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Abstract

Expected utility theory (EUT) is a parsimonious theory that explains behavior under risk and

uncertainty. Previous research showed that EUT of wealth is not a satisfactory explanation

of risk aversion. We use empirical data from a controlled laboratory experiment to show that

EUT of income cannot explain risk aversion either. The experimental data suggests that

the marginal utility of money would decrease at an absurdly high rate if the concavity of

Bernoulli utility function is used to explain risk aversion. We demonstrate that loss aversion

together with probability weighting explain the observed risk aversion well. Unlike many

previous studies, we elicit valuations – Willingness to Pay (WTP) and Willingness to Accept

(WTA) – for risky prospects to make the reference points more salient. Using an empirical

model that features reference-dependent preference, we further show that our identification

is robust to changes in reference points. The obtained parameters from estimating the

structural model are consistent with literature.

Keywords: Risk Aversion, Loss Aversion, Probability Weighting, Reference Dependent,

Lottery



1 Introduction

Economists favor parsimonious theories that can reasonably explain and predict behavior be-

cause of their portability and tractability. When explaining and predicting behavior under

risk and uncertainty, expected utility theory (EUT) is considered a parsimonious theory. It

has long been used to explain one of the most important empirical evidence in decision mak-

ing – risk aversion – through a concave Bernoulli utility function1. Nonetheless, researchers

found that EUT in fact does not provide a satisfactory explanation for risk aversion (Rabin

and Thaler, 2001). The calibration practice that Rabin (2000) performed on EUT of wealth

led to empirical implausibilities. In practice, especially empirical research, researchers often

use the EUT of income model to explain and predict behavior because it is more feasible

and convenient (Holt and Laury, 2002). More importantly, the method also circumvents the

calibration problem that Rabin and Thaler (2001) raised. When the amount of income is

small (e.g. payments in most laboratory experiments), is the EUT of income model indeed

immune to the calibration problem? We answer this question empirically using a controlled

laboratory experiment in this paper.

Prospect theory (Kahneman and Tversky, 1979; Tversky and Kahneman, 1992) as an

alternative to EUT is capable to make good explanations of many real world phenomena

and its propositions have also been extensively tested in both the laboratory and the field.

Most previous empirical studies have focused on using loss aversion to explain reference

dependent behavior (Haigh and List, 2005; Kahneman et al., 1991; Thaler and Tversky,

1997; Tversky and Kahneman, 1991). In recent years, based on these empirical evidence,

reference–dependent utility model has also been proposed and has received much attention

(Köszegi and Rabin, 2006, 2007, 2009). In comparison, economic literature has less empha-

sized the empirical validity of probability weighting. The majority of empirical studies on

probability weighting have been conducted by psychologists (Gonzalez and Wu, 1999; Kilka

1In the current paper, we use Bernoulli utility function to refer to the utility function u(·) on sure
outcomes. The term Von–Neumann Morganstern (VNM) utility function is used to refer to the decision
utility U(·) which is a weighted average of u(·)s.
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and Weber, 2000; Wu and Gonzalez, 1996) and relevant economic studies have been focusing

on the theoretical aspect. These studies try to relax the linearity constraint on probability

in expected utility theory to rationalize empirically observed anomalies (Abdellaoui, 2002;

Machina, 2009; Quiggin, 1982, 1987). Fehr-Duda and Epper (2012) provides a comprehensive

review of the studies on probability weighting and the literature recognize the importance

of empirical testing. However, with field data, researchers usually do not observe the deci-

sion makers’ perceived risks or probabilities which makes it very difficult or even impossible

to distinguish probability distortion caused by probability weighting from those caused by

systematic risk misperception (Barseghyan et al., 2013b)2 . Laboratory experiments do not

suffer from this issue because risk (objective probability) associated with a certain outcome

can be made clearly known to subjects. Therefore, observed probability distortion in labo-

ratory experiments can be safely attributed to probability weighting. In the current study,

we simultaneously examine the roles of loss aversion and probability weighting in risk averse

(loving) behavior using our experimental data.

We collect certainty equivalents (CE) of different risky prospects through a carefully de-

signed laboratory experiment. Our experiment uses the iterative Multiple Price List (iMPL)

elicitation technique (Andersen et al., 2006) to obtain Willingness to Pay (WTP) and Will-

ingness to Accept (WTA) values of both pure monetary payoff ($5) and an actual commodity

(coffee mug) in both the gain domain (represented by lottery) and the loss domain (repre-

sented by insurance). The valuation modes (i.e. gain vs. loss and WTA vs. WTP) are varied

between subjects while probabilities of gain or loss are varied within subject. Using data

from the experiment, we show that EUT of income model is not consistent with empirical

evidence even when income is at small scale. Experimental results show a significant role of

loss aversion under all probabilities.

Following Köszegi and Rabin (2006), we build an empirical model in which people receive

2Recently, some economists have started to investigate the role of probability distortion in explaining
risk aversion (Barberis and Huang, 2008; Barseghyan et al., 2013a; Snowberg and Wolfers, 2010). The term
probability distortion describes the behavior of systematic deviation from objective probabilities in decision
making under EUT framework.
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both consumption utility and gain–loss (reference dependent) utility to fit the experimen-

tal data. By assuming a locally linear utility function, we estimate the single loss aversion

parameter as well as a non–parametric probability weighting function. The estimated loss

aversion parameter is within a reasonable range as suggested by literature and the non-

parametric probability weighting function is consistent with an inverse S–shaped curve. The

model also fits the experimental data well and can be extended to other applications. Due to

identification purpose, we employ a between–subject design so we have to assume a represen-

tative agent in our analyses. This method partially ignores the individual level heterogeneity

that can be studied using within–subject design.

Our main contributions are twofold. On the one hand, we show that EUT of income

model is empirically implausible and behavioral explanations are needed to explain the risk

averse (loving) behavior observed in the laboratory. On the other hand, the design of the

laboratory experiment allows us to simultaneously examine the roles of loss aversion and

probability weighting in risk averse (loving) behavior. We are also the first to thoroughly test

the reference-dependent utility model. By eliciting valuations for different risky prospects

in both the gain and loss domains, the data allows for identification of an extended version

of the reference-dependent utility model derived from the Koszegi–Rabin model(Köszegi

and Rabin, 2006). Unlike direct elicitation of certainty equivalents, the reference-dependent

model based this design is more robust to the changes in reference points.

The rest of the paper is organized as follows: the next section describes a controlled

laboratory experiment which we use to elicit WTA and WTP values for either gains or losses

of $5 or a coffee mug under risk. We also explain why and how this design allows us to

examine loss aversion and probability weighting simultaneously. Section three presents the

experimental results and conducts a simple reduced–form analysis. In section four, loss aver-

sion and probability weighting are discussed in details before we present an empirical model

to explain the experimental data. The structural estimation then shows the magnitudes

of loss aversion and probability weighting we observed in the experiment. The last section
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concludes the study and discusses possible future research directions.

2 Experimental Design

The experiment is conducted with the risky prospects of $5 (money experiment hereafter) or

of a coffee mug with a university logo (mug experiment hereafter). In this section, we mostly

refer to the money experiment when illustrating the design, but the same design applies to

the mug experiment unless otherwise noted.

The experiment was designed to satisfy several criteria. First of all, we believe people’s

different attitudes towards gains and looses is the fundamental reason of risk aversion at

small scales (Rabin, 2000), so all risky prospects in the experiment involve gains and/or

losses depending on what the decision maker’s reference point is3. We design our experi-

ment to make the reference points salient to subjects so the researcher can better tell which

direction (positive/gain vs. negative/loss) the decision maker is deviating from her refer-

ence point. This is critical in identifying the role of loss aversion in risk averse behaviors.

Secondly, the influence of reference point on the estimation should be minimized. That is,

our estimation is empirically robust to the changes in reference points. Although reference

dependence has been generally accepted in decision science and behavioral economics, we

know relatively little that how reference points are determined. In fact, the reference point

can be context dependent and changes dynamically even within the scope of same experi-

mental task (Baucells et al., 2011). It is not the purpose of the current paper to identify a

particular reference point, so the plausibility of empirical model should not be compromised

even the reference points change dynamically. Thirdly, enough data are collected so that

one can conduct point estimates of a non–parametric probability weighting function. We

3There are many different ways of defining reference points including status quo and expectations. We
shall discuss in more details later. With the conventional way of eliciting certainty equivalents, decision
makers are usually asked to choose between a risky prospect and a fixed amount. It then may be incorrect
to define her reference point as “having neither” because she knows she will receive at least one of the two
options. It is also not plausible to assume her reference point is the lottery or the fixed amount. The best
the researcher can tell is that the reference point is unclear in this case. Subjects’ reference points may
indeed very heterogeneous.
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are interested in answering the question that whether probability weighting is necessary to

explain risk averse (loving) behavior in addition to loss aversion. Hence, imposing minimal

constraints on the probability weighting function is desirable. Lastly, although we employ a

between–subject design, average valuations (WTAs and WTPs) elicited from the gain and

loss domains can be treated as if they are elicited from the same representative agent. In

addition, as in all experimental studies, subjects should face enough incentive to reveal their

“true” valuations over different risky prospects.

