
 
 

 

 

 

Copenhagen Business School 

Master of Science in Advanced Economics and Finance 

Master’s Thesis 

 

 

Estimating Risk Attitudes and Assessing the Predictive Power  

of Models of Decision Making Under Uncertainty 

 

 

Maria Lucchi & Livio Spori 

Student numbers: 108047 & 107979 

15.05.2018 

 

Supervisor: Prof Morten I. Lau 

 

 

Number of characters: 112’513 Number of pages: 84



I 
 

Acknowledgment 

We would like to express our deep gratitude to Prof. Morten Igel Lau for guiding us through the 

process and providing us with the data to conduct this analysis. We greatly appreciate his 

willingness to share his time and expertise with us so generously. 

  



II 
 

Abstract 

We elicit risk preferences based on an experiment with binary choice lotteries performed by 

Andersen, Harrison, Lau and Rutström in 2009, with a relevant sample of 501 adult Danes. 

Maximum likelihood methods are used for pooled and individual estimation of three models: 

expected utility theory, rank dependent expected utility and Yaari’s dual theory. We estimate each 

model for three different stochastic error terms, to account for noise. This allows us to understand 

the fitting power of the models considered and we find that rank dependent expected utility has 

the best goodness of fit among the models in all estimation types. 

To check for the predictive power, we perform a forecasting assessment of the models and again 

we find that rank dependent expected utility performed the best among all models considered, for 

all error term specifications.  
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1. Introduction 

The elicitation of risk attitudes plays a vital role in optimizing welfare programs, insurance 

contracts and many other examples that have direct consequences on daily life. Many approaches 

to elicit risk preferences have been made in the past, varying in the experimental setup, in the 

models used to specify risk attitudes and in the methods to estimate them. 

 

This analysis is based on the data of an experiment performed by Andersen, Harrison, Lau, & 

Rutström (2014). Each individual was presented with 40 different choices between two lotteries 

with varying payoffs. These binary choices can be used to elicit risk attitudes of participants in the 

experiment if the analysis is performed at the individual level, or to infer risk attitudes of the 

population if the analysis is performed at the pooled level. We elicit risk preferences using different 

models based on the Expected Utility Theory (EUT), Rank Dependent Expected Utility theory 

(RDU) and Yaari’s Dual Theory (DT) and investigate how well they can estimate and predict risk 

attitudes. The two research questions we try to answer in this thesis are: 

1. Which model and underlying theory performs best at estimating risk attitudes? 

2. Which model and underlying theory performs best at predicting risk attitudes? 

Maximum likelihood methods allow us to do structural estimation in a binary response model of 

the parameters and obtain the goodness of fit of the chosen models. With the estimated parameters 

we can understand the significance and magnitude of risk aversion and probability weighting, 

while the goodness of fit indicates the quality of the models to estimate risk attitudes. In addition 

to the deterministic theories, the estimation also includes a stochastic error term, that accounts for 

mistakes in comparing utilities of two lotteries or reporting true preferences. Three kinds of 

stochastic error terms with different properties and interpretations are used in this analysis: the 
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Fechner error term, the contextual Fechner error term and the trembling error term. The Fechner 

error term is a noise factor that scales up or down the error term that is given by the chosen binary 

response model. The contextual Fechner error term allows this noise factor to increase for higher 

payoffs and vice versa. The trembling error term assumes that part of the decision process is purely 

random. 

 

The results of the pooled estimation allow us to discuss the risk attitudes of the average individual 

and to compare how well our models can estimate the risk attitudes in our experimental setup. 

Comparing the results of different stochastic error terms sheds light on how the non-deterministic 

part of the estimation is best modelled. Two robustness tests are conducted: first by including some 

characteristics1 of individuals in form of covariates and checking for observed heterogeneity 

between individuals. Secondly, by estimating at the individual level, fitting the models for each 

person individually instead for the whole sample, to see how high the unobserved heterogeneity 

between individuals is. 

 

Another way to evaluate models is to compare their predictive power. Predictive power expresses 

how good the fit of a model is if we use the estimated parameters on another sample We follow 

closely the procedure by Stahl (2018), where the predictive power of different models is compared. 

This approach is fairly new for these kind of experiments in behavioral economics and with our 

analysis we aim to gain insight into whether more general models, that usually have a better 

goodness of fit, have worse predictive power, as found by Stahl (2018). A robustness test is 

conducted by changing the amount of choices for each individual in the part of the sample used 

for estimation.  

                                                 
1 Gender, age, education, etc. 
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The thesis is structured as follows: Chapter 2 describes the theoretical background and properties 

of EUT, RDU and DT. Chapter 3 is a review of the relevant literature in the field of behavioral 

economics. In Chapter 4 and 5 the experimental design and the maximum likelihood estimation 

are described in detail. The different types of estimations and their results are described in Chapter 

6. Chapter 7 is reports the forecasting assessment. Chapter 8 is a discussion of all our results, while 

Chapter 9 concludes. 
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2. Theory 

In this chapter we describe the theoretical framework of our analysis, which is necessary to 

understand the specifications of the deterministic component of the models we adopted.  

We focus on three theories of decision making under uncertainty: Expected Utility Theory (EUT), 

Rank Dependent Expected Utility Theory (RDU) and Yaari’s Dual Theory (DT). The first is the 

most famous and widely adopted model. It states that individuals facing uncertainty choose on the 

basis of their expected utility (a measure of welfare). This model was criticized because of some 

empirical violations of its axioms (namely one relative to the independence of irrelevant 

alternatives), and the two alternative theories were developed to address this issue.  

 

2.1 Expected utility theory 

The Expected Utility Theory (EUT) is a theory that states that individuals facing a decision that 

involves uncertainty act by choosing the option that maximizes their expected utility. Its first 

formulation2 was made by Bernoulli (1738) who suggested a first solution to the St. Petersburg 

paradox3. The theory was then specified by Von Neumann & Morgenstern (1944), who provided 

the conditions (axioms) that individual preferences must satisfy to be consistent with an expected 

utility function.  

  

                                                 
2 The theory was originally called “moral expectation” 
3 In the St. Petersburg paradox, a casino offers participants – upon the payment of an entry fee – the possibility to win 
a sum that depends on when heads appears for the first time when a “fair” coin is tossed: 
If heads appears for the first time on the first toss, the participant receives 2 dollars; if on the second toss 22=4 dollars; 
if on the nth toss 2n dollars. This implies that the expected value of the gamble is infinite. 
However, people would generally only pay a very small entry fee for this gamble, which is a paradox if we assume 
that individuals make decisions based on the principle of maximizing the expected value of their returns. This problem 
was solved by introducing the consideration that risk aversion plays a role in making decisions and individuals then 
do not act to maximize the expected value but rather their expected utility, represented by a concave function. 
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These axioms are: 

1. Completeness 

For any two lotteries (i.e. options involving outcomes occurring with given 

probabilities) � and �, either � ≻ � (� is preferred to �), or � ≺ � (� is preferred 

to �), or � ∼ � (there is indifference between the two lotteries). 

2. Transitivity 

If � ≽ � (� is preferred to � or there is indifference) and � ≽ �, then � ≽ � 

3. Continuity 

If � ≽ � ≽ �, then there exists some probability � ∈ 
0,1� such that  

�	~	�� + �1 − ��� 

4. Independence 

For any two lotteries, if �	 ≻ �, then for all probabilities � ∈ 
0,1� and all �: �� +
�1 − ���	 ≻ �� + �1 − ��� 

If � ∼ �, then for all probabilities � ∈ 
0,1� and all �: 

�� + �1 − ���	~	�� + �1 − ���. 

This axiom means that if an individual prefers A to B when they are the only two 

lotteries available, he or she will also always prefer A to B if a third lottery C is 

offered. 

If these axioms are satisfied, preferences are consistent with EUT and can be represented by a 

utility function. This quantity can then be compared between alternatives and the alternative that 

is expected to give the highest utility is the one that is chosen.  
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2.1.1 Constant relative risk aversion 

The utility function that we use as specification of EUT in our analysis is the Constant Relative 

Risk Aversion (CRRA), which assumes that the relative risk aversion is constant over all payoffs. 

The CRRA function takes the following form: 

���� = ������������ 							if					 ≠ 1		ln��� 						if					 = 1     

Where � indicates the payoff, or income, and   is the parameter to be estimated which measures 

the degree of relative risk aversion if positive and of relative risk affinity if negative. It is possible 

to see this by calculating the coefficient of Relative Risk Aversion (RRA), defined as: 

$$� = − �%&&
%&  , which in this case is equal to  . If an individual is risk averse ( > 0), this function 

is concave because of diminishing marginal utility (
()%���(�) < 0). 

This implies the unwillingness to accept a “fair” lottery, i.e. a risky lottery that has expected value 

equal to zero.  

 

One alternative to the CRRA specification is the Constant Absolute Risk Aversion (CARA) 

function, which takes the following form: 

���� = −exp�− �� 
The coefficient of absolute risk aversion for this function is: 

�$� = − %&&���%&��� =  . For this function, there is a constant quantity of income that individuals are 

willing to put at risk as income increases, and this implies that the coefficient of relative risk 

aversion RRA decreases as income increases. Vice versa, in the case of CRRA, a constant RRA 
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implies that the proportion of income that individuals are willing to put at risk is constant and this 

implies that the coefficient of absolute risk aversion ARA increases as income increases. 

 

2.1.2 A closer look at the independence axiom 

Many empirical studies, e.g. Hey & Orme (1994),  showed that violations of the independence 

axiom of EUT occur systematically and suggested the use of alternative theories adopting a weaker 

version of this axiom. In order to understand the differences between EUT and other theories, it is 

necessary to describe the characteristics of this independence axiom. 

Independence has been shown to be a combination of two components: betweenness and 

homotheticity (Burghart, Epper, & Fehr 2014). 

Betweenness implies that a probability mixture of two lotteries, i.e. a compound lottery of these 

two, must lie between them in preference: �	~� ⟺ �~	�� + �1 − ���	~�. 

Homotheticity implies that an ordering between two lotteries is retained when mixing both with 

the worst possible outcome: �~� ⟺ �� + �1 − ���~�� + �1 − ���. 

Violations of independence can be then due to a violation of the betweenness condition, of the 

homotheticity condition or of both. The most common violation is a violation of betweenness, 

which means that if individuals are indifferent between two lotteries, it is not necessarily true that 

they will also be indifferent between any of the two and any linear combination of them. 
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2.2 Rank dependent expected utility theory  

A popular alternative theory to EUT is the Rank Dependent Expected Utility Theory (RDU), which 

takes into consideration that individuals tend to perceive the relative probabilities of the outcomes 

differently depending on their relative preferences on outcomes. 

This consideration is included in the specification of the utility function by adding a probability 

weighting function that assigns relative weights to the real probabilities according to how these 

are perceived by participants. This theory was formulated by Quiggin (1982)4 and is more general 

than EUT, implying that the axioms that it must satisfy are weaker than the ones required by EUT. 

These are: completeness, transitivity, continuity, dominance – just like for EUT – and a weaker 

independence axiom, formulated by Quiggin and also referred to as co-monotonic independence 

(Wakker, Erev, & Weber 1994) which relaxes the betweenness assumption and maintains the 

homotheticity condition: 

�~� ⟺ �� + �1 − ���~�� + �1 − ��� 

 

2.2.1 RDU with Prelec weighting function 

If the axioms are satisfied, preferences are consistent with RDU and can be represented by a utility 

function and an associated probability weighting function. In our analysis we used the same CRRA 

utility function specification as for EUT and a weighting function formulated by Prelec (1998), 

which in a situation of two payoffs – high and low – like in a binary lottery, takes the following 

form: 

/0 = exp	�−1�−ln	��0�2� 
/3 = 1 −	/0 

                                                 
4 The theory was originally called “anticipated utility theory” 
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Where /0 is the probability weight assigned to the highest payoff and /3 is the residual weight 

assigned to the other (lower) payoff. In this way the probability weights sum to one and are 

distorted measures of the actual probabilities. The parameters φ and η must be estimated and are 

restricted to be positive. They determine respectively the steepness and the elevation of the 

weighting function. 

 

The weighting function can be represented graphically and if plotted on the x-axis with φ>1, in the 

case φ>1, it is represented as an S-shaped curve – convex on the initial interval and concave after 

that.  

 

Figure 1: Example probability weighting function 

 

 

From Figure 1 we see that low-probability events are overweighed and high-probability events are 

underweighted (in the case	4 and 1 are both greater than 1). This aims to explain common 

phenomena like the attraction for gains with very low probabilities (e.g. lottery tickets) and the 

relative unattractiveness of some high-probability gains Prelec (1998). 
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The two figures below show how different values of the 4 and 1 parameters change the weighting 

function:  

 

Figure 2: Illustration of η 

 

In Figure 2 we see that for values of η greater than 1 we have an overall overweighting of 

probabilities and an underweighting of probabilities for values of η between 0 and 1. 

In Figure 3 we see that for values of φ >1 we have probability overweighting for small probabilities 

and probability underweighting for high probabilities and this effect increases as φ increases. The 

opposite is true if we have values of φ that are lower than 1.  
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Figure 3: Illustration of φ 

  

 

 

 

 

 

 

 

 

 

2.3 Yaari’s dual theory  

One special case of RDU is Yaari’s Dual Theory (DT). The axioms required are the same as for 

RDU. However, instead of the CRRA specification, it assumes risk neutrality: ���� = � and 

originally uses a weighting function that is not specified but has to be estimated in a non-parametric 

way (Hey & Orme, 1994; Yaari, 1987). 

However, for our analysis we chose to use the Prelec weighting function like in standard RDU 

because we were interested in comparing the two and examining the extent to which the CRRA 

specification of utility function changes the fitting and predictive power of a model. 
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3. Literature review 

In this review we focus on the papers that introduced some concepts or methodologies that 

contributed directly to the development of our analysis. One common characteristic to all these 

papers is the use of binary choice lottery experiments to assess individuals’ risk preferences and 

to test EUT against alternatives.  

