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Abstract
While reference dependence has been widely observed in a deterministic choice

setting, little is known about the nature of reference dependence in stochastic choice.

We study stochastic choice in the setting of the elicitation of certainty equivalents

where subjects often exhibit multiple-switching behavior when choosing between a

lottery and a range of sure amounts. In our experiment, we observe a hump pattern in

multiple-switching behavior �the frequencies of multiple-switching behavior for gain

and loss oriented lotteries are similar and are each signi�cantly lower than that for

mixed lotteries. Moreover, the observed hump pattern remains robust after controlling

for risk attitude, response time, cognitive ability, and violation of �rst-order stochastic

dominance. To account for the observed hump pattern in multiple-switching behavior,

we discuss how to incorporate reference dependence into cumulative prospect theory

from the perspectives of both deliberate randomization and random utility.
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1 Introduction

It has been commonly observed and increasingly recognized that choice is subject to sto-

chastic in�uences. A number of theories have been proposed to model stochastic choice. In

Luce�s (1959) model, each option in a set has some chance of being chosen depending on

its relative appeal in relation to a deterministic utility function. Marschak (1960) o¤ers a

random utility model in which an alternative with a true stimulus level could be perceived

with errors, leading to randomness in choice behavior. More recently, Machina (1985) ob-

serves that stochastic choice may arise from the deliberate action of a decision maker with

an intrinsic preference for randomizing among options that are otherwise proximate in terms

of preference. Following these earlier works, there has been a growing literature exploring

stochastic choice theoretically, empirically, and experimentally.1

In their seminal paper of prospect theory (1979) and subsequently cumulative prospect

theory (1992), Kahneman and Tversky articulate the notion of reference dependence in

positing that decision makers di¤erentiate between gains and losses relative to a reference

point in evaluating risky alternatives. Observing that people tend to experience diminishing

sensitivity towards the magnitude of gains as well as losses, they posit the phenomenon

of loss aversion �loss looms larger than gain �which suggests that people would be more

deliberate and attentive in making choices in the loss domain than in the gain domain. They

argue that the utility function would be concave over gains and convex over losses and that

people. It follows that people would tend to be risk averse towards gains and risk seeking

towards losses when facing risks involving moderate likelihoods in which the in�uence of

probability weighting is not pronounced. This idea of reference dependence has emerged as

among the most signi�cant insights in behavioral economics.2

In his 2001 Nobel lecture, McFadden comments on the literature on stochastic choice, �. . .

feedback from the empirical study of choice behavior to the economic theory of the consumer

has begun, through behavioral and experimental economics, but is still in its adolescence.�

For the most part, the existing stochastic choice literature does not address issues having

to do with the psychology of reference dependence.3 A natural question concerns whether

1See McFadden (2001) for a review of the earlier literature. For more recent theoretical development, see
for example, Ahn and Sarver 2013; Cerreia-Vioglio, Dillenberger, Ortoleva, and Riella, 2014; Fudenberg and
Strzalecki, 2013; Fudenberg, Iijima and Strzalecki, 2015; Gul and Pesendorfer, 2006; Gul, Natenzon, and
Pesendorfer, 2015; Manzini, Mariotti, 2014.

2Markowitz (1952) pioneers this notion by proposing a multiply in�ected utility function over gains and
losses relative to reference point. For more recent development, see, e.g., K½obberling and Wakker (2005),
K½oszegi and Rabin (2006, 2007), Masatlioglu and Raymond (2014).

3Arganovy and Ortoleva (2014) provide a novel experimental test for di¤erent perspectives of stochastic
choice.
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stochastic choice behavior may exhibit reference dependence across lotteries involving pure

gains, pure losses, and a mix of both.

This paper studies reference dependence in stochastic choice in an experiment involving

the elicitation of certainty equivalents under three conditions: gain condition for positive

lotteries, loss condition for negative lotteries, and mixed condition for mixed lotteries. To

elicit the certainty equivalent, subjects choose between a given lottery and di¤erent levels

of sure amount. In the absence of stochastic choice or choice errors, subjects would choose

the lottery when the sure amounts are lower than the certainty equivalent and choose the

sure amounts when they are higher than the certainty equivalent, i.e., subjects switch at

most once as the sure amount increases. Should choice be stochastic, subjects may exhibit

multiple-switching behavior (MSB) in switching more than once. Here, we anticipate that

the probability of subjects choosing a �xed lottery would increase as the magnitude of the

sure outcome decreases, so that choice is more likely to be stochastic for the middle range

of sure amounts and less likely to be so near the end points. We implement our experiment

with 192 subjects in a computerized setting in which the order of appearance of the binary

comparisons is randomized. We observe an overall hump pattern in MSB with the highest

frequency occurring under the mixed condition while the frequencies of MSB do not di¤er

signi�cantly between gains and losses. We also observe a corresponding hump pattern in

the size of the interval of MSB given by the distance between the �rst switch and the last

switch.

To provide a baseline in terms of choice errors, we include a number of binary comparisons

designed to test for violation of �rst-order stochastic dominance. In contrast, we observe

signi�cantly lower frequency of dominance violation for comparisons involving losses, under

the loss and mixed condition, than under the gain condition. Viewing dominance violation

as choice error, the observed violation behavior is compatible with the implication of loss

aversion in which people are expected to be more deliberate and attentive when making

choices involving losses than when the choices do not involve losses. This also accords with

the observation that the response time in doing loss oriented tasks is longest among the three

condition. In this regard, the observed hump pattern in MSB seems unlikely to arise from

choice error related to a lack of deliberation or inattentiveness. In a regression analysis, we

show that both response time and dominance violation do not predict the incidence of MSB.

In addition, the observed hump pattern of MSB is robust after controlling for risk attitude

and cognitive ability besides response time and dominance violation. In individual level

analysis, we �nd that the hump pattern (38%) and the monotonic pattern (31%) account

for the bulk of MSB behavior. Similar proportions for the hump and the monotone patterns

are also observed for the size of MSB interval.
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With the preceding discussion, it is natural to investigate the theoretical implications

of the observed hump and monotone patterns of MSB on cumulative prospect theory from

both the perspectives of deliberate randomization and random utility. We provide condi-

tions on the probability weighting functions for cumulative prospect theory with a piece-wise

linear loss-averse utility to generate deliberate randomization exhibiting the hump pattern

and the monotone pattern. From a random utility perspective, when two di¤erent random

components are applied separately to the positive and negative parts of a loss-averse utility

function without assuming probability weighting, we show that the hump pattern is com-

patible with random cumulative prospect theory which sums the random components while

the monotone pattern can be generated by random expected theory which averages the two

random components.

The rest of this paper is organized as follows. Section 2 presents the experimental design.

Results are reported in Section 3. Section 4 discusses the implications of our results on

cumulative prospect theory. We conclude in Section 5.

2 Experimental Design

To investigate reference dependence under stochastic choice, we include three experimental

conditions for our lotteries: gain condition, mixed condition, and loss condition. Our ex-

periment consists of 11 even-chance lotteries of the form (H;L; 1
2
) paying a higher outcome

H and a lower outcome L with the same probability of 1/2 and the same di¤erence of 30

between the two outcomes. The speci�c parameters are L = 0; 5; and 10 for the gain condi-

tion, L = �30;�35; and �40 for the loss condition, and L = �25;�20;�15;�10, and �5
for the mixed condition. We arrive at these parameters with the following considerations in

mind. Focusing on even-chance lotteries seems cognitively easy for understanding and helps

reduce possible in�uence of probability weighting given that the degree of underweighting

of a half chance is generally considered to be small. Maintaining the same di¤erence of 30

between the two outcomes minimizes potential di¤erences in complexity and salience across

conditions.