2.1 Structure

A lottery ticket and an insurance policy are used to represent gain and loss respectively4.

In all lottery (gain) sessions, subjects are told that they do not own the $5 but they have

a chance to win (receive) it; in all insurance (loss) sessions, subjects are told that they own

the $5 but they face a possibility to lose it. Considering gains and losses of the $5 and their

certainty equivalents (WTA or WTP) we have the following four treatments.

1. Willingness To Pay in the Gain Domain (WTPG) is the maximum amount of money

that one would be willing to give up for a lottery ticket with a known probability of

obtaining $5.

2. Willingness To Accept in the Gain Domain (WTAG) is the minimum amount of money

that one would be willing to accept to give up her lottery ticket with a known proba-

bility of obtaining $5.

3. Willingness To Pay in the Loss Domain (WTPL) is the maximum amount of money

that one would be willing to give up to purchase an insurance policy to fully protect

against the loss of the $5 with a known probability.

4Researchers used different methods in similar experiments to represent gains and losses (Bateman et al.,
1997; Eisenberger and Weber, 1995). In the design of our experiment, we only use these terms to help
subjects to understand the questions.

5



4. Willingness to Accept in the Loss Domain (WTAL) is the minimum amount of money

that one would be willing to accept in return for giving up an insurance policy that

fully protects against loss of the $5 with a known probability.

The framing of the four treatments is similar to Bateman et al. (1997) although following

different naming rules 5. Other related studies framed the questions in different ways. For

example, Eisenberger and Weber (1995) reports elicited WTA and WTP values for a certain

lottery. Specifically, their lottery experiment had four treatments including buying, selling,

short buying, and short selling. Their experimental design is essentially the same as Bateman

et al. (1997) and this in valuation methods. In this study, we use more concrete terms

(lottery vs. insurance policy) to help subjects to understand the questions. The novelty of

this experimental design is the introduction of systematic risks and thus the examination

of risk preference. Also, we use the iMPL mechanism to directly elicit valuations while

Bateman et al. (1997) conducted their experiments with transactions that exchange one

good for another good, as in Knetsch (1989). The iMPL mechanism allows us to generate a

richer dataset.

Before diving into the discussion of reference dependence, it is useful to lay out possible

gains and losses that subjects face. Since the fixed participation fee is uniform across all

treatments, we do not include it in the following discussion. In the WTPG sessions, partic-

ipants were given $15 to purchase a lottery ticket and in the event of winning the lottery,

$5 was added to their account balance. In the WTAG sessions, participants were given $10

and the lottery ticket which they could sell for cash. In the WTPL sessions, participants

were given $20 and they faced a risk of losing $5 of it. They were given an opportunity to

purchase an insurance policy that protects them from losing the $5 using the rest $15. In the

WTAL sessions, participants were given $15 and the insurance policy that they could sell

for cash. Let p represent the probability of winning the lottery or the probability of a loss.

Changes in wealth in each treatment are listed below in lottery form. The first lottery in

5The WTAG and WTPL here correspond to their Equivalent Gain (EG) and Equivalent Loss (EL) values.
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each treatment represents the risky option and the second (degenerated) lottery represents

the safe option.

1. WTPG: ($20−WTPGain, p; $15−WTPGain, 1− p)vs.($15, 1)

2. WTAG: ($15, p; $10, 1− p)vs.($10 +WTAGain, 1)

3. WTPL: ($15, p; $20, 1− p)vs.($20−WTPLoss, 1)

4. WTAL: ($10 +WTALoss, p; $15 +WTALoss, 1− p)vs.($15, 1)

In the WTPG treatment, it is natural to take the safe option –($15,1)– as the reference

point so does in the WTAL treatment. Therefore, the risky prospects in these two treatments

involve both a possible gain and a possible loss. However, it is not as clear what the reference

points are in the WTAG and WTPL treatments up to this point.

2.2 Details

All experimental sessions were conducted in a dedicated experimental economics laboratory

at a major university in North America. All subjects were recruited from university under-

graduate population. Eighteen sessions, including two pilot sessions6, were conducted. On

average, a subject earned a total amount between $15 and $25 (including the value of coffee

mug in the case of mug experiment) upon completion of the experiment which took about

40 minutes. Each session consists of 9 parts, only one of which was actually implemented

to determine the payment. In order to determine the part implemented, a bingo ball was

drawn from a bingo cage having 9 bingo balls numbered 1–9. All subjects were incentivized

to reveal their true valuations in all parts since they (and the experimenter) did not know

which part would be implemented until the end of the experiment7. In all experimental

sessions, the order of the 9 parts was randomized to mediate any possible order effect.

6Pilot sessions are excluded from analyses due to slight difference in design but including them does not
alter results. Analyses with all data are available from the author upon request.

7To avoid possible confusion, subjects were told to treat each part as a separate experiment but their
earnings are determined by only one of the separate experiments.
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Once a subject was checked into the lab, he/she was randomly seated at a private desk-

top computer. All computers had a Visual Basic Application (VBA) program set up and

subjects submitted their decisions through the program. Subjects were given sufficient time

to read instructions before the experimenter read and explained the instruction with Pow-

erPoint slides. Subjects were encouraged to ask any question either before or during the

experiment but were not allowed to communicate with each other. Subjects then submitted

their valuations by accepting or rejecting the prices shown on their computer screens for all

9 parts without further direction. After all subjects finished all parts of the experiment,

attention was drawn to the experimenter and a bingo ball was drawn by a lab assistant to

determine which single part, of the nine parts, was the implemented part for payment. To

determine the buying/selling price, a poker chip was drawn with a price listed on it from a

bag by a volunteer subject in the room. After the experimenter calculated earnings, subjects

were directed to complete a survey before they were paid.

[Table 1 HERE]

Table 1 shows a summary of all the experimental sessions. In half of the sessions (lot-

tery/gain treatments), subjects were shown the experimental good and were told that they

did not yet own it but could have a chance to win it if they were to buy/keep the lottery

ticket. In the other half of the sessions (insurance/loss treatments), subjects were given an

identical experimental good and were told it was theirs to keep although they faced a risk

of losing it during the experiment. An insurance policy can be bought/kept to protect them

from losing the experimental good.

[Table 2 HERE]

A full version of experimental instructions can be found in the appendix. Table 2 shows

the probabilities in each part. To elicit valuations in each part, we employ a iterative Multiple

Price List (iMPL) mechanism(Harrison, 2006). For each price listed on subjects computer

8



screen8, subjects either accept or reject that price by selecting “Yes” or “No”. After all

parts were completed, a poker chip with price on it was randomly drawn by a subject to

determine the price of the good. In the WTPG (WTAG) and WTPL (WTAL) sessions, if a

subject said yes to the drawn price, he/she pays (receives) that amount and receives (gives

up) the lottery ticket or insurance policy. If a subject says no to the drawn price, he/she

does not buy (keep) the lottery ticket or insurance policy. To account for possible income

effect, subjects in WTPG and WTPL sessions were given $15 at the start of the session as

theirs to keep or spend. Subjects in WTAG and WTAL sessions were given $10. Finally,

to implement the randomly determined binding part, two stacks of white and red chips are

shown to the subjects to illustrate probabilities. Depending on the probability chosen for

implementation, the appropriate number of white and red chips were put into a bag. For

example, if part 3 was drawn, the experimenter put 95 white chips and 5 red chips into a

bag. One of the subjects then drew a chip out of the bag to determine the outcome. In a

gain (lottery) session, if a red chip was drawn, those who held a lottery ticket received the

experimental good. In the loss (insurance) session, if a red chip was drawn, those who did

not hold an insurance policy lost their experimental good.

3 Results

In this section, we report results from the experiment and fit EUT to the experimental data.

Table 8 at the end summarizes means and medians of valuations in each treatment of the

money experiment, while Table 9 summarizes the same statistics from the mug experiment.