 

A binary choice lottery consists in the presentation of two alternative gambles, usually one riskier 

than the other. These gambles are made of two payoffs that can be obtained according to some 

probabilities and participants in the study should indicate which gamble they would rather 

undertake according to their risk attitudes. This tool relies on the assumption that individuals act 

according to utility-maximizing criteria and that utility increases with increasing payoffs. The 

binary structure has the advantage of being easy to understand and providing a clear signal of 

individuals’ underlying preferences. However, the binary structure does not allow individuals to 

express the extent to which they prefer one lottery over another. This means that, for a good 

estimation of utility, a lot of tasks with different payoffs and probabilities need to be answered. 

Binary choice lotteries have been adopted extensively in the literature on risk behaviors which 

makes it easy to compare estimation procedures and results.  

 

We chose to consider only the experiments based on real monetary incentives, as opposed to 

hypothetical ones, because subjects have been shown to report different answers, implying higher 

degrees of risk aversion, when they face real incentives. The reason for this phenomenon is 

probably that, when the stakes are hypothetical, individuals are not able to imagine how they would 

answer in reality and tend to underestimate their degree of risk aversion. One study that showed 

the existence of this hypothetical bias is Holt and Laury (2002). The experiment consisted of four 
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tasks, each with a series of binary lottery choices involving both high and low, real and 

hypothetical payoffs. The results showed that only the tasks with real payoffs saw an increase in 

relative risk aversion (indicated by the number of safer lotteries chosen) with increasing stakes, 

implying an underlying utility function characterized by increasing relative risk aversion, whereas 

the hypothetical tasks did not present this difference when gambles involved high and low payoffs. 

This confirmed the inadequacy of studies based on experiments with hypothetical-only incentives 

and determined their exclusion from this literature review. 

 

We only focus on the studies that concern gains, not losses. There is wide documentation on 

individuals exhibiting different risk attitudes when gambles concern losses (more risk seeking) 

rather than gains (more risk averse) (Kahneman & Tversky, 1979). However, this is beyond the 

scope of our analysis and all of the results described in the review are only applicable to gambles 

concerning gains. 

 

Another restriction is the exclusion from this review of all the papers that used the Becker–

DeGroot–Marschak method (BDM) (Becker, DeGroot, & Marschak, 1964) to elicit the willingness 

to pay for a lottery. BDM works as a two-person Vickrey sealed-bid auction (Harstad (2000); E. 

E. Rutström (1998)) in which participants are required to state the price at which they would be 

willing to sell the lotteries they are presented. This is a useful tool to obtain the point estimate of 

the value they associate to that lottery, and it is incentive-compatible because participants know 

that one of those lotteries for which they defined the selling price will be drawn at random. A 

buying price will also be drawn at random and if it exceeds the selling price the individuals can 

sell the lottery for that buying price, otherwise the lottery is “played out”, i.e. one of the two 

outcomes is randomly chosen according to its relative probability. However, despite the theoretical 
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appropriateness of this method and of its incentive compatibility, there is skepticism on the validity 

of this method Harrison & Rutström (2008). Answers typically present a high degree of noise and 

it is unclear whether subjects are able to fully understand the incentive method and precisely define 

the price at which they would sell the lotteries. For this reason we decided to exclude studies 

relying on this kind of experiments from the relevant literature for our analysis. 

 

This review presents a first description of different types of experimental designs used to obtain 

information on the risk preferences of the participants. This section is followed by a structural 

estimation section that compares some deterministic models of decision making and by a noise 

section that compares some stochastic models to include a randomness component in the 

modelling of the participants’ answers. These sections all concern model fitting. The last section 

is relative to forecasting and explains the importance of testing the predictive power of the models 

considered. At the end of this chapter, Table 1 summarizes some of the relevant experimental 

studies described in this review. 

 

3.1 Experimental design 

In this section we examine different kinds of experimental designs which mainly differ in the way 

they present the binary choice lotteries to the subjects. The presentation is important because 

different displays of lotteries have shown to lead to different answers (Erev, Bornstein, & Wallsten, 

1993). 

An experimental design must be incentive-compatible to be able to correctly identify the 

participants’ preferences. This means that appropriate incentives must be guaranteed to 

participants to ensure that there is no good reason for them to report answers other than what they 
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actually prefer. This is achieved with real monetary incentives and one way to introduce them is 

with a Random Lottery Incentive Mechanism (RLIM).  

This mechanism can present some slight variations in its specification according to the different 

structures of the experiments but the basic concept is the following: all of the individual’s choices 

on the binary lotteries are recorded and then one lottery is chosen at random in a way that is clearly 

not subject to manipulation (e.g. by throwing a die with a certain number of faces according to the 

number of possibilities, or by choosing one card from a deck of cards). Then the individual’s 

chosen option is “played out” randomly according to the probabilities of the gamble. 

The RLIM relies on the assumption of independence, which is crucial because these studies try to 

elicit individuals’ preferences as such and not as consequences of previous experience with similar 

questions. The RLIM also removes wealth effects, because gains from previous tasks do not affect 

the decision making process.  

 

The papers we examine present a series of payoffs within the wide range of stakes present in Holt 

& Laury (2002), where payoffs varied from low ($2 and $1.60; $3.85 and $0.10) to high ($180 

and $144; $347 and $9). This difference between stakes was useful to determine whether risk 

aversion changed with increasing stakes and was important to show that, even for very low payoffs, 

individuals showed significant degrees of risk aversion. The experiment they designed included 

four tasks, each displaying a series of pairwise lottery questions. The first task used low real 

payoffs, the second one high (payoffs scaled by a factor of 20) hypothetical payoffs, the third one 

high real and the last one low real payoffs again. Holt and Laury presented the tasks in increasing 

order of stakes but this approach was criticized by Harrison, Johnson, McInnes, & Rutström (2005) 

because it did not take into account the presence of order effects, which would affect the results. 

These order effects refer to empirical evidence for which if a question is presented after other 
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questions its answer is affected by the answers to the previous questions. This implies that the 

independence assumption is violated and experimental designs should take order effects into 

account by, as an example, presenting tasks in randomized order. 

Harrison et al. (2005) gave two treatments to two different samples: one with two subsequent tasks 

and one with only the second one and found that order effects were present and significant and 

should therefore be considered in the experimental design. Following this critique, Holt & Laury 

(2005) performed another experiment, with randomized treatments, and found order effect did 

indeed affect the magnitude of the results but that the conclusions from their 2002 paper did not 

change. 

 

In Holt and Laury (2002), for every task, a series of ten pairwise lottery questions was displayed 

in the form of a table where choices were listed with increments in probability of 0.1 – a type of 

presentation called multiple price list (MPL). In an MPL presentation, the first line (i.e. the first 

pairwise question), for both the safer (A) and the riskier (B) lotteries, corresponds to a probability 

of 0.1 of receiving the high payoff and of 0.9 of receiving the low payoff. 

Then, the second line of the table corresponds to a probability of 0.2 of receiving the high payoff 

and 0.8 of receiving the low payoff, and the same principle applies to the following lines where 

the higher payoff becomes more and more likely. Finally, the last line shows for both lotteries a 

probability of 100% of receiving the high payoff. This kind of presentation is useful to determine 

the point at which the safer option is preferable to the riskier one. Indeed, at the last line of the 

table, where the high payoff is certain, the two lotteries are equally safe and every rational income-

maximizing participant would choose the one with the highest payoff. However, as risk increases, 

participants should switch towards the safer lottery at different points according to their degrees 

of risk aversion. 
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Harrison, Lau, and Rutström (2007) also used the MPL presentation in their experiment on risk 

attitudes in Denmark. However, they did not scale their payoffs up monotonically in different tasks 

like Holt and Laury did but varied their payoffs within a range of 50 and 4500 Danish kroner. In 

order to assess more precisely the “switching” points, an integrated MPL (iMPL) format was 

adopted, taking the form of an additional MPL within the switching interval of one MPL.  

Presentations may differ for the way they present the single lotteries and depending on whether 

they display one lottery at a time or a list of similar lotteries together. These approaches present 

different advantages and disadvantages. For example, MPL has the advantage of appearing clear 

and structured to participants who will most likely make less mistakes due to the fatigue of having 

to read and evaluate every single lottery every time. However, one disadvantage is the possibility 

of being subject to framing effects, i.e. a tendency to select the choices towards the middle of the 

table. This issue was addressed by Harrison, Lau, and Rutström (2007) who removed some lines 

from the MPL tables, skewing the frames to the high or low probabilities.  

 

Many of the experiments examined consisted in longitudinal designs that presented candidates two 

sets of the same questions at two different times. This allowed to examine the inconsistencies in 

the answers and to control for order effects. One implication of longitudinal studies is that they 

provide two comparable datasets that can be easily used for forecasting purposes, by using one for 

the model fitting and the other for testing the predictive power of the models.  

One example of longitudinal design was implemented by Hey and Orme (1994). They used data 

from two experiments which contained the same set of 100 binary choice questions in different 

(random) orders and they were asked after a one-week break. Subjects had the possibility to state 

which of the two lotteries they preferred or express indifference between them. The presentation 

in this case was not an MPL: questions were not shown as a list but displayed singularly on a 
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computer scheme, implying that participants only saw one pairwise choice question at a time and 

did not know in advance which questions would follow. This implied a larger space on the screen 

and allowed to display the probabilities of the pairwise choice questions as pie charts. Stahl (2018) 

used the longitudinal data from Hey and Orme to study the predictive power of the models and 

used the first dataset for the fitting and the second one for the forecasting. 

 

Andersen et al. (2014) researched on risk behaviors in Denmark in order to estimate the risk 

aversion parameters to include in the analysis of some alternative intertemporal discounting 

functions. They designed and conducted an experiment that is described in detail in Chapter 4 

because it is the one from which we obtained the data for our research. It is interesting to note that 

it presents some features similar to Hey and Orme (1994) (lotteries presented as pie charts) and to 

Holt and Laury (2002) (the MPL presentation).  

 

A different kind of presentation of lotteries is present in Camerer (1989)– a test of EUT in which 

participants answered 14 pairwise-choice questions made of one riskier and one less risky option 

displayed as two vertical lines each subdivided into two segments as long as their relative 

probabilities. Each segment corresponded to the height of a rectangle of area proportional to the 

payoff of that gamble.  

The same display was present in Loomes & Sugden (1998), where the two lotteries A and B were 

presented as two straight lines subdivided into segments of lengths corresponding to the relative 

probabilities of the gamble, but instead of the rectangles, the payoffs were only stated.  
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Four different kinds of displays of binary choice lotteries have been adopted by Wakker et al. 

(1994). Participants were randomly allocated to one of these four displays and all the 64 questions 

(of which most were repeated) they answered were presented in that way. The four displays were: 

collapsed (where events that lead to identical outcomes were collapsed), not collapsed (where such 

events were not collapsed), verbal (identical to the collapsed one, but probabilities were not 

provided numerically) and graphical (adopted from Camerer (1989)). They found that the 

graphical approach had the highest consistency of repeated choices and the collapsed display the 

lowest but no significant difference was found between them. 

 

3.2 Structural estimation 

All the papers that we examine have in common the use of maximum likelihood estimation (MLE) 

in their analysis. The statistical method of maximum likelihood is explained in Chapter 5 and, 

although different studies estimated different coefficients and applied their analyses to different 

samples, they all chose to use this kind of estimation because when the object of interest is a binary 

variable (as it is for binary choice lotteries), the choice is usually motivated by a latent variable 

model, corresponding in some way to the data generating process, or the combination of a 

deterministic and a stochastic process that lead to that specific outcome. The maximum likelihood 

model allows for the estimation of these latent processes.  

 

The most common type of analysis performed on the data collected with the experiments described 

above is a pooled-level analysis. Answers by all participants are aggregated and the parameters 

(e.g. a risk aversion coefficient) of different models of decision making – corresponding to 

different deterministic theories of decision making – are estimated with maximum likelihood 

methods. The main purpose of pooled level estimation is inference and for this reason it requires 
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a good number of observations. The estimated parameters should correspond with some degree of 

confidence to the population mean. Since all answers by all participants are aggregated and 

analyzed together, one specific model of decision making is assumed to be common to the whole 

population. An alternative to this approach is the individual level estimation, which loses the 

inference characteristic but accounts for heterogeneity between individuals, that gets lost in the 

pooled estimation. It does not assume that the same decision making processes are common to the 

whole population but tries to assess which is the most appropriate for each participant to the 

experiment. In order to be estimated, however, it is necessary that individuals answer a good 

number of questions as these represent the sample to which maximum likelihood methods are 

applied for the estimation.  

 

An alternative to these types of estimation is the use of a “random coefficients” model, where the 

estimated parameters are not fixed but drawn for each individual from a distribution derived from 

the pooled estimation. Random coefficients is another way to account for unobserved 

heterogeneity between individuals instead of individual estimation. A special case of random 

coefficients is random preferences, which will be discussed later in this chapter, where for each 

question and individual the coefficients are newly drawn from the distribution instead of just once 

for all individuals. 

 

The preference functionals can be generally subdivided into two main groups: Expected Utility 

Theory (EUT) and Rank Dependent Expected Utility Theory (RDU). These two alternative 

theories are described in detail in Chapter 2 but it is interesting to note that many variations of 

these have been developed and used in the papers that we examine. Other common utility theories 

are disappointment aversion (which includes ex-post disappointment or rejoice depending on 
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whether the outcome is better or worse than expected), weighted utility (which estimates weights 

differently than RDU) and regret theory (which includes ex-post regret or ex-post rejoice 

depending on whether the outcome of the chosen option is better or worse than the rejected 

options). It is beyond the focus of this research to describe the characteristics of each one of these 

but it is important to note that they can be more or less general according to how many parameters 

to estimate they have. 

 

Different functional forms can often be nested inside each other (the less general inside the more 

general) and this means that for some specific values of the additional parameters of the more 

general model they are the same. More general models usually have a better fit to the data but 

might perform worse in terms of forecasting, as will be discussed in Chapter 7. One example of a 

nested model usually having worse a fit is Risk Neutrality, which is nested in EUT: EUT becomes 

Risk Neutrality in the case one subject expresses risk neutral preferences and is then just as much 

as a good fit as risk neutrality in that specific case but a better fit in all other cases where the subject 

has some degree of risk aversion or risk preference. 

