterion (M = 43.0%, SD = 16.8%) was significantly lower
than the economically rational criterion of 50% with a difference of -7.0% (t(148)=5.10,p
<.001, corrected alpha = .025). In the 50erc loss frame condition, the calculated criterion (M =
44.4%, SD = 16.5%) was also significantly lower than 50% with a difference of -5.6% ®(137) =
137, p <.001, corrected alpha = .05).

In summary, both manipulations affected the calculated criterion and they did not interact
with one another. While the calculated criterion in the 25erc condition was higher than the
economically rational criterion as predicted, the calculated criterion in the 50erc condition was

unexpectedly lower than the economically rational criterion.
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In addition, like in experiment 1, the pattern of self-reported criterion was consistent with
that of the calculated criterion. The proportion of trials choosing the safe option showed lower
proportion than economically rational (risk-seeking) in the 25erc loss frame condition and higher
proportion (risk-averse) in the 25erc gain condition and both 50erc conditions . This result also
corroborated the calculated criterion analysis. The full results are reported in the Supplementary
Material S4.

Figure 10
Calculated and Self-Reported Subjective Criterion in the Four Conditions of Experiment 2
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Note. In the 25erc gain frame condition, the calculated criterion was 7.5% higher than the
economically rational criterion of 25%. In the 25erc loss frame condition, the calculated criterion
was 11.6% higher than 25%. In the 50erc gain frame condition, the calculated criterion was 7.0%
lower than the economically rational criterion of 50%. In the 50erc loss frame condition, the
calculated criterion was 5.6% lower than 50%. The self-reported criterion followed a similar
pattern.
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Likelihood Ratings

Figure 11 shows mean likelihood ratings as a function of objective probabilities in the
four conditions. An ANOVA with the gain-loss framing and economically rational criterion
manipulation (25erc, 50erc, and 75erc) as the independent variables, on the mean likelihood
ratings collapsed over all objective probability levels revealed that it was similar across
conditions. There was a 0.1% difference between the mean likelihood ratings in the gain frame
condition (M = 39.9%, SD = 10.0%) and in the loss frame condition (M =40.0%, SD = 10.3%)
that was not significant (F(1, 554) = .017, p = .68). The 0.3% difference between the mean
likelihood ratings in the 25erc condition (M = 40.1%, SD = 9.2%) and in the 50erc condition (M
= 39.8%, SD = 10.9%) was also, not significant (F(1, 554) = 0.23, P= .64). There was no

significant interaction (F(1, 554) = 0.36, P = .55).



Figure 11

Likelihood Ratings a Function of Objective Probability in Experiment 2
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represents the S0erc gain condition. The red solid line represents the 25erc loss frame condition.

The red dashed line represents the SOerc loss condition. There was no observed effect of the

manipulations.
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In addition, four post hoc one-sample t-tests compared the mean likelihood rating in each
condition to the proportion of drought trials (36%) showing that in each case, likelihood ratings
were higher. In the 25erc gain frame condition, the mean likelihood rating (M = 40.5%, SD =
9.8%) was significantly higher than the proportion of drought trials with a difference of 4.5%
(t(140) = 5.45, p <.001, corrected alpha =.013). In the 25erc loss frame condition, the mean
likelihood rating (M = 39.7%, SD = 8.5%) was significantly higher than the proportion of
drought trials with a difference of 3.7% ((129) = 4.93, p < .001, corrected alpha =.017). In the
S0erc gain frame condition, the mean likelihood rating (M = 39.3%, SD = 10.1%) was
significantly higher than the proportion of drought trials with a difference of 3.3% (1(148) =4.01,
p <.001, corrected alpha = .025). In the 50erc loss condition, the mean likelihood rating M =
40.3%, SD = 11.8%) was also significantly higher than the proportion of drought trials with a
difference of 4.3% (t(137) = 4.28, p < .001, corrected alpha = .05). Thus, likelihood ratings were
overestimated compared to the proportion of drought trials regardless of the gain-loss framing or
the economically rational criterion manipulation.