Each column represents valuations under a different probability. Under all probabilities,

including certainty, tests show that both WTAG–WTPG and WTPL–WTAL disparities are

statistically significant9. A closer examination of Table 8 and Table 9 reveals that the mean

8See screenshot in appendix.
9Under certainty, in the money experiment, Wilcoxon-Mann-Whitney test results in z=-4.21 with p=0.00

for WTAG-WTPG and z=-5.416 for WTAG-WTPL; in the mug experiment, Wilcoxon-Mann-Whitney test
results in z=-3.24 with p=0.00 for WTAG-WTPG and z=-3.22 for WTAL–WTPL.
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WTAG–WTPG and WTAL–WTPL disparities are approximately constant while the ratios

increases when probabilities decrease. In fact, constant absolute disparities are found among

the four different values under intermediate probabilities (0.05 ≤ p ≤ 0.95). In the money

experiment, the ratio of (mean) WTAG/WTPG is 3.87 at p = 0.05, in contrast to a ratio

of 1.08 under certainty, while these ratios are 3.62 versus 1.46 in the loss domain. In the

mug experiment, the ratio of (mean) WTAG/WTPG is 8.63 at p = 0.05 versus 1.60 under

certainty while the same ratios are 3.88 versus 1.61 in the loss domain. The ratios under

small probabilities are especially high for a private good (Horowitz and McConnell, 2002).

The ratios under all probabilities are also shown in Figure 1.

[Figure 1 HERE]

3.1 Fitting EUT of Wealth Model

Given the experimental design, if there is no income effect, EUT would predict identical

valuations from all four different treatments. We explicitly controlled for income effect in

the experiment by endowing subjects with different amount of money. We now show that it

is not possible for Expected Utility of Wealth to explain the experimental data.

To start, let’s assume a DARA (decreasing absolute risk aversion) utility function u(·)

with u
′
(·) > 0 and u

′′
(·) ≤ 0. Subjects’ decision rules are shown below under expected utility.

Note, x0 represents the subjects wealth before they start the experiment. x0 is assumed to

be (on average) the same across different treatments.

pu(x0 + 20−WTPGain) + (1− p)u(x0 + 15−WTPGain) = u(x0 + 15) (1a)

pu(x0 + 15) + (1− p)u(x0 + 10) = u(x0 + 10 +WTAGain) (1b)

pu(x0 + 15) + (1− p)u(x0 + 20) = u(x0 + 20−WTPLoss) (1c)

pu(x0 + 10 +WTALoss) + (1− p)u(x0 + 15 +WTALoss) = u(x0 + 15) (1d)

Following concavity of the utility function, WTPGain ≤ 5p,WTAGain ≤ 5p and WTPLoss ≥

10



5p,WTALoss ≥ 5p. Using the DARA assumption on the Bernoulli utility function, it can

be shown that expected utility on final wealth predicts WTAGain ≤ WTPGain ≤ 5p ≤

WTALoss ≤ WTPLoss (see appendix for details). This prediction is not consistent with the

experimental result shown in Table 8.

3.2 Risk Aversion at Small

As a response to the “Rabin Critique”, many have argued that expected utility should not

be of final wealth but of income (Cox and Sadiraj, 2006; Holt and Laury, 2002)10. Moreover,

the expected utility of income model has been a popular tool to analyze empirical data

because initial wealth are usually not observed by researchers. This practice is even more

common in analyzing laboratory data. Regardless the practical issues of using EUT of

income model (Safra and Segal, 2008), we show that our empirical result does not allow such

a model either.

If expected utility is defined on income, control of income effect becomes irrelevant and

so does the initial wealth x0. The decision rule then becomes Equation 2.

pu(5−WTPGain) + (1− p)u(−WTPGain) = u(0) (2a)

pu(5) + (1− p)u(0) = u(WTAGain) (2b)

pu(0) + (1− p)u(5) = u(5−WTPLoss) (2c)

pu(WTALoss) + (1− p)u(5 +WTALoss) = u(5) (2d)

10Cox and Sadiraj (2006) argued that expected utility should be defined on both wealth and income. A
line of research that follows that argument leads to the notion of “asset integration”. While it is beyond
the scope of this paper to test the “asset integration” model, our experimental data is also inconsistent with
prediction from such a model
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When valuations are small, we can take a first order approximation of Equation 2.

pu(5−WTPGain)− pu(−WTPGain) ≈ u′(−WTPGain)WTPGain (3a)

pu(5) + pu(0) ≈ u′(0)WTAGain (3b)

pu(0) + pu(5) ≈ u′(5)(−WTPLoss) (3c)

pu(WTALoss)− pu(5 +WTALoss) ≈ u′(5 +WTALoss)(−WTALoss) (3d)

Thus, u′(0)
u′(−WTPGain)

= u(5)−u(0)
u(5−WTPGain)−u(−WTPGain)

WTPGain

WTAGain
≤ WTPGain

WTAGain
because u′ > 0 and u′′ ≤

0. Similarly, we have u′(5+WTALoss)
u′(5)

≤ WTPLoss

WTALoss
. With these results, one immediately notices a

kink between utility increment and decrement at income of $0 and $5 unless WTA = WTP .

Because the amount of $5 is arbitrarily chosen, this empirical result applies to any point

on the utility function within a reasonable range11. Admittedly, people may incur irregular

behaviors under small probabilities due to risk dismissal and other factors, but the marginal

utility of money cannot decrease at such a high rate. Even income is not additive to wealth,

experimentalists would have a very hard time to imagine that the seventh dollar they pay

to their subjects is only 1
4

effective as the fifth dollar they pay12. If the marginal utility of

money decreases at a rate of 4 at $1 interval, any payment beyond a very small amount

becomes practically immaterial. This is apparently not the case in either the laboratory or

the real world, hence an EUT of income prediction based on concavity of Bernoulli utility

function leads to absurdity. This simple “empirical calibration” practice again emphasizes

the importance of systematically examining behavior under different probabilities.

Note that the above argument applies to both EUT of wealth and EUT of income. In

the EUT of wealth case, a slight risk aversion with small amount at stake leads to “Rabin

Critique”. In the EUT of income case, a much higher degree of loss aversion is required

to show the implausibility. Our experimental result provides such evidence. Based on our

11Given the nature of laboratory experiment and incentives used, we do not extend this conclusion to
larger amounts.

12In the loss domain, when p = 0.05, u′(5+0.93)
u′(5) ≤ 1

3.62

12



analyses and previous research, we can safely conclude that neither EUT of wealth nor EUT

of income provides a satisfying explanation to the experimental data.

3.3 Other Stylized Facts

Given that both EUT of wealth and EUT of income do not provide a reasonable explanation

of the observed risk aversion, we will turn to a behavioral model to explain the experimental

data in the next section. Before doing so, we first report some stylized facts in the experimen-

tal data that help us to identify the key components in the model. Mean valuations elicited

from all sessions are plotted in Figure 2. For medium probabilities, valuations appear to

increase at similar rates (lines share the same slope). These parallel lines suggest valuations

under risk responds to probability proportionally. Another noteworthy observation is that

the WTAG and WTPL values from the money experiment appear to be the same under all

probabilities.

[Figure 2 HERE]

The linear regression shown in Table 3 uses treatment dummy variables and change

in probabilities to explain the valuations. For both the money and mug experiments, we

first estimate a linear regression model with all of the collected data. We then estimate

another linear regression which only uses data elicited under non extreme probabilities

(0.05 ≤ p ≤ 0.95). All models include probability as an explanatory variable and its inter-

actions with the treatment dummy variables. Probability is treated as a continuous variable

although we elicited values under nine probabilities. F test on the three interaction terms

(WTAG*Probability, WTPL*Probability, and WTAL*Probability) in all models suggests

that we cannot reject the hypothesis that they are jointly equal to zero13. In other words, we

cannot reject the hypothesis that the four lines share the same slope suggesting statistically

same response to changes in risk.

13Model (1) results in F=0.59 with p=0.62. Model (2) results in F=0.80 with p=0.50. Model (3) results
in F=1.45 with p=0.23. Model (4) results in F=0.76 with p=0.51.
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[Table 3 HERE]

On the other hand, all treatment dummy variables are statistically different from each

other at 1 percent level except for WTAG and WTPL in the money experiment14. This

suggests that although the four lines in Figure 2 have statistically identical slopes, they do

not overlap with each other except for WTAG and WTPL in the money experiment. This

contradicts the prediction of EUT but is consistent with previous observed WTA–WTP

disparities. A different set of linear regressions but with fixed effects are reported in the

bottom panel of Table 3. The fixed effects are at individual level so all intercepts of the four

lines are not separately identified since there is only between subject variation in terms of

elicitation mode. The estimated slopes are identical to the ones reported in the top panel

so they are suppressed from the table. This regression shows that individual level fixed

effects can explain at least 50% of the remaining variance after accounting for responses to

probabilities and thus indicates some heterogeneity in individual valuations.

4 Structural Analysis

The structural analysis illustrates that how loss aversion explains high degrees of risk aversion

in the experiment. We also go beyond the explanation of risk aversion and ask what is the

best existing model that can explain the experimental data in general and whether the

estimated parameters are consistent with literature. The reduced–form analysis shows some

degrees of loss aversion as well as a linear response of valuations to risk changes. Many

studies after Rabin (2000) have shown that a nonlinear utility function of either wealth or

income is not immune to the calibration problem (Barberis et al., 2006; Cox and Sadiraj,

2006; Rubinstein, 2006; Safra and Segal, 2008, 2009). Considering our empirical finding and

previous studies, a linear utility function with a single loss aversion parameter is used in

the structural analysis. One may then question the different degrees of loss aversion under

14A test of WTAG=WTPL gives F=2.92 (p=0.09) in model (1) and F=0.12 (p=0.73) in model (2).
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different probabilities. We argue that probability weighting then comes into play. Following

the KR model (Köszegi and Rabin, 2006, 2009), we use an empirical model that features both

loss aversion and rank–dependent probability weighting to explain the experimental data.