One paper that highlighted this is Hey & Orme (1994), which analyzed the data at the individual 

level by fitting a series of eleven preference functionals to each subject’s responses, in order to 

examine which theory would be best at representing his or her preferences. The functional forms 

of the preference functionals were not specified (with the exception of the probability weighting 

function in the case of the RDU), and the estimation was instead conducted by normalizing the 

utilities associated to the four payoffs across both lotteries (x1< x2< x3< x4), setting u(x1) equal to 

0 and u(x4) equal to 1, and estimating only u(x2) and u(x3) for each of the functional models. The 

results showed that, as expected, more general models had a better fit. Hey and Orme tested for 

the significance of the difference in goodness of fit and concluded that on average the theory that 
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explained the data in the most precise way was the Rank Dependent Expected Utility Theory with 

Quiggin weighting function while Risk Neutrality had the worst fit. 

 

The prevalent approach in the literature that evaluates decision making processes in behavioral 

economics is the use of one-criterion models (e.g. EUT, RDU).  

However, one alternative to these models is the dual criteria model SP/A which accounts for the 

fact that more than one criterion can be used to make decisions. It was developed by (Lopes, 1995) 

and is normally used in psychology. The SP/A theory stands for “Security” and “Potential” of the 

lottery over “Aspirations” of the decision maker, and under this theory the decision maker 

considers both of these aspects, which might be conflicting. This theory was estimated with MLE 

by Andersen, Harrison, Lau, & Rutström (2007) based on the observations of the decisions made 

by participants in a popular game show “Deal Or No Deal”.  

In the estimation, the SP part of SP/A collapsed to be the same as RDU and the A part collapsed 

to a threshold of the value of a lottery, which if exceeded it indicated a higher probability of 

choosing that lottery. The results of this experiment showed that both criteria played a role in 

explaining behaviors – especially the aspirations – and provided evidence of how other criteria 

than the common EUT and RDU can be successfully implemented in decision making 

experiments.  

 

In another approach Harrison & Rutström (2007) and Harrison, Humphrey, & Verschoor (2010) 

used mixture models of EUT and RDU to assess how much of the data generating process is due 

to EUT and RDU. Both papers estimate that around of 50% of the data generating process is due 

to EUT and 50% due to RDU. 
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Holt and Laury (2002) used a different estimation method and combined pooled level and 

parametric estimations. Answers by participants were pooled together for each task and analyzed 

as a whole to determine an average degree of risk aversion, and the parameters of a number of 

commonly used utility functions were estimated by MLE. The power-expo utility (Saha, 1993), 

that was found to have the best fit. The same estimation approach was used by Harrison et al. 

(2007) who performed a pooled-level parametric analysis. They fitted the data to specifications of 

CARA, CRRA and the same hybrid power-expo utility that Holt and Laury used and estimated 

risk aversion parameters. They set up four different tasks containing 10 binary choices for each 

individual with varying prices for the lotteries between the tasks. However, the prices were not 

scaled up monotonically as in Holt and Laury and this can partly explain why they found that 

constant relative risk aversion is an acceptable assumption over the different prices in the four 

tasks. 

 

3.3 Noise 

Noise is a term used to refer to the randomness present in individuals’ responses. It can be 

interpreted in different ways and these interpretations take the name of error term stories according 

to different specifications of the model. 

The need to include noise – in the form of a stochastic model – in the analysis is driven by the 

consideration that, without its inclusion, an entirely deterministic theory of decision making would 

fail to explain behaviors. In fact, in practice there is a significant component of randomness when 

individuals report their answers. One reason is that individuals may find it difficult to evaluate the 

utility they would gain from lotteries which might lead to inconsistent answers if they are presented 

the same questions in two similar occasions. This difficulty could be partly due to inattentiveness, 

boredom or non-appropriate incentives to reveal their true preferences. The consequence of not 
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including randomness in the estimation is that, even with just a minor number of inconsistent 

answers, some axioms of the theory considered would be violated and that theory would have to 

be rejected (even if it indeed represents their real preferences appropriately). Different kinds of 

stochastic error terms, also called error stories, have been developed to acknowledge the presence 

of noise in subjects’ responses and include it into the analysis in the form of different assumptions 

on the underlying stochastic nature of their data. The introduction of a stochastic model in addition 

to the deterministic one was initially suggested by Camerer (1989). 

 

Camerer performed a test of EUT by asking as series of binary lotteries made of one riskier and 

one less risky option. The results did not seem to be consistent with EUT being the functional form 

of the participants’ preferences. After testing some alternative theories to EUT, he found that no 

theory alone was able to explain all inconsistent behaviors. Even when individual answers were 

analyzed, Camerer found that the violations would still hold and hypothesized that randomness 

could play a role in these violations. He did not model this randomness but his experiment is 

important because it laid the groundwork for future interpretations of this noise. 

 

3.3.1 Trembling error term 

Harless & Camerer (1994) included noise in their model by assuming that all subjects on all sorts 

of choices made mistakes with the same probability, and that mistakes were independently 

distributed across problems. This is a strong assumption but allowed them to perform maximum 

likelihood estimation of the parameters (the proportion of respondents that reported preferences 

aligned with a specific functional) for the different functionals considered. The estimates 

corresponded to the proportion of subjects who expressed strictly EUT preferences plus an error 
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term which was referred to in the subsequent literature as tremble, which assumes that part of the 

choice between two lotteries is completely random. 

We use in our analysis a specification of this trembling error present in Wilcox (2008). The error 

term is explained in detail in Chapter 5. It is important to note that this error term is assumed to be 

independent of the type of question asked; subjects are assumed to have the same probability to 

report noisy answers in all kinds of lotteries. 

 

3.3.2 Fechner error term 

In Hey & Orme (1994), the error story is different from the one adopted by Harless and Camerer, 

because the assumption of independence from the type of question asked seemed too strong. They 

consider the empirical evidence for which questions with relatively more distant stakes show less 

inconsistencies in the answers because they are easier to answer than questions with similar stakes 

and similar probabilities, where individuals are more likely to be indifferent. 

The error in Hey and Orme is modelled as an independent and identically distributed random 

variable (where independence is here to be intended relatively to the order of the different 

problems; not to the kind of question asked). The model of this error term, which we refer to as 

Fechner error, is also discussed in Wilcox (2008) under the name of strong utility. It is described 

in Chapter 5. 

 

3.3.3 Random preferences  

Another error story that is described in Wilcox (2008) is the random preferences expected utility 

model. This model does not assume that the error comes from a mistake in the expression of 

preferences but that subjects themselves lack some information on their own preferences (e.g. they 

might know their functional form but not the value of their coefficient of relative risk aversion) 
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and, when facing a question – like a binary choice lottery question – that they should answer based 

on that unknown coefficient, they randomly ‘draw’ one coefficient from its  distribution and 

determine their answer consequently. When faced with the same question twice, they randomly 

draw the coefficient again and if the two draws determine two different answers, the randomness 

of the draw is the source of the inconsistency. This error story is not stochastic but entirely 

deterministic and can be seen as a special case of the random coefficient model with no error term. 

 

3.3.4 Comparison of stochastic error terms 

Loomes & Sugden (1998) empirically tested the three error stories described above (Harless and 

Camerer’s, Hey and Orme’s and the random preferences model) and found that Harless and 

Camerer’s story generally performed poorly and that the other two stories failed for opposite 

reasons: the Hey and Orme error story predicted more violations of dominance than the few ones 

observed, whereas the random preference model does not predict any violation of preference and 

therefore failed to explain the ones observed. Loomes and Sugden suggested then that the 

development of some hybrid stories, starting from these three, could represent reality in a more 

appropriate way. In addition to these two error stories, Wilcox (2008) also analyzed the strict utility 

and the moderate utility models, which represent some extensions or variations to the Fechner 

error term model.  

 

The strict utility model (originally introduced by Luce (1959)) uses natural logarithms of structural 

lottery values to replace the lottery values, whereas the moderate utility model can be expressed 

by the contextual utility function modelled by Wilcox which is included in our analysis. The 

difference with the Fechner error term is that this does not assume that the stochastic specification 
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is the same for all questions. Indeed, when high stakes are compared, as opposed to when low 

stakes are compared, the error term variance should scale up accordingly. 

 

3.4 Forecasting 

In recent literature it has become increasingly common to analyze the predictive power of the 

models rather than just the fitting power (which is the only one addressed in the previous sections). 

Indeed, it can be argued that a good model is one that allows to precisely predict some behaviors 

rather than just explaining the ones already observed. 

 

The papers that we examined so far compare models only according to their fitting performance. 

However, when comparing models, it is important to consider the trade-off between bias and 

variance because a criterion based on the minimization of the bias can lead to the choice of models 

that overfit the data, i.e. the possibility that the results cannot be generalized because they are 

specific to the dataset used for their estimation. More general models tend to overfit the data 

because their high number of parameters to estimate causes a high dependence on the particular 

sample used and the estimated coefficients are more likely to change significantly if a different 

sample is used. Cawley and Talbot (2010) showed that in addition to the minimization of the bias 

(the most popular criterion to evaluate performances) it is important to consider the minimization 

of the variance, and one of the easiest ways to do it is with the minimization of the mean squared 

error (MSE), which is equal to the sum of the variance and the squared bias. 

 

The study that was most relevant for our implementation of the forecasting section was Stahl 

(2018). He analyzed the data by Hey and Orme (1994) and split the sample into two equally sized 

subsets and used one for the fitting of the models and the other to test their forecasting power. He 
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performed individual level estimation in the first subset and used the estimated parameters to 

predict the choices in the second subset. After having performed goodness of fit tests, he compared 

the forecasting performance of the models. Additionally, he used simulations to test how the 

forecasting performance of the included models changed if the number of tasks per subject 

increased or decreased. What he found was that rank dependent utility models, which are more 

general and therefore have more parameters to estimate, were more likely to overfit the data at the 

expense of the predictive power and suggested the use of EUT instead of more general models. 

This showed that there is a clear trade-off between goodness of fit and forecasting performance 

and that both must be taken into account when evaluating different models.
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Table 1: Summary of relevant papers 

Study 
No. of subjects and 

observations 
Incentives 

Elicitation 

method 
Stakes (range) Estimation Theories Error story 

Harless, Camerer 

(1994) 

Data from Battalio et 
al. (1990): 

33 subjects; 
3 questions 

Hypothetical 
Binary choice 

lotteries 
(In USD): (-20) - 0 Pooled 

Risk Neutrality, EUT, 
Weighted EUT, Linear 

Mixed Fan, Mixed 
Fanning, RDU 

Trembling error 

Hey, Orme (1994) 
80 subjects; 

200 questions 
Real 

Binary choice 
lotteries 

(In GBP): 0 - 30 
Pooled and 
individual 

Risk Neutrality, EUT, 
Disappointment 

Aversion, Prospective 
Reference, Quadratic, 

Regret, RDU, DT 

Fechner error 

Wakker, Erev, 

Weber (1994) 

84 subjects; 
64 questions 

Real 
Binary choice 

lotteries 
(In USD): 0 - 13 Pooled EUT, RDU Trembling error 

Loomes, Sugden 

(1998) 

92 subjects; 
90 questions 

Real 
Binary choice 

lotteries 
(In GBP): 0 - 30 Pooled EUT 

Trembling, 
Fechner and 

Random 
Preferences error 

Holt, Laury (2002) 
212 subjects; 
40 questions 

Real and 
hypothetical 

Binary choice 
lotteries 

(in USD): 0.10 - 347 Pooled EUT 
Strict utility 

model 

Harrison, Lau, 

Ruström (2007) 
253 subjects Real 

Binary choice 
lotteries 

(in DKK): 50 - 4500 Pooled EUT 
Strict utility 

model 

Harrison, Ruström 

(2007) 

158 subjects; 
60 questions 

Real 
Binary choice 

lotteries 
(In USD): 0 -15 Pooled EUT, RDU 

Trembling 
(extreme value) 

error 

Harrison, 

Humphrey, 

Verschoor (2010) 

531 subjects; 
8 questions 

Real 
Binary choice 

lotteries 
(In USD): 0 - 5 Pooled EUT, RDU Logit error 

Andersen, Harrison, 

Lau, Ruström (2014) 

501 subjects; 
40 questions 

Real 
Binary choice 

lotteries 
(in DKK): 50 - 4500 

Pooled and 
individual 

EUT, RDU 
Fechner and 
Contextual 

Fechner error 

Stahl (2018) 

 
80 subjects; 200 

questions. 
For simulations, 

sample sizes: 25, 50, 
100, 200 

Real 
Binary choice 

lotteries 
(In GBP): 0 - 30 

Pooled and 
individual 

EUT, RDU Fechner error 
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4. Experimental design 

We used the data collected by Andersen, Harrison, Lau and Rutström in a field experiment 

conducted in Denmark between September 28 and October 22, 2009 with a random sample of 413 

individuals of ages between 17 and 75 years and another sample of 88 university students in 

Copenhagen.  

The experiments were conducted in different sessions. For the larger sample they were conducted 

in hotel meeting rooms around Denmark, with two blocks of questions presented on computers, 

whereas for the sample of students they were conducted in a laboratory experiment.  Participants 

were presented written instructions, which were also read out before starting. Then they answered 

two blocks of 40 questions each – one relative a discount rates task and the other to a risk attitudes 

task –, and at the end they were required to fill a sociodemographic questionnaire. 

 

To ensure that participants did not have an incentive to report something that did not correspond 

to their preferences, real monetary incentives were provided, in addition to a “show up” fee of 300 

or 500 kroner5, with the use of the Random Lottery Incentive Mechanism (RLIM), each participant 

had 1 in 10 chances of being paid for each of the two tasks, and, if they won this chance for one 

task, one lottery was chosen at random among the 40 and “played out”, i.e. executed relatively to 

its probabilities, and the participant would receive that payment. The average payment was 242 

kroner for the risk attitudes task and 201 kroner for the discount rates task. Therefore, for a two-

hour experiment participants received 443 kroner ($916). 

                                                 
5 35 participants received a final reminder that accidentally stated 500 instead of 300 kroner show-up fee, so they 
received additional 200 kroner. 
6 Exchange rate at the time was approximately 5 kroner per U.S. dollar. 
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In Andersen et al. (2014), the risk attitudes task was used  for the purpose of specifying utility 

models to use for estimating discounting behavior. However, in our analysis we only use the risk 

attitudes task and therefore the discount rates task is not described here. 