Sensitivity

The next analysis examined sensitivity (participants’ ability to predict the drought), as
measured by the area under the ROC curve. Figure 12 shows ROC plots for the four conditions
showing similar curves, indicating similar sensitivity in all four conditions, In addition, the 95%
confidence interval of binary decisions overlapped with the ROC curves in all but the 50erc gain
frame condition. The mean percent Area under ROC curve was 70.0% (SD = 8.1%) in the 25erc
gain frame condition, 71.1% (SD = 5.2%) in the 25erc loss condition, 69.8% (SD = 7.6%) in the
50erc gain condition, and 69.6% (SD = 6.9%) in the 50erc loss condition. An AN OVA on the

mean percent area under the curve with the gain-loss framing (gain frame, loss frame) and
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economically rational criterion (25erc, SOerc, and 75erc) as the independent variables showed no
significant main effect of gain-loss framing (F(1, 554) = 0.51, p= .47) or economically rational
criterion (F(1, 554) = 1.93, p = .17). There was no significant interaction (F(1, 554) = 0.94, p

= .33). This suggests that the sensitivity was not affected by the manipulation of gain-loss
framing and economically rational criterion and that the decisions were determined by subjective

likelihood and subjective criterion.
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Figure 12
ROC Plot for the Four Conditions in Experiment 2
1 : 1
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Note. The blue curve is ROC curves created from likelihood ratings. The orange dot is created
from binary decisions. The percent area under curve was 70.0% in the 25erc gain frame
condition, 71.1% in the 25erc loss frame condition, 69.8% in the 50erc gain frame condition,
69.6%. in the 50erc loss condition. Error bars show standard errors of the mean.,
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Discussion

Experiment 2 tested predictions about the mechanisms that account for a biased criterion:
‘4’ L sboy {( <
1) gam-loss framing ineudzish the subjective criterion whlgher in the loss than in the gain frame;
P sl
2) economically rational criterion below 50% whnboew the subjective cntenonfnugrate

of-He rege (59%)

toward the center. Both were observed and did not interact with one another. Nor did taw impact
likelihood ratings. P h“#{’ (Jl ry "—"’4""?"‘/‘4’3
The mean calculated subjective criterion was higher than 25% in the 25erc condition
suggesting movement toward the center (50%). The difference between the calculated subjective
criterion and the economically rational criterion was greater in the 25erc condition than in the
50erc condition. Interestingly, the calculated criterion in the 50erc condition was slightly but
significantly lower than 50%. This last result was not seen in Experiment 1 where the calculated
criterion did not significantly differ from 50% in the 50erc condition as expected, despite WW
jor 3% il lons

trend in the same direction. Hesaser, the self-reported criterion canﬁnaod-the.ﬂul,nanmm
wré s ﬂ/{@ hrp ElGtar u.f:;;« M /ﬁ'—w\ S22 1o ﬁﬁ%/
ebsesved-mExpariment 1. Thus, the deviation in calculated criterion in the 50erc condition

observed in Experiment 2 should be interpreted with caution. F inally, as expected and observed
in Experiment 1, manipulating the economically rational criterion did not affect likelihood
ratings or sensitivity.

There was also evidence of a framing effect. The calculated subjective criterion in the

Yhis vrea ffor i

loss frame condition was higher tha.‘r?that in the gain frame condition, inguparticipants sew
l

w3
choo /i the safe option less oﬂe%showmg a risk-seeking decision bias. In addition, 2 the
Thes
likelihood ratings and sensitivity were not affected by manipulating the framin yit can be
inferred that the gain-loss framing effect operates by altering the subjective criterion. Finally, it

should be noted that participants in the loss condition reported the task to be slightly more
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difficult than those in the gain condition. Increased difficulty might constitute a confound, if for

some reason, participants became more risk-seeking WL in, reased difficulty. z.’? s
maviPrie

1t is also interesting to note that the eﬁ'ect s1zexi1ffered in the 25erc condition which is
similar to real world low-probability high-impact severe weather events. Gain-loss framing
shifted the calculated criterion by 4.2% in the 25erc condition while the centering effect shifted
the calculated criterion 9.5% above 25%. Therefore, atJ—L25°c/o,econonﬁcally rational criterion, the
centering effect had a larger effect on the subjectivelcrli::erion than the gain-loss framing effect.

As with the previous experiments, the likelihood ratings were not affected by
manipulating either gain-loss framing or economically rational criterion. However, they were

as snewn
overestimated compared to the objective probabilities.. g Figure 11’}'h1s is also consistent with

experiment 1 and suggests that biased subjective likelihood ORN=R-ROAN-LWE contnbut%

the risk-seeking behavior observed in the loss frame.

