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ABSTRACT

The alleged privacy paradox states that individuals report high values for personal
privacy, while at the same time they report behavior that contradicts a high privacy value.
This is a misconception. Reported privacy behaviors are explained by asymmetric
subjective beliefs. Beliefs may or may not be uncertain, and non-neutral attitudes towards
uncertainty are not necessary to explain behavior. This research was conducted in three
related parts.

Part one presents an experiment in individual decision making under uncertainty.
Ellsberg’s canonical two-color choice problem was used to estimate attitudes towards
uncertainty. Subjects believed bets on the color ball drawn from Ellsberg’s ambiguous
urn were equally likely to pay. Estimated attitudes towards uncertainty were insignificant.
Subjective expected utility explained subjects’ choices better than uncertainty aversion
and the uncertain priors model. A second treatment tested Vernon Smith’s conjecture that
preferences in Ellsberg’s problem would be unchanged when the ambiguous lottery is
replaced by a compound objective lottery. The use of an objective compound lottery to
induce uncertainty did not affect subjects’ choices.

The second part of this dissertation extended the concept of uncertainty to
commodities where quality and accuracy of a quality report were potentially ambiguous.
The uncertain priors model is naturally extended to allow for potentially different
attitudes towards these two sources of uncertainty, quality and accuracy. As they relate to
privacy, quality and accuracy of a quality report are seen as metaphors for online security
and consumer trust in e-commerce, respectively. The results of parametric structural tests

were mixed. Subjects made choices consistent with neutral attitudes towards uncertainty



in both the quality and accuracy domains. However, allowing for uncertainty aversion in
the quality domain and not the accuracy domain outperformed the alternative which only
allowed for uncertainty aversion in the accuracy domain.

Finally, part three integrated a public-goods game and punishment opportunities
with the Becker-DeGroot-Marschak mechanism to elicit privacy values, replicating
previously reported privacy behaviors. The procedures developed elicited punishment
(consequence) beliefs and information confidentiality beliefs in the context of individual
privacy decisions. Three contributions are made to the literature. First, by using cash
rewards as a mechanism to map actions to consequences, the study eliminated
hypothetical bias as a confounding behavioral factor which is pervasive in the privacy
literature. Econometric results support the “privacy paradox” at levels greater than 10
percent. Second, the roles of asymmetric beliefs and attitudes towards uncertainty were
identified using parametric structural likelihood methods. Subjects were, in general,
uncertainty neutral and believed “bad” events were more likely to occur when their
private information was not confidential. A third contribution is a partial test to determine
which uncertain process, loss of privacy or the resolution of consequences, is of primary
importance to individual decision-makers. Choices were consistent with uncertainty

neutral preferences in both the privacy and consequences domains.
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CHAPTER 1: INTRODUCTION

As a field, experimental and behavioral economics is familiar with the value of
individual anonymity in laboratory interactions. Non-anonymous, face-to-face,
interactions motivate altruistic, reciprocal, and other interpersonal comparisons which
have been shown to change behavior in significant ways. This idea was first recognized
in Siegel and Fouraker (1960). In a small experiment, Alvin E. Roth (1995, p. 297-98)
demonstrates a significant decline in disagreement outcomes when bargaining is face-to-
face, as opposed to anonymous. The evidence further shows support for Siegel and
Fouraker’s (196) anonymity (uncontrolled social utility) hypothesis. Disagreement rates
are significantly higher in anonymous bargaining (Roth 1995, p. 298). However, face-to-
face disagreement rates are not significantly different when communication is
constrained. A related literature, beginning with Hoffman, McCabe, Shachat, and Smith
(1994), demonstrates a significantly higher incidence of self-regarding behavior under
experimenter-subjects anonymity conditions.

What is less understood, however, is how individuals value their own personal
privacy, anonymity, and the consequences of privacy loss. What factors influence
individual decisions to voluntarily give-up or protect personal privacy? Using the
laboratory to simulate real-world exchanges of personal privacy, this thesis seeks to
obtain a deeper understanding of how individuals value privacy (confidentiality) in
bilateral bargaining situations, and how these valuations may be conditioned on existing
states of privacy.

If values of privacy have been understood for centuries (Westin 1967, 2003), why

then do individual privacy decisions appear to exhibit what some have called paradoxical



behaviors? Acquisti and Grossklags (2005a) reports survey responses for 119 subjects,
between 19 and 55 years of age. A majority of responses (89.2%) indicate that subjects
are highly concerned about privacy.™* However, 87.5% of those same respondents have
signed up for loyalty shopping cards, potentially placing themselves in privacy-sensitive
situations. For example, the marketing firm HMI Communications, hired by Microsoft to
handle a promotional “give-away” of Visual Studio.net, inadvertently allowed personal
information such as address, email, and telephone number for thousands of applicants to
be made public (Orlowski 2002). Did these individuals consider the likelihood of their
identifiable information becoming public, did they consider the likelihood of fraud,
conditional on such a release, and how do the benefits of receiving a free copy of Visual
Studio.net compare to the potential loss due to an increased risk of fraud? Similar
questions can be asked of subscriber to AOL internet service (Barbaro and Zellner 2006).
When AOL released 20 million web searches made from the AOL search engine,
numerous individuals self-identified themselves through their web searches.

The claim of paradoxical behavior rests on a misconception. Privacy behavior is
easily explained as a tradeoff between expected benefits and expected costs. Conditional
subjective beliefs account for the behavior reported in Acquisti and Grossklags (2005a).
This thesis studies the roles of risk and uncertainty in privacy decision making. To
accomplish this goal, laboratory experiments were conducted in three parts. Part one
tested the canonical choice problem described by Ellsberg (1961, p. 650) and the role of
uncertainty aversion in violations of Savage’s (1954) subjective expected utility theory.

Part two extended the concept of uncertainty aversion to commodities with more than one

! The term “high concern” is a self-reported qualitative ranking of how concerned survey respondents are
about their privacy.
% Norberg, Horne, and Horne (2007) observe similar self-reported behaviors.



source of uncertainty. The experimental design of Heath and Tversky (1991) was adapted
to partially identify if subjects differentiate between uncertainties from different sources.
And, finally, part three expands on the methods developed in parts one and two to study
privacy decision-making and the role of uncertainty aversion.