In the risk attitudes task, 40 binary choice lottery questions were asked, subdivided into four tasks 

of 10 questions each. Each task was associated with one combination of payoffs and the tasks were 

presented in randomized order to account for order effects. The combinations of payoffs (in Danish 

kroner) were: 

 

 A1: 2000 and 1600, B1: 3850 and 100 

 A2: 1125 and 750, B2: 2000 and 250 

 A3: 1000 and 875, B3: 2000 and 75 

 A4: 2250 and 1000, B4: 4500 and 50 

 

Within each task, the questions were displayed as an MPL with increments of 0.1. This means that 

the first binary choice of each of the four tasks had a probability of 0.1 of receiving the high prize 

and 0.9 of receiving the low prize; the second had 0.2 and 0.8 respectively, and the same principle 

was carried on until the tenth binary choice, for which the high prize was certain for both lotteries. 

The choices, however, were not presented as lines of a table within the same decision sheet, as in 

Holt and Laury (2002), because probabilities were presented in the form of pie charts, using the 

displaying method of Hey and Orme (1994)7. 

  

                                                 
7 An example of the pie charts display used in the experiment is illustrated in Appendix A 
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Participants also had to report some of their sociodemographic characteristics, which were then 

included as covariates in the estimation. These are listed in Table 2 

 

Table 2: Sociodemographic characteristics 

 

  

Variable Name Description 

Female Binary variable equal to 1 if female 

Young Binary variable equal to 1 if between 18 and 30 years of age 

Middle Binary variable equal to 1 if between 41 and 50 years of age 

Old Binary variable equal to 1 if older than 50 years of age 

Owner Binary variable equal to 1 if lives in own house or apartment 

Retired Binary variable equal to 1 if retired 

Skilled 
Binary variable equal to 1 if completed vocational training or short-cycle 
higher education 

Longedu Binary variable equal to 1 if completed long-cycle higher education 

Kids Binary variable equal to 1 if has kids 

IncLow Binary variable equal to 1 if income is lower than 300,000 kr. 

IncHigh Binary variable equal to 1 if income is higher than 500,000 kr. 



33 
 

5. Estimation 

This chapter provides a detailed description of which estimation methods were used to conduct 

this study and is designed to clearly explain how we obtained the results in Chapter 6 and 7. The 

chapter starts with a general concept of our estimation, followed by the descriptions of each model 

and stochastic error term. 

 

5.1 Binary response model 

We use data in the form of binary choice lotteries (A and B), both with a high and low payoff state 

and varying probabilities with which these states occur. Choices were grouped into four tasks of 

10 questions (which will be referred to as decision tasks from now on) each, so that each participant 

had to answer a total of 40 questions by selecting the lottery that corresponded to the gamble they 

preferred. The experiment is designed so that lottery B is riskier, meaning it has more variance in 

payoffs than lottery A (higher payoff in the high payoff state and lower payoff in the low payoff 

state). Given this setup, we want to estimate the probability of an individual choosing lottery A 

over lottery B for each task based on the expected utility the individual would get of playing lottery 

A and lottery B. Formally, this is expressed as: 

5 678 9ℎ6;9<=> = � ∣∣ 	@�=>A; 	@�=>C D		 
where the subscripts i and t represent the individual and the decision task and EUit is the expected 

utility of lottery A or lottery B for individual i in the decision task t. The expected utilities are 

latent, i.e. unobserved and will be specified according to different utility theories (EUT, RDU, 

DT). 
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Because there are only two options in our experiment, estimating the probability of choosing 

lottery A also determines the probability of choosing lottery B, which is: 

5 678 9ℎ6;9<=> = � ∣∣ 	@�=>A; 	@�=>C D = 1 − 	5 678 9ℎ6;9<=> = � ∣∣ 	@�=>A; 	@�=>C D		 
The next step is to combine the utilities of lottery A and lottery B in one variable which will 

simplify the estimation procedure: We subtract expected utility B from expected utility A and use 

this difference in expected utility as our indicator of the probability of choosing lottery A. 

5 678 9ℎ6;9<=> = � ∣∣ @�=>E=FF D		 
5 678 9ℎ6;9<=> = � ∣∣ 	@�=>E=FF D = 1 − 	5 678 9ℎ6;9<=> = � ∣∣ 	@�=>E=FF D 

If this difference is positive, the expected utility of lottery A is estimated to be higher than the 

expected utility of lottery B, which increases the estimated probability of choosing lottery A. 

We can transform our choice variables into a binary variable that is equal to 1 if the choice was A 

and equal to 0 if the choice was B, which allows us to estimate the underlying decision making 

process as a binary response model, with estimated probabilities: 

5 678 9ℎ6;9<=> = 1 ∣∣ 	@�=>E=FF D		 
5 678 9ℎ6;9<=> = 0 ∣∣ 	@�=>E=FF D = 1 − 	5 678 9ℎ6;9<=> = 1 ∣∣ 	@�=>E=FF D 
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We use the logit model to estimate the probability of choosing either of the two lotteries 

conditional on the expected utilities associated to each of them.  

The logit model uses the cumulative logistic distribution as a link function to determine the 

probabilities of choosing one or the other lottery depending on the expected utilities for each lottery 

and their regression coefficient β. The link function also ensures that all estimated probabilities 

are between 0 and 1. The link function takes the following form:  

G = 	 exp HIJK1 + exp HIJK 

Where z represents the independent variable (i.e. the expected utilities multiplied by β) and J a 

scaling factor for the variance of the error term. If we do not specify the J factor, the model has an 

error term variance of 
L)
M , which is the one assumed by the standard logistic distribution. Otherwise, 

the error term variance is 
L)N)M . By changing the factor J we can scale the variance of the error term 

up or down. In a logit model with the binary dependent variable y and one independent variables 

x the probability that y is equal to one is then 

5 67�	O = 1 ∣ �	, P� = 	 <��	�� ∗ 	P�1 + <��	�� ∗ 	P� 		= G�� ∗ P� 
Where β is the estimated influence of the independent variable x on the outcome of the binary 

dependent variable y. Applied to our model this translates to  

5 678 9ℎ6;9<=> = 1 ∣∣ 	@�=>E=FF, P	 D 	= <��	�@�=>E=FF ∗ 	P�1 + <��	�@�=>E=FF ∗ 	P� 		= G�@�=>E=FF ∗ 	P�		 
5 678 9ℎ6;9<=> = 0 ∣∣ 	@�=>E=FF	, P	 D = 1 − G�@�=>E=FF ∗ 	P� 
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Because of the nonlinearity of the link function general estimation methods like ordinary least 

squares cannot be used and the coefficient β has to be estimated by maximum likelihood methods. 

The concept of maximum likelihood estimation is to maximize the goodness of fit over all 

observations. This is done by generating a likelihood value for each observation that gives a weight 

on how likely the estimated parameters are for each observation, given the true dependent variable 

and the fitted dependent variable.  

By maximizing the likelihood over all observations, we then estimate the coefficient β. In the case 

of binary response models, the likelihood values for individual i and decision task t are: 

;R	O = 1:											T=>�P� = 5 678	O=> = 1 ∣ @�=>E=FF , PD = G8@�=>E=FF ∗ 	PD	 
;R	O = 0:											T=>�P� = 5 678	O=> = 0 ∣ @�=>E=FF, PD = 1 − G8@�=>E=FF ∗ 	PD 

To maximize the goodness of fit we now maximize the product of likelihood values over all 

individuals and decision tasks:	
UV�	WWG8@�=>E=FF ∗ 	PDX{Z[�}�1 − G8@�=>E=FF ∗ 	PD�X{Z[]}^

=
_
>  

Where X is an indicator function that is equal to 1 if the condition in the bracket is true and 0 

otherwise. The likelihood values of a binary response model are restricted between 0 and 1, since 

they are probabilities. Because of this the product of the likelihood values will approach 0 for a 

large number of observations, which makes it impossible to determine the parameters that 

maximize the product of the likelihood values. The solution to this problem is to take the logarithm 

of the product of the likelihood values and maximize the sum of log likelihood values. The 

transformed function is then: 

	ll	8y,	EUitDiff,	βD=hh1{y=1}	*	ln HG	8EUitDiff	*	βDK+	1{y=0}	*	ln H1-G	8EUitDiff	*	β	DKN
i

T
t 	
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Maximizing this sum allow us to estimate the efficient coefficient β. In order to do this, we need 

to specify the difference in expected utilities and the scale of the error term. Since the utilities are 

latent and relevant only in comparison to each other, the coefficient β is of no interest and 

therefore we set it equal to 1. Our loglikelihood function conditional on the choice y and the 

expected utility difference is then:	
TT8O, @�=>E=FFD = hhX{O = 1} ∗ Tn HG8@�=>E=FFDK + 	X{O = 0} ∗ Tn H1 − G8@�=>E=FFDK^

=
_
=  

 

5.2 Models 

In this section we describe the implementation of our chosen models to specify expected utility. 

With this we can estimate the latent expected utility difference and the predicted probabilities of 

choosing lottery A over lottery B.  

 

5.2.1 Expected utility theory 

Constant Relative Risk Aversion (CRRA) is the specification of utility that we use for EUT and 

RDU and takes the following form: 

���� = ������������ 							if					 ≠ 1		ln��� 						if					 = 1     

for any payoff x. The coefficient r is the measure of the constant relative risk aversion to be 

estimated.  
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EUT assumes that probabilities are perceived correctly, so the expected utility of a lottery is just 

the weighted (by the probability of each state) average of the utilities in each state. The expected 

utility of lottery A for decision task t is then specified as: 

@�o%_A = �0 ∗ �0A�����
�1 −  � + �3 ∗ �3A�����

�1 −  � 
where ph and pl are the probabilities of state high or low occurring and xh and xl are the payoffs of 

lottery A in those states. We specify this expected utility for every decision task and lottery and 

obtain the difference in expected utilities conditional on the risk parameter r: 

 @�o%_E=FF ∣  = 	@�pqrA − 	@�pqrC  

 = 	�0 ∗ �st�����
����� + �3 ∗ �ut�����

����� − 
�0 ∗ �sv�����
����� + �3 ∗ �uv�����

����� � 
The probabilities with which each state occurs are the same in both lotteries and this simplifies the 

notation and estimation. Since r is allowed to take any value from minus infinity to plus infinity8, 

no parameter restrictions are needed for EUT. We can rewrite the log likelihood function 

conditional on the parameter r specifying the difference in expected utilities according to EUT: 

TTo%_�O,  � = hhX{O = 1} ∗ Tn HG8@�pqrE=FFDK + 	X{O = 0} ∗ Tn H1 − G8@�pqrE=FFDK^
=

_
>  

We obtain the relative risk aversion r by maximizing this function. 

  

                                                 
8 r < 0 implicates risk affinity and r> 0 implicates risk aversion  
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5.2.2 Rank dependent expected utility  

Rank dependent expected utility (RDU) uses the same CRRA utility specification as EUT but 

additionally includes a probability weighting function, which models the misperception of 

probabilities. We use the Prelec (1998) weighting function, which gives a weight to the 

probabilities according to their rank. For each lottery the payoffs are ranked according to their 

sizes and the probability of the highest payoff is weighted as: 

/0 = exp	�−1�−ln	��0�2) 

The probability of the lower payoff is the residual weight so that the weighted probabilities sum 

up to 1: 

/3 = 1 −	/0 

η and φ are the weighting parameters and are both restricted to be strictly positive. As described 

in Chapter 2 φ determines the slope and η the elevation of the S-shaped probability weighting 

function. The rest of the model follows the same line as in EUT and we obtain: 

 @�wE%A ∣  , 1, 4 = /0 ∗ �st�����
����� + /3 ∗ �ut�����

�����  

 @�wE%E=FF ∣  , 1, 4 = 	@�wE%A − 	@�wE%C  

 = 	/0 ∗ �st�����
����� + /3 ∗ �ut�����

����� 	− 	 
/0 ∗ �sv�����
����� + /3 ∗ �uv�����

����� � 
And accordingly, we get a loglikelihood function conditional on the risk parameter r and weighting 

parameters η, φ: 

TTx�y3�O,  , 1, 4� = hhX{O = 1} ∗ Tn HG8@�wE%E=FFDK + 	X{O = 0} ∗ Tn H1 − G8@�wE%E=FFDK^
=

_
>  
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5.2.2 Yaari’s dual theory 

Yaari’s Dual Theory (DT) uses risk neutrality as a utility specification, which means the utility of 

each payoff is equal to the actual payoff: 

���� = � 

The probabilities are weighted as in RDU with the Prelec weighting function. 

The expected utility differences and the log likelihood function needed to estimate the weighting 

parameters η and φ are: 

 @�E_A ∣ 	1, 4 = /0 ∗ �0A +/3 ∗ �3A 

 @�E_E=FF ∣ 	1, 4 = 	@�E_A − 	@�E_C  

 = 	/0 ∗ �0A + /3 ∗ �3A − 
/0 ∗ �0C + /3 ∗ �3C� 
TTE_�O, 1, 4� = hhX{O = 1} ∗ Tn HG8@�E_E=FFDK + 	X{O = 0} ∗ Tn H1 − G8@�E_E=FFDK^

=
_
>  
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Figure 4: Error term scaling 

5.3 Stochastic error term 

The focus of this section lies on stochastic specification of the error term. The link function of the 

logit model has an implemented error term that is normally distributed with mean 0 and variance  

L)N)M . The scale s determines how flat the cumulative distribution is.  