The model is flexible enough to accommodate both expected utility theory and prospect

theory as special cases. It is then estimated with different imposed constraints to demonstrate

the need of both loss aversion and probability weighting.

4.1 Loss Aversion and Possible Reference Points

Many empirical research suggest loss aversion (Barberis et al., 2001; Benartzi and Thaler,

1995; Coursey et al., 1987; Kahneman et al., 1991; Siegel and Thaler, 1997) and many

theoretical models have formulated the concept. For example, Sugden (2003) incorporated

reference dependence into subjective expected utility theory and showed that the theory

implies WTA–WTP disparities in lottery valuation. Köszegi and Rabin (2006, 2007, 2009)

developed a model (KR model hereafter) based on reference dependent preferences and use

it to explain risk attitudes and consumption plans. KR model argues that people receive

utility from both consumptions and changes of consumptions. Their original formulation is

shown in the following equation.

U(F |r) =

∫
u(c|r)dF (c)15

u(c|r) = m(c) + n(c|r)
(4)

Where c is consumption bundle, r is reference points and F is the probability measure which

c is drawn from. m(c) represents the intrinsic consumption utility and n(c|r) represents

the gain–loss utility. They also proposed that rational expectations as reference points.

Although, theoretically, endogenous reference point is appealing because it addes 0 degree

of freedom to EUT16, it may fail to describe real behavior. As Kahneman et al. (1991)

16Rational expectation as reference points are usually considered a major contribution of the KR model.
To be more specific, they argued “. . . a person’s reference point is her probabilistic beliefs about the relevat
consumption outcome held between the time she first focused on the decision determining the outcome and
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argued “. . . the refernce state usually corresponds to the decision maker’s current position,

it can also be influenced by aspiration, expectations, norms and social comparisons. . . ”, the

identification of the reference point is largely an empirical question and researchers have

found different reference points in different settings (Crawford and Meng, 2011; Ericson and

Fuster, 2011; Fehr and Tyran, 2008; Hart and Moore, 2008). We discuss several different

possible reference points in our experiment including the rational expectation. We then

relate them to the empirical results and show some of them are not consistent with our

empirical evidence.

First consider rational expectation. We assume people are narrow bracketing when they

determine their valuations. Specifically, when they accept or reject a certain amount of

money as WTA or WTP, they only consider the outcome of that particular choice17. Under

the narrow bracketing assumption, rational expectations are shown in the last two columns

in Table 4. When a decision maker making herself a plan to answer “no” or “yes” to a

certain amount, she knows how she will feel after her decision is implemented. If she rejects

an amount, she will keep what she is given; and if she says yes, she will receive or give up

the good. If she chooses the safe option (without lottery/with insurance), there will be no

gain–loss utility associated with that choice because she already knows exactly what will

happen then the outcome immediately becomes the reference point. If she chooses the risky

option, either the lottery or risky situation without insurance becomes the reference point.

Since there is risk associated with the realized option, she will receive gain–loss utility based

on her expectation of the final outcome.

shortly before consumption occurs”. This means once a decision maker figures out a consumption plan, the
reference point is also determined so the model requires no extra parameter compared with EUT.

17When determining their binding decisions, a random draw from a uniform distribution is used as de-
scribed in section 2. However, under narrow bracketing, when subjects answer “yes” and “no” to each
different amount, they treat their answer as if it is chosen. In this sense, most if not all laboratory exper-
iment assumes narrow bracketing at a certain level by ignoring background risks. See Köszegi and Rabin
(2006); Rabin and Weizsäcker (2009) for discussions on narrow bracketing.
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Now, consider a KR style model under risk.

U(x, x0) =
N∑
i=1

pi[m(xi) + n(xi − x0)] (5)

pi is the probability of state i. xi is the consumption level of x in each state and x0 is the

reference point. Let m(xi) = xi and assume a two–part linear form for the gain–loss utility

function n(xi − x0) =


η(xi − x0), ifxi ≥ x0

λη(xi − x0), ifxi ≤ x0
. Subjects decision rules under KR model

are shown below. Let ∆x = 5 be the possible gain or loss.

p[(∆x−WTPGain) + η(1− p)∆x] + (1− p)[(−WTPGain) + ηp(−λx)] = 0 (6a)

p[∆x+ η(1− p)∆x] + (1− p)[ηp(−λ∆x)] = WTAGain (6b)

p[−∆x+ η(1− p)(−λ∆x)] + (1− p)[ηp∆x] = ∆x−WTPLoss (6c)

p[(−∆x+WTALoss) + η(1− p)(−λ∆x)] + (1− p)[WTALoss + ηp∆x] = 0 (6d)

Through some manipulation, the predictions are shown below.

WTPGain = p∆x+ ηp(1− p)(1− λ)∆x (7a)

WTAGain = p∆x+ ηp(1− p)(1− λ)∆x (7b)

WTPLoss = p∆x− ηp(1− p)(1− λ)∆x (7c)

WTALoss = p∆x− ηp(1− p)(1− λ)∆x (7d)

One immediately notices that the fully rational expectations as reference points under narrow

bracketing is inconsistent with our empirical results. This observation is consistent with the

experimental results reported by Heffetz and List (2014). Köszegi and Rabin (2006) also

recognized the limitation of this practice and it could be the case that subjects in our

experiment do not have enough time to form a fully rational expectation. Table 4 also

lists two exogenously determined reference points. Given the relatively short period in the
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laboratory experiment, exogenously determined reference points are more realistic. The first

column is endowment which has been widely used in literature. The second reference point

is the status-quo18.

In the WTPG and WTAL treatments the endowment and status-quo are the same. In

the WTAG and WTPL treatments, endowment means one faces a possible gain or possible

loss. It is, again, quite arbitrary to assume that subjects fully perceive their endowment

given the short time frame in the experiment. For this reason, we argue that the endowment

and status quo are the two boundaries of subjects’ reference points. To approximate this,

we assume the reference point is a linear combination (in probability) of endowment and

status-quo. That is, in the money experiment, the reference point in the WTAG treatment

is (x0 + ∆x, ap;x0, 1− ap) with 0 ≤ a ≤ 1 (relative weighting on endowment hereafter) and

the reference point in WTPL treatment is (x0, ap;x0 + ∆x, 1− ap). Reference points in the

mug experiment are defined in a similar manner.

[Table 4 HERE]

4.2 Rank Dependent Probability Weighting

To resolve the inconsistent degrees of loss aversion under different probabilities, we employ

another important feature in many alternative theories to EUT including prospect theory

and rank–dependent expected utility theory. Probability weighting argues that people do not

behave according to the given objective probabilities. Instead, they act as if they overweight

some probabilities and underweight other probabilities. The behavioral economic literature

has focused less on probability weighting partly because of the difficulty in empirical iden-

tification. Our laboratory experiment systematically varies probabilities and made them

clearly known to subjects. Therefore, any observed probability distorting behavior should

18We are using this name with risk of confusion. “Status quo” here refers to the status where people think
they are. People usually do not feel they own the prize even when they hold a lottery ticket; people usually
do not feel a loss even when they do not hold an insurance policy (a good example is driving a car without
comprehensive insurance).
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be explained by probability weighting instead of systematic risk misperception.

Empirical research shows behavior deviates systematically from objective probabilities

(Camerer and Ho, 1994; Gonzalez and Wu, 1999; McClelland et al., 1993). To account

for anomalies such as Allais Paradox within the framework of expected utility, researchers

raised the idea of probability weighting even before prospect theory (Handa, 1977; Kar-

markar, 1978). These studies, including the original paper on prospect theory, all seek to

transform single outcome probabilities into weighted or edited decision weights. However,

this approach was criticized for violating a fundamental rule–stochastic dominance (Bawa,

1975; Hadar and Russell, 1969). Quiggin (1982) proved that there does not exist any non–

identity probability weighting function that transforms single probabilities without violating

stochastic dominance. He then proposed to transform the cumulative probabilities. That is,

decision weights are derived from the entire probability distribution instead of single proba-

bilities. This approach preserves stochastic dominance while still accounting for probability

distorting behaviors. Since Quiggin’s work, many researchers have contributed to the ax-

iomatization of rank dependence theory (Abdellaoui, 2002; Machina, 1987, 2009; Schmeidler,

1989). To account for probability distorting behavior, we replace the probability measure in

Equation 5 with decision weights in the model shown in Equation 8,

U(x, x0) =
N∑
i=1

πi[m(xi) + n(xi − x0)] (8)

πi is the decision weight on state i. xi is the consumption level of x in each state and x0 is

reference point. Note, we have yet defined or imposed any constraints on πi.