1.1 Experiments in Personal Privacy

Individuals report high values for personal privacy, while at the same time
reporting behaviors that would seem to contradict having high privacy values. These
reports are self-reports from hypothetical surveys in which there are no real consequences
from dishonest reporting. This statement of the alleged privacy paradox describes the
canonical “loyalty card” example discussed in Acquisti and Grossklags (2005a) and
others. Syverson (2003) and Rifon, LaRose, and Lewis (2007) argue these reports are not
indicative of paradoxical behavior. The dichotomy in self reports is attributable to either
subject heterogeneity (Spiekermann, Grossklags, and Berendt 2002), or recognition that
the alleged paradox assumes that stated attitudes map directly into consistent behavior
(Syverson 2003; Rifon, LaRose, and Lewis 2007).

More cachet explanations have included: bounded rationality, incomplete
information, psychological distortions, attitudes towards risk/uncertainty®, and strategic
interactions such as trust (Acquisti and Grossklags 2004 and 2005a). Evidence put
forward in support of these claims is arguably tainted by confounding factors. These
factors are: hypothetical biases, experimenter trust, framing effects, and deceit.

Hypothetical bias in privacy studies is supported by Acquisti and Grossklags

(2007), and is also a potential confound in Acquisti and Grossklags (2005b) and

® It should be noted that neither risk nor uncertainty aversion are necessary conditions to explain allegedly
paradoxical privacy behavior.



Huberman, Adar, and Fine (2005). Huberman et al (2005) elicit real and hypothetical
values for pieces of private information. For their real treatment, average willingness-to-
accept for loss in weight privacy was $74.06, and 57.56 for age privacy loss.* Reported
values rose dramatically for hypothetical salary and other unverifiable characteristics. In
Acquisti and Grossklags (2005b)° values for 13 data categories such as name, SSN,
favorite online alias, home address, phone number, email address, sexual fantasies, etc.
were elicited using an open-ended hypothetical instrument. Wathieu and Friedman (2007,
sec. 1) would use these results as providing “useful dollar values” for privacy valuations.
However, Harrison and Rutstrom (1999) tell us there are probably significant upward
biases on these reports. Even if one corrected for hypothetical bias, as illustrated in List
and Shogren (2002), instruments used in privacy experiments do not provide mechanisms
mapping actions into controlled consequences.®

The Duhem-Quine problem’ can be found in Norberg, Horne, and Horne (2007),
where deceitful practices and experimenter trust effects are confounding factors. In
Norberg et al. (2007) an attempt was made to control for both uncertainty and trust
through framing of a hypothetical survey instrument designed to simulate a marketer’s

request for personal information. Their results offer little, if any, support for paradoxical

* Huberman, Adar, and Fine (2005) conducted both a theoretically incentive compatible sealed bid real
reverse Vickrey auction, and a hypothetical reverse Vickrey auction. Real auctions consisted of selling
verifiable personal information, such as weight and age for 127 individuals. Rutstrém (1998) and Harstad
(2000) provide evidence that behavior in Vickrey auctions does not reliably induce truthful responses,
despite the theoretical incentive compatibility of the procedure. These bids need to be interpreted with
caution. Hypothetical auctions were carried out for “unverifiable” information, such as credit rating,
income, and savings. The average demand prices for age and weight were $57.56 and $74.06, respectively.
> Acquisti and Grossklags (2005a) and (2005b) use the same subject pool.

® Furthermore, results presented in Acquists and Grossklags (2005b) does not test effects of uncertain
(ambiguous) consequences on individual privacy decisions. The experimental design varied the framing of
benefits as either a payment or discount on a purchase, not with uncertainty.

" The Duhem-Quine thesis states that without proving the background assumptions it is impossible to prove
or disprove a theory. Absence of order effects is an untested background assumption in Acquists and
Grossklags (2005b).



privacy behavior. Violation of the ceteris paribus condition, as well as deceitful
experimental practices, explained below, confounds their experiment.

The initial experimental treatment in Norberg et al. (2007) was conducted under a
hypothetical scenario, asking subjects to behave as if they were responding to an
information request by a bank. Subjects were instructed that they were taking part in a
focus group to aid in the design of a bank’s survey instrument. The second treatment
removed the as if condition but a level of trust (i.e., a bank representative®) was added.
Treatment two of the “experiment” used dishonest practices. There was in fact no bank,
and the bank representative was a fraud designed to cajole subjects into freely revealing
personal information.

Deceitful practices question the validity of subject responses, even under the most
pristine experimental conditions. Do the subjects in Norberg et al. (2007) have previous
experiences with deceitful practices? If so, are they responding truthfully, or are they
trying to exhibit behavior that they think the researchers want to see? Or, are they languid
with respect to the experimental task, simply reporting systematic responses in an attempt
to extract resources (e.g., money or grades) from the experimenter? Hertwig and Ortmann
(2001, p. 396-399) offer a detailed survey of potential detriments to deceiving and using
subjects whom have previously been deceived by such experimental designs.

Trust affects were also likely confounds in the online shopping experiment
reported in Spiekerman, Grossklags, and Berendt (2002), Berendt, Gunther, and
Spiekerman (2005). In this particular experiment, subjects were given the opportunity to

purchase real commodities (a camera or jacket) with their own money during an online

& Phase two of the “experiment” presented in Norberg, Horne, and Horne (2007) used dishonest practices.
There was no bank representative (ibid., 111, 115).



shopping experience. However, at the outset of the experiment, subjects were instructed
“the experiment’s goal was to test interaction with a new product search engine.”
(Spiekerman, Grossklags, and Berendt 2002 p. 40). These instructions, cue subjects to
interact with the search engine as an expected behavior during the experiment.
Furthermore, provision of rights according to EU privacy directive 95/46/EC and
(unspoken) institutional review board policies likely diminish subject apprehensions to
providing the experimenter with personal information.

The literature recognizes that stated intentions often contradict (stated) behavior,
even for privacy decisions. Subjective beliefs, consistent with Savage’s (1954) subjective
expected utility, are capable of explaining reported privacy behaviors. As a result, the
concept of uncertainty and attitudes towards uncertainty are unnecessary explanations.

This dissertation is organized as follows. Chapter 2 presents a series of numerical
examples to demonstrate the role beliefs play in explaining privacy behaviors. The
concept of uncertainty is introduced with Ellsberg’s (1961) paradox, and rationalized
with the uncertain-priors model of Neilson (1993, 2009) and Klibanoff, Marinacci, and
Mukerji (2005). Three experiments are proposed to test six hypotheses developed
throughout the chapter. Each experiment and findings are presented in chapters 3, 4, and
5 respectively.