This is illustrated in Figure 4 where we see the cumulative logistic distribution for different scales 

of s. We see that with a scale of 0 the model is deterministic. This means that if the difference in 

expected utilities is positive the individual always chooses lottery A over lotter B. The higher the 

scale, the flatter the link function and the less deterministic the model. A higher scale of the error 

term indicates a higher variance of the error term, implying higher errors in evaluating or reporting 

preferences. With the Fechner error term and contextual Fechner error term we introduce two 

stochastic error terms that scale up or down the variance of the error term of the link function. We 

combine every utility specification with each stochastic error term to estimate a total of 9 models 

(3x3)
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5.3.1 Fechner error term 

The first stochastic error term we analyze is the Fechner error term Fechner (1966), which was 

adopted by Hey and Orme (1994). The stochastic specification is assumed to be the same for all 

questions.  The Fechner error term is included in the estimation as the scale of the error term of 

the link function. To implement this error term, we divide the difference in expected utility by the 

factor µ , the Fechner error term. The loglikelihood depending on the difference of expected utility 

and Fechner error term is: 

	llfechner	8y,	EUitDiff,μD=hh1{y	=1}*ln~G�EUitDiffμ 	��+	1{y	=0}*ln~1-G �EUitDiffμ 	��N
i

T
t  

This allows us to estimate the Fechner error term in addition to the risk and probability weighting 

parameters of each model. The Fechner error term is constrained to positive values.  

Since the Fechner error term has the same variance for all lotteries it can be inaccurate if we scale 

up the payoffs and utilities. In such case, the contextual Fechner error term is more appropriate.  

 

5.3.2 Contextual Fechner error term 

This specification is similar to the Fechner error term but does not assume that the scale of the 

error term is the same for all decision tasks. If the size of the payoffs is scaled up the contextual 

Fechner error term is scaled up proportionally. 

A new term, Ω, indicating the difference between the highest and lowest utilities for each decision 

task is introduced and used as scaling factor for the error term variance: 

�> =	�>��� −	�>�=� 

Factor Ω does not introduce a new parameter but assigns more weight to the error term if the 

utilities and payoffs are higher. Since we divide the difference of expected utility by the difference 
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of highest and lowest utility, the whole term is limited between -1 and 1, which can be problematic 

for estimation. 

The loglikelihood depending on the difference of expected utility and scale of contextual Fechner 

error term is: 

llcontext8y,	EUitDiff,μD=hh1{y	=1}*ln~G�EUitDiffμ	*Ωt		��+	1{y	=0}*ln~1-G�EUitDiffμ	*Ωt 	��
N
i

T
t  

 

5.3.3 Trembling error term 

The trembling error term is a combination of the Fechner error term and a completely random 

component. The intuition is that part of the decision between the lotteries is random and 

independent of the difference in expected utilities. If the decision is completely random than the 

probability to choose lottery A over lottery B is 50% or 0.5. The trembling error term gives a 

weight w to the random component and a weight (1-w) to the difference in expected utilities, with 

the weights summing up to 1. The probabilities change to:  

5 678	O=> = 1 ∣ @�=>E=FF , μD = �1 − �� ∗ G �@�=>E=FF
μ �	+ � ∗ 0.5 

5 678	O=> = 0 ∣ @�=>E=FF, μD = �1 − �� ∗ �1 − G �@�=>E=FF
μ �� + 	� ∗ 0.5 

where the weighting factor w is restricted between 0 and 1.   
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From this we can derive the loglikelihood function: 

lltrembe8y,	EUitDiff,μD= 

hh1{y	=1}*ln~�1-w�*G�EUitDiffμ 	�+w	*0.5�N
i

T
t +	1{y	=0}*ln~�1-w�*�1-G�EUitDiffμ 	� �+	w	*0.5� 
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6. Estimation results 

Applying the estimation methods, models and stochastic error terms described in Chapter 5, we 

use the statistical software Stata to estimate the parameters and the goodness of fit. 

The estimation is done at three different levels: pooled estimation, pooled estimation with 

covariates and individual estimation. Pooled estimation gives us insight on the risk attitudes of the 

population. Pooled estimation with covariates and individual estimation are performed to check if 

the results are robust when we account for observed and unobserved heterogeneity. 

 

6.1 Pooled estimation 

The first estimation is the pooled estimation over all individuals, where all observations are pooled 

together and analyzed at the aggregate level. The pooled estimation identifies the parameters that 

best estimate the latent utility and the predicted probability of choosing one lottery for the average 

individual.  

We want to investigate which model has the best goodness of fit over all stochastic error terms. 

We take into consideration that models with more parameters are more likely to have a higher 

goodness of fit and also more likely to be overfitted. To evaluate the quality of a model we use 

three criteria: the loglikelihood value, the Akaike Information Criterion (AIC) and the Bayesian 

Information Criterion (BIC). The loglikelihood value measures only the goodness of fit, while both 

AIC and BIC account for overfitting by punishing models with many parameters.  

AIC and BIC are defined as: 

 ��� = 2� − 2 ∗ TT 
 ��� = ln�n� ∗ � − 2 ∗ TT 
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Where k is the number of estimated parameters, ll the loglikelihood value and n the number of 

observations. The lower the AIC and BIC of a model, the better is its quality. The opposite applies 

for the loglikelihood value.  

 

6.1.1 Fechner error term 

Table 3 shows the parameters and their standard errors for the pooled estimation of our three 

models EUT, RDU and DT with the Fechner error term. We see that for both the EUT model and 

RDU model we estimate a relative risk aversion coefficient r that is significantly different from 0 

at the 1% level. The probability weighting parameters are individually and jointly significantly 

different from 1 in the DT model. In the RDU model they are only jointly significant at the 1% 

level, but individually φ is not significant and η only at the 5% level. We can reject the hypothesis 

of risk neutrality at the 1% level for EUT and RDU with Fechner error term9. In both the RDU and 

DT models we can reject the hypothesis that there is no probability weighting (η and φ = 1) at the 

1% level. 

 

When we look at quality of our models we see that over all three criteria10 the RDU model 

outperforms the EUT model and the DT model. The scale of the error term is significantly lower 

than 1, which would imply no scaling. The scale of the standard deviation ranges from 0.38 in the 

EUT model to 0.49 in the DT model, meaning that the standard deviation of the error term of the 

logit model (	 L√M) is scaled down by 38% to 49%. 

  

                                                 
9 The DT model uses risk neutrality as utility specification, so we cannot estimate the relative risk aversion coefficient 
10 Log likelihood, Akaike information criterion, Bayesian information criterion 
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Table 3: Pooled estimation parameters for Fechner error term 

 EUT RDU DT 

r .5087*** .6088***  

 (.0197) (.0238)  

η  .8732** 2.0736*** 

  (.0549) (.0567) 

φ  1.0906 1.1204*** 

  (.0760) (.0452) 

µ .3852*** .3874*** .4984*** 

 (.0152) (.0235) (.0212) 

    

Observations 20,040 20,040 20,040 

Loglikelihood -9,317.28 -9,296.78 -9,740.20 

AIC 18,638.56 18,601.56 19,486.4 

BIC 9,337.09 9,336.40 9,769.92 

Significance: *=10% level, **=5% level, ***=1% level 

 

6.1.2 Contextual Fechner error term 

Table 4 shows the results from the estimation with the contextual Fechner error term. The relative 

risk aversion coefficient r is significantly different from 0 at the 1% level and the probability 

weighting parameters φ and η are jointly and individually significantly greater than 1 at the 1% 

level. This implies that individuals overweight small probabilities and underweight high 

probabilities. RDU has a better quality than EUT and DT according to all criteria and this 

difference in quality is higher than in the estimation with Fechner error. We generally have a better 

quality of models using the contextual Fechner error term over the Fechner error term. The 

probability weighting parameters are higher than those estimated with the Fechner error term and 

the scale of the error term is significantly lower. The contextual Fechner error term allows for the 

scale of the error term to adjust to different scales of payoffs, which positively affects the quality 
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of our models. The contextual Fechner error term scales down the error term by a range from 16% 

to 23%. 

 

Table 4: Pooled estimation parameters for context error term 

 EUT EUT DT 

r .5225*** .6152***  

 (.0256) (.0386)  

η  1.5818*** 2.4646*** 

  (.0831) (.1013) 

φ  2.3193*** 1.555*** 

  (.1148) (.0752) 

µ .1634*** .2316*** .2096*** 

 (.0087) (.0115) (.0105) 

    

Observations 20,040 20,040 20,040 

Log likelihood -9,447.09 -9,187.78 -9,533.16 

AIC 18,898.18 18,383.56 19,072.32 

BIC 9,466.90 9,227.40 9,562.88 

Significance: *=10% level, **=5% level, ***=1% level 

 

6.1.3 Trembling error term: 

Table 5 shows the results from the estimation with the trembling error term. The coefficient r is 

significantly different from 0 and η and φ are jointly and individually different from 1 at the 1% 

level. RDU again has the best quality, followed by EUT and DT.  

Compared to the other two stochastic error terms the trembling error has the best quality over all 

three criteria and models. The weight factor w is significantly different from 0 at the 1% level in 

all models ranging from 0.12 to 0.19. This means that that between 12% and 19% of the decision 

making process is estimated to be purely random. 
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The scale of the error term is higher than for the estimation using the contextual Fechner error 

term. This is because the trembling error term is partly based on the Fechner error term, which, as 

discussed in the previous section, has a negative impact on the quality because of its inflexibility 

when different scales of lotteries are used. 

 

 

Table 5: Pooled estimation parameters for trembling error term 

 EUT RDU DT 

r .5068*** .7190***  

 (.0213) (.0292)  

η .1271*** .7792*** 1.8769*** 

  (.0320) (.0483) 

φ  1.1836*** 1.0770** 

  (.0668) (.0393) 

w .1271*** .1232*** .1961*** 

 (.0162) (.0158) (.0148) 

µ .2663*** .2741*** .2485*** 

 (.01238) (.0148) (.0070) 

    

Observations 20,040 20,040 20,040 

Log likelihood -9,238.38 -9,199.27 -9,492.75 

AIC 18,482.76 18,408.54 18,993.5 

BIC 9,268.10 9,248.80 9,532.37 

Significance: *=10% level, **=5% level, ***=1% level 

  



50 
 

6.2 Pooled estimation with covariates 

Pooled estimation with covariates takes into account that the parameters are affected by 

heterogeneity between individuals. We estimate by what extent the risk and probability weighting 

parameters and the scale of the error term are affected by the sociodemographic characteristics of 

individuals. These characteristics only partly account for the heterogeneity between individuals, 

therefore we only account for the so-called observed heterogeneity. In addition to the 

sociodemographic characteristics we also include the variable high, which is equal to 1 if the 

lotteries have higher payoffs and 0 otherwise11.  To implement the covariates, we specify all 

parameters conditional on the characteristics: 

  =  ] +	 0=�0 ∗ ℎ;�ℎ +	 Fy��3y ∗ R<UVT< + ⋯+	 ���0=�0 ∗ �n9ℎ;�ℎ 

 1 = 1] +	10=�0 ∗ ℎ;�ℎ +	1Fy��3y ∗ R<UVT< + ⋯+	1���0=�0 ∗ �n9ℎ;�ℎ 

 4 = 4] +	 0=�0 ∗ ℎ;�ℎ +	4Fy��3y ∗ R<UVT< + ⋯+	4���0=�0 ∗ �n9ℎ;�ℎ 

 � = �] +	�0=�0 ∗ ℎ;�ℎ +	�Fy��3y ∗ R<UVT< + ⋯+	����0=�0 ∗ �n9ℎ;�ℎ 

 μ = μ] +	μ0=�0 ∗ ℎ;�ℎ +	μFy��3y ∗ R<UVT< + ⋯+	μ���0=�0 ∗ �n9ℎ;�ℎ 

Where the coefficient rfemale indicates the estimated difference in relative risk aversion between the 

average female and male and similarly for the other coefficients. The results of this estimation for 

all models and stochastic error terms are presented in the Tables 13-21 in Appendix B. For a better 

overview we summarized the results across all models and error terms in Table 6. In this table we 

display the number of times a coefficient of a covariate is significantly12 positive or negative. If 

the coefficient of a covariates is significant at least in 50% of the estimations, we conclude there 

                                                 
11 Two of the four tasks described in Chapter 4 ((A1;B1) and (A4;B4)) have significantly higher payoffs (with the 
exception of the low payoff in lottery B) than the other two tasks 
12 At the 5% level 
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is a significant influence overall. Due to the number of additional parameters, significant 

coefficients are rare, however the coefficients are jointly significant over all models and stochastic 

error terms. 

 

The coefficient r is significantly positively affected by the two characteristics high and female. 

Increasing risk aversion with higher payoffs is an indicator that the relative risk aversion is not 

constant but increases with higher payoffs, as Holt & Laury (2002) find in their analysis. However, 

for a proper study on the constancy of relative risk aversion more variation in payoffs would be 

required between the tasks. The probability weighting parameters are significantly affected by the 

covariates high and owner. We have a significant positive effect for higher payoffs, implying that 

the overweighting of small probabilities increases with higher payoffs and a negative effect of 

ownership of a house on probability weighting, meaning less overweighting of small probabilities. 

 

Table 6: Number of significant coefficients for each characteristic 

Characteristics r(6) η(6) φ(6) w(3) µ(9) 

High 3+/0- 3+/1- 0+/0- 0+/0- 6+/0- 

Female 4+/0- 0+/0- 0+/1- 0+/0- 0+/0- 

Young 0+/0- 0+/0- 0+/0- 1+/0- 0+/0- 

Middle 0+/0- 0+/0- 0+/0- 2+/0- 4+/0- 

Old 0+/0- 2+/0- 2+/0- 2+/0- 5+/0- 

Owner 0+/0- 0+/1- 0+/3- 0+/0- 0+/7- 

Retired 0+/0- 1+/0- 0+/0- 0+/0- 5+/0- 

Skilled 0+/0- 1+/0- 0+/0- 0+/0- 1+/0- 

Longedu 0+/0- 0+/0- 0+/0- 0+/1- 0+/0- 

Kids 0+/0- 0+/2- 0+/1- 0+/0- 3+/0- 

Inclow 0+/0- 0+/1- 0+/0- 0+/0- 0+/0- 

Inchigh 0+/0- 0+/0- 0+/0- 0+/0- 0+/2- 

Note:  + indicates a significant positive effect, - a significant negative effect, red-colored signs imply significance 

for more than 50% of estimations 
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For the weighting factor w we have two significantly positive coefficients of covariates (middle 

and old). Individuals of age between 40-49 years and over 50 years are estimated to have more 

randomness in the decision making process compared to the base age group (30-39 years). 