The certainty equivalents of these lotteries are elicited using binary choice tasks, in which

subjects choose between a lottery and a sure amount. Each lottery (L+30; L; 1
2
) is compared

with 21 levels of sure amounts ranging from L+5 to L+ 25. The list of these sure amounts

is chosen such that its expected payo¤ of L + 15 is positioned in the middle to minimize

potential biases towards risk a¢ nity or risk aversion being driven by the list itself. As each

of the 11 lotteries is compared against 21 sure amounts, we obtain 231 binary choices for

each subject. Table I summarizes the parameters of the experiment.
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[Insert Table I here]

Consider the case when the decision maker does not exhibit stochastic choice. If she is

su¢ ciently risk averse, i.e., her certainty equivalent is below L + 5, she always chooses the

sure amounts. Should the decision maker be su¢ ciently risk seeking, she always chooses

the lottery. In case when the decision maker�s certainty equivalent lies between L + 5 and

L + 25, she would exhibit a single switch in choosing the lottery when the sure amount is

below her certainty equivalent, and switch to choosing the sure amounts once they exceed

her certainty equivalent. Thus, the decision maker will exhibit at most a single switch along

the range of sure amounts under deterministic preference. Moreover, the more risk seeking

the decision maker is, the more times the lottery is chosen. Thus, we use the number of

times the lottery is chosen as a measure of risk attitude in our data analysis. Speci�cally, we

classify the decision maker as being risk averse/seeking if the number of times the lottery is

chosen is below/above 10.5.

When choice is stochastic, the decision maker may exhibit MSB. Besides its incidence,

we compute the size of MSB interval. We take MSB as evidence of stochastic choice, encom-

passing the possibility of subjects making choice errors. To test for the latter possibility, we

include 22 additional binary choices in which one option stochastically dominates the other

(see Table AI in appendix). In this regard, violations of dominance may be viewed as choice

errors due to inattention or carelessness.

The experiment is conducted using computers installed with E-Prime 2.0 (Psychology

Software Tools, Pittsburgh, PA, USA). In each choice, subjects choose between a lottery

and a sure amount, as the three screen shots for each of the three conditions shown in Figure

I. Note that the positions of the lottery and sure option in each choice are counterbalanced

in the left and in the right for each choice. There is no time limit for each choice. The screen

continues to the next choice once the subject has made a choice. The experiment is divided

into three parts corresponding to the loss, mixed, and gain conditions, and the order of these

three parts is counterbalanced across subjects to minimize possible order e¤ects. Within

each part, the order of the binary choices is randomized for each subject. In the subsequent

data analysis, we include the order dummies as control variables. E-Prime also enables us

to record of response time up to milliseconds of the duration from the moment options are

presented to the moment when a choice is made. It has been suggested that response time

can be regarded as a measure of some aspects of the cognitive processes involved in decision

making including attentiveness and degree of engagement (see, e.g., Rubinstein, 2007, 2013).

After the choice tasks, subjects complete a demographic questionnaire and participate

in the three-question version of the cognitive re�ection test (CRT) which measures how
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re�ective participants in the study are in regards to their own mental state (Frederick,

2005). The CRT score has been found to be highly correlated with measures of intelligence,

risk preference and time preference. We examine whether CRT score could in part account

for the observed choice patterns.

[Insert Figure I here]

Each subject makes 253 choices including the 22 tasks involving stochastic dominance

comparisons, and is compensated based on what is chosen in one randomly selected binary

choice task. This random lottery incentive mechanism is commonly used in experimental

economics, as it enables the experimenter to collect more data from each subject and observe

the behavior at the individual level. Nevertheless, the validity has triggered debates from

theoretical perspective (e.g., Holt, 1986; Wakker, 2007). Experimentally, Starmer and Sug-

den (1991) compare pay-1-in-1 and pay-1-in-2 methods and do not uncover evidence against

the random lottery incentive. More recently, Freeman, Halevy, and Kneeland (2014) compare

price-list and simple binary choice, and argue that random lottery incentive could bias the

elicitation of risk preference. The potential bias would be less of concern when comparing

choice behavior across di¤erent conditions elicited by the same mechanism.

We use tokens in the experiment with 4 tokens being equivalent to SG$1 (US$0.8). To

incentivize choice in the mixed and the loss conditions, subjects are paid a show-up fee of

SG$15 in advance (an equivalent of 60 experimental tokens) and informed that losses will

be deducted from the show-up fee should they incur. Similar procedures have been used

widely to investigate loss aversion in the experimental economics literature (e.g., Gächter,

Johnson and Herrmann, 2010; Von Gaudecker, Van Soest and Wengström, 2011). This

notwithstanding, we acknowledge that there may be potential issues with subjects integrating

the show-up fee with the outcomes in the lotteries so that they do not experience the potential

for any loss outcomes. In this regard, we share Kahneman and Tversky�s (1979) view that

subjects do not generally exhibit asset integration and tend to evaluate choice situations in

isolation (see also Rabin and Weizsäcker, 2009).

The experiment is conducted at a computer lab at the National University of Singapore

(NUS) from March to May of 2014. 192 undergraduates (108 males; mean age 22.3) are

recruited via an online system (Integrated Virtual Learning Environment) at NUS. The

experiment is carried out over 12 sessions with the number of subjects per session varying

between 8 and 28.4 After arriving at the experimental venue, subjects are given the consent

4One subject is dropped for excessive number of errors made and another two subjects are removed due
to their disengagement during the study. We exclude these three subjects and conduct our analysis for 189
subjects.
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form approved by NUS�Institutional Review Board. Subsequently, general instructions are

read out loud to subjects followed by explanations of several examples (see Online Appendix

for experimental instructions). The experiment lasts about 30 minutes. On average, subjects

receive SG$15.6 (US$12, S.D. = 4.8) for their participation.

3 Results

In this section, we �rst examine the aggregate incidence of MSB, size of MSB interval, risk

attitude, response time, and violation of �rst-order stochastic dominance across the three

conditions. Second, we conduct regression analysis to test for potential di¤erences in both the

frequency and size of the interval of MSB while controlling for risk attitude, response time,

violation of �rst-order stochastic dominance and other variables. Finally, we examine the

patterns for incidence of MSB and size of MSB interval at the individual level. The overall

observed patterns suggest that MSB is not likely to be driven by carelessness, inattention,

or task di¢ culty.

3.1 Aggregate Behavior

The summary statistics are presented in Figure II.5 We observe that subjects exhibit MSB

for 68.0% of the lotteries in total and that each subject exhibits MSB for at least one lottery.

To examine whether there are systematic di¤erences in the frequencies of MSB across the

gain, mixed, and loss conditions, we group MSB under these three conditions in panel A

of Figure II. We observe that the frequency of MSB is 63.5% under the gain condition,

72.3% under the mixed condition, and 65.4% under the loss condition. Despite the sense

that loss looms larger than gain, there is no signi�cant di¤erence in MSB between the gain

and the loss condition (Table I, p = 0:520). At the same time, the frequency of MSB is

signi�cantly higher under the mixed condition than either the gain or the loss condition

(Table I, pGain�Mixed < 0:001; pLoss�Mixed < 0:008). We further investigate the correlation
in MSB across domains and �nd that the correlation between gain and loss lotteries is 0.214

(p < 0:003), which is weaker than that between mixed lotteries and either the gain or the

loss lotteries (gain and mixed: 0.292, p < 0:001; loss and mixed: 0.316, p < 0:001).

[Insert Figure II here]

Among the �ve lotteries in the mixed condition, (�5; 0:5; 25) is relatively gain-oriented
and is compared only with non-negative sure outcomes between 0 and 20; while (�25; 0:5; 5)

5See also Figure AI and Table AII in the Appendix A.
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is relatively loss-oriented and is compared only with non-positive sure outcomes between

�20 and 0. The frequencies of MSB for these two lotteries are given respectively by 73.5%
for (�5; 0:5; 25; 0:5) and 74.6% for (�25; 0:5; 5; 0:5): Comparing these with the average MSB
frequency of 71.1% for the other three intermediate lotteries which are each compared with

sure outcomes involving both gains and losses, we do not �nd signi�cant di¤erence among

them (t-test, p > 0:351). This suggests that the hump pattern in the incidence of MSB is

robust to narrowing the range of mixed lotteries.