To accommodate possible probability weighting, while not violating stochastic domi-

nance, we impose rank dependence on the probability weighting function πi(·). Following

Tversky and Kahneman (1992), S is a finite set of states of nature. A capacity W is a

function that assigns to each A ⊂ S a number W (A) satisfying W (∅) = 0, W (S) = 1 and

W (A) ≥ W (B) whenever A ⊃ B. The decision weight πi, associated with a positive out-
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come, is the difference between the capacities of the two events “the outcome is at least as

good as xi,” and “the outcome is strictly better than xi”. The decision weight πi, associated

with a negative outcome, is the difference between the capacities of the two events, “the

outcome is at least as bad as xi” and “the outcome is strictly worse than xi”.

In a binary-outcome lottery setting, this is easy to implement. For example, in the

WTPG treatment, the decision weight on the winning state is W (“Win $5”)=π(p) while

the decision weight on the non-winning state is W (“Win $0”)–W (“Win $5”)=1 − π(p)19.

Decision weights in other treatments can be defined in the same way.

4.3 Empirical Model

To explain our empirical data, we use a behavioral model similar to KR model but adding

rank–dependent probability weighting. Also, exogenously determined reference points are

used because the endogenous reference point is not consistent with our experimental results;

Equation 9 shows the decision equations in the money experiment using the model presented

in Equation 8. The left hand side is the utility from “default” or endowment and the right

hand side is the utility from buying or selling the endowment. A subject should be indifferent

between the left hand side and the right hand side at the amount where she switches from

“yes” to “no” or vice verser. Note that we replace ∆x with ū to represent utility increment

of receiving the $5. The utility of winning the lottery can be different from receiving $5 so

19W is the capacity and the worst outcome for subjects who purchase a lottery ticket is to win $0 so its
capacity is 1
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we also take it into account.

x0 =π(p)[x0 −WTPGain + ū+ η(−WTPGain + ū)]

+[1− π(p)][x0 −WTPGain + λη(−WTPGain)] (9a)

π(p)[x0 + ū+ (1− aπ(p))ηū] + [1− π(p)][x0 + aπ(p)η(−λū)]

=x0 +WTAGain + η[aπ(p)λ(WTAGain − ū)

+(1− aπ(p))(WTAGain)] (9b)

π(p)[x0 + (1− aπ(p))η(−λū)] + [1− π(p)][x0 + ū+ aπ(p)ηū]

=x0 + ū−WTPLoss + η[aπ(p)(ū−WTPLoss)

+(1− aπ(p))(−λWTPLoss)] (9c)

x0 + ū =π(p)[x0 +WTALoss + ηλ(WTALoss − ū)]

+[1− π(p)][x0 + ū+WTALoss + η(WTALoss)] (9d)

The relative weight η plays a critical role in the model. When η = 0, the model degenerates

to (rank dependent) EUT. In other words, the weight of gain–loss utility becomes zero.

When η →∞, β = λ, agents only receive gain–loss utility. Therefore, these two special cases

are EUT and prospect theory respectively. Predicted valuations are shown in Equation 10.

The derivation of the valuations in the mug experiment requires considering a consumption

21



good and money simultaneously. The derivation is included in the appendix.

WTPGain =
(1 + η)π(p)ū

1 + λη + (1− λ)ηπ(p)
=

ū

1 + 1+λη
1+η

( 1
π(p)
− 1)

=
ū

1 + β( 1
π(p)
− 1)

(10a)

WTAGain =π(p)ū (10b)

WTPLoss =π(p)ū (10c)

WTALoss =
(1 + λη)π(p)ū

1 + η + (λ− 1)ηπ(p)
=

ū

1 + 1+η
1+λη

( 1
π(p)
− 1)

=
ū

1 + 1
β
( 1
π(p)
− 1)

(10d)

In Equation 10, λ and η cannot be identified separately but β = 1+λη
1+η

can be estimated

as a single parameter. Note that a is irrelevant in predicting the valuations in the money

experiment. On the one hand, this model with exogenous reference point is robust to the

specification of reference point when only money is involved. On the other hand, a is

not identified with data from the money experiment. In the two dimension case, however,

different values of a can lead to different predictions. Equation 11 shows valuations derived

22



for the mug experiment.

WTPGain =
π(p)(1 + η)m̄

1 + λη
= π(p)m̄

1 + η

1 + λη
=
π(p)m̄

β
(11a)

WTAGain =π(p)m̄+
aπ(p)2(λ− 1)ηm̄

1 + η
= π(p)m̄+ aπ(p)2m̄(

1 + λη

1 + η
− 1)

=π(p)m̄[βaπ(p)− aπ(p) + 1] (11b)

WTPLoss =π(p)m̄+
aπ(p)2(1− λ)ηm̄

1 + λη
= π(p)m̄+ aπ(p)2m̄(

1 + η

1 + λη
− 1)

=π(p)m̄[
1

β
aπ(p)− aπ(p) + 1] (11c)

WTALoss =
π(p)(1 + λη)m̄

1 + η
= π(p)m̄

1 + λη

1 + η
= βπ(p)m̄ (11d)

4.4 Estimation

We conduct two groups of estimations with the theoretical predictions. In the first group,

we rely on the predictions in Equation 10 and use the data collected from the money ex-

periment. This group of estimation allows us to examine the value of β and the shape of

the nonparametric probability function. In the second group, we conduct a joint estimation

using predictions from both Equations 10 and 11. Data collected from both the money and

mug experiments are used. We can examine the property of the exogenous reference point

with this second group of estimation.

To form an econometric model, we assume the stochastic component in valuations is

introduced at the final stage of decision making for two reasons. Firstly, unlike many of

previous studies that rely on the random utility model (e.g. Holt and Laury (2002)), we

can observe the empirical distribution of the valuations so we are more confident in our

distribution assumption of the error term. Secondly, the assumption is that the behavioral

model fully determines the valuations and there is no unobservable that systematically alters

valuations. The only source of deviation from theoretical prediction is represented by an
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additive error term to the valuations. Other individual characteristics may also affect the

valuations but we assume, on average, they play no role.

Switching Pricej = Valuation+ νj, νj ∼ N(0, σ) (12)

Where j denotes individuals and “Valuation” is the theoretical prediction from the behavioral

model. νj is an additive error term that follows a normal distribution. The non-linear

(in parameters) nature of the model requires global optimization when using maximum

likelihood to estimate the parameters. Since the model has been specified in a way that it

can take EUT as a special case, EUT is thus nested in the model. Hence, we are able to

test whether introducing loss aversion and probability weighting is necessary at the cost of

parsimony.

Table 5 shows the first group of estimates. (1) estimates a model without incurring prob-

ability weighting by imposing the restriction π(p) = p. (2) estimates the unrestricted model

with both loss aversion and probability weighting. Given the large number of parameters in

the unrestricted model, we employed two different estimating techniques to ensure the esti-

mates are at or close enough to optimality. (2) uses the maximum likelihood method while

(3) uses the Markov Chain Monte Carlo (MCMC) method. The consistency between (2) and

(3) provides confidence in these estimates. The comparison between (1) and (2) reveals the

need of probability weighting to explain the experimental data. Likelihood ratio test reports

a score of 239.6 and thus the null hypothesis “no probability weighting” is rejected with a

p value of 0.00. Also note that the estimated parameter β = 1+λη
1+η

is always statistically

greater than 1. This again verifies that η > 0 and confirms loss aversion in preference.

Most previous works assumed a functional form for the probability weighting function,

we treat the decision weight for each probability as a separate parameter so the estimated

probability weighting function is non–parametric. Estimation suggests the marginal utility

is about 7.8 for a $5 prize. The parameter β = 1+λη
1+η

is 2.6. Figure 3 shows the predicted val-
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uations and the non-parametric probability weighting function from the unrestricted model.

Valuations predicted by the behavioral model mimics the experimental data well and the

probability weighting function replicates the inverse S-shaped curve found in literature.

[Table 5 HERE]

The parameters for the joint estimation are estimated in the same ways. We restrict

the probability weighting function π(p) to be the same across different commodities but

allow other parameters to vary. Table 6 reports the estimates. The estimated loss aversion

parameter is about 1.5 for the mug data. With this joint estimate, we are also able to pin

down a which is the parameter in reference point specification. a is estimated to be between

0.5 and 0.6. This estimate is consistent with our conjecture that subjects may not fully

take endowment as the reference point given the short period they are allowed to posses the

lottery or insurance in the laboratory. This also alerts us that using endowment or status

quo as reference points in empirical work may be problematic.