Next, in the ROC plots, the binary decisions (sua

«Sarmreindegcisions) were consistent with the respective ROC curve ings

conditienalized-by=whathertherawas a.drought azpat.) in all conditions except for the 50erc %

aud-eubjeeamm However, in the 50erc gain frame condition alone, uhicheweseimteshd ?
inprevigns-exmetemmtee the binary decisions were below the ROC curve, indéisathmgedirrrrie \::n

Y
terton. This is the only ‘\}'

~

inconsistency in binary decisions observed across ﬂ' two experiments. It is unknown whether

this inconsistency was a statistical false negative or whether there were some unknown effects on J

participants’ behavior in this condition.
K Tﬂ*s L oh ﬁ*'f««‘%—e?o )’f_s'j(.f/’; 4"'/—»/ 7"‘/"¢
lkeelbo voir-s e A’iflwl?r boiyoine Lo ?
A AN couLge @ i il s\ )]

k‘?&&@;
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Overall, experiment 2 found effects of both the gain-loss framing effect and the centering
¥

effect on subjective criterion that explain the biased.critewion. Centering appeared to have a

larger effect on the subjective criterion than the gain-loss framing when the economically
rational criterion was at 25%.
General Discussion
People often make decisions that incur more risk than is normatively optimal. The
research reported here used a novel signal detection theory a proach to examine some of the

peer uﬂ
pW reasons for this phenomenon. iﬁe/\we applied ﬂﬁ;ndo likelihood model feonaem
gy {0

Wﬂmm to this context. The wosenepentedshere suppo
biased criterion hypothesis:pMW a shift in the subjective criterion, opesatiommiired-rs-thew
likelihood of the ' i

According to this hypothesis, risk seeking is caused by#mhng-mtd the likelihood qf the adverse
TLL W sy Wit
event is higher than what is optimal according to the normative standard)\The alternative biased go% 51

g}

subjective likelihood hypothesis? thet-binsed-ochotees-aret

4 Jlﬂr'ﬁ/’,

Pﬁé@mﬁwmm subjective likelihood wmd-

N\

The decision biases observed here are consistent with previous research using similar
naturalistic decision tasks in which risk-seeking tendency was observed for loss frames and low
economically rational criteria (Gulacsik et al., 2022; Qin et al., 2024). The risk-averse decisions
in the gain thaRthadam frame o@e were also observed in previous studies using
either mixed-gamble tasks with a greater overall chance to gain than lose (Demnitz & Joslyn,

2020) or pure gain frame tasks (Tversky & Kahneman, 1979).
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The research reported here is also consistent with previous research on subjective
likelihood showing that people have accurate, albeit slightly overestimated, perception of the
likelihood of the severe weather event when probabilistic information is provided (Gulacsik et
al., 2022; Qin et al., 2024). Despite the overestimation of perceived likelihood, a similar risk-
seeking tendency was also observed in the 25erc loss condition of both experiments reported
here. This is curious, because all else being equal, overestimated likelihood :iﬁlﬂTea; to risk-
averse rather than risk-seeking decisions. However, the W signal detection approach used
here revealed that the overestimation of likelihood was counteracted b)?\biased subjective
criterion. Participants had a # higher-than-rational subjective criterion M when
the economically rational criterion was low (<50%). The higher-than-rational subjective criterion
counteracted the overestimated subjective likelihood, leading to risk-seeking decisions. In
summary, the findings reported here are consistent with previous studies while providing
important insight into why people can have relatively accurate perception of the likelihood of the
weather event while still making suboptimal decisions.

Random Likelihood Model

Signal detection th wz:a_p}ied using a random likelihood model withstie

L{uﬁ" Eamn & f::w\,"f"
/(Jssunqaﬁm-&t likelihood ratings and binary decisions alsne-detosnined. narticipanissdeetsitm
HE Cpmimp, @i M Loil wmeatwes
To tes:tA Hesassumpiion, ROC plots were calculated from likelihood ratings conditionalized by
whether there was a drought or not. In 6 out of 7 cases the participants’ binary decisions
(proportion of hits and false alarms in decisions) were consistent with the ROC curve, validating
this approach.