We next examine MSB in terms of the number of switches, and observe a corresponding

hump pattern: the number of switches is under the mixed condition (3.53) is signi�cantly

higher than under the gain condition (2.97) or under the loss condition (3.19) (pGain�Mixed <

0:001, pLoss�Mixed < 0:019) (see Figure AI for the distribution of the number of switches).

When comparing �xed lotteries with the gradually increased sure amounts, 81.2% of the

observed MSB involve subjects switching an odd number of times, starting with choosing

the lottery and eventually ending up choosing sure outcomes. While 0.4% exhibit the reverse

pattern of picking the lotteries for higher sure outcomes and rejecting the lotteries in favor

of lower sure outcomes. The rest exhibit MSB with even numbers of switches: 10.1% start

and end with choosing the sure amounts; 8.3% start and end with choosing the lottery. It is

noteworthy that the hump pattern in MSB is also observed if we examine the 81.2% of MSB

with odd numbers of switches (pGain�Mixed < 0:001, pLoss�Mixed < 0:001).

The observed distribution of the multiple switches accords with the intuition underpin-

ning stochastic choice that the probability of choosing a �xed lottery is increasing as the

sure outcome being compared with decreases so that choice is more likely to be stochastic

in the middle range of sure amounts and less likely near the end points. It follows that MSB

with an odd number of switches is more likely than MSB with an even number of switches.

Correspondingly, it is particularly unlikely to observe a reversed pattern of MSB with an odd

number of switches in which subject begin with rejecting the lottery at lower sure amounts

and end up choosing the lottery when compared with higher sure amounts. In a simulation

of MSB with the probability of choosing the lottery increasing from 0 to 1 in steps of 0.1,

we �nd the following patterns: 83.7% for MSB with an odd number of switches, 0.5% for

reverse MSB with an odd numbers of switches; 8.7% and 7.1% for the two kinds of MSB

with an even number of switches. These frequencies are remarkably close to the observed

distribution of the patterns of multiple switches and support the intuitive relation between

the probability of choosing the �xed lottery and the magnitude of sure outcome underpinning

stochastic choice.

Subsequently, we next study whether the hump pattern in the incidence of MSB is re-

produced in terms of the size of the MSB interval. Conditional on having MSB, panel B of
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Figure II displays the size of MSB interval for each of the three conditions. Notice that the

average interval size is 6.28 in the gain condition, 7.05 in the mixed condition and 6.52 in

the loss condition. Consistent with the patterns of MSB incidence, there is no signi�cant

di¤erence in interval size across gains and losses (t-test, p = 0:440) while the interval size

under the mixed condition is on average larger than that under the gain condition or the

loss condition (t-test, pGain�Mixed < 0:006, pLoss�Mixed < 0:054).

To examine further the nature of the observed MSB, we normalize the observed MSB

interval to [0, 1], and plot the distribution of switches within the interval for the three

conditions separately (see upper panels of Figure III). These distributions, each exhibiting

three modes, appear symmetric and do not di¤er signi�cantly across the three conditions

(Kolmogorov�Smirnov test, pGain�Mixed = 0:787, pLoss�Mixed = 0:759, pGain�Loss = 0:793).

Relatedly, we conduct a simulation of MSB with the probability of choosing the lottery

increasing from 0 to 1 in steps of 0.1. The results of this simulation at 300, 500 and 1000

times respectively, displayed in the lower panels of Figure III appear similar to the observed

choice behavior. Moreover, the distributions of observed MSB for the cases of three switches,

�ve switches, and seven switches, displayed alongside the corresponding simulated data in

Figure AII appear consistent with the observations in Figure III. Overall, the observed

incidence of MSB seems compatible with the idea that it arises from a gradually increasing

probability of choosing the �xed lottery as the sure amount decreases.

[Insert Figure III here]

In term of risk attitude, we count the number of lotteries chosen out of the 21 binary

choices for each lottery. For the 21 binary choices, the magnitudes of 10 sure outcomes are

above the expected value, 10 are below the expected value, and one equals the expected

value. Choosing the lotteries 10.5 times could be roughly viewed as a benchmark for risk

neutrality. Panel C of Figure II presents the counts under each condition. We �nd that

lotteries are chosen on average 6.61 times under the gain condition, 8.98 times for lotteries

under the mixed condition and 12.67 times under the loss condition. These frequencies

are all signi�cantly di¤erent from 10.5 under t-tests (p < 0:001 for all the tests). This is

consistent with previous literature showing that subjects tend to be risk averse in the gain

and mixed domains and risk seeking in the loss domain for moderate probabilities (Tversky

and Kahneman, 1992; Wakker, 2010). Moreover, the Spearman correlation in risk attitude

between gain and loss is 0.12 (p < 0:099), which is lower than that of 0.522 between mixed

and gain (p < 0:001), and that of 0.453 between mixed and loss (p < 0:001).

According to panel D of Figure II, subjects spend the longest time under the loss condition

(2.18s) and shortest time under the gain condition (1.72s) with time spent under mixed
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condition being intermediate (2.05s).6 The response time di¤erences across conditions are

pairwise signi�cant using t-test (p < 0:001 for all). This is consistent with an earlier study

by Dickhaut et al. (2003), where subjects choose between a lottery option and an alternative

which is either risky or certain both in gain and loss conditions. They observe that subjects

spent more time in the loss domain in either the certain or the risky scenarios. One possible

interpretation is that, compared to choosing under gains, making decisions involving losses

requires more time for attention and deliberation based on the sense that loss looms larger

than gain. Moreover, in calculating the Spearman correlations across the three conditions,

we �nd that the correlation in response time is 0.581 between gain and loss (p < 0:001),

0.544 between mixed and gain (p < 0:001), and 0.573 between mixed and loss (p < 0:001).

The 22 catch trials in which one option stochastically dominates the other enables test-

ing for choice errors or mistakes across the three conditions. The frequency of dominance

violation is on average 1.4%, which is substantially lower than that of MSB. Overall, 17.5%

of the subjects violate �rst-order stochastic dominance at least once. According to panel E

of Figure II, the frequency of dominance violation under the gain condition (2.4%) exceeds

the corresponding frequency of violation under either the loss condition (0.9%) or the mixed

condition (1.1%). Moreover, the Spearman correlation in the frequency of dominance viola-

tion is 0.176 (p < 0:015) between gain and loss, 0:212 between gain and mixed (p < 0:003),

and �0:067 between loss and mixed (p = 0:361).

3.2 Regression Analysis

To test whether there are statistical di¤erences across conditions, we run a Probit regression

analysis. The dependent variable Yijk refers to the incidence of MSB for subject i, for lottery

j;under condition k. The key independent variables concern the three domain conditions.

We denote by Gijk (Lijk) a dummy variable which equals 1 under gain (loss) condition and

equals to 0 otherwise.

We control for a number of behavioral variables: (1) risk attitude, Rijk, measured by the

number of times subject i chooses lottery j over the 21 corresponding sure amounts under

condition k; (2) response time, RTijk, measured by the average response time of subject i

making the 21 binary choices relating to lottery j under condition k; (3) violation of �rst-

order stochastic dominance, FOSDik; measured by the number of violations of �rst-order

stochastic dominance for subject i under condition k; (4) cognitive re�ection test, CRTi,

6We remove some outliers following the interquartile range rule, a widely used practice in response time
data (Tukey, 1977). The interquartile range (IQR) is de�ned by subtracting the �rst quartile from the third
quartile (Q3 - Q1). As potential outliers, choices with response time greater than Q3 + 1:5� IQR or lower
than Q1� 1:5� IQR are removed from further analysis.
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referring to the score for subject i for this test. We further include a number of independent

variables Coni to control for possible order e¤ects and session e¤ects. We create two dummy

variables to control for the order of the conditions being randomized across subjects with

three possible orderings (gain-mixed-loss; loss-gain-mixed; mixed-loss-gain). We also create

11 dummies to control for the e¤ect of a total of 12 sessions. Additionally, we cluster the

standard errors at the individual level for the regression analysis. In sum, our regression

analysis is given by

Yijk = �0+�GGijk+�LLijk+�RRijk+�RTRTijk+�FOSDFOSDik+�CRTCRTi+CONCONi+�ijk:

The null hypothesis is �G = �L = 0, which means that there is no signi�cant di¤erence in

the incidence of MSB across three conditions.