Chapter 3 experimentally identifies attitudes towards uncertainty in the classic
Ellsberg (1961) framework. A structural econometric model is developed to calibrate
estimated attitudes for risk aversion and subjective beliefs. In Chapter 4, the experimental
design of heath and Tversky (1991) and linear scoring rule is used to elicit individual

preferences for objective, uncertain, and compound uncertain lottery pairs. Structural



econometric modeling suggests that subjects may cognitively differentiate multiple
uncertain processes. Chapter 5 implements an experimental design replicating privacy
behaviors previously documented in the literature. The experimental instruments are
designed to mitigate previously identified experimental confounds and biases from
hypothetical choice situations, experimenter trust effects, time inconsistent preferences,
uncontrolled preferences, and deceitful practices. In addition to replicating privacy
behaviors in a controlled environment, the data suggest that subjects respond differently
to uncertain of confidentiality loss and uncertain consequences. The results of chapters 4
and 5 also support a hypothesis that trust confounded subject choices in Spiekerman et al.
(2007), Berendt et al. (2002), and affected consumer decisions in AOL and HMI. Finally,

Chapter 6 concludes this dissertation.



CHAPTER 2: THEORY AND HYPOTHESES

The alleged privacy paradox says decision-makers report high values for personal
privacy, while at the same time these same decision-makers report behaviors that would
seem to contradict having high privacy values. Three behavioral explanations
hypothesized to rationalize reported behavior are: Savage’s subjective expected utility
(Syverson 2003), aversion to uncertainty (Acquisti and Grossklags 2004), and time
inconsistent preferences (Acquisti 2004). In the sequel, | test Syverson’s (2003)
hypothesis that the pattern of observed privacy behaviors is consistent with Savage’s
(1954) subjective expected utility (SEU) model. Uncertainty aversion is a more general
model, where the decision-maker holds multiple uncertain prior beliefs for the risks
associated with privacy behavior. Because of its close relation to subjective beliefs, the
time inconsistencies explanation is not studied here.

2.1 Subjective Expected Utility

Savage (1954) shows that if the decision-maker behaves according to a set of

axioms he will behave as if maximizing a preference functional give by

V(z)=2p;-v(z), )

jed

where z; are consequences of act Z, dependent on which state jeJ occurs, p; is a

probability measure (subjectively) known to the decision-maker, and v() is the state

independent utility function. To show how SEU preferences explain privacy behavior,
consider the canonical “loyalty card” example discussed by Acquisti and Grossklags
(2005a). A majority of survey respondents (89.2%) reported having a high concern for

privacy. However, those same respondents admit to routinely placing themselves in



privacy-sensitive situations. For example, 87.5% of respondents with a high concern for
privacy have signed up for loyalty cards using real identifying information.

A high privacy concern is taken to be synonymous with a high dollar value of
private information. Thus, the paradoxical privacy behavior is represented by the decision
to not make a direct-sale of information to someone who would potentially do harm,
while at the same time make an indirect-sale of the same personal information to
someone who will not do direct harm but may reveal the information to the same person
who would potentially do harm. Acquisti and Grossklags (2005a), among others, would
claim this behavior represents a dichotomy between stated privacy concerns and stated
behavior.

Consider this numerical example of the “loyalty card” problem. Assume the
decision-maker has an initial wealth level given by w (e.g., w=%$100) and, in exchange

for identifying information, he is offered some positive amount of money Yy (e.g.,
y =%20). If the decision-maker is successfully defrauded, he will lose some portion of
his wealth. For simplicity, assume he loses 1-J percent, retaining either ow or

5[W+ y] following a successful fraud attempt. Specifically, let 6 =0.5, ow=%$50 and

S[w+y]=9%60. Finally, let J =(cg,ch,ng,nb) be the events (good (g) conditional of

confidential (c), bad (d) conditional on confidentiality, etc.) considered by the decision-
maker.

For the direct sale the decision-maker compares the lottery between good and bad
events conditional on confidentiality, against the alternative lottery for good and bad

events conditional on non-confidentiality and payment for his identifying information.



Assume these beliefs are given by (pglc,pblc,pgln,pbln):(0.65,0.35,0.35,0.65) with

(P, P,)=(0.50,0.50). When his identifying information is confidential, the decision-
maker believes there is a lower risk of being defrauded.
Defining v(x) =X, SEU preferences imply that if the decision-maker makes the
direct sale he expects utility
V (z|direct sale) = 0.35- /120 +0.65- /60 =8.869,
and if he does not make the direct sale he expects utility
V (z]no direct sale) = 0.65-+/100 +0.35-/50 =8.975.

The decision-maker decides not to make the direct sale. However, when confronted with
the same offer of $20 for an indirect sale, the decision-maker agrees to the transaction
because he believes there is a 50 percent chance his personal information remains

confidential. For the indirect sale, the decision-maker expects utilities

V (2lindirect sale) = 0.5+ 0.35- /120 + 0.65- /60 |
+O.5-[0.65-«/120 +o.35.\/@} —9.350, and

V (zlno indirect sale) = 0.65- /100 +0.35- /50 =8.975 =V (z]no direct sale).

As this example demonstrates, exotic non-SEU preference functions are
unnecessary to explain privacy behaviors. However, for ambiguous events, decision-
makers appear to exhibit aversion to uncertain mean preserving spreads (Camerer and
Weber 1992). Halevy (2007) reports on an experiment where approximately 30% are

characterized by ambiguity aversion. The uncertain priors (UP) model (Neilson 1993,
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2009; and Klibanoff, Marinacci, and Mukerji 2005) is used to behaviorally allow for
attitudes towards uncertain privacy events.

The canonical concept of uncertainty aversion is introduced with Ellsberg’s
(1961, p. 650) two-color problem. The same UP model also explains Ellsberg’s three-
color problem (see Appendix B).

2.2 Uncertainty Aversion: Ellsberg’s Paradox

Consider the following Ellsberg (1961, p. 650) example. There are two urns, and
each is filled with red and black balls. Urn 1 contains 100 balls, split evenly between red
and black. Balls drawn from urn 1 are labeled “R” for red and “B” for black. Urn 2 also
contains 100 balls. However, the mix of balls is unknown. Balls drawn from urn 2 are
labeled “r” for red and “b” for black.