The scale of the error term µ  is significantly affected by four different covariates. Individuals make 

more mistakes comparing utilities of lotteries if the payoffs are higher, if they are old and if they 

are retired and less mistakes if they own a house.  

In general, we see that the quality of the models is better if we include covariates, both AIC and 

BIC are higher and the loglikelihood is lower for every model and stochastic error term. The higher 

BIC, that punishes models with many parameters, shows that there is substantial heterogeneity 

between individuals and adding covariates partly reduces this problem. 

 

6.3 Individual estimation 

Estimation at the individual level fits the models to each individual’s choices instead of to the 

pooled choices. With individual estimation we can account for the differences in risk attitudes 

between individuals. Part of this variation is due to the observed characteristics we discussed in 

Section 6.2 and another part is because of unobserved differences between individuals that are not 

captured by the sociodemographic characteristics. Individual estimation accounts for this 

unobserved heterogeneity between individuals. A problem of individual estimation is that we have 

only 40 observations for each estimation, which will lead to convergence problems for some 

individuals. The estimation is done using the same maximum likelihood methods used for pooled 

estimation, with the difference that the parameters are estimated for each individual. We focus 

mostly on the goodness of fit and the significance of the risk and probability weighting parameters. 
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6.3.1 Convergence 

Before we discuss the results of individual estimation we need to take a closer look at the 

convergence in the estimation. With only 40 observations per estimation we expect to have 

convergence problems for some individuals, meaning that the loglikelihood maximization cannot 

find an optimal solution for the estimated parameters. If the estimation of a model does not 

converge for an individual we have no solution and therefore it has to be excluded of the 

comparison. This may lead to a bias when we compare models if the rate of convergence differs 

across them.  

 

In Figure 5 we present the rate of convergence across all models and stochastic error terms. For 

the Fechner and contextual Fechner error term we have acceptable convergence rates across the 

models ranging from 60% to 90%. However, for the trembling error term the convergence is very 

low, especially for the RDU model. For all stochastic error terms we have the highest convergence 

rate for EUT followed by the DT model and the RDU model. This becomes more problematic the 

more complex the stochastic error term: for the trembling error term EUT has more than double 

the number of converged estimations than RDU. The reason for the lower convergence rate for the 

RDU model and the trembling error term is the higher number of parameters that we need to 

estimate. 
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Figure 5: Convergence Individual Estimation 

 

 

6.3.2 Goodness of fit and significance of RDU 

In the pooled estimation we find that the RDU model has the best quality in estimating the risk 

attitudes of the average individual. We want to see if this result holds if we include unobserved 

heterogeneity between individuals. To do this we first compare the goodness of fit for each 

individual by looking at the loglikelihood value. For each individual with at least one model 

converged, we declare a “winner” model based on the loglikelihood value. We then look at how 

often each model “wins” against the other two in terms of goodness of fit. The results of this 

comparison are illustrated in the Figures 6,8 and 10 under the name “Log-Likelihood Metric”.  
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For individuals with RDU as the “winner” model, we test if the risk and probability weighting 

parameters are significant at different significance levels with t- and F-tests: 

 �]�:				4 = 1	&	1 = 1 

 �]�:				 = 0 

 �]M:				 = 0	&	4 = 1	&	1 = 1 

H0
1 is called the EUT test and the kernel density of the p-values can be seen in Figures 7,9 and 11. 

If the probability weighting parameters are jointly insignificant at the 10% significance level EUT 

is declared as “winner” over RDU in the top right bar chart in Figures 6,8 and 10. Accordingly, 

H0
2 is the DT test with its kernel density in the Figures 7,9 and 11. If the risk parameter is 

insignificant at the 10% level DT is declared as “winner” over RDU. 

Lastly if the probability weighting and risk parameters are jointly insignificant (test of H0
3) then 

depending on the higher likelihood EUT or DT is declared the “winner”. The same analysis is 

performed at the 5% and 1% levels, illustrated in the bottom left (5% level) and bottom right (1% 

level) bar charts in Figures 6,8 and 10.  

 

6.6.2.1 Fechner error term 

Individual estimation has the highest convergence rate using the Fechner error term. In Figure 5 

we see that for 89% of individuals the estimation converged for EUT, for 69% of individuals for 

RDU and for 85% for DT. We exclude all individuals without any converged models from the 

analysis and refer to individuals with at least one converged model simply as individuals. This 

implies that EUT is the “winner” at least for 4.4%13 of individuals since it is the only model that 

converged for those individuals. Either EUT or DT is the “winner” model for at least 22.4% of 

                                                 
13 Calculated as:  

convergence rate EUT – convergence rate DT

convergence rate EUT
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individuals. In Figure 6 the bar chart “Log-Likelihood Metric” shows, that EUT had the best 

goodness of fit for 14% of individuals, the DT model for 16% of individuals and the RDU model 

for 70% of individuals. RDU emerges as the best model for individual estimation using the Fechner 

error term in terms of goodness of fit, even though the other models have higher convergence rates. 

 

Figure 6: Winning models with Fechner error term 

 

 

Figure 7 shows the kernel density of p-values of both the EUT and DT tests. The p-value tells how 

likely it is that the risk parameter r is equal to 0 for the DT test and how likely it is that the 

probability weighting parameters φ and η are jointly equal to 1 in the EUT test. The dashed vertical 

line shows the three levels of significance, 1%, 5% and 10%. It is important to note that only 

individuals with RDU as “winner” model are tested. The kernel density for both the EUT and DT 

test is highest around the p-value of 0, implying that for a high number of individuals the risk 

parameter (or probability weighting parameters in the EUT test) is significant. There is also a high 

number of individuals with a p-value close to 1, for which the risk parameter is equal to 0 (or 

probability weighting parameters equal to 1 in the EUT test. with almost certainty. P-values 
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between 0 and 1 are less common, implying that for a lot of individuals we either have a strong 

indication of risk aversion (or probability weighting) or a strong indication of no risk aversion. 

We see in Figure 6 that even at the 10% significance level RDU is not the model that “wins” most 

often anymore and both EUT and DT perform better. At the 1% significance level the DT model 

“wins” for 50% of individuals, EUT for 38% and RDU for only 12% of individuals. 

 

Figure 7: Kernel density EUT Test and DT Test with Fechner error term 

 

 

5.6.2.2 Contextual Fechner error term 

For the individual estimation the convergence with the contextual Fechner error is similar to the 

estimation with the Fechner error term. EUT converged for 89%, DT for 85% and RDU for 64% 

of individuals. For at least 28% of individuals with convergence EUT or DT are automatically 

better than RDU, because RDU does not converge. In terms of goodness of fit RDU is declared 

the “winner” for 63%, EUT for 21% and DT for 16% of individuals, which is illustrated in the 

“Log-likelihood Metric” in Figure 8. RDU is again the best model, even though it has a lower 

convergence rate than before.  
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Figure 8: Winning models with context error term 

 

The kernel densities in Figure 9 show that there are almost exclusively p-values close to 0 or 1, 

meaning that we have either significant or completely insignificant risk and probability weighting 

parameters. We also see that the density for p-values equal to 1 is higher, especially for the EUT 

test, compared to the Fechner error term. This implies that we have fewer individuals with RDU 

as “winner” and with significant risk or probability weighting parameters. This affects the results 

of the “winner” analysis with significance levels. RDU is the winner at the 10% level for only 19% 

of individuals and at the 1% level for only 12% of individuals.  

 

Figure 9: Kernel density EUT Test and DT Test with context error term 
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5.6.2.2 Trembling error term 

For the individual estimation with the trembling model, the convergence rate drops to 52% for 

EUT, 31% for DT and 20% for RDU. EUT is declared “winner” automatically for at least 40% of 

individuals with conversion, and EUT or DT “win” over RDU for at least 61% of individuals due 

to the difference in convergence rates. The effects of this can be seen in Figure 10: RDU is the 

best model for only 28% of individuals and EUT is overall the best model “winning” for 49% of 

all individuals.  

 

Figure 10: Winning models with trembling error term 

 

 

Additionally, for the individuals with RDU as “winner” model the risk and probability weighting 

parameters are less often significant. In Figure 11 we see that the density is much lower for p-

values close to 0 and higher for p-values close to 1. Due to a lower convergence rate and less 

significant parameters, RDU “wins” for only 9% of individuals at the 10% level and for 5% of 

individuals at the 1% level. 
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Figure 11: Kernel density EUT Test and DT Test with trembling error term 

 

 

Overall all RDU emerges as the best model in the individual estimation in terms of goodness of 

fit, when we factor in the convergence problems in the trembling model. However, at the individual 

level the risk and weighting parameters are often insignificant, especially when using the trembling 

error term.  
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7.Forecasting 

The results of our estimations indicate that RDU is the best model to describe risk attitudes. More 

general models, like RDU are expected to have a better fit because they estimate a higher number 

of parameters. We account for this by using AIC and BIC instead of just the loglikelihood value 

to measure the quality of our models. A problem that may occur when we use more general models 

is overfitting. This happens if a model is too closely fitted to a certain dataset, so that the parameter 

values have little external validity. To examine if and by what extent our models suffer from 

overfitting we can evaluate their predictive power. Predictive power describes how well a model 

estimated on one dataset can predict the results of another dataset. We analyze the predictive power 

of our models in a forecasting task and check for the robustness of the results in a Monte Carlo 

Simulation varying the number of decision tasks for each subject. 

 

7.1 Procedure 

We follow very closely the approach by Stahl (2018) to assess the predictive power of our models. 

This allows us to make a comparison between his and our findings. To assess the forecasting 

performance of the models, we split the dataset into two subsets, one for estimating the parameters 

and one to check how well the estimated parameters fit the new data. Instead of splitting the data 

50/50 like in Stahl’s study, we use the field experiment data as estimation subset and the laboratory 

experiment data as holdout subset. The field experiment included 413 individuals, while the 

laboratory experiment included 88 individuals performing the same decision tasks, so we split the 

original dataset into estimation and holdout subsets roughly in a ratio 4:1. 
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7.1.1 Estimation 

We start by estimating the parameters and the loglikelihood values of the estimation and the 

holdout subset for all models and stochastic error terms. To do this we conduct pooled estimation 

with no covariates using the maximum likelihood methods described in Chapter 5. We differentiate 

from Stahl’s approach because he uses individual estimation to generate the parameters and 

loglikelihood value. As we have seen in Chapter 6 individual estimation has convergence problems 

for some individuals and this issue worsens with more parameters to estimate. A comparison is 

however only possible if we have the same amount of converged estimations for all models, which 

means we would either have to discard the data from many individuals or to constrain parameter 

values in the estimation. 

The second approach is chosen by Stahl. He constrains the error term to a maximum value and 

with that he achieves convergence for all individuals. This is problematic since for those 

individuals the model is not fitted optimally and due to the fact that convergence problems occur 

more often for models with more parameters. Models with fewer parameters will be estimated on 

average more accurately, which will favor them in a forecasting comparison later on. On the other 

hand, individual estimation accounts for unobserved heterogeneity between individuals. We 

decided to use pooled estimation over individual estimation because we deem convergence 

problems more important than unobserved heterogeneity.  

 

We obtain the same results relatively to the quality of models as in Chapter 6 for both the 

estimation and holdout subset. The RDU model estimates the best, followed by the EUT and the 

DT model, as we can see from loglikelihood values of the estimation and holdout subset in Tables 

7,8 and 9.  
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7.2 Forecasting assessment 

We save the parameters estimated for all models for the estimation subset and to see how well they 

can predict the choices of the holdout subset. Now for each model and stochastic error term we 

plug in the parameters of the estimation subset into the loglikelihood function of the holdout 

subset. For example, the loglikelihood of the EUT model with Fechner error term given parameters 

of the estimation subset is: 

TTo%_�O,  yN>N��� = hhX{O = 1} ∗ Tn ~G �@�o%_E=FF
μ �� + 	X{O = 0} ∗ Tn ~1 − G �@�o%_E=FF

μ ��^
=

_
>  

We do not maximize the loglikelihood by choosing the optimal parameters but rather calculate the 

loglikelihood value given fixed parameters. This loglikelihood value is the main indicator of how 

good a model’s forecasting performance is, since it describes the goodness of fit given parameters 

from another data subset. 

 

To compare the forecasting performances of our models, we use three different measures. The 

loglikelihood value is the main indicator of goodness of fit, and it will be our main criterion to 

evaluate the predictive power of our models. A main disadvantage of the loglikelihood value is 

that the logarithm of the value approaches minus infinity if the predicted probability is very small. 

This means that the loglikelihood value will be extremely small if an individual chooses an option 

with a low predicted probability. Because of this we introduce a second measurement of goodness 

of fit, the quadratic score that is also used by Stahl.  

A third measurement we use is the parameter stability test, which indicates by what extent the 

parameters change between estimation and holdout subset. It is an indicator of the predictive power 

of a model because the closer the parameters used for forecasting are to the optimal parameters 

from estimation, the better will be the quality of the model. 
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7.2.1 Delta F 

The Delta F figure compares the loglikelihood values of models after forecasting. We set EUT as 

our base model and subtract its loglikelihood value from the loglikelihood of the other models to 

generate Delta F: 

 ∆�wE% =		 TTF��y��N>wE% − TTF��y��N>o%_  

 ∆�E_ =		 TTF��y��N>E_ − TTF��y��N>o%_  

If Delta F is positive for a model then its predictive power was better than the one of EUT and vis 

versa if it’s negative. The higher Delta F the higher is the difference in predictive power.  

 

7.2.2 Quadratic score 

The quadratic score is another measure of goodness of fit, which is more accurate for low predicted 

probabilities. It measures the quadratic difference between predicted probabilities and actual 

outcomes. First we generate 26 bins that include all possible predicted probabilities. Bin 1 is 

defined as [0,0.02), bin 2 as [0.02,0.06), bin 3 as [0.06,0.1) and bin 26 as [0.98,1], with a midpoint 

qk for each bin14. Secondly, we generate the figures Nk and NAk. Nk counts how many times a 

predicted probability lies in bin k and NAk counts how many times a predicted probability lies in 

bin k and the individual chose lottery A. The quadratic score is defined as: 

� = h� ¡ 
�¢
¡[� � ∗ 
£100 ∗  �¡ ¡ ¤ − ¥¡�� 

A high quadratic score implies high differences in predicted probabilities and actual choices and 

therefore a low goodness of fit. It has the advantage over the loglikelihood value of being more 

                                                 
14 e.g. q1=0.01 
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accurate for small predicted probabilities. However, the bin system is not a continuous function 

and is less accurate in general because of this. It serves mainly to confirm the findings of the 

loglikelihood comparison. 