[Table 6 HERE]

[Figure 3 HERE]

[Fiture 4 HERE]

4.5 Validation

Increasing the number of parameters in a model leads to better fit but at the cost of par-

simony. We validate the estimated model by performing a calibration using part of the

sample while using the calibrated model to predict the rest of the sample. We conduct this

validation process for the money and mug experiments separately. Table 7 compares four

different models including expected value with σ (the error term) as its only parameter, EUT

with an extra parameter of ū or m̄20, reference dependent utility model without probability

20Assuming linear form of u(·).
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weighting21 and the proposed model in this paper. Log-likelihood function values (LL) are

reported for both the calibration and the validation subsamples. The calibration of mod-

els also reports the Akaike information criteria (AIC)22 and Bayesian information criteria

(BIC)23. The validation of the models reports mean squared error (MSE)24 and a pseudo R2

value25. The calibration uses 70% of the sample and the validation uses the rest 30% of the

sample. To do this, 70% of the subjects within each treatment are randomly drawn to form a

calibration sample. The rest of the sample in each treatment are combined together to form

the validation sample. This way of drawing observations guarantees balanced observations

among different treatments in both the calibration and validation samples.

On the one hand, the calibration practice shows that the proposed reference–dependent

utility model with rank–dependent probability weighting performs the best. Note that prob-

ability weighting functions that have fewer parameters are likely to perform better. For

example, both Prelec (1998) and Tversky and Kahneman (1992) suggested inverse S-shaped

probability weighting functions that have only one parameter. However, the purpose of this

practice is to show that probability weighting is necessary to explain risk averse behavior

under risk so we do not discuss specific functional forms of the weighting function. On the

other hand, the validation practice confirms the explanatory power of the behavioral model.

The predictions made by the model are the best among the four models after correcting for

degrees of freedom.

[Table 7 HERE]

21The model used is the one in Equation 5 with linear and two-part linear assumption on m(·) and n(·).
22AIC = −2LL+ 2k where k is the number of parameters.
23BIC = −2LL+ k · ln(LL).
24MSE = (Bid−Prediction)2

No.ofObservations
25PseudoR2 = 1 − LLModel−k

LLEV
. This is the McFaddens definition of pseudo R2 which is an indication of

improvement of the full model from the intercept model. Here the intercept model is the expected value.
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4.6 Robustness and Discussion

The estimates from the unrestricted model fall into reasonable ranges including a loss aversion

parameter that is greater than 1 and a probability weighting function that overweights small

probabilities and underweights large probabilities. The predictions from the estimated model

also recover several important features of the raw data. First of all, it predicts the identical

valuations for the WTAG and WTPL treatments in the money experiment as well as the

result that these two values are different in the mug experiment. Secondly, as shown in

Figure 3 the four lines from the money experiment are mostly parallel with each other.

Lastly, although the four lines in Figure 4 are not quite parallel, the two WTP lines and two

WTA lines are parallel respectively. This echoes the results of the reduced form analysis in

Table 3. In addition to the plausibility of the model, there are two noteworthy observations.

1. The estimated parameter β = 1+λη
1+η

itself can be taken as a “revealed” loss aversion

parameter because β is increasing in both λ and η. Note that β is larger in the one

dimension (money) case than in the two dimension (mug) case. If the behavioral

model is correctly specified, this implies a larger weight (η) on gain-loss utility in the

one dimension case.

2. The decision weight under certainty π(1) is statistically different from 1 from the money

data.

Observation 1 suggests that subjects in the money experiment generally care more about

the gain–loss utility while subjects in the coffee mug experiment also care about the intrinsic

consumption utility. Many studies on rank dependent theory imposed the restrictions that

π(0) = 0 and π(1) = 1 (Quiggin, 1982) while there are also other rank dependent models

that impose no such restrictions (Tversky and Kahneman, 1992). Kahneman and Tversky

(1979) argued that “Although π(p) > p for low probabilities, there is evidence to suggest

that, for all 0 < p < 1, π(p) + π(1 − p) < 1. We label this property subcertainty (p. 281)”.

They also noted that people tend to ignore very small probabilities, so we should also expect
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the weighting behavior under very small probabilities to be less predictable in empirical

works. Note that imposing π(1) = 1 is essentially restricting the valuations in the money

experiment to be identical under certainty. This can be seen directly from Equation 9. Our

experimental results can be seen as a contradiction to this restriction (given our model is

correctly specified). There is, however, another possible explanation to this observation –

heterogeneity. The significant individual level fixed effects in the reduced form analysis is an

indication.26

To account for possible heterogeneity, we estimate a different set of parameters for the

money experiment which is shown in the fourth column of Table 5. This specification as-

sumes individuals possess different intrinsic consumption values for the $5 prize and their

consumption values are normally distributed. Combining the MCMC method with Gauss

quadrature27, (4) in Table 5 shows these estimates. Considering heterogeneity in consump-

tion value (ū) reduces variance of econometric error term. It also increases the decision

weight under certainty –π(1)– from 0.77 to 0.90. In addition, Figure 5 plots the model

predictions and probability weighting function for this set of parameters. This result shows

that, when considering heterogeneity in ū, the estimated parameters are more consistent

with the ones reported in literature, especially the weighting function28.

[Figure 5 HERE]

Formation of reference points is largely an empirical question. It may be natural and

convenient to take the endowment or status quo as the reference point in many cases but this

strategy is not a panacea. We form our behavior model is a way to avoid the identification

of particular reference points and hope our lacking of knowledge on the reference points does

26Another indication is that, under certainty, the distribution of valuation from money experiment has
fat tails. This is also demonstrated by the divergence of mean and median values. We do not exclude any
observation from the experimental dataset by imposing “rational” constraints. There is no reason for us
to believe “irrational” subjects (e.g. those who bid more than $5) are not part of the population. Also
remember the subjects are undergraduate students at a research university, if there is any representation
bias, these subjects tend to be more “rational” than the general population.

2720 points used to approximate the value of integral.
28There are possible heterogeneity in other parameters too such as λ, η, and the probability weighting

function.
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not hinder us from testing the model. From the joint estimation shown in Table 6, it is

likely that neither the status quo nor the endowment is the actual reference point. It is also

possible that individuals are heterogeneous in terms of their reference points. This issue

definitely calls for further investigation.

Before ending the current section, we also mention recent studies that use mixture model

to explain choices under risk based on the argument that considerable heterogeneity exists

both within and between individuals (Conte et al., 2011; Harrison and Rutström, 2009).

Identification strategies in these studies rely heavily on the chosen functional form of the

behavioral models. For example, Harrison and Rutström (2009) used a CRRA (constant

relative risk aversion) utility function to represent EUT in their estimation and indicated

that the risk aversion parameter is critical for the identification. Although this practice

is quite useful in recognizing individual level heterogeneity, such an approach is sensitive

to errors in selecting the functional forms29. Instead, we assume a uniform theory that

explains behaviors of all individuals in the population and make as few assumptions as

possible regarding functional forms. Admittedly this approach ignores heterogeneity at the

individual level due to identification requirements, it however tests if a single theoretical

model can reasonably explain risk averse (loving) behaviors.

5 Conclusion

Risk aversion is one of the most important empirical evidence that we have observed in

decision making under risk and uncertainty. Many studies have suggested that a concave

Bernoulli utility function is not a satisfactory explanation to this prevalent phenomenon. In

this paper, we use a laboratory experiment to study risk averse behavior and seek an empirical

model to explain the experimental results. By eliciting valuations of risky prospects, we

show that both EUT of wealth and EUT of income fail to explain risk aversion even when

29In this particular example, it is implausible to assume a universal risk aversion parameter and fit it to
laboratory experimental data as we showed in the result section.
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income is only at small scale. In addition, the experimental result also suggests reference

dependence within the full range of probabilities and the reference dependent behavior is

more prominent under small probabilities. Hence, we employed loss aversion and probability

weighting – both from prospect theory – to explain the observed patterns. Although it has

been more than three decades since prospect theory was firstly proposed by Kahneman and

Tversky(Kahneman and Tversky, 1979), we have yet to reach a consensus on taking loss

aversion and probability weighting as the reasons behind risk averse behavior. We hope the

current study provides more empirical evidence to support this view.

Importantly, assuming a linear utility function, our experimental data allows one to esti-

mate this model without imposing any additional constraint, in particular on the probability

weighting function. In the structural analysis, the role of probability weighting has been em-

phasized in addition to loss aversion suggested by Rabin (2000). Estimation shows that

subjects’ behavior is consistent with the empirical model and key parameters are within the

range found in the literature. Results suggest people show both loss aversion and probabil-

ity weighting when making decisions under risk and the magnitude of both is empirically

significant. The success of this empirical model in explaining the experimental data again

demonstrates the role of loss aversion and probability weighting in explaining risk averse

behavior and decisions under risk and uncertainty in general.