Table 1. Ellsberg’s Two Urn Problem

Outcomes L L, L, L,
Rr $100 $0 $100 $0
Rb $100 $100 $0 $0
Br $0 $0 $100 $100
Bb $0 $100 $0 $100

Table 1 shows four lotteries (L, L,, L,, and L,), with prizes $0 or $100 defined
over the unique outcomes from drawing one ball from urn 1, and then a second ball from
urn 2. Ellsberg (1961) hypothesized that subjects would exhibit preference relations given
by L ~L,, L~L, L>L,,and L, > L;. These hypotheses are the result of a thought
experiment by Ellsberg, in the sense defined by Harrison and List (2004). He did pose
these choices hypothetically to several prominent economists, including Savage. But the
key “empirical hypothesis” here derives from intuition, not observed choices in the sense

that modern experimental economics would suggest.
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Remember, L, and L3 are each filled with 100 balls in unknown proportions of red
and black balls. Had our Ellsberg decision-maker believed either event red or black was
more likely to occur, he would have preferred to a bet paying on that color to
indifference. By stating indifference, he is revealing to us his prior uniform belief. By this
same logic, preferences for L; over L, and for L, over Lz implies (Savage’s (1954) SEU)
that subjects believe the likelihood of drawing red and black balls from urn 2 are less than
1, hence the paradox. The UP model (Neilson 1993, 2009; and Klibanoff, Marinacci, and
Mukerji 2005) rationalizes these preferences by applying Savage’s (1954) axioms to
second-order beliefs.

2.2.1 The Uncertain Priors Model

Using the terminology of Anscombe and Aumann (1963), let there be j=1,...,J
(uncertain) horse lotteries and k =1,...,K (certain) roulette lotteries. The decision-maker

holds i=1,...,1 prior distributions over each horse’s ability to win the race — the outcome
of the uncertain process U . Denote the probability over these priors as p =(p1,...,p| )
The set (Uil,...,UiJ ) is the set of uncertain processes with unknown probabilities for each

of the J horses winning the race. Define a set (C,,...,Cy ) as the set of certain processes

with known probabilities over each of the K roulette lotteries.

Let (O'ijl,...,O'in) define the subjective conditional probabilities assigned to j"

horse winning and the k™ roulette lottery outcome under each prior i. The decision-

maker’s overall evaluation of his preference for the race is

12
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where W (z) is the evaluation of all | priors that the decision-maker holds, and
oy =7; 1, with 7 defined as the probabilistic belief of each horse j winning and 7
the known probability of the k™ certain event. The function v() measures utility over
final payoffs z, , and u() is the evaluation of the decision-maker’s subjective expected

utility over final payoffs from the certain roulette lotteries. The curvature of u()

measures uncertainty associated with the priors i =1,...,1. To illustrate how the UP model

is able to account for the preferences depicted in Ellsberg’s example, I recreate the

numerical example found in Andersen, Harrison, Fountain, and Rutstrém (2009).

For some argument x, define v(x):\ﬁ and u(x)=x"". Define balls drawn

from umns 1 and 2 as belonging to the sets k ={R,B} and j={r,b}, respectively.
Further assume the decision-maker holds three priors over the distribution of balls in urn

2. That is, (o0, p;)=(06,02,02), with (z),7},)=(05,05), (75,75, )=(0.4,0.6),
and (ﬂ;,ﬂ:b)=(0.6,0.4). For each of these priors, the decision-maker evaluates
Oy =My, as (myns, myns, mymg, mrs ) =(0.25,0.25,0.25,0.25) for his first prior set
of probabilistic beliefs, (7575, 75,75 w5 ms , Ags ) =(0.2,0.3,0.2,0.3) for his second

set of prior beliefs, and finally for his third set of priors the decision-maker believes

13



(n;ng,ngbzg,n;ng,ﬂ;bng):(0.3,0.2,0.3,0.2). For each of these priors, the evaluation

J K
of szyijkv(zjk) for lottery L, (see Table 1) is then given by

=1 k=1
L,: 0.25-10+0.25-10+0.25-0+0.25-0=5,
under prior 1,
L,: 020-10+0.30-10+0.20-0+0.30-0=5,
under prior 2, and

L,: 0.30-10+0.20-10+0.30-0+0.20-0=5,
under prior 3. Similar calculations are made for lotteries L,, L,, and L,. Evaluating
preferences for each lottery,
W(L,)=0.6-5"+0.2-5" +0.2-5"° = 4.257,
W(L,)=0.6-5"°+0.2-6 +0.2-4*° =4.254,
W(L,)=06-5"+0.2-4°° +0.2-6°° =4.254,
W(L,)=0.6-5"+0.2-5" +0.2-5"° = 4.257.
For this numerical example, W (L) =W (L,), W(L,)=W(L;), W(L)>W(L,),
and W(L4) >W(L3), which explains the hypothesized pattern of preferences in

Ellsberg’s example. It is easy to see that, if there is no aversion to uncertainty, such that
u(x)=x apart from arbitrary normalizations, then W (L,)=W (L,)=W(L;)=W(L,).

This is the prediction of conventional subjective expected utility theory.
Although the hypothesis that individuals exhibit uncertainty aversion has been

studied extensively (Camerer and Webber 1992), prior investigations of the uncertainty
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aversion hypothesis failed to verify the background assumption: the decision-maker

believes that the realization of events is equally likely for both the known and unknown

urns. Given this gap in the existing literature, the first hypothesis to be tested is:

HYPOTHESIS 1: In Ellsberg’s (1961) 2-color problem (p. 650), subjects behave as if
the realization of each uncertain event is equally likely as each
certain event and bets on certain events are preferred to bets on
uncertain events.

Smith (1969, p. 329) conjectured that Ellsberg’s (1961) pattern of preferences
would also be observable for bets where the distribution of balls in the ambiguous urn
was determined by a uniform random integer 0-100. Since then, experimentalists (Sarin
and Weber 1993; Harrison 2009) have considered compound lotteries as attractive tools
for inducing uncertainty in laboratory settings. Because Smith’s (1969) conjecture
remains untested, the following two hypotheses emerge as important methodological
inquiries:

HYPOTHESIS 2: The proportion UP/SEU consistent choices are equal for both the
Ellsberg (1961) and Smith (1969) treatments.