The analysis based on the random likelihood model makes important contributions to our

understanding of risky decision making. Previous research examined only the proportion of trials
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in which participants chose the safe option, which documents the bias but does not explain it,

+e

This new approach allowed us to identify subjective criterion as/t.source of the decision bias by
el on A
isolating it from other-frevEEEmP subjective likelihood and-lvesr=ttivity. In addition, the
analysis based on the random likelihood model is independent of trial stricture allowing for , : :
Tl /g el R

comparison between studies with different trial compositions, preblematic when the dependent
variable is the proportion of safe choices. That said, it is important to note that analyses of
proportion of trials choosing the safe option can be conducted with a smaller number of trials and
without measuring likelihood ratings, an advantage over the analysis of calculated criterion.
Overall, the results of the experiments support the application of the random likelihood model to
examine decisions in similar naturalistic tasks requiring decision making under risk.
The Centering Effect

Another important finding was that the subjective criterion was affected by the centering
effect (Poulton, 1979, Olkkonen et al., 2014). In the new experiments reported here, the
economically rational criterion was manipulated at, above, and below 50% in Experiments 1 and
at or below 50% in experiment 2. A centering effect was observed in both, showing a shift in the
subjective criterion toward 50% when the economically rational criterion was below (25%) or
above (75%) the center of the range. In addition, the subjective criterion stayed comparatively
close to 50% when the economically rational criterion was 50%. Eamerwcr, subjective likelihood
and sensitivity were unaffected by this manipulation.

s possble —

Tt aggrs that the centering effect did not shift the subjective criterion to the precise

center of the range (50%). Instead, two of three measurements suggest that the shift was towards’

someplace lower than 50%. In Experiment 1, the calculated criterion in the 75erc condition

shifted downward to a greater extent than the calculated criterion shifted upward in the 25erc
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condition. In Experiment 2, the calculated criteria in both the gain and loss frame 50erc
conditions were significantly lower than 50%, at 43% and 44% respectively. One possible
explanation is that participants’ preconceived notion of severe weather events was that the
potential harm sha'ﬂ!;be much greater than the cost of protection to take action. Therefore, they v
adopted a criterion that was slightly lower than 50%.

A potential mechanism for the centering effect is anchoring and adjustment (Kahneman,
2003). When people estimate an unknown quantity, they sometimes start with a number recently
encountered and then adjust away from that anchor to make their estimate. The adjustmer_lt is
often insufficient. In the case of the centering effect observed in the experiments reported here, it
is possible that the center of the range of possible probabilities (50%) was usedszmmmtiate
subjeetiveorteMmmandtrrme an anchor from which adjustment was insufficient. Alternatively,

migh

it saay be the participants intentionally shifted the subjective criterion toward the center of the
likelihood range to avoid extreme decisions. This is similar to the compromise effect observed in
decision making (Simonson, 1989).

M,éentering did not appear to affect subjective likelihood in the reanalyses or new
experiments reported here. Perceptual studies tend to suggest that when the information
regarding the correct response in question is available, the centering effect is reduced P
(Radvansky et al., 1995). In the current experiments, the available probabilistic informatio:h é
explain the absence of a centering effect in subjective likelihood. Indeed, in deterministic

Savo
conditions of previous studies #f vt regtive ploBabitilied et ho'
A

effects similar to centering were observed such that the mean subjective likelihood estimate was

close to 50% (Demnitz & Joslyn, 2020; Qin et al., 2024). However, when probabilities were



effect on subjective likelihood disappeared.

The Gain-Loss Framing Effect

In Experiment 2, framing was manipulated. In line with the predictions of prospect
theory, the subjective criterion was higher, that is, more risk-seeking, in a loss compared to a gain
frame. It should be noted that participants were also risk-seeking in the gain frame with 25%
economically rational criterion, just less so than in the loss frame. A similar set of patterns was
observed in the shift in self-reported criterion and the proportion of trials choosing the safe
option confirming this analysis. Again, subjective likelihood and sensitivity were unaffected. The
findings of Experiment 2 indicate that the subjective criterion, but not subjective likelihood, was

M affected by the gain-loss framing effect as described by prospect theory (Kahneman &
Tversky, 1979). This indicates that the risk-secking/averse tendency predicted by the utility
function of prospect theory can be partially explained by a shift in the subjective criterion. The
subjective criterion in a loss frame is higher than that in a gain frame, leading to a greater risk-
seeking tendency in the former.