This study, being the first one that uses endowment effect under a set of different prob-

abilities, complements the literature studying risk aversion in the laboratory. We provide

an empirical component to the “Rabin Critique” and other related theoretical studies. The

experimental design created an environment that allows one to thoroughly examine the roles

loss aversion and probability weighting in an empirical setting.
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Figure 1: WTAG/WTPG Ratio (of means) under Different Probabilities

(a) Money (b) Mug

Figure 2: Mean Valuations under Different Probabilities

(a) Money (b) Mug
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Figure 3: Model Prediction and Probability Weighting Function from Estimation Using
Money Data

(a) Model Prediction (b) Weighting Function

Figure 5: Model Prediction and Probability Weighting Function for Money Experiment with
Heterogeneity in Consumption Utility of Money

(a) Model Prediction (b) Weighting Function
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Figure 4: Model Prediction of Money Experiment (top), Model Prediction of Mug Experi-
ment (middle) and Probability Weighting Function (bottom) from Joint Estimation

(a) Model Prediction for Money (b) Model Prediction for Mug

(c) Weighting Function
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Table 1: Summary of Treatments in Laboratory Experiment

Treatment Gain or Loss Mode # of Subjects

Money

Lottery-WTP Gain Buy 48
Lottery-WTA Gain Sell 48

Insurance-WTP Loss Buy 45
Insurance-WTA Loss Sell 45

Mug

Lottery-WTP Gain Buy 41
Lottery-WTA Gain Sell 48

Insurance-WTP Loss Buy 46
Insurance-WTA Loss Sell 47

Table 2: Parameters in Each Part of Lab Experiment

Part
Number

Probability of Receiving/Losing $5
(Mug)

# of Chips

1 0% 100 white chips and 0 red chip
2 1% 99 white chips and 1 red chip
3 5% 95 white chips and 5 red chips
4 25% 75 white chips and 25 red chips
5 50% 50 white chips and 50 red chips
6 75% 25 white chips and 75 red chips
7 95% 5 white chips and 95 red chips
8 99% 1 white chip and 99 red chips
9 100% 0 white chip and 100 red chips

All treatments have the same parameters in each part. In gain/lottery sessions, drawing a red chip means a
gain. In loss/insurance sessions, drawing a red chip means a loss.
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Table 3: Linear Regression Analysis

Money ($5) Coffee Mug

Full Data Moderate Ps Full Data Moderate Ps
(1) (2) (3) (4)

Probability 4.43*** 3.87*** 3.89*** 3.57***
(0.38) (0.34) (0.48) (0.48)

WTAG*Probability 0.08 0.51 1.26* 0.71
(0.50) (0.48) (0.72) (0.74)

WTPL*Probability 0.36 0.63 0.68 0.84
(0.44) (0.41) (0.72) (0.74)

WTAL*Probability 0.64 0.39 1.42* 1.05
(0.56) (0.54) (0.82) (0.79)

WTPG 0.05 0.16 (0.06) (0.07)
(0.09) (0.10) (0.06) (0.09)

WTAG 1.10*** 1.22*** 1.34*** 1.83***
(0.24) (0.29) (0.28) (0.34)

WTPL 0.66*** 1.10*** 0.57*** 0.96***
(0.10) (0.16) (0.12) (0.20)

WTAL 2.40*** 3.17*** 2.48*** 3.24***
(0.36) (0.38) (0.38) (0.39)

Fixed Effects

Fixed Effects 1.65 1.89 2.09 2.3

Other Factors 1.59 1.21 2.08 1.72

No. of Individuals 186 186 182 182

No. of Obs. 1674 930 1638 910

Top panel shows coefficient estimates. WTPG, WTAG, WTPL, WTAL are dummy variable for WTP-
Gain, WTA-Gain, WTP-Loss and WTA-Loss treatments. Probability is treated as continuous variable.
WTAG*Probability, WTPL*Probability and WTAL*Probability are interaction terms. Clustered (by sub-
ject) standard errors are reported in parentheses. *indicates significance at 10% level; **indicates significance
at 5% level while ***indicates significance at 1% level.
(1) uses all data in the money experiment and (3) uses all data in the mug experiment. (2) and (4) only
include observations with 0.05 ≤ p ≤ 0.95 which are considered non extreme probabilities.
Bottom panel reports result from fixed effects estimation. All coefficients and significance levels are sup-
pressed since they are the same as the ones shown in top panel except all intercepts are not identified.
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Table 4: Possible Reference Points in Each Treatment

Money – one dimension

Endowment Status Quo Rational Expectation

Answer “No” Answer “Yes”

WTPG x0 x0 x0 (x0 + ∆x−WTP, p;x0 −WTP, 1− p)
WTAG (x0 + ∆x, p;x0, 1− p) x0 (x0 + ∆x, p;x0, 1− p) x0 +WTA

WTPL (x0, p;x0 + ∆x, 1− p) x0 + ∆x (x0, p;x0 + ∆x, 1− p) x0 + ∆x−WTP
WTAL x0 + ∆x x0 + ∆x x0 + ∆x (x0 +WTA, p;x0 + ∆x+WTA, 1− p)

Coffee Mug – two dimension

Endowment Status Quo Rational Expectation

Answer “No” Answer “Yes”

WTPG (0, x0) (0, x0) (0, x0) ((m̄, x0 −WTP ), p; (0, x0 −WTP ), 1− p)
WTAG ((m̄, x0), p; (0, x0), 1− p) (0, x0) ((m̄, x0), p; (0, x0), 1− p) (0, x0 +WTA)

WTPL ((0, x0), p; (m̄, x0), 1− p) (m̄, x0) ((0, x0), p; (m̄, x0), 1− p) (m̄, x0 −WTP )
WTAL (m̄, x0) (m̄, x0) (m̄, x0) ((0, x0 +WTA), p; (m̄, x0 +WTA), 1− p)
Endowment is what one has. That is, whether one has a lottery ticket/insurance policy or not. Status quo is defined empirically. That is, people do
not feel they own the prize even they possess a lottery ticket and people do not feel they have suffered from a loss even they face risks. This reference
point is in the spirit of the original prospect theory. Rational expectation assumes that decisions makers can perfectly predict what they have in the
future in a rational way and use that as their reference points. This definition was used in the KR model (Köszegi and Rabin, 2006).
x0 is current wealth; ∆x = $5 is the prize of lottery. m̄ is intrinsic consumption value of the coffee mug. p is probability of winning the lottery or
experiencing the loss. In the money experiment, subjects consider only on dimension while in the mug experiment, subjects consider two dimensions
consumption of coffee mug and money.
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Table 5: Maximum Likelihood (ML) and Markov Chain Monte Carlo (MCMC) Estimates
of Parameters in Money Experiment

MLE -
Restricted

MLE MCMC MCMC W. Heterogeneity

(1) (2) (3) (4)

ū(µū) 6.013 7.830 7.715 6.677
(0.168) (1.075) (0.385) (0.267)

σū – – – 1.721
(0.100)

β 11.045 2.647 2.627 3.483
(4.889) (0.357) (0.229) (0.301)

π(0) – 0.050 0.049 0.065
(0.017) (0.015) (0.014)

π(0.01) – 0.139 0.140 0.174
(0.024) (0.019) (0.016)

π(0.05) – 0.191 0.192 0.220
(0.025) (0.019) (0.019)

π(0.25) – 0.310 0.307 0.351
(0.039) (0.023) (0.026)

π(0.50) – 0.477 0.478 0.549
(0.059) (0.034) (0.035)

π(0.75) – 0.587 0.586 0.674
(0.073) (0.034) (0.035)

π(0.95) – 0.716 0.722 0.816
(0.085) (0.037) (0.037)

π(0.99) – 0.747 0.752 0.874
(0.092) (0.042) (0.034)

π(1) – 0.767 0.766 0.899
(0.094) (0.042) (0.031)

σ 2.157 2.021 2.048 1.487
(0.134) (0.126) (0.385) (0.058)

MSE 4.794 4.159 4.155 4.197

No. of Obs. 1,674.000 1,674.000 1,674.000 1,674.000

ū is marginal utility of $5. β = 1+λη
1+η is loss aversion parameter in the model. π(·) is non-parametric

probability weighting function. σ is estimated standard deviation of additive econometric error term.
Standard errors reported in parentheses. Bootstrap standard errors for ML estimates (N=100). Standard
errors for MCMC estimates are calculated by burning the first 25% of the chain and then thinning the chain
by every 200 iteration (Total Chain Length = 106).
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Table 6: Maximum Likelihood (ML) and Markov Chain Monte Carlo (MCMC) Estimates
of Parameters in Both Money and Mug Experiments

MLE MCMC

(1) (2)

ū 8.165 7.933
(1.265) (0.684)

m̄ 7.783 7.540
(1.265) (0.705)

βMoney 2.478 2.467
(0.339) (0.252)