We report our results in Table II. In Column (1) without any control variables, both

gain and loss dummy variables are signi�cantly negative (gain: p < 0:001; loss: p < 0:008).

This suggests a greater frequency of MSB under the mixed condition than under the gain or

the loss conditions. By contrast, the corresponding coe¢ cients are not signi�cantly di¤erent

between the gain and the loss conditions (p = 0:520). We further show that the observed

incidence of MSB is robust after controlling for risk attitude, violation of stochastic domi-

nance, response time, and cognitive ability (Column 2 to 6). Notice that the coe¢ cient for

risk attitude is signi�cantly positive, suggesting that more risk taking is positively correlated

with greater incidence of MSB. Notably, the coe¢ cients for response time (Column 3) and for

violation of �rst-order stochastic dominance (Column 4) are both insigni�cant, suggesting

that neither variable is related to the incidence of MSB.

For the three questions in the cognitive re�ection test, 44.9% of the subjects respond

to all 3 questions correctly, 26.7% respond to 2 questions correctly, and 19.8% respond to

1 question correctly, with the remaining 8.6% responding to all 3 questions wrongly. Our

results are robust to further controlling for scores in the cognitive re�ection test (Column

5) as well as all the control variables taken together (Column 6). From Table II, we observe

that the coe¢ cient for CRT score is signi�cantly negative (p < 0:001). This suggests that

subjects with higher cognitive ability tend to have lower incidence of MSB. We introduce

two interaction terms �between CRT and the gain dummy and between CRT and the loss

dummy �into the Probit model to test whether CRT score may partially account for the

observed choice patterns and �nd that neither interaction is signi�cant (gain: p = 0:715;

loss: p = 0:377). If follows that the observed higher frequency of MSB under the mixed

condition is unlikely to be attributable to heterogeneity in cognitive abilities. In sum, while

there is no signi�cant di¤erence between the frequency of MSB under the gain condition

and under the loss condition and they are each signi�cantly lower than that under the MSB

frequency under the mixed condition.

10



[Insert Table II here]

In addition to the incidence of MSB, we run a linear regression analysis to test whether

there are statistical di¤erences across conditions with the size of MSB interval as the depen-

dent variable.7 As presented in Table III Column (1), both gain and loss dummy variables

are statistically smaller than zero (gain: p < 0:011; loss: p < 0:056). This suggests that

size of MSB interval is greater under the mixed condition than under gain and loss condi-

tions. In addition, the coe¢ cients are not signi�cantly di¤erent between the gain and the

loss conditions (p = 0:449). Additionally, we �nd that the pattern of MSB interval is robust

after controlling for risk attitude, dominance violation, response time, and cognitive ability

(Column 2 to 6). In all these speci�cations, both gain and loss dummy variables are negative

and the coe¢ cients for gain and loss dummy variables are signi�cantly di¤erent with one

exception in Column (3). While the coe¢ cient for loss dummy is insigni�cant after control-

ling for in Column (3) (p = 0:197), it is signi�cant after we further control for the other

variables in Column (6). Overall, these analyses provide additional supports for the size of

MSB interval in the mixed condition being larger than that in the loss or gain conditions.

As with the incidence of MSB, the coe¢ cient for risk attitude being signi�cantly positive

suggests that lower risk aversion is correlated positively with the size of MSB interval (Col-

umn 2). Moreover, as presented in Column 3, the coe¢ cient for response time is signi�cantly

negative (p < 0.001) indicating that the duration of response time relates negatively with the

size of MSB interval. In addition, as illustrated in Column 5, the coe¢ cient for dominance

violation is insigni�cant suggesting that it is not related to the size of MSB interval. In term

of cognitive ability as measured by CRT, consistent with the observed behavior of MSB,

CRT correlates negatively with the size of MSB interval.

[Insert Table III here]

3.3 Individual Level Analysis

Finally, we conduct an individual level analysis for hump versus monotonic patterns of

MSB for the 189 subjects. Speci�cally, we compare the incidence of MSB across the three

conditions and classify subjects into four main types as detailed in the note under Figure

IV. Type Hump consists of subjects with the highest frequency of MSB occurring under the

mixed condition. For Type Monotone subjects, their frequencies of MSB exhibit a monotonic

7The results remain robust if we instead use ordered Probit regression, or if we include those without
MSB in the regression (Table AIII).
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pattern with the frequency of MSB under the mixed condition being intermediate between

the frequencies of MSB under gain and under loss. Type Tub subjects exhibits a reverse

pattern with the frequency of MSB being lowest under the mixed condition. Type Same

comprises subjects with the same frequencies of MSB across the three conditions. panel A of

Figure IV displays the percentage of the individual-speci�c patterns across the loss, mixed,

and gain conditions. Speci�cally, 38.4% of our subjects are classi�ed as Type Hump, 31.0%

are classi�ed as Type Monotone, 20.1% are classi�ed as Type Tub, and 10.6% are classi�ed

as Type Same. Overall, we observe signi�cant heterogeneity in MSB with Type Hump and

Type Monotone making up 69.3% of our subjects.

Relatedly, panel B of Figure IV displays the frequencies of types of individuals whose

size of MSB interval are classi�ed according to the four types describe above.8 Out of 189

subjects, 135 exhibit MSB in all three conditions. Speci�cally, 42.2% of our subjects are

classi�ed under Type Hump, 31.5% under Type Monotone, 20.3% under Type Tub, and

5.9% under Type Same, This parallels the result of individual type analysis based on the

incidence of MSB in panel A of Figure IV. While there is considerable heterogeneity, a strong

majority of 73.7% are either Type Hump or Type Monotone.

[Insert Figure IV here]

4 Implications for Cumulative Prospect Theory

As discussed earlier, the incidence of MSB admits possible interpretations in terms of sto-

chastic choice from the perspectives of both deliberate randomization and random utility.

In this regard, we expect to see MSB arising from an increasing probability of choosing the

�xed lottery as the sure amount decreases. This is compatible with the discussion about the

distribution of the number of switches in MSB and the observed tri-modal distribution of

switches in the normalized MSB interval in the preceding section. Given the dependence of

MSB across the loss, mixed, and gain domains, it is natural to investigate its implications for

cumulative prospect theory (CPT) in Tversky and Kahneman (1992) which models reference

dependence via a loss-averse utility function v and two probability weighting functions with

one dedicated to gain-oriented risks (�+) and the other to loss-oriented risks (��). Not being

applicable to lotteries with more than two non-zero outcomes, the original prospect theory

speci�cation (Kahneman and Tversky, 1979) is not suited for the analysis here especially

8If we include those without MSB, and measure the interval for those without MSB as 0, the individual
level result is similar. Speci�cally, the percentage is 5.8%, 33.1%, 42.3%, 18.7% for the �rst, second, third
and four types respectively.

12



when we discuss deliberate randomization which will require 3 non-zero outcomes for our

setting of eliciting certainty equivalent of a two-outcome lottery.

The CPT model relies on Quiggin�s (1982) rank-dependent utility (RDU) speci�cation

to evaluate positive lotteries using a gain-oriented probability weighting function �+ and to

evaluate negative lotteries using a loss-oriented probability weighting function ��. Facing a

mixed lottery, CPT �rst transforms it into a gain component with all loss outcomes taking

on the value 0 and a loss component in which all gain outcomes take on the value 0. It then

applies the RDU form to its gain and loss components separately to arrive at the respective

gain and loss utilities. The overall CPT utility is the sum of its gain utility and its loss

utility.