HYPOTHESIS 3: Attitudes towards uncertainty are equivalent for both the Ellsberg
(1961) and Smith (1969) lotteries.

The remainder of this chapter presents the UP model in the context of privacy.
Finally, the analysis is extended to include two uncertain processes.

2.3 Explaining Privacy Behavior with the Uncertain Priors Model

The Ellsberg (1961) example(s) and the UP model (Neilson 1993, 2009; and

Klibanoff, Marinacci, and Mukerji 2005) demonstrate how the uncertainty averse
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individual, will discount more heavily those processes which are described as “more

uncertain.” The utility spread for L, and L, are greater than that of L, and L,.

The “loyalty card” problem is used as to illustrate the role of uncertain priors in
privacy decisions. This behavior can occur in any privacy decision. The acts of

confession or being an “anonymous source” are other examples of the privacy paradox.

Redefine k = {g,b} for the good and bad outcomes. Let the J uncertain events be

given by j={c,n} for when the vendor has upheld the confidentiality of the decision-

maker and when confidentiality was violated. The following example shows that the UP
model with only one uncertain process explains the alleged privacy paradox when the
objective probabilities of experiencing either a good or bad events are conditional on the
decision-maker’s state of confidentiality.

Assume the decision-maker has an initial wealth level given by w (e.g.,
w=3%$100) and, in exchange for identifying information, he is offered some positive

amount of money Y (e.g., y=%20). Unconditional on the decision to sell information, if

the decision-maker is successfully defrauded, he will lose some portion of his wealth. For

simplicity, assume he loses 1-¢6 percent, retaining either 6w or 5[W+ y]. Specifically,
let =05, Sw=$50 and S[w+y]|=%60. Assume the decision-maker holds 2 priors
p= (0.5, 0.5) for the uncertainty that the decision-maker’s confidentiality is violated. For
each of these priors, let the distribution of events | ={C,n} be (ﬂﬂ,n};):(o.?,O.S) and

(zgc,n;’n):(o.s,o.?). These beliefs assume the decision-maker has joined the loyalty
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card program. If the decision-maker does not make an indirect sale, then he forms a set of
degenerate beliefs (., 7y, ) = (75, 75 ) = (0,1).
Let the objectively-known probabilities of a bad event conditional on a privacy

breach be (7,

75 )=(0.65,0.35) and (7

g|n?

75, ) =(0.35,0.65). For prior one the
decision-maker holds subjective probabilistic belief given by
(iep+ Oy g O ) = (0.245,0.195,0.455,0.105) , and for prior two his beliefs are given
BY (G Cony: Creg: Tang ) =(0.105,0.455,0.195,0.245).  Defining  v(x)=+/x and
u(x)=x"", equation (2) implies that if the decision-maker makes an indirect sale, he
expects utility

W (zlindirect sale) = 0.5-[ 0.245- /60 + 0.195- /60 + 0.455 /120 + 0.105- «/120]0'7

0.7
+0.5- [0.105 /60 +0.455. /60 +0.195- /120 +0.245 - \/120] =4.781.
If he does not make an indirect sale, the decision-maker’s information remains

confidential and he forms beliefs (7,7 )=(75 75 )=(1,0), which imply that

((TZCb + O s Tzegr Oang ) = (O-lcb +Cibr Olog 1 Oing ) = (0.35, 0,0.65,0), and

W (zJnoindirect sale) = [0.35 -/50 +0.65- \/100]0'7 =4.646 <W (z|indirect sale) ,

and the decision-maker decides to make the indirect sale because he expects a higher
utility.

Calculating utilities for the direct sale part of the alleged paradox is similar to the
first part of the example. The direct sale decision removes the uncertainty from the

decision-maker’s problem. He forms one of two degenerate beliefs, 100% or 0%
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confidentiality. By not directly selling his information, the decision-maker forms the

degenerate belief (7., 7y, ) = (75, 75 ) = (1,0). Thus,

W (z|nodirect sale) = [0.35 .50 +0.65- «/100]0'7 =W (z|noindirect sale).
By directly selling his personal information, the decision-maker holds beliefs
(n;,nlﬂ)z(n;,ﬂgn):(o,l), such that his beliefs are objectively given by

(02Cb + O Ty O'an) = (010b +O1br Ologr Otng ) =(0,0.65,0,0.35), and so

0.
W (z|direct sale) = [0.65 -\/60+0.35- «/120} s 4.608 <W (z|no direct sale) .

With the objective probabilities of either a bad or good event occurring
conditioned on confidentiality of the decision-maker’s information, we see how decision-
makers evaluate uncertainty in privacy decisions. Extending the UP model to include two
uncertain processes is a straightforward exercise.

2.4 Explaining the Privacy Paradox with Two Uncertain Processes

Extending the UP model to account for subjective belies for both a privacy breach
and the consequences of such a breach is a conceptually straightforward exercise,

although it does impose some notational burden. Consider the preference function

it=1ti2=12 j*={c.n} j2={g.b}

W(Z)zlzl:lzzlpiﬂiZUL z z ﬁilljlﬁjzﬁzjzv(zjz)]' (3)

In addition to his first 1' priors for his identifying information remaining

confidential, the decision-maker has now formed the additional 1° prior probabilistic
beliefs of a bad event, conditioned on the j'={c,n} events. This formulation of the UP

model assumes ROCL applies between the two uncertain processes. Beliefs represented
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by 7Z'j21i2j2 ,and Oz = 7Z'i11j172'j21i2j2 are the decision-maker’s beliefs of realizing the events

j'={c.n} and j*={g,b}.Finally, 6, are the probabilities over the 1> priors.
In equation (3), curvature of u(x) at the point x measures the decision-maker’s

aversion to his 1" x 1 uncertain beliefs of the J'x J? events. To show how equation (3)

explains privacy behavior, use the same payoffs and functions before. Denote the

subjective beliefs of good or bad events by (ﬂfzglc,ﬂz VS )=(0.7,0.3,0.3,0.7)

12blc’ "12g|n* “"1%bjn

and (ﬂ;glc,nz VS ):(0.6,0.4,0.4,0.6) which are his beliefs of bad and good

22plc’ " 22gIn* " 22pIn
events under each prior, conditional on his state of confidentiality.