However, the effect size of the gain-loss framing in this study was small (only 3%
difference at 25% erc) in comparison to classic experiments in prospect theory (e.g., Tversky &
Kahneman, 1979). Two potential accounts might explain this. First, the multi-trial nature of the
experiments reported here might have led participants to consider the big picture of all trials as
opposed to one trial at a time (narrow framing) when making decisions. When considering a
series of risky decisions together as opposed to each trial independently, people may have been
less susceptible to the effects of gain-loss framing and better able to consider the long term

strategies that underly an appreciation of expected value (Thaler. 1999). An alternative
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explanation is that in classic prospect theory experiments, the expected values of the safe and
tisky options were the same or similar (e.g., the discase problem in Tversky & Kahneman, 1981).

In the experiments reported here, the expected value of the risky option varied trial by trial and

might diffe%:)m\ that of the safe option dyastically. wz was possible that gain-loss
Ly,

framing became less salient when the expected values diﬁ’e/r‘ between-the-safe-and-risky-uptioh by

2dargegxteny. This might be the case if participants have some appreciation of expected value. If
50, they-l;;; “l;éqzss swayed by framing when the expected value of the two options differs
greatly. Using the disease problem (PYjersky & Kahneman, 1981) as an exagppje, participants
might ovgfwhelmipGly ¢hoosethe safe optigh cgardlegeof the frame jif the fafe optlon/is

changéd fo saying 55¢ peghle/losifig 5Q/people witle the rigky opfion re jaing unchagéd, {sfhic

f er noyf has much superior expected vlug’

Potential Behavioral Interventions

The current experiments revealed that in situations in which the economically rational
criterion is low, people tend to be risk-seeking due to a higher-than-rational subjective criterion
regardless of the frame. This aligns with an abundance of previous research (Baker, 1995; Joslyn
& LeClerc, 2013; Atreya et al., 2015; LeClerc & Joslyn, 2015; Qin et al., 2024). In real life
situations, a response is often required for adverse weather events that have a low probability of
occurrence and a high potential for casualties and severe damage. This translates into a low
objective probability and a low economically rational criterion. Therefore, one important
application of the findings of the current experiments is to design behavioral interventions to
reduce the risk-seeking decision bias based on the mechanisms revealed here, a shift of the

subjective criterion due to centering and framing. Changing the gain-loss framing is a
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conceptually straight forward intervention, even though switching to e;.gain frame might not
completely eliminate the risk-seeking tendency. Framing the consequences of the event in a gain
frame should shift the subjective criterion closer to the economically rational criterion W
W as shown in the current experiments. However, while some events can be relatively
easily framed as a gain (e.g., the disease problem (Tversky & Kahneman, 1981), droughts (this
study)), others are not easily framed as a gain (e.g., tornadoes, frozen roadways; Grounds &
Joslyn, 2018; Gulacsik et al., 2022; Qin et al., 2024). L o8
mi5

Qasiheretirer-band /interventions based on centeringseemier also be implemented. One such
potential intervention is to provide the economically rational criterion (e.g., “you should choose
the safe option when the probability was higher than 25%”). Unfortunately, previous tests of this
hypothesis were not promising (Joslyn & Leclerc, 2012). However, in.ﬂlis‘(,:ase no probabilistic
information was provided. It was possible that while the subjective criterion was close to the
economically rational criterion, the subjective likelihood was not accurate, leading to suboptimal
decisions. The effectiveness of directly supplying both economically rational criterion
information and probabilistic information has not been tested. It is possible that when both are
supplied, participants would make better decisions with both a subjective criterion close to the

Bl e foiky

economically rational criterion and accurate subjective likelihood/.\ It might help to simply bring
attention to the criterion by asking participants to estimate the economically rational probability
in situations where such estimation is possible, as has been seen in similar biases (Cheng et al.,
2012). Of course, interventions involving information about the economically rational criterion
might not be feasible in many real-life scenarios involving members of the public. This is

because in these scenarios, the potential loss is difficult to quantify and cannot be represented by

one number as the circumstance is different from person to person. In short, direct knowledge of
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the economically rational criterion might be a way to reduce the centering effect on the

subjective criterion, altheugirtirere-arcrmmber of-TSSTeS M WOUIT Tave 10 be addressed,