For ease of exposition, we provide a description of CPT for three-outcome lotteries of the

form (x; y; z; p; q) with x > y > z such that p is the chance of receiving the high outcome x,

q is the chance of receiving the low outcome z, and 1� p� q is the chance of receiving the
intermediate outcome y: When there are at most two non-zero outcomes, i.e., p + q = 1, it

su¢ ces to write (x; y; p) indicating the probability p of receiving the higher outcome x. The

expressions for the CPT utility for positive and negative lotteries are as follows:

Positive : �+(p)v(x) + [�+(1� q)� �+(p)]v(y) + [1� �+(1� q)]v(z); x > y > z > 0;
Negative : ��(q)v(z) + [��(1� p)� ��(q)]v(y) + [1� ��(1� p)]v(x); z < y < x � 0:

For a three-outcome mixed lottery, (x; y; z; p; q) where x > y > 0 > z, its gain and loss

components are given respectively by (x; y; 0; p; q) and (0; z; 1 � q) so that its gain utility
U(x; y; 0; p; q) is given by �+(p)v(x) + [�+(1� q)� �+(p)]v(y) and loss utility U(0; z; 1� q)
is given by ��(q)v(z). This yields the following expression for the CPT utility:

U(x; y; 0; p; q) + U(0; z; 1� q; q)
= �+(p)v(x) + [�+(1� q)� �+(p)]v(y) + ��(q)v(z); x > y > 0 > z:

For the case where x > 0 > y > z, the positive and negative components of the mixed-lottery
are given respectively by (x; 0; p) and (0; y; z; p; q) and the overall expression for CPT is given

by:

U((x; 0; p)+U(0; y; z; p; q) = �+(p)v(x)+��(q)v(z)+[��(1�p)���(q)]v(y), x > 0 > y > z:

Under a further hypothesis of complementary probability weighting functions, i.e., �(p) =

�+(p) = 1���(1�p), we have a single expression for CPT, shown below, for three-outcome
lotteries which extends easily to an arbitrary number of outcomes:
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U(x; y; z; p; q) = �(p)v(x) + [�(1� q)� �(p)]v(y) + [1� �(1� q)]v(z); x > y > z:

This coincides with the RDU speci�cation with a single probability weighting function � in

addition to a loss-averse utility function v which vanishes at 0.

4.1 Deliberate Randomization

One perspective on stochastic choice arises from the possibility of deliberate randomization

(Machina, 1985; Green, 1988; Chew, Epstein and Segal, 1991) as long as a non-stochastic

preference ordering � exhibits randomization preference or quasiconcavity in probability in
preferring � chance of receiving a lottery F and 1�� chance of receiving another lottery G;
to receiving either of the two lotteries. In other words, the decision maker exhibits stochas-

tic choice even though she has non-stochastic preference. It is clear that EU cannot exhibit

deliberate randomization given that it satis�es the betweenness property, i.e., receiving lot-

tery F with � chance and receiving lottery G with 1 � � chance cannot be preferred (less
preferred) to receiving the better (worse) of the two lotteries. Deliberate randomization also

would not arise when comparing sure outcomes or when one lottery dominates another for

preferences satisfying monotonicity with respect to stochastic dominance. In conjunction

with our procedure for eliciting the certainty equivalent, it may be the case that the decision

maker prefers randomizing between receiving a lottery F and its certainty equivalent c than

receiving either F or c for sure. By continuity, there would be an interval of outcome values

for a given lottery F , referred to as its randomization interval, such that receiving the lot-

tery F or receiving a sure outcome x from this interval is worse than randomizing between

receiving F and receiving x for sure.

As discussed earlier, besides a loss-averse utility function v, CPT models reference depen-

dence via two distinct probability weighting functions �+ and ��. For positive and negative

lotteries, the CPT utility U(H; x; L;�=2; �=2) for � chance of receiving (H;L; 1
2
) and 1� �

chance of receiving x is given by:8>>>><>>>>:
�+(�=2)[v(H)� v(x)] + �+(1� �=2)[v(x)� v(L)] + v(L); (H > x > L � 0)
�+(�=2)[v(H)� v(x)] + �+(1� �=2)v(x) + ��(�=2)v(L); (H > x � 0 > L)
�+(�=2)v(H) + ��(1� �=2)v(x) + ��(�=2)[v(L)� v(x)]; (H > 0 � x > L)
v(H) + ��(1� �=2)[v(x)� v(H)] + ��(�=2)[v(L)� v(x)]: (0 � H > x > L)

Observe that CPT exhibits quasiconcavity and thus deliberate randomization when �+ is
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concave and �� is convex. Let f(�) = U(H; x; L;�=2; �=2) and consider the case of a piece-

wise linear v function, i.e., v(x) equals x for positive outcomes and equals �x for negative

outcomes, with loss aversion parameter � being not less than 1. The expression for 2f 0(�)

is then given by:8>>>><>>>>:
�0+(�=2)H + �

0
+(1� �=2)L� [�0+(�=2) + �0+(1� �=2)]x, (H > x > L � 0)

�0+(�=2)H + �
0
�(�=2)�L� [�0+(1� �=2) + �0+(�=2)]x; (H > x � 0 > L)

�0+(�=2)H + �
0
�(�=2)�L� [�0�(1� �=2) + �0�(�=2)]�x; (H > 0 � x > L)

�f�0�(�=2)L+ �0�(1� �=2)H � [�0�(�=2) + �0�(1� �=2)]xg: (0 � H > x > L)

To ascertain the interval of randomization (�+; �+) for a positive even-chance lottery, observe

that f 0(0) � 0 for x � �+ which solves f 0+(0) = 0, i.e.:

�+ = [�
0
+(0)H + �

0
+(1)L]=[�

0
+(1) + �

0
+(0)]:

Similarly, observe that f 0(1) � 0 for x � �+ which solves f 0+(1) = 0, i.e.:

�+ = [�
0
+(1)H + �

0
+(0)L]=[�

0
+(0) + �

0
+(1)]:

We can similarly ascertain the randomization interval for the loss case given by:

(
�0�(1)L+ �

0
�(0)H

�0�(1) + �
0
�(0)

;
�0�(0)L+ �

0
�(1)H

�0�(1) + �
0
�(0)

):

For the mixed case, we have two intervals corresponding to the intermediate outcome being

positive and negative as displayed below:

(
�0+(1)H + �

0
�(1)�L

�0+(1) + �
0
+(0)

;
�0+(0)H + �

0
�(0)�L

�0+(1) + �
0
+(0)

) (x � 0)

(
�0+(1)H + �

0
�(1)�L

�[�0�(1) + �
0
�(0)]

;
�0+(0)H + �

0
�(0)�L

�[�0�(1) + �
0
�(0)]

) (x < 0)

This yields the following expressions for the size of the randomization intervals:

Gain:
�0+(0)� �0+(1)
�0+(1) + �

0
+(0)

[H � L], Loss:
�0�(1)� �0�(0)
�0�(1) + �

0
�(0)

[H � L]:

Mixed (x � 0):
[�0+(0)� �0+(1)]H � [�0�(1)� �0�(0)]�L

�0+(1) + �
0
+(0)

Mixed (x < 0):
[�0+(0)� �0+(1)]H � [�0�(1)� �0�(0)]�L

�[�0�(1) + �
0
�(0)]
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It is straightforward to verify the following conditions relating the size of the randomiza-

tion interval across the loss, mixed, and gain domains. Suppose � > 1 and �+ and �� are

complementary, i.e., �(p) = �+(p) = 1� ��(1� p); so that �0+(�) = �0�(1� �). Then CPT
exhibits the hump pattern with the size of the mixed interval being higher than the gain

and loss intervals which have the same size. Suppose � = 1 and �+ and �� are weakly com-

plementary, i.e., �0+(1) + �
0
+(0) = �

0
�(1) + �

0
�(0): Then CPT exhibits the monotone pattern

with the size of the randomization interval for loss being greater (less) than that for gain if

�0+(0) < (>)�
0
�(1). Summarizing, we have:

Proposition 1: Under CPT with �+ concave and �� convex and v piece-wise linear with loss
aversion parameter �. Then the size of its randomization interval exhibits a hump pattern

if � > 1 and �+ and �� are complementary, and exhibits a monotone pattern if � = 1 and

�+ and �� are weakly complementary.