Define SEU.,. EZjlz{c,n}ZjZ:{g,b}7Ti11j17z.'21'2'ZV(ZjZ) as the decision-maker’s prior

I
subjective expected utilities over the final outcomes g or b, conditioned on ¢ or n. Beliefs

of having his identifying information remain confidential after engaging in an indirect

72'1

2te?

sale are given by (7 , 7

1tn’

7y, )=(0.7,0.3,03,0.7)
If the decision-maker indirectly sells his information

SEU,,, =0.58+120 +0.42\/60 = 9.607 ,
SEU,,,, =0.424120 +0.58/60 =9.094,
SEU,,, =0.54+/120 +0.461/60 =9.479, and

SEU,,,. =0.46120 +0.54/60 =9.222.

The decision-maker expects final utility

7

W (z | indirect sale) = 0.25-[9.607]"" +0.25-[9.094]"
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+0.25-[9.479]"" +0.25-[9.222]" = 4.781.

If the decision-maker decides not to make the indirect sale, then he recognizes

that he will be in a confidential state with certainty, and he forms the degenerate prior

conditional probability distributions @ = (7} , 7} .7y, 7y, ) =(10,1,0), which implies

te? " tn? 72!

SEU,,, = SEU,,,, =0.70v100 +0.30+/50 =9.992, and
SEU,., =SEU,, =0.60+/100 +0.40/50 = 9.671.

By deciding not to make the indirect sale, the decision-maker expects final utility
W (z | no indirect sale) =0.5- [9.992]0'7 +0.5. [9.671]0'7 =4.646 <W (z|indirect sale).

The decision-maker will make the indirect sale because he expects to be better-off.

Not making a direct sale is equivalent to not making an indirect sale of identifying

information. Thus, W (z|no direct sale) =W (z | no indirect sale) =4.646. Making the

direct sale, the decision-maker forms the degenerate beliefs
' = (7,7, 7y Ty, ) =(0,1,0,1) by recognizing that he will be in a non-confidential
state. Hence,

SEU,,, = SEU,,,, =0.30v100 +0.70+/50 =8.709 , and

SEU,,, =SEU,, , =0.401/100 +0.60/50 =9.029.

212
By deciding not to make the direct sale, the decision-maker expects final utility

W (z | direct sale) = 0.5-[8.709]"" +0.5-[9.029]"" = 4.607 <W (z | no direct sale),

and the decision-maker decides not to sell his information.
These numerical examples have shown how uncertainty aversion is incorporated

into reported privacy behavior. The two-process UP model specified by equation (3) has
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two alternative interpretations. First, the decision-maker cognitively differentiates

between the probabilities he assigns to his I' and 1> priors (Kramer and Budescu 2002),

and his preferences are given by

w<z>=ip.1u{lieu [Jz 2 (2 )ﬂ @

which is consistent with the interpretation that the decision-maker believes the uncertain
confidentiality process determines the fraud process, which finally determines his payoff
(Nielson’s 1993, 2009). The second (re)interpretation says the resolution of the fraud
event determines the uncertain confidentiality process which determines confidentiality,

and preference are given by

W()=3 e[zp[ > X ()J] ©)
[ it i°={g.b}

Each of these last two models reduces to equation (3) when the decision-maker’s
attitudes are neutral towards the uncertainty of his priors over confidentiality or fraud,
respectively. Chapter 4 introduces the experimental instrument used to vary each
uncertainty, confidentiality breach and consequences, to identify the model (equation (3),
(4),or (5)) which best describes individual privacy behaviors.

Chapter 4 also accomplishes two objectives. First, the analysis is extended to
identify attitudes towards commodity identification. The experimental design of Heath
and Tversky (1991), which elicits preferences for probabilistically equivalent certain and
uncertain lottery pairs, is adapted to Harrsion, List, and Towe (2007) which elicits
preferences for lotteries paying with a field commodity rather than cash. The experiment

is used to demonstrate that separate attitudes towards different uncertain processes are
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identifiable. And, these estimates are behaviorally meaningful. The primary hypothesis

tested is:

HYPOTHESIS 4: Subjects cognitively differentiate between different uncertain
processes.

Chapter 5 collects all of these concepts together and offers the first true test for
uncertainty aversion in the context of privacy decisions. The main hypotheses to be tested
are:

HYPOTHESIS 5: Subjects’ willingness-to-accept confidentiality loss is lower when
making indirect sales of information to a party that does not have a
direct mechanism to harm the subject.

HYPOTHESIS 6: Subjects  cognitively  differentiates  between  uncertain
confidentiality breach and consequences.

Full information maximum likelihood (FIML) techniques were used to estimates the

structural parameters of the SEU and UP models presented in the preceding discussion.
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CHAPTER 3: TESTING ELLSBERG’S PARADOX & SMITH’S HYPOTHESIS

This chapter presents a study of uncertainty aversion in individual decision-
making. This study is a methodological inquiry to replicate Ellsberg’s (1961) two-color
thought experiment using real monetary rewards in a controlled laboratory environment.
Although experimental evidence has been offered suggesting uncertainty aversion is a
good description of individual decision-making (Becker and Brownson 1964; Yates and
Zukowski 1976; Chow and Sarin 2002; Halevy 2007), verification of symmetric beliefs
for both the known and unknown urns, necessary for uncertainty aversion, have not been
verified. Ellsberg’s (1961, p. 653) three-color problem has been replicated by Ford and
Ghose (1998) and Schmidt and Neugebauer (2003).

The three-color problems, as well as supporting arguments for the two-color
problem (Ellsberg’s 1961, p. 651 fn. 1), offer inappropriate support for uncertainty
aversion. This argument has been previously recognized by Wakker (2001, p. 1040) and
Tversky and Kahneman (1992, 81.3). Like the Allais paradox, multi-color and single-urn
problems are also explained without reference to uncertainty attitudes. As a result, single-
urn problems do not isolate uncertainty aversion, a violation of simple ordering®, from
violations of independence or the sure-thing principle, or even a systematic resolution of
indifference (see Appendix B).’® Neilson (1993, 2009) and Klibanoff, Marinacci, and

Mukerji (2005), as well as other multiple-prior models (e.g., maxmin EU of Gilboa and

® Cox and Epstein (1989) found that preference reversals were the result of violations of the completeness
axiom, rather than violations the sure-thing principle.