 

To compare the quadratic scores between models, we set EUT as our base model and subtract its 

quadratic score from the quadratic score of the other models, similar to the Delta F figure: 

 ∆�wE% =	�wE% −	�o%_ 

 ∆�E_ =	�E_ −	�o%_ 

A negative Delta Q of a model implies a better forecasting performance than EUT and vice versa 

if Delta Q is positive. 

 

7.2.3 Parameter stability test 

The parameter stability test checks how much the parameters differ from the estimated parameters 

in the estimation and holdout subset. It compares the loglikelihood values of the forecasting task 

with the loglikelihood value of the estimation in the holdout subset. Both are based on the same 

subset, so if the loglikelihood value is very different it is because of big differences in parameter 

values. To measure the parameter stability we generate Delta P, the difference in loglikelihood 

values between estimation and forecasting task: 

∆5o%_ =	 TT0�3¦N��o%_ −	TTF��y��N>o%_  

The higher the Delta P, the bigger the difference between the estimated parameters. 
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7.3 Results 

The results from estimation and forecasting are listed in Tables 7,8 and 9 for the Fechner error 

term, contextual Fechner error term and trembling error term. The parameter stability test is quite 

inconclusive across the stochastic error terms: with the Fechner error term the parameters change 

the most in the RDU model and the least in EUT. However, with the contextual Fechner error term 

the parameters change the most for EUT and the least for the DT model. Using the trembling error 

term, parameters change the most for EUT and the least DT. There is also no clear correlation 

between the parameter stability figure Delta P and the forecasting assessment figures Delta F and 

Delta Q in the results, which is surprising and implies that the parameter stability test is not a 

consistently good implicatory of forecasting performance.  

 

Table 7: Forecasting results for Fechner error term 

 EUT RDU DT 

ll estsub -7,929.59 -7,917.17 -8,261.06 

ll holdsub -1,325.48 -1,307.87 -1,413.49 

∆P 72.82 84.81 76.57 

∆F  5.62 -91.75 

∆Q  -9.39 49.87 

Obs estsub  16,520 

3,520 Obs holdsub  

Note: ll estsub and ll holdsub refer to the loglikelihood values of the estimation 

 

When we look at the goodness of fit, we see that the across all stochastic error terms the RDU 

model has a positive and the DT model a negative Delta F. This implies that the RDU model has 

the highest predictive power of our models and the DT model the worst. Delta Q is negative for 
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RDU for all stochastic error terms and positive for the DT model, which confirms our findings on 

the predictive power of our models. 

 

Table 8: Forecasting results for context error term 

 EUT RDU DT 

ll estsub -8,074.50 -7,828.17 -8,119.54 

ll holdsub -1,268.39 -1,257.17 -1,326.64 

∆P 121.52 116.32 99.99 

∆F  16.42 -36.71 

∆Q  -29.05 -18.13 

Obs estsub  16,520 

3,520 Obs holdsub  

Note: ll estsub and ll holdsub refer to the loglikelihood values of the estimation 

 

Table 9: Forecasting results for trembling error term 

 EUT RDU DT 

ll estimation sub -7,853.95 -7,825.70 -8,046.01 

ll holdout sub -1,325.24 -1,307.48 -1,397.40 

∆P 15.31 30.61 88.36 

∆F  2.47 -145.21 

∆Q  -5.54 55.32 

Obs estsub  16‘520 

3‘520 Obs holdsub  

Note: ll estsub and ll holdsub refer to the loglikelihood values of the estimation 
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7.4 Simulation 

The results of the forecasting assessment indicate that the RDU model has a higher predictive 

power than the EUT and DT model. These results might be limited to our dataset and the setup of 

the experiment. The number of decision tasks per individual in the estimation subset may influence 

the forecasting performance of our models, since the problem of overfitting is worse for fewer 

decision tasks per individual. To check if our results are robust and how the predictive power is 

affected by the number of decision tasks in the estimation subset we simulate pseudo datasets with 

20,40 and 80 decision tasks per individual and assess the forecasting performance of our models 

based on these pseudo datasets. 

 

The simulation exercise consists of three parts, which are: 

1. Generate a pseudo dataset for each simulation round and each simulation type15 

2. Use estimation and forecasting to obtain Delta F and Delta Q for each simulation round 

3. Average Delta F and Delta Q over all simulation rounds 

We use 50 simulation rounds and perform the simulation for all three stochastic error terms 

separately. For simplification we focus in our explanation on the Fechner error term, the simulation 

for the other two stochastic error terms is done similarly. 

 

7.4.1 Generating pseudo datasets 

To evaluate the forecasting performance for different number of decision tasks in the estimation 

subset we need to simulate pseudo datasets, containing pseudo choices of individuals for each 

decision task. This has to be done for both the estimation subset and the holdout subset. For the 

                                                 
15 Simulation with 20,40 or 80 tasks 
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simulation with 20 tasks we randomly drop half of the observations per individual in the estimation 

subset. For the simulation with 80 tasks we duplicate each observation.  

The generation of these pseudo choices has to be based on one of our models to reflect the risk 

attitudes of the population. For this purpose we chose the EUT model because of its simplicity16 . 

We use the parameters r and µ  and the standard errors of the parameters from our estimation in 

the estimation subset and holdout subset.  

We make the assumption that both parameters are normally distributed for each observation with 

a mean equal to the estimated parameter value and a variance equal to the squared standard error. 

To account for individual heterogeneity, we scale up the standard error by a factor of √20: 

  yN>N��,=,>	~	 � yN>N�� , 20 ∗ 	J<� yN>N����� 
 μyN>N��,=,>	~	 �μyN>N�� , 20 ∗ 	J<�μyN>N����� 
  0�3¦N��,=,>	~	 � 0�3¦N��, 20 ∗ J<� 0�3¦N����� 
 μ0�3¦N��,=,>	~	 �μ0�3¦N�� , 20 ∗ J<�μ0�3¦N����� 
In every simulation round and for each observation we randomly draw these parameters from their 

distribution.  Based on these simulated parameters we calculate the predicted probability of 

choosing lottery A for each observation. With the predicted probabilities we generate our pseudo 

choices. If the predicted probability is over 0.5 the pseudo choice is lottery A, otherwise the pseudo 

choice is B:  

	G �@�=>E=FF
μ � ≥ 0.5		 ⟹ 					9ℎ6;9<yN>N��,=,> = 1	 

	G �@�=>E=FF
μ � < 0.5		 ⟹ 						9ℎ6;9<yN>N��,=,> = 0 

                                                 
16 Only two estimated parameters 
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We generate these pseudo choices for 50 simulation rounds for both the estimation and the holdout 

subset for each simulation type and obtain 150 pseudo datasets based on the estimation subset and 

150 pseudo datasets based on the holdout subset. 

 

7.4.2 Relevant figures 

To assess the forecasting performance, we apply the methods described in Section 7.1 and 7.2 to 

each pair of simulated estimation and holdout subset. The starting point is the estimation in the 

estimation subset to obtain the parameters and loglikelihood value. We use the parameters of the 

estimation subset to calculate the loglikelihood value in the holdout subset. For each subset pair 

Delta F and Delta Q are calculated. For example, the Delta F and Delta Q for the simulation with 

20 tasks in simulation round m are calculated as: 

 ∆��],�wE% =		 TTF��y��N>,�],�wE% − TTF��y��N>,�],�o%_  

 ∆��],�wE% =	��],�wE% −	∆��],�o%_  

The last step is to average Delta F and Delta Q over all simulation rounds: 

∆�©�]wE% =	 150 h ∆��],�wE%ª]
�[�  

∆�©�]wE% =	 150 h ∆��],�wE%ª]
�[�  
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7.4.3 Results 

The results of the simulation exercise for the Fechner error term are listed in Tables 10. RDU has 

a higher predictive power than EUT and DT for all simulation types, as Delta F is always positive 

and Delta Q always negative. Delta F increases slightly if we increase the number of decision tasks 

in the estimation subset, implying that RDU gains more predictive power relative to EUT. The DT 

model has a lower predictive power than RDU and EUT for all simulation types.  

 

Table 10: Simulation results for Fechner error term 

 EUT RDU DT 

∆«©¬  7.00 -32.97 ∆«©®  7.69 -32.51 ∆«©̄   8.60 -32.26 ∆°±¬  -3.31 14.33 ∆°±®  -1.86 13.24 ∆°±¯  -3.05 12.35 

Simulations   50 

Obs estsub   16,520 

Obs holdsub   3,520 

 

For the contextual Fechner error term, the results are less clear. In Table 11, we see that RDU has 

lower predictive power than EUT for the simulation with 20 and 40 decision tasks but higher for 

the simulation with 80 decision tasks. Again, we see an increase in relative predictive power of 

the RDU model if we increase the number of decision tasks. 
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Table 11: Simulation results for context error term 

 EUT RDU DT 

∆«©¬  -.54 -15.81 ∆«©®  -.11 -14.72 ∆«©̄   .05 -12.53 ∆°±¬  -.95 9.21 ∆°±®  .36 5.96 ∆°±¯  -.02 2.96 

Simulations  50 

16,520 

3,520 

Obs estsub  

Obs holdsub  

 

The results of the trembling error term are illustrated in Table 12. Similarly to the Fechner error 

term, RDU has the best predictive power for all simulation types. Delta F increases again with the 

number of decision tasks. The DT model performs very poorly in all simulations with the trembling 

error term.  

 

Table 12: Simulation results for trembling error term 

 EUT RDU DT 

∆«©¬  17.10 -322.24 ∆«©®  18.72 -320.34 ∆«©̄   21.57 -330.66 ∆°±¬  3.46 52.88 ∆°±®  1.59 53.79 ∆°±¯  .48 53.52 

Simulations  50 

16,520 

3,520 

Obs estsub  

Obs holdsub  
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A noteworthy feature of the simulation results is that the figures Delta F and Delta Q do not always 

evaluate the forecasting performance similarly. This can be seen in the results of the contextual 

Fechner error term, where delta F and delta Q have the same sign twice. The predicted probabilities 

in the simulations are never extremely low or high for any observations, so the problem most likely 

lies in the inaccuracy of the quadratic score. In general, we can say that the RDU model performs 

best among our models even with reduced or increased number of tasks. If we increase the number 

of decision tasks RDU gains more in predictive power than the other two models. 
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8. Discussion 

This chapter presents the results obtained with estimation, forecasting and simulation in relation 

to the findings of similar studies. We elaborate which of our findings are in line with other papers 

and which are new or different, underlining our contribution to the literature. 

 

In all estimations across all models and stochastic error terms we find significant risk aversion in 

the behavior of subjects. The range of the coefficient of relative risk aversion r in the pooled 

estimation is between 0.51 and 0.52 for EUT and 0.61 and 0.71 for RDU across the different 

stochastic error terms. The significance and magnitude of risk aversion estimated in this analysis 

fall in line with findings from other papers. 

Harrison et al. (2007) find in a study on risk preferences in Denmark that risk neutrality is a bad 

fit for most individuals and estimate an average value of the coefficient r of 0.67. The paper of 

Andersen, Harrison, Lau, & Rutström (2010) on risk elicitation in the field and laboratory found 

an average value of  the coefficient r of 0.63 (field) and 0.79 (laboratory), again with risk neutrality 

as worse fit for most individuals. A similar result is found in the study by Hey & Orme (1994) 

which compared several utility theories and found that risk neutrality performed the worst among 

all theories. 

 

The setup of the experiment used in this analysis used tasks with higher or lower of payoffs, which 

allows us to check how robust the relative risk aversion coefficient r is to changes in the size of 

payoffs. For the EUT model with trembling error term, as well as for the RDU model with Fechner 

and trembling error term we find a significant positive effect of the size of payoffs on the relative 

risk aversion coefficient. This implies that we estimate increasing relative risk aversion in half of 

our estimations. 
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Harrison et al. (2007) found that constant relative risk aversion was a fair assumption using a 

similar setup. We do not find clear evidence for increasing relative risk aversion as in the paper by 

Holt & Laury (2002), that found a much better fit for the model with increasing relative risk 

aversion. One possible reason for this is that Holt & Laury (2002) monotonically scaled up their 

payoffs by large factors for the specific purpose of testing whether relative risk aversion is 

constant. 

 

Hey & Orme (1994) suggest that the choice of error term specification might be more important 

than the choice of model. 

We performed the same estimations with three different stochastic error terms and can confirm 

that the error term specification is highly relevant. It significantly affects the parameter values and 

the goodness of fit. From the three stochastic error terms used, the Fechner error term has the worst 

fit across all models. The contextual Fechner error term has a better fit, because it can adjust to 

different sizes of payoffs. The trembling error has the best fit across all models but also includes 

an additional parameter which increases the goodness of fit. Individual estimation with the 

trembling error term has a low convergence rate, making the trembling error term unsuitable for 

this estimation type with our data. The significance of the parameter w across all models tells us 

that part of the decision process is purely random or at least unmeasurable by the contextual 

Fechner or the Fechner error term. 

 

We focus in our analysis on three models of decision making under uncertainty: EUT that models 

risk aversion but no probability weighting, DT that models probability weighting but no risk 

aversion and RDU that models both risk aversion and probability weighting, with both EUT and 

DT nested in RDU. In the pooled estimation RDU outperforms both EUT and DT in terms of 
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goodness of fit, even when we account for the additional number of parameters with the Akaike 

Information Criterion and the Bayesian Information Criterion. EUT has generally a better fit than 

DT.  

These results are robust when we include covariates to account for observed heterogeneity and to 

a large extent in the individual estimation accounting also for unobserved heterogeneity.  

The results confirm the finding by Harless & Camerer (1994) that there are violations in the axioms 

of EUT and that more general models allow for a better estimation. 