The above conditions for CPT give rise to randomization intervals which exhibit a hump

pattern or a monotone pattern which parallel the corresponding behavior of MSB intervals

in panel B of Figure IV. This can in turn account for the hump and monotone patterns for

the frequency of MSB displayed in panel A of Figure IV. It follows that CPT can continue to

exhibit either of these patterns under more general forms of a loss-averse utility function and

weaker conditions linking the two probability weighting functions. In addition, with �+ and

�� being generally distinct, the correlation in deliberate randomization between gains and

losses would not be as much as the correlation between either gains or losses with randomizing

over mixed lotteries which are driven jointly by both probability weighting functions. Thus,

CPT under distinct probability weighting functions can be compatible with the observed

pattern of correlation in MSB across the gain, mixed, and loss domains.

4.2 Random Utility

Another perspective on stochastic choice arises from an early literature on random utility

(see Marschak, 1960) in which randomness in choice behavior can arise from perceptual

errors of an alternative with a true stimulus level. In this regard, it is known that random

utility models and discrete choice models following Luce (1959) have a close correspondence

(Block and Marschak, 1960). In this subsection, we investigate the extent to which CPT

can account for the observed MSB using a random utility approach. We assume that the

randomness in stochastic choice is primarily incident on its value function rather than its

two probability weighting functions and make the simplifying assumption both probability

weighting functions are linear for even-chance lotteries. With these assumptions, regardless

of the signs of the two outcomes, CPT for an even-chance lottery (H;L; 1
2
) is given by
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1

2
v(H) +

1

2
v(L); (H > L):

This is indistinguishable from applying expected utility (EU) to (H;L; 1
2
) with the same

loss-averse utility function v.

To model reference dependence in stochastic choice, we may introduce distinct zero-mean

random components "+ and "� for the positive and negative portions of the v function.

Under EU with a loss-averse utility function v, we arrive at the following expressions for a

reference-dependent random expected utility (rEU):

Positive:
1

2
v(H) +

1

2
v(L) + "+ (H > L � 0)

Negative:
1

2
v(H) +

1

2
v(L) + "� (0 � H > L)

Mixed:
1

2
[v(H) + "+] +

1

2
[v(L) + "�] (0 � H > L)

When "+ and "� are identical which occurs in the gain or the loss domain, the above further

reduces to 1
2
v(H) + 1

2
v(L) + ".

Considering a random CPT utility (rCPT) model with reference-dependent random com-

ponents "+ and "�, we arrive at the same expressions for positive and negative even-chance

lotteries as rEU. For a mixed even-chance lottery with H > 0 > L, its rCPT utility results

from the sum of the random utility for its gain component U(H; 0; 1
2
) given by 1

2
v(H) + "+

and its loss component U(0; L; 1
2
) given by 1

2
v(L) + "�. Thus, the overall rCPT for a mixed

lottery is given by:

1

2
v(H) + "+ +

1

2
v(L) + "�:

In contrast with rEU, the rCPT model sums up the reference-dependent random components

"+ and "� rather than average them. When the random components are identical, the above

further reduces to 1
2
v(H) + 1

2
v(L) + 2". Summarizing, we have:

Proposition 2. Under rEU (rCPT) with sign-dependent random components, the choice

error for an even-chance mixed lottery is the sum (average) of the choice error for a positive

even-chance lottery and the choice error for a negative lottery.

We see that rEU and rCPT deliver distinct implications on how choice errors in the

mixed case aggregates the reference-dependent choice errors "+ and "�. For the case of

independently distributed but nonidentical choice errors, the variance for the mixed case
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is given by �2+ + �
2
� for rCPT and (�2+ + �

2
�)=4 for rEU. Here, rCPT accounts for the

hump pattern while rEU can account for the tub and the monotone patterns in Figure IV

depending on the relative sizes of �2+ and �
2
�. Under a further hypothesis of "+ and "� being

independent and identically distributed with variance �2, the variance of choice error for

mixed lotteries would be 2�2 under rCPT and �2=2 under rEU. Note that rEU and rCPT

can both account for the observed hump in correlation �lower correlation between loss and

gain lotteries and higher correlation between mixed and either loss or gain lotteries. These

implications for rCPT are distinct from those of rEU �equal frequencies of MSB and perfect

correlations across loss, mixed, and gain domains �which are not supported by the observed

patterns of MSB.

5 Conclusion

In an early experimental study of utility measurement, Mosteller and Nogee (1951) observe

substantial choice switch by the same subject between repeated trials of pairs. In his seminal

study of preference intransitivity, Tversky (1969) observes stochastic choice in an experiment

where subjects were presented with 10 pairs of monetary lotteries 20 times separated by

decoys. These �ndings about stochastic choice have been well-replicated by a large number

of experimental studies (see Mcfadden, 2001, for an overview). More recently, MSB has been

observed in experiments using price lists. For instance, Holt and Laury (2002) report that

13.2% of their subjects exhibit MSB when the binary choices are presented concurrently in

a paper-and-pencil setting. Echoing McFadden�s view quoted in the Introduction, our study

examines reference dependence in stochastic choice. We arrive at the intriguing �nding of a

hump in MSB - choice in the mixed domain tends to exhibit more MSB than in either the

gain or the loss domain - and that this observed behavior is robust after controlling for risk

attitude, response time, violation of �rst-order stochastic dominance, and cognitive ability.

From the perspective of deliberate randomization, we show that CPT can exhibit the

observed hump pattern with greater incidence of MSB for mixed than for gain or loss oriented

lotteries in the presence of an optimistic probability weighting function (i.e., concave when

lotteries are represented by decumulative probability distributions).9 From a random utility

perspective, our �ndings enable us to discriminate between rEU and rCPT, in which the

former one could exhibit a monotone pattern and the latter one could exhibit a hump pattern.

An individual analysis in Figure IV reveals substantial heterogeneity in behavior with rCPT

9The K½oszegi-Rabin (2007) model of stochastic reference dependence does not display deliberate stochastic
choice since it is quasi-convex in the probabilities and is thus uniformly randomization averse (see Masatlioglu
and Raymond, 2014).
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capturing the most subjects followed by rEU.

In conjunction with an increasing recognition that neural encoding of rewards is subject

to stochastic errors, recent development in neuroeconomics may o¤er some neurobiological

bases for reference dependence in stochastic choice. It has been suggested that there is a dual

mechanism in the brain (Rustichini, 2008; Brocas and Carrillo, 2008; Brocas and Carrillo,

2014). Dual-system hypothesis in attitudes toward gains and losses has also been suggested

in a number of studies including Breiter et al. (2001), Dickhaut et al. (2003), Knutson et al.

(2005), and Zhong et al. (2009). Moreover, theories have been proposed to model stochastic

choice at the neural level (see, e.g., Dickhaut et al., 2009; Webb et al., 2013; Webb et al.,

2014). Naturally, combining stochastic neural encoding and a dual system perspective may

engender stochastic choice with a built in context dependence which can encompass reference

dependence.

It would indeed be of interest to investigate the interplay between reference dependence

and stochastic choice in a broad range of settings. Consumer purchase decisions may have

a greater stochastic element since they typically involve mixed risks. This echoes Karni

and Safra�s (1989) demonstration of a dominant strategy equilibrium in an ascending price

auction in which bidders with randomization preference would continue to bid with positive

probability up to a level exceeding the values they place on the auctioned object. Stochastic

reference dependence may also exacerbate the disposition e¤ect in investment decisions in

delivering an added motive for investors to hold on to losing stocks for too long.
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Figures and Tables 

 

 
Figure I.  Three screen shots of binary choices across three conditions 

 

Note. In the actual experiment, we randomize the left hand side and the right hand side, and the order of appearance 
for lotteries in each of the three conditions. 
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Figure II. Behaviors across three conditions.	  	  