191t must also be recognized that direct replication of the three-color problem, as in the case of Ford and
Ghose (1998), omits the possibility of indifference which allows for an explanation of the preference
reversal as (possibly) the result of a systematic resolution of indifference (see Appendix B). Those
decision-maker’s choices should not be considered significant (Savage 1954, p. 17).
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Schmeidler (1989) and anticipated utility of Segal (1987)), capture the essence of UA, as
describing attitudes towards expectations of expectations.

The closest replication of Ellsberg’s (1961) two-color problem was offered by
Chow and Sarin (2002).™ In their experiments, an unopened bag of M&Ms was used to
simulate Ellsberg’s unknown urn. Chow and Sarin (1976, p. 135) report that “...there was
virtually no difference in the mean prices...” for bets on red, blue, or orange and bets on
green, brown, or yellow. The M&Ms test reveals the most compelling evidence in favor
of uncertainty aversion. Lacking statistical verification of symmetric probabilistic beliefs,
certainty equivalents reported in Chow and Sarin (2002) are consistent with both aversion
to acts with uncertain or ambiguous probabilities, and the formation of asymmetric
beliefs. Consider the following example.

Chow and Sarin (2002) asked subjects to report their willingness-to-pay for a bet
that the color of a candy drawn from an M&M’s bag. The first bets paid if the color
candy was red, blue, or orange. The second paid if the color was green, brown, or yellow.
On average subjects were willing to pay $11.95 when the true distribution of color groups
was known to be 50-50. Assuming EUT applied, the mean report is consistent with
moderate risk aversion crra~0.326, assuming also the utility function u=x“". For an
unknown distribution of candies, average willingness-to-pay decreased $5.57 to $6.38.
This value is consistent with either the belief that a favorable outcome is ~41% and there
IS no uncertainty, or the subject has many uncertain priors and attitudes towards their

uncertainty.

! Halevy (2007, p. 516, footnote 14) notes that the background assumption that subjective beliefs for the
composition of the unknown urn needs to be 50-50 for either color. However, he offers no test of the
assumption.
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Halevy (2007) used four urns, with varying degrees of ambiguity, to extend Yates
and Zukowski (1976). Each urn contained ten balls with distributions either known with
certainty or determined using Smith’s (1969) compound objective lottery. Values of each
lottery were elicited using the Becker-DeGroot-Marschak (1964) (BDM) mechanism.
There was considerable heterogeneity between elicited values which were shown to be
consistent with three popular decision theories: SEU, rank dependent utility, and the less
popular uncertain priors model. Use of the BDM mechanism to elicit incentive
compatible values has come into question, however; especially when preferences violate
reduction of compound lotteries (Segal 1987; Holt 1986; and Karni and Safra 1987).

Approximately 35% of subjects revealed values consistent with the UP model,
another 35% were consistent with a recursive rank dependent utility specification (Segal
1987), and the last 30% exhibited preferences consistent with SEU. In principle, had the
mechanism worked properly and subjects were known to assign 50-50 probabilities to the
uncertain events, this discussion would be mute. Criticisms raised by Segal (1987) (as
well as Holt (1986) and Karni and Safra (1987)) would validate Halevy’s (2007)
conclusions. However, unknown subjective beliefs raise behavioral doubts and question
the validity of Halevy’s design.

These criticisms point to the need to control for subjective beliefs in order to
properly identify attitudes towards uncertainty. Heath and Tversky (1991) addressed
control of beliefs by eliciting probabilistic reports for the occurrence of a series of
uncertain events. Reports were subsequently used to present subjects with paired lottery
choices between the status quo uncertain prospect and an equivalent objective lottery

with probabilities equal to subjects’ reports. The crux of the problem with the Heath and
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Tversky (1991) design is that unless reports are honest in the sense of Myerson (1981),
arguments in favor or against the presence of uncertainty aversion are confounded. It is
well known that reports elicited without properly aligned incentives are biased by
attitudes towards risk and/or uncertainty. Or, maybe, because it was costless to do so,
subjects simply felt like misrepresenting their true belief (Harrison 1994), which is why
the experimental design presented in the sequel used a large stakes belief elicitation task.
Beliefs were elicited and symmetry tested by using a mechanism such as a scoring rule
(Andersen et al. 2009a).

To identify uncertainty attitudes, a design using paired lotteries is capable of
alleviating the criticisms of previous experimental designs. Structural estimation of the
UP model’s parameters and the identification of attitudes towards uncertainty do not
suffer from the criticisms of the BDM procedure. By eliciting beliefs and using a binary
choice mechanism to control risk attitudes, testing the uncertainty aversion hypothesis in
Ellsberg’s (1961) thought experiment becomes practical from both theoretical and
empirical perspectives.

Replicating Ellsberg’s two-color problem with simple binary choice tasks allows
for the identification of attitudes towards uncertainty as explanations of choice behavior
when probabilities may not be well formed. The two-color problem using compound
objective lotteries was also replicated to test Smith’s (1969) hypothesis that behavior
similar to the predictions of Ellsberg (1961) would be observed using compound

objective lotteries to induce second-order distributions.
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3.1 Experimental Design

Subjects were recruited from the student population at the University of Central
Florida in the spring 2010 semester. In total 167 subjects participated in 10 different
sessions during the spring 2010 semester. The experimental instruments were designed to
test for uncertainty aversion and the validity of Smith’s (1969) hypothesis'? on a between
subject basis. Ellsberg’s (1961) two-color problem is tested on a between subject basis.*®
The exact instructions used for these experiments are reproduced in Appendix D.

Subjects were confronted with two bingo cages which were used in place of
Ellsberg’s urns. One of these cages remained covered until a ball was drawn from it at the
end of the session. The covered cage represented Ellsberg’s (1961) unknown urn. Half of
the designs were used for the Ellsberg treatment and the other half for the Smith
treatment. To save space the remainder of this section will focus on the Ellsberg’s two-
color problem. Smith’s choice problem is comprised of the same three variations, the
difference was the randomization devices.

To control for the range hypothesis, the number of balls in the visible cage were
set to 30 or 50. Half (51%) of subjects participated in each treatment. To control for

potential center effects, the distributions of orange balls were set to 50% or 20%.

12 Smith’s (1969) hypothesis sates that similar choice patterns from Ellsberg’s two-color problem are
observed when the unknown urn is replaced with an objective compound lottery.