Another possible intervention is to communicate the precise numeric probabilistic

information on a smaller and lower range of probabilities, perhaps through forecast
visualizations. For example, the forecast could provide a visualized ruler showing a range of
probabilities from 0% to 50% and indicating a specific point as the likelihood of a given weather
event, .g. 15%. This may cause users to constrict their perceived range of possible likelihoods to

0%-50%, making 25% the center toward which estimates would shift.,

Limitations and Future Directions

One limitation of the current project is the limited examination of the connection between
the subjective criterion and expected utility which is the cornerstone of research in decision
making under risk (Von Neumann & Morgenstern, 1947; Tversky & Kahneman, 1979; Weber,
1994). Accor_dil}g to prospect theory the economically rational criterion is determined by the
expected w‘gj}f‘(:f ptions. Similarly, subjective criterion :i;hbe determined in part by the
utility of options. While the difference in subjective criterion due to gain-loss framing found here
is consistent with the influence of utility, it is not conclusive as this study was not designed to
evaluate how indixidiilTER expected utility differed among conditions. Tirercforesexpeerer—
UHHTY TRIZAT BE ONE QCTETATmant Of The Subyeetivevesisesian, This random likelihood model
application of signal detection theory in conjunction with prospect theory to the study of decision

making may be a profitable new direction for future research.

Next, while the current experiments provided a case for the usefulness of appiyMESIET™™

sl the random likelihood model innaturalistictasks 1equiring decision.,.

[/
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mrakirg=ardersisk, the model operates on the assumption that the subjective criterioﬁ has no
variability and is fixed across decisions. This is unlikely to be the case in real world situations.
Indeed, a previous study found that after recent encounters with adverse weather events,
decisions became more risk-averse while the subjective likelihood remain unchanged (Demnitz
& Joslyn, 2020). This suggests that the subjective criterion can change between decisions based
on recent trial experience. Recent outcomes might not be the only reason for changes in the
subjective criterion. The objective probability might serve as an anchor that shifis the subjective
criterion from one trial to the next. The current experiments could not examine these possible
effects because there were not enough trials to conduct within-group analysis at different
objective probability levels. A similar experiment with a higher number of trials or a different
experimental paradigm could be used to explore this issue.
Finally, another future direction is to incorporate the perceived efficacy of protective
actions into the model as another variable that can have stochastic distributions. In experimen,
% like the study reported here, protective actions had perfect efﬁcacyhmlris is rarely
the case in real world situations. According to protection motivation theory, in addition to one’s
risk perception (probability and severity of an adverse event), the efficacy of protective actions is
also critical to their uptake (Rogers, 1975). In hurricane and flood situations, for instance,
perceived efficacy was linked to compliance with evacuation orders (Demuth et al., 2016; Liu et
al., 2024). When the efficacy of protective actions is not perfect, people’s perceived efficacy
might vary, potentially following a stochastic distribution. Perceived efficacy of the safe option
might in turn affect thé placement of the subjective criterion and as a result, people’s decisions.
Therefore, it is important to take perceived efficacy into account for a more comprehensive

eveée
understanding of how people make decisions under risk in anticipation of severe weathery,

A



Constrains on Generality

The new experiments and the reanalyses used an online US nationwide sample that was
fairly representative in terms of age, gender, race. The new experiments did not measure
education level. However, since the sample was recruited from the same pool (Prolific), on a
similar topic and structure, and with other demographic characteristics similar to the studies used
in the reanalyses, the education level can be assumed to be <RI RRT™.s on average more
educated than a representative sample (see Qin et al., 2024). For that reason, the results might not

Vevetalecs,
extend to those with % low levels of educatim};\ As the sample Wwas fairly representative

overall, we consider it suitable for generalizing the findings to the US population.

event

. While

personal experience with droughts mighaffect participants’ overall risk tolerance and risk
perception, we do not believe it wgdld systdmatically confound our independent variables,
Therefore we do not believe th conclusions redorted here depend on any other participant,

material, or context factors.

;\/" Conclusmn)’
T This study IW used a random likelihood model based on a Mﬁgnal

detection theory ?m to better understand the risk-seeking tendency in naturalistic weather
va Aw
decisions. This symiRed dlstlngulshes between the influence jf subjective criterion and subjective

likelihood M these experiments) the risk-seeking bias is due

primarily to the subjective criterion.
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