In our analysis we find that at the individual level RDU has the best fit 70% of times using Fechner 

error term, 63% of times using contextual Fechner error term and 27% of times with the trembling 

error term. The percentage rates for EUT were 14%, 21% and 49%. We see that for both the 

Fechner and contextual Fechner error term RDU has a much higher chance to be the best model. 

Our results are in line with the analysis by Hey & Orme (1994) that found a probability of 39% of 

EUT being an equally well fit than more general models and RDU models performing best most 

often in the other 61%.  

 

In the pooled estimation with covariates we test if sociodemographic characteristics significantly 

affect the risk and probability weighting parameters. Risk aversion is estimated to be significantly 

affected only by gender, meaning that women are estimated to be more risk averse than men, which 

is usually found in studies on risk attitudes (Eckel & Grossman (2008); Andersen et al. (2014)).  
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In addition to the estimation we use the fairly new approach of assessing decision making models 

by their predictive power or forecasting performance. We closely follow the procedure by Stahl 

(2018) and use the same criteria to determine which model has the best forecasting performance. 

Across all stochastic error terms RDU has the highest predictive power, outperforming EUT and 

DT. This indicates that the problem of overfitting with more general models like RDU is not as 

severe as found by Stahl. More general models do not necessarily have a worse predictive power. 

We believe that the differences in results between our and Stahl’s analysis stem from three 

different sources. First, we use pooled estimation instead of individual estimation to assess 

predictive power. By using pooled estimation, we do not account for individual heterogeneity but 

face no convergence problems. Secondly Stahl uses the same data and nonparametric estimation 

used by Hey & Orme (1994) whereas our analysis uses parametric estimation. Lastly and most 

importantly we use two datasets with different individuals and not split the observations 50/50 for 

each individual. This procedure evaluates the external validity of models more accurately than 

using the same individuals.  

 

In a simulation we assess how the predictive power of our models changes when we increase or 

decrease the number of decision tasks per individuals in the estimation subset. We see that the 

more general model RDU improves its predictive power more than EUT with an increase in the 

number of decision tasks, which is in line with Stahl’s finding. RDU is the model with the highest 

predictive power even when we only have 20 tasks per individual in the estimation subset. 
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9. Conclusion 

This paper evaluated the goodness of fit and the predictive power of the three theories of decision 

making under uncertainty: Expected Utility Theory (EUT), Rank Dependent Expected Utility 

Theory (RDU) and Yaari’s Dual Theory (DT).  

To assess the goodness of fit we conducted three types of estimation: pooled estimation, pooled 

estimation with covariates and individual estimation. The estimation at the pooled level showed 

that there is significant risk aversion and probability weighting for the average individual. In the 

pooled estimation RDU estimated risk attitudes better than EUT or DT, even when we accounted 

for the additional parameters used in RDU.  

 

In a robustness test, characteristics were added as covariates to the maximum likelihood 

estimation. We found significantly higher relative risk aversion for women and the results 

confirmed that RDU had a better goodness of fit than EUT or DT. As a second robustness test 

individual estimation was conducted to account for unobserved heterogeneity between individuals. 

We found that RDU fitted the individuals’ risk attitudes better than EUT or DT 70% of times using 

the Fechner error term, 63% of times using the contextual Fechner error term and 27%17 of times 

with the trembling error term, which confirmed RDU as the best model for estimating risk 

attitudes. 

 

In a second task the predictive power of our models was assessed. We used two subsamples of the 

data: one from the field experiment and the other from the laboratory experiment. 

The field subsample was used to estimate the model parameters, which were then used to predict 

the choices by the individuals in the laboratory subsample. The results showed that the RDU had 

                                                 
17 Due to convergence problems with the trembling error term 
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higher predictive power than EUT and DT for all error terms. This finding is in contrast to the 

finding by Stahl (2018) that RDU had a worse forecasting performance than EUT.  

 

To test for the robustness of these results a simulation task was conducted. By generating pseudo 

datasets with 80 or 20 choices per individual (instead of 40), we analyzed the effect of changing 

the number of decision tasks on the predictive power of each model. RDU had the best predictive 

power even if only 20 choices were used and the improvement in predictive power when 80 

decision tasks were used was higher for RDU than for EUT and DT. 

 

We can assert that the rank dependent expected utility model performs better in estimating risk 

attitudes and has a higher predictive power than the expected utility model and Yaari’s dual theory 

model
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Figure 12: Illustration decision tasks 

Figure adapted from “Discounting behavior: A reconsideration” by Andersen S. et al, 2014, Working paper, Appendix A 

Appendix A 

Figure 12 illustrates two decision task that were presented to participants in the experiment 

conducted by Andersen, Harrison, Lau and Rutström. 
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Appendix B 

The following tables show the results of pooled estimation with covariates for the three different 

models and the stochastic error terms. Due to parameter constraints, some of the parameters are 

transformed to meet the constraints.  

The stochastic error term µ  as well as the probability weighting parameters η and φ are restricted 

to be greater than 0. To implement this constraint, we estimate the log of these parameters. This is 

a monotonic transformation; a higher log value implies a higher base value of the parameter. The 

signs of the coefficients can therefore be interpreted the same way as for the untransformed 

coefficients. 

 

The weighting factor w of the trembling error term is restricted between 0 and 1. We estimate 

exp(w)-1 to ensure this. This transformation is not monotonic: the higher exp(w)-1 the lower is the 

base factor w. Due to this the signs of the transformed coefficients are the opposite of the signs of 

the untransformed coefficients.  

The significance of the coefficients is marked with stars, * implies significance on the 10% level, 

** significance on the 5% level and *** significance on the 1% level. 
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Table 13: Results for EUT pooled estimation with covariates and Fechner error 

 r ln(µ) 

constant .3792*** -1.463*** 

βfemale .1612*** .0199 

βyoung .0583 .0744 

βmiddle -.0173 .3760*** 

βold .0053 .6162*** 

βowner .0620 -.3196*** 

βretired .1031 .4577*** 

βskilled -.0264 .0049 

βlongedu -.0013 -.1556* 

βkids -.0002 .2860*** 

βIncLow .0378 -.0026 

βIncHigh -.0443 -.2400*** 

βhigh .0496 .5370*** 

Observations 20,040 

-8,753.70 

17,559.41 

9,011.25 

Log likelihood 

AIC 

BIC 

Significance: *=10% level, **=5% level, ***=1% level 
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Table 14: Results for EUT pooled estimation with covariates and context error 

 r ln(µ) 

constant .4032*** -2.1515*** 

βfemale .1851*** .0246 

βyoung -.0516 .0686 

βmiddle .0046 .4399*** 

βold .0381 .7888*** 

βowner .0526 .3718*** 

βretired .2294 .7114*** 

βskilled -.0303 .0576 

βlongedu -.0143 -.1441 

βkids .0253  .3380*** 

βIncLow .0263 .0639 

βIncHigh -.0699 -.2929*** 

βhigh .0384* .0258 

Observations 20,040 

-8,898.31 

17,848.62 

9,155.85 

Log likelihood 

AIC 

BIC 

Significance: *=10% level, **=5% level, ***=1% level 
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Table 15: Results for EUT pooled estimation with covariates and trembling error 

 r exp(w)-1 ln(µ) 

constant .3718*** 4.0917 -1.7933*** 

βfemale .1609*** 1.5716 .2104* 

βyoung -.0531 -1.0819 .0421 

βmiddle -.0135 -4.9566 .1534 

βold -.0090 -5.7757 .1822 

βowner .0595 1.8308 -.1395 

βretired .1420 -1.0597 .2842 

βskilled -.0071 1.4260 .1261 

βlongedu .0050 1.5534* -.0406 

βkids -.0108 .7967 .2685*** 

βIncLow .0425 1.9738 .2590 

βIncHigh -.0385 .7702 -.1129 

βhigh .0500*** -.0161 .5434*** 

Observations  20,040 

-8,682.26 

17,442.52 

9,068.57 

Log likelihood  

AIC  

BIC  

Significance: *=10% level, **=5% level, ***=1% level 
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Table 16: Results for RDU pooled estimation with covariates and fechner error 

 r ln(η) ln(φ) ln(µ) 

constant .2163** .6787*** .6086*** -1.060*** 

βfemale .0773 -.0316 -.2950* -.1363 

βyoung .0469 -.2835 -.1213 -.0673 

βmiddle -.0721 -.1577 -.4611 .0547 

βold -.0719 .0823 -.0835 .4913 

βowner .1224 -.4077** -.4793** -.5784*** 

βretired .0745 .5469* .5786* .7375*** 

βskilled -.0230 .3551 .5926 .3375 

βlongedu .0292 -.0016 .1296 -.0812 

βkids .0505 -.3191* -.4253** -.0372 

βIncLow .2375** -.6250** -.4226 -.3223* 

βIncHigh .0558 .0082 .3008 -.0758 

βhigh .1616** -.2713** -.1227 .4169*** 

Observations   20040 

-8,686.76 

17,477.52 

9,201.84 

Log likelihood   

AIC   

BIC   

Significance: *=10% level, **=5% level, ***=1% level 
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Table 17: Results for RDU pooled estimation with covariates and context error 

 r ln(η) ln(φ) ln(µ) 

constant .5884*** -.1201 .3151 -2.012*** 

βfemale .2124** .0058 -.0675 -.0238 

βyoung -.0332 .2673 .4773 .2991 

βmiddle -.1229 .5337 .5373 .7242*** 

βold -.0166 .8418*** 1.0313*** 1.1660*** 

βowner .0422 -.2576 -.4800 -.5230*** 

βretired .1515 .6700 .2954 .5489** 

βskilled -.0276 -.0022 .0291 .0249 

βlongedu -.0472 .0287 -.0416 -.1640 

βkids .1171 -.0106 .1961 .3337* 

βIncLow .1105 .0517 .2554 .1282 

βIncHigh -.0771 .0041 -.0350 -.2743 

βhigh -.0435 .0688 -.0129 .0197 

Observations   20040 

-8,702.81 

17,509.62 

9,217.89 

Log likelihood   

AIC   

BIC   

Significance: *=10% level, **=5% level, ***=1% level 
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Table 18: Results for RDU pooled estimation with covariates and trembling error 

 r ln(η) ln(φ) exp(w)-1 ln(µ) 

constant .2997** .3456 .3643 3.3101 -1.5481*** 

βfemale .0200 .0731 -.1967 1.1996* .0616 

βyoung .0252 -.1824 -.0669 -.2484 -.0378 

βmiddle -.0066 -.2571 -.6171* -4.1398*** -.3770 

βold -.0363 -.0657 -.2784 -4.5638*** -.0307 

βowner -.0087 -.1385 -.4469* 2.0968* -.3470 

βretired .0786 .2014 .2977 -1.5610 .3315 

βskilled -.0378 .3928** .7645 1.4491 .7189* 

βlongedu -.0063 .1303 .3103 1.4664* .2357 

βkids .0748 -.3344** -.4738* 1.0735 -.1089 

βIncLow .0504 -.2735 -.3863 1.7230 -.0448 

βIncHigh .0455 -.0050 .3180 .4075 .0088 

βhigh .4874** -.8826*** -.3120*** -.3244 .0178 

Observations    20040 

-8,629.94 

17,389.88 

9,273.79 

Log likelihood    

AIC    

BIC    

Significance: *=10% level, **=5% level, ***=1% level 
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Table 19: Results for DT pooled estimation with covariates and Fechner error 

 ln(η) ln(φ) ln(µ) 

constant .6684*** .3636 -1.2944*** 

βfemale .0419 -.3316** -.1554 

βyoung -.1817 -.0757 .0147 

βmiddle -.1618 -.2678 .1771 

βold .0262 -.0066 .5520** 

βowner -.2282* -.4363** -.5116*** 

βretired .5110*** .3717 .5807*** 

βskilled .2380 .4238 .2341 

βlongedu .0087 .0726 -.1017 

βkids -.2324* -.3886* .0336 

βIncLow -.2092 -.2968 -.1248 

βIncHigh .1324 .3489 -.0444 

βhigh .2615*** .0529* .8375*** 

Observations  20,040 

-8,907.26 

17,892.52 

9,293.57 

Log likelihood  

AIC  

BIC  

Significance: *=10% level, **=5% level, ***=1% level 
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Table 20: Results for DT pooled estimation with covariates and context error 

 ln(η) ln(φ) ln(µ) 

constant -.0903 .2923 -2.1342*** 

βfemale -.1876 .1590 -.0618 

βyoung .3664 .1301 .2539 

βmiddle .3161 .2055 .5534** 

βold .7167** .5178** 1.0403*** 

βowner -.3264 -.1163 -.4801** 

βretired .1364 .3904 .5448** 

βskilled .1342 .0224 .0969 

βlongedu .0389 -.0056 -.1248 

βkids .1193 .1136 .3572 

βIncLow .2672 .1934 .2089 

βIncHigh .0871 -.0300 -.2267 

βhigh .0810 .2897*** .0698* 

Observations  20,040 

-9,028.71 

18,135.42 

9,415.02 

Log likelihood  

AIC  

BIC  

Significance: *=10% level, **=5% level, ***=1% level 
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Table 21: Results for DT pooled estimation with covariates and trembling error 

 ln(η) ln(φ) exp(w)-1 ln(µ) 

constant .6093*** .3179 17.6208 -1.6017*** 

βfemale .0930 -.2495 1.093 .0664 

βyoung -.1844 -.0764 -15.4747*** -.0820 

βmiddle -.2570 -.4480 -17.7512*** -.2171 

βold -.1183 -.1950 -18.5363*** -.0504 

βowner -.2084* -.4578** 1.2097 -.4668** 

βretired .2975 .1581 -.9324 .1974 

βskilled .3431 .5898* .9266 .4984** 

βlongedu .0970 .2131 .9507 .0889 

βkids -.2525** -.4199 1.0019 .0234 

βIncLow -.1943 -.3514 .8230 .0246 

βIncHigh .1290 .3556* .9466 .1784 

βhigh .2686*** .0868 -.0279 .8698*** 

Observations   20,040 

-8,831.71 

17,767.42 

9,346.79 

Log likelihood   

AIC   

BIC   

Significance: *=10% level, **=5% level, ***=1% level 

 

 