 
Note. We plot the frequencies across the gain, the mixed and the loss conditions of MSB (Panel A), size of MSB 
interval (Panel B), risk attitude (Panel C), mean response time (Panel D), and rate of violation of first-order 
stochastic dominance (Panel E).  
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Figure III. Distribution of switches within the MSB interval 

 
 
Note. We plot the kernel density for the distributions of normalized switches inside the MSB interval. The upper 
panels show the plots for gain, mixed and loss conditions respectively. We also plot the kernel density for the 
distributions of normalized switches inside the MSB interval for simulated scenarios in which the choice probability 
decreases from 1 to 0 at 0.1 increment. The lower panels show the plots for 300, 500, and 1000 times of simulations.  
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Figure IV. Frequency of the individual types 

	  
 
Note: We have 3 lotteries under the gain condition, 5 under the mixed condition, and 3 under the loss 
condition. In order to capture the individual heterogeneity of stochastic choice under gain, mixed and loss 
conditions, we classify the subjects into 4 types in term of multiple-switching behavior (Panel A) and the 
size of MSB interval (Panel B). For multiple-switching behavior, we define the types for all 189 subjects. 
For the size of MSB interval, we define the types for subject conditional of having MSBs for all three 
conditions, which results in 135 subjects in total. Each subject is matched to one of 4 types – equal, 
monotone, hump, and tub – based on 7 possible patterns. “Equal” is self-explanatory. The rest of the 
subjects are classified based on 6 possible strict orderings of the frequencies of MSB (size of MSB 
interval) across the three conditions. In case of a weak comparison, i.e., one strict and another equal, we 
assign 50% chance to the subject being in each of the 2 patterns corresponding to the two opposite cases 
of equal rate. For example, in case Mixed and Gain have the same rate which exceeds that of Loss, we 
assign 50% chance to both monotone patterns – Gain > Mixed > Loss and Mixed > Gain > Loss.  
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Table I. Parameters of the experiment 

 

Note. This table summarizes the parameters for the 11 even-chance lotteries delivering L or L + 30 with L = 10, 5, 0,  
–5, –10, –15, –20, –25, –30, –35, and –40,  leading to 3 lotteries in the gain condition, 5 lotteries in the mixed 
condition, and 3 lotteries in loss condition. Each lottery is compared with 21 sure options from L + 5 to L + 25. 	    

Condition 
Even-chance lottery 

Sure option 
Larger outcome Smaller outcome 

Gain 
40 10 25±10 

35 5 20±10 

30 0 15±10 

Mixed 

25 -5 10±10 

20 -10 5±10 

15 -15 0±10 

10 -20 -5±10 

5 -25 -10±10 

Loss 
0 -30 -15±10 

-5 -35 -20±10 

-10 -40 -25±10 
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Table II. Probit regressions of multiple-switching behavior 

Variable (1) (2) (3) (4) (5) (6) 

Gain -0.090*** -0.075*** -0.088*** -0.087*** -0.090*** -0.066** 

 (0.027) (0.028) (0.028) (0.027) (0.027) (0.029) 

Loss -0.071*** -0.097*** -0.071*** -0.070*** -0.072*** -0.101*** 

 (0.027) (0.027) (0.027) (0.027) (0.027) (0.028) 

Risk attitude  0.006**    0.006** 

  (0.003)    (0.003) 

Response time   4.23e-06   2.05e-05 

   (2.32e-05)   (2.45e-05) 
Dominance    -0.168  -0.112 

    (0.251)  (0.241) 

CRT     -0.054*** -0.065*** 

     (0.016) (0.016) 

H0: Gain equals 
Loss  

  chi2(1)= 
0.41, 

p = 0.520 

chi2(1)= 
0.41, 

p = 0.523 

chi2(1)= 
0.28, 

p = 0.595 

chi2(1)= 
0.33, 

p = 0.564 

chi2(1)= 
0.34, 

p = 0.559 

chi2(1)= 
0.95, 

p = 0.329 
Controls No No No No No Yes 

Observations 2,079 2,079 2,079 2,079 2,057 2,057 
Note. Dependent variable is a dummy variable indicating whether there is multiple-switching behavior for each 
lottery and each subject. Gain/loss refers to the dummy variables for gain/loss condition. Risk attitude refers to the 
number of lotteries chosen in the 21 choices, response time refers to the average response time for the 21 choices. 
Dominance refers to the violations of strict dominance for the 22 trials. CRT refers to the scores of cognitive 
reflection test. Controls include session dummies and order dummies. The table reports the marginal effects from 
Probit regression with clustered standard errors in parentheses. The CRT data are missing for 2 subjects, resulting in 
187 clusters for regression in (5) - (6). *** p<0.01, ** p<0.05, * p<0.1.  
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Table III. Linear regressions of Size of the MSB interval 

Variable (1) (2) (3) (4) (5) (6) 
Gain -0.765** -0.612** -1.079*** -0.811*** -0.766** -0.845*** 

 (0.297) (0.295) (0.292) (0.300) (0.299) (0.308) 

Loss -0.527* -0.716** -0.359 -0.533* -0.471* -0.589** 
 (0.274) (0.296) (0.277) (0.276) (0.271) (0.283) 

Risk attitude  0.066*    0.092** 
  (0.035)    (0.036) 

Response time   -0.0009***   -0.0008*** 

   (0.0002)   (0.0002) 

Dominance    4.695  3.233 
    (4.020)  (3.673) 

CRT     -0.428*** -0.396*** 
     (0.147) (0.144) 

Constant 7.049*** 6.427*** 9.034*** 7.013*** 7.892*** 8.002*** 
 (0.201) (0.381) (0.502) (0.197) (0.331) (0.897) 

H0: Gain 
equals Loss 

F(1,188) =  
0.58, 

p = 0. 449 

F(1,188) = 
0.09, 

p = 0.769 

F(1,188) = 
5.29, 

p = 0.023 

F(1,188) = 
0.78, 

p = 0. 379 

F(1,186) = 
0.89, 

p = 0.347 

F(1,186) = 
 0.54, 

p = 0.464 
Observations 1,308 1,308 1,308 1,308 1,295 1,295 

R-squared 0.007 0.010 0.027 0.010 0.017 0.054 
Note. Dependent variable is the size of MSB interval i.e., interval for the incidence of multiple-switching for each 
subject and each lottery. Gain/loss refers to the dummy variables for gain/loss condition. Risk attitude refers to the 
number of lotteries chosen in the 21 choices, response time refers to the average response time for the 21 choices. 
Dominance refers to the violations of strict dominance for the 22 trials. CRT refers to the scores of cognitive 
reflection test. Controls include session dummies and order dummies. The table reports coefficients from linear 
regression with clustered standard errors in parentheses. The CRT data are missing for 2 subjects, resulting in 187 
clusters for regression in (5) - (6). *** p<0.01, ** p<0.05, * p<0.1.  
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Online Appendix A: Supplementary Figures and Tables 
 

 
Figure AI. Aggregate behavior 

 
Panel A: Histogram of switching behavior 

 

 
Note. The histogram of switching behavior under gain, mixed and loss conditions. The number on the 
horizontal axis indicates the times of switch: 0 indicates no switching, i.e., subjects either all choose 
sure options or all choose the lotteries; 1 indicates subjects switch once where the switch point can be 
regarded as the certainty equivalent of the lottery; 2 indicates switching twice, 3 indicates switching 
thrice, and so on. MSB is incident when the number of switches is more than 1.   
 
	  

Panel B: Histogram of size of MSB interval  

	  
Note. The histogram of size of MSB interval under gain, mixed and loss conditions.	  
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Panel C: Histogram of risk attitude 

	  

	  
	  
Note. The histogram of risk attitude characterizes the number of times the lottery is chosen for each 
lottery under gain, mixed and loss conditions. The red vertical line at 10.5 roughly indicates risk 
neutrality. Accordingly, the histogram on the left side of the line reflects risk averse behavior while the 
histogram on the right side reflects risk seeking behavior. As presented in the figure, in general, 
subjects are risk averse under the gain condition, less risk averse in the mixed condition and risk 
seeking under the loss condition.	  
	  