βMug 1.483 1.492
(0.086) (0.039)

a 0.555 0.514
(0.264) (0.109)

π(0) 0.057 0.059
(0.016) (0.013)

π(0.01) 0.138 0.141
(0.022) (0.016)

π(0.05) 0.190 0.196
(0.025) (0.020)

π(0.25) 0.326 0.333
(0.050) (0.031)

π(0.50) 0.475 0.484
(0.071) (0.044)

π(0.75) 0.567 0.578
(0.085) (0.052)

π(0.95) 0.679 0.690
(0.100) (0.058)

π(0.99) 0.705 0.718
(0.108) (0.062)

π(1) 0.726 0.739
(0.111) (0.063)

σMoney 2.011 2.047
(0.143) (0.036)

σMug 2.705 2.722
(0.110) (0.047)
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MSE 5.759 5.752

No. of Obs. 3,312 3,312

ū and m̄ are intrinsic consumption utility of the $5 prize and coffee mug respectively. β = 1+λη
1+η is loss

aversion parameter in the model. π(·) is non-parametric probability weighting function. a is the linear
multiplier in the reference point specification. σMoney and σMug are estimated standard deviations of
additive econometric error terms in the money and mug experiments respectively.
Standard errors reported in parentheses. Bootstrap standard errors for ML estimates (N=100). Standard
errors for MCMC estimates are calculated by burning the first 25% of the chain and then thinning the chain
by every 200 iteration (Total Chain Length = 106).
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Table 7: Model Calibration and Validation

Model No. of
Parameters

Calibration (70% of sample) Validation (30% of sample)

LL AIC BIC LL MSE Pseudo R2

Money

EV 1 -2660.83 5323.66 5328.71 -1204.24 5.9065 0.0000
EUT 2 -2616.02 5236.04 5246.14 -1197.00 5.7394 0.0052
RDU 3 -2524.52 5055.04 5070.19 -1163.55 5.0404 0.0321

RDU with PW 12 -2444.53 4913.05 4973.64 -1124.55 4.3438 0.057

Mug

EV 1 -2949.19 5990.38 5905.41 -1321.83 10.0865 0.0000
EUT 2 -2860.67 5725.34 5735.39 -1289.4 8.9103 0.0238
RDU 3 -2803.2 5612.4 5627.48 -1261.43 7.9861 0.0442

RDU with PW 12 -2718.04 5460.08 5520.39 -1240.87 7.3877 0.0529

EV Expected value; EUT Expected utility theory; RDU Reference-dependent utility model; RDU with PW Reference-dependent utility model with
rank-dependent probability weighting; LL Log-likelihood function value; AIC Akaike information criterion; BIC Bayesian information criterion;
MSE Mean squared errors.
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Table 8: Valuations in Each Money Treatment

Probability

Treatment N 0.00 0.01 0.05 0.25 0.50 0.75 0.95 0.99 1.00

Expected Value 0.00 0.05 0.25 1.25 2.50 3.75 4.75 4.95 5.00

Willingness to Pay
in Gain Domain

(WTPG)
48

Mean 0.11 0.15 0.38 1.08 2.16 2.88 3.94 4.61 5.02
S.E. (0.10) (0.06) (0.11) (0.10) (0.17) (0.25) (0.31) (0.41) (0.43)

Median 0.00 0.05 0.20 1.18 2.40 3.08 4.25 4.63 4.95

Willingness to
Accept in Gain

Domain (WTAG)
48

Mean 0.94 1.10 1.47 2.27 3.39 4.53 5.38 5.68 5.43
S.E. (0.31) (0.28) (0.29) (0.25) (0.21) (0.19) (0.27) (0.26) (0.26)

Median 0.05 0.48 0.78 1.93 2.93 4.05 4.95 5.00 5.05

Disparity –
Mean 0.83 0.95 1.02 1.19 1.23 1.65 1.44 1.07 0.41

Median 0.05** 0.43** 0.58** 0.75** 0.53** 0.97** 0.70** 0.37** 0.10**

Ratio –
Mean 8.55 7.73 3.87 2.10 1.57 1.57 1.37 1.23 1.08

Median ∞ 9.60 3.90 1.64 1.22 1.31 1.16 1.08 1.02

Willingness to Pay
in Loss Domain

(WTPL)
45

Mean 0.02 0.45++ 0.93++ 2.53++ 3.73++ 4.36++ 5.21++ 5.16++ 5.11
S.E. (0.02) (0.11) (0.16) (0.20) (0.28) (0.23) (0.25) (0.25) (0.28)

Median 0.00 0.25 0.60 2.25 3.25 4.10 4.95 4.95 5.00

Willingness to
Accept in Loss

Domain (WTAL)
45

Mean 0.83 2.67++ 3.37++ 4.15++ 5.60++ 6.05++ 7.34++ 6.93+ 7.44++

S.E. (0.41) (0.49) (0.42) (0.34) (0.37) (0.42) (0.45) (0.46) (0.47)
Median 0.05 1.30 2.75 3.75 5.00 5.00 5.05 5.05 5.50

Disparity –
Mean 0.81 2.22 2.44 1.62 1.87 1.69 2.13 1.77 2.33

Median 0.05** 1.05** 2.15** 1.50** 1.75** 0.90** 0.10** 0.10** 0.50**

Ratio
Mean 41.5 5.93 3.62 1.64 1.50 1.39 1.41 1.34 1.46

Median ∞ 5.20 4.58 1.67 1.54 1.22 1.02 1.02 1.10
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Table 9: Valuations in Each Coffee Mug Treatment

Probability

Treatment N 0.00 0.01 0.05 0.25 0.50 0.75 0.95 0.99 1.00

Willingness to Pay
in Gain Domain

(WTPG)
41

Mean 0.04 0.16 0.24 0.70 1.75 2.37 3.51 3.98 4.27
S.E. (0.03) (0.06) (0.08) (0.12) (0.23) (0.31) (0.47) (0.50) (0.50)

Median 0.00 0.00 0.00 0.50 1.25 1.65 2.50 3.25 3.75

Willingness to
Accept in Gain

Domain (WTAG)
48

Mean 0.71 1.42 2.07 2.94 3.96 4.72 6.12 6.42 6.84
S.E. (0.30) (0.34) (0.38) (0.27) (0.28) (0.38) (0.48) (0.52) (0.53)

Median 0.05 0.53 1.23 2.95 4.45 4.65 5.75 5.95 6.68

Disparity –
Mean 0.67 1.26 1.83 2.24 2.21 2.35 2.61 2.44 2.57

Median 0.05** 0.53** 1.23** 2.45** 3.20** 3.00** 2.25** 2.70 2.93

Ratio –
Mean 17.75 8.88 8.63 4.20 2.26 1.99 1.74 1.61 1.60

Median ∞ ∞ ∞ 5.90 3.56 2.82 2.30 1.83 1.78

Willingness to Pay
in Loss Domain

(WTPL)
46

Mean 0.01 0.33 0.72++ 2.40++ 3.55++ 4.32++ 4.84 4.89 4.68
S.E. (0.01) (0.14) (0.16) (0.28) (0.34) (0.41) (0.53) (0.55) (0.57)

Median 0.00 0.00 0.50 2.20 3.85 4.38 4.88 5.35 4.98

Willingness to
Accept in Loss

Domain (WTAL)
47

Mean 1.38 2.23 2.79 4.88++ 6.11++ 6.84++ 7.14 7.30 7.55
S.E. (0.44) (0.46) (0.44) (0.37) (0.40) (0.44) (0.48) (0.50) (0.61)

Median 0.05 0.95 1.90 4.95 5.75 6.90 7.15 7.50 8.00

Disparity –
Mean 1.37 1.90 2.07 2.48 2.56 2.52 2.30 2.41 2.87

Median 0.05** 0.95** 1.40** 2.75** 1.90** 2.52** 2.27** 2.15* 3.02**

Ratio
Mean 138 6.76 3.88 2.03 1.72 1.58 1.48 1.49 1.61

Median ∞ ∞ 3.80 2.25 1.49 1.58 1.47 1.40 1.61
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Ratios are calculated as
Mean(WTA)
Mean(WTP )

and
Median(WTA)
Median(WTP )

.

Wilcoxon-Mann-Whitney test conducted to test hypothesis that WTA=WTP in the same domain (gain or loss). Null
hypothesis is rejected at 1% level for all probabilities.

Pearson χ2 test (using medians) conducted to test hypothesis that WTP=WTA in the same domain (gain or loss).
*indicates null hypothesis being rejected at 5% level. **indicates hypothesis being rejected at 1% level.

Wilcoxon-Mann-Whitney test conducted to test hypothesis that WTP-Gain =WTP -Loss and WTA -Gain =WTA -Loss
separately. + indicates hypothesis being rejected at 5% level. ++ indicates hypothesis being rejected at 1
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