	  

Panel D:  Histogram of response time 

	  
Note. Following the interquartile range (IQR) rule (Tukey, 1977), response time greater than Q3 + 
1.5×IQR or lower than Q1-1.5×IQR are defined as outliers and removed from the histogram figure. 
The interquartile range (IQR) is defined by subtracting the first quartile from the third quartile (Q3 - 
Q1).  
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Panel E: Frequency of dominance violation 

	  
Note. The bar plot of the rate of violation of first-order stochastic dominance (FOSD) under gain, 
mixed and loss condition. As illustrated in the figure, the rate of dominance violation is much lower 
than the frequency of MSB. 
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Figure AII:  Kernel density plot of MSB 
 

Panel A: Plots from observational data 

	  
	  

Note. Kernel density plots of the distributions of MSB for lotteries with 3 (Upper panel), 5 (Middle 
Panel) and 7 switches (Bottom panel) over gain, mixed and loss conditions. 
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Panel B: Plots from simulation 
	  
sc

	  
Note. Kernel density plots of the distributions of MSB for 300, 500 and 1000 simulated lotteries with 3 
(Upper panel), 5 (Middle panel) and 7 switches (Bottom panel)  
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Table AI. Choices with first order stochastic dominance 
 

Condition Even-chance lottery Sure option Larger outcome Smaller outcome 

Gain 

40 10 7 
40 10 5 
35 5 2 
35 5 3 
30 0 35 
30 0 32 
25 -5 32 

Mixed 

25 -5 -10 
20 -10 25 
20 -10 -15 
15 -15 20 
15 -15 -20 
10 -20 15 
10 -20 -25 
5 -25 10 
5 -25 -30 

Loss 

0 -30 -33 
0 -30 -35 
-5 -35 -3 
-5 -35 -40 
-10 -40 -8 
-10 -40 -45 

Note. The table summarizes 22 lotteries in which one is strictly better than the other in the sense of 
first-order stochastic dominance. 
 
 
 
 

Table AII. Summary statistics of behaviors across three conditions. 

Variables Gain condition Mixed condition Loss condition 
Mean S.E. Mean S.E. Mean S.E. 

Multiple-switching behavior 0.635 0.020 0.723 0.015 0.654 0.020 
Size of MSB interval 6.284 0.222 7.049 0.163 6.522 0.215 

Risk attitude 6.608 0.166 8.982 0.152 12.667 0.180 
Response time 1752 41.182 2104 43.11 2235 42.30 

Dominance 0.024 0.005 0.009 0.002 0.011 0.003 
Note. The table summarizes across the gain, mixed and loss conditions the rate of MSB, size of MSB 
interval, risk attitude proxied by the number of risky options chosen, response time in milliseconds, and 
the rate of violation of first-order stochastic dominance.  
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Table AIII. Regressions of Size of the MSB interval 
 

Variables (1) (2) (3) (4) (5) (6) 
       

Gain -1.131*** -0.947*** -1.180*** -1.120*** -1.128*** -0.943*** 
 (0.268) (0.262) (0.272) (0.270) (0.271) (0.269) 

Loss -0.844*** -1.129*** -0.809*** -0.849*** -0.823*** -1.126*** 
 (0.267) (0.289) (0.268) (0.264) (0.269) (0.286) 

Risk attitude  0.078**    0.086*** 
  (0.03048)    (0.032) 

RT   -8.51e-05   -5.11e-05 
   (7.94e-05)   (9.17e-05) 

Dominance    -0.207  -0.161 
    (0.442)  (0.380) 

CRT     -0.569*** -0.618*** 
     (0.160) (0.152) 

Constant 4.766*** 4.071*** 4.995*** 4.785*** 5.944*** 4.969*** 
 (0.221) (0.336) (0.320) (0.221) (0.375) (0.805) 

H0: Gain 

equals Loss 

F(1,188) =  

1.06, 

p = 0. 305 

F(1,188) = 

0.34, 

p  = 0.559 

F(1,188) = 

1.66, 

p = 0.198 

F(1,188) = 

0.99, 

p = 0. 321 

F(1,186) = 

1.18, 

p = 0.279 

F(1,186) = 

 0.36, 

p = 0.551 

Observations 2,079 2,079 2,079 2,079 2,057 2,057 
R-squared 0.012 0.018 0.013 0.012 0.027 0.045 

Note. Dependent variable is size of the MSB interval for each lottery and each 
subject. Gain/loss refers to the dummy variables for gain/loss condition. Risk attitude 
refers to the number of lotteries chosen in the 21 choices, response time refers to the 
average response time for the 21 choices. Dominance refers to the violations of first-
order stochastic dominance for the 22 trials. CRT refers to the scores of cognitive 
reflection test. Controls include session dummies and order dummies. The table 
reports coefficients from linear regression with clustered standard errors in 
parentheses. The CRT data are missing for 2 subjects, resulting in 187 clusters for 
regression in (5) - (6). *** p<0.01, ** p<0.05, * p<0.1.  
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Online Appendix B: Experimental Instructions 
 

Introduction 

Thank you for participating in our experiment. All information provided by you including 

your personal information, decisions and earnings will be kept confidential. It is important 

that you do not communicate with other participants. If you have any questions during the 

experiment, raise your hand and the experimenter will approach you. In this experiment, you 

will get $15 show-up fee for participating in the experiment. In the decision making tasks, it 

is possible that you win some amount of money to add to the $15 show-up fee, and it is also 

possible that you lose some amount of money to deduct from the $15 show-up fee. The 

winning or losing amount depends on your choices as well as luck. Below we explain the 

decision making task. It is very important for you to understand the tasks carefully in order 

for you to make better decisions. 

 

Task 

You will make a number of binary choices between an even-chance risky option and a sure 

option. The currency used in the experiment is called token, and 4 tokens are equivalent to 

SG$1 for real money. Below we present three examples for illustrative purpose. 

 

Example 1. There are the two options in the screen as follows. 

 
In left option you get 10 tokens for sure, and in the right option you have 50% chance of 

getting 20 tokens and 50% chance of getting 2 tokens.  

 

Example 2. There are the two options in the screen as follows. 
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In left option you get 8 tokens for sure, and in the right option you have 50% chance of 

getting 12 tokens and 50% chance of losing 2 tokens.  

 

Example 3. There are the two options in the screen as follows. 

 
In the left option you have 50% chance of losing 8 tokens and 50% chance of losing 20 

tokens, and in left option you lose 15 tokens for sure.  

All the risky options only involve 50% chance, which will be implemented using two cards in 

the envelope, one red and one black. You should guess the color about the card you are going 

to draw. If correctly, you get the higher amount in the lottery, if wrongly, you get the smaller 

amount in the option.  

 

You will make 253 rounds of choices similar as the examples in three separate sessions. In 

each round, the position of risky and sure options changes from round to round, and the 

amount of money also varies from round to round. In each round, the screen will first show a 

“+” in the center of the screen, indicating the beginning of a new round. Subsequently, the 

screen will show the lottery and sure options as in the examples. If you want to choose to the 

left option, you press “f”; if you want to choose to the right option, you press “j” button. Once 

you press the button, the chosen option will be highlighted. After a short interval, you’ll enter 

into the next round. See the figure below for details.  

ss
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Payment  

Upon completion of the session, one out of the 253 total rounds will be randomly selected to 

implement based on your choice in that round. If you win in that round, the amount of money 

will be added to the $15 show-up fee; if you lose in that round, the amount of money will be 

deducted from the $15 show-up fee.  

 

Suppose example 2 is randomly chosen for payment for you. If you choose left option, getting 

8 tokens for sure, you will get 15+(8/4)= $17. If you choose right option, 50% chance of 

getting 12 tokens and 50% of losing 2 tokens, you will get 15+(12/4)= $18 if you guess the 

color of the card correctly, and you will get 15+(-2/4)=$14.5 if you get the color of the card 

wrongly.  

 

Note: If you have any questions, please feel free to raise your hand to ask.	  	  
	  
 
 
 

 
	  
	  