B3To the best of my knowledge, there are no presentations of individual decisions that support the
hypothesis that subjects believe the draw of red or black from the Ellsberg’s unknown urn is 50-50. Becker
and Brownson (1964, p. 66) claim “...subjects given a choice of colors ... are typically indifferent...”,
however, no statistical evidence to support the 50-50 background assumption is presented. Chow and Sarin
(1988 p. 134) acknowledge subjects having 50-50 beliefs for the colors of M&M candies in a bag (their
unknown urn), yet they offer no test statistics. The background assumption of 50-50 beliefs for the
distribution of balls in Ellsberg’s uncertain urn is a necessary condition for any Ellsberg test. Ellsberg
(1961) was aware of this fundamental issue. However, Kadane (1992) shows that Ellsberg’s pattern of
preferences is possible without 50-50 beliefs provided the subjects distrust the experimenter. Kadane’s
model is nearly untestable hypothesis tantamount to a faith based argument.
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Following the preference elicitation task subjects participated in a belief
elicitation task that paid according to a linear scoring rule (LSR). To identify and control
for anchoring biases in reporting, approximately half of the subjects in each session were
exposed to each skew frame of the LSR. Section 3.1.2 explains the LSR and skew frames
in detail. Table 2 summarizes the full experimental design which was used.

Table 2. Ellsberg/Smith Experimental Design

Probability | Probability LSR
Session | Ellsberg / Smith Range Center Anchoring
Number uUrns (Balls) (Orange) (Skew) Subjects

High 13

0,
1 Ellsberg 50 50% Low 1
2 Smith 50 50% High d
Low 8
High 8

0,
3 Ellsberg 30 20% Low 3
: High 12

0,
4 Smith 30 20% Low 11
High 12

0,
5 Ellsberg 30 50% Low 10
: High 13

0,
6 Smith 30 50% Low 12
High 11

0,
7 Ellsberg 50 20% Low 10
8 Smith 50 20% High 1
Low 7

3.1.1 Preference Elicitation Tasks

3.1.1.1 Ellsberg’s Treatment

The two bingo cages used to represent Ellsberg’s urns were labeled “cage I” and
“cage I1.” Cage | represented the known urn with a verified number and distribution of
orange and white balls. The number of balls in cage | were counted and verified prior to
the end of the session, when one of its balls was randomly drawn. Cage Il also remained
covered until one of its balls was randomly drawn at the end of the session.

Reproductions of the decision sheets presented to subjects can be found in Appendix D.
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To avoid potential contamination from portfolio effects, one row was selected at random
from each subject’s decision sheet to be played for real rewards. Each bet paid either $10
or $0.

3.1.1.2 Smith’s Treatment

For the Smith treatment the distribution of balls in cage Il was determined by the
number 0 to 30 of a ball drawn from a third bingo cage, cage Ill. To operationalize cage
I11, each ball was labeled with a number 0, 1, 2, ..., 30 to indicate the distribution of
orange balls that would be used to play each bet. For the 50-ball frame, cage 111 was filled
with balls numbered 0, 1, 2, ..., 50.

At the end of the session, when all bets had been finalized, one subject selected at
random drew a ball from cage I11. Cage Il was then filled with orange balls in the amount
of the number written on the ball drawn from the cage IIl. The remaining balls were
white.’* A research assistant then drew one ball from both cage I and cage 11, and all bets
were paid accordingly.

3.1.1.3 Controlling for Risk Attitudes

Risk attitudes were controlled using subject responses to a series of 45 random
lottery pairs, consistent with the classic Hey and Orme (1994) experiments. All bets were
in the gain domain with payments of $0, $15, $35, and $50. An example screen shot of
the computer interface used to elicit preferences is in Appendix D.

3.1.2 Elicitation of Beliefs
Beliefs regarding the distribution of balls in cage 11, the covered bingo cage were

elicited using a LSR. The design of Holt and Laury (2002) was adopted to avoid portfolio

“ For example, if the ball drawn from cage I1I was labeled “13,” then cage Il would be filled with 13
orange balls and 17 white balls, for the 30-ball frame. In the 50-ball frame, the remaining 37 balls in cage Il
would be white.
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effects. Once subjects completed the individual choice task and knew which option of
which row they would be paid from, the LSR betting task was introduced. Subjects were
informed about the belief task with the following statement:

[E]ach of you have [sic] the chance to make another choice, with much

higher potential payoffs. Our research assistants are passing around the

decision sheets for this task. If you choose to participate in this task, we

will not pay you for the decision that you just made. You have the choice

which decision we will pay you for: the one you just completed, or the

new one we are offering you now.

When deciding whether or not to participate in the LSR bet, subjects evaluated
their original Ellsberg/Smith choice, which pays at most $10, with giving up that choice
to participate in the LSR betting task. The range of LSR bets were from $0 to $50, with a
“safe” bet paying $25 for sure. With the $25 safe bet, there was at least one LSR bet
which strictly dominated all Ellsberg/Smith bets. As expected, all subjects gave up their
previous choice to participate in the belief elicitation task. Table 3 shows an example of

the LSR betting sheet used in the experiment.

Table 3. Example Betting Sheet for Linear Scoring Rule

Payment if Ball Drawn | Payment if Ball Drawn

Choice | from Cage #2 is Orange | from Cage #2 is White
1 $0.00 $50.00
2 $2.00 $48.00
3 $4.00 $46.00
12 $23.00 $27.00
13 $25.00 $25.00
14 $25.50 $24.50
49 $48.50 $1.50
50 $49.50 $0.50
51 $50.00 $0.00

30



For report A, that an orange ball occurs, the LSR was defined as payment
$(4’|Orange occurs) =50-50[1-4" | and S (A’|White occurs)=50-50] 2 |. As the

subject becomes more confident that cage 1l is filled entirely with orange (white) balls, he
should choose a lower (higher) numbered choice. Row “1” is consistent with the belief
that cage Il is entirely filled with white balls. Row “51” is consistent with a belief that
cage Il is entirely filled with orange balls. These two reports, respectively, pay $0 and
$50 if orange occurs. Row “13” is the “safe” bet with a guaranteed payoff of $25. The
risk neutral subject should choose 1 (51) for any belief greater than 50% that white
(orange) will occur and 13 if his beliefs are exactly 50%. As this representative subject
becomes more risk averse, his optimal bet will move closer towards row 13, the safe bet.

The LSR was administered using paper and pencil. To control and identify
anchoring biases, an anchoring treatment varied the skewness of the payoffs (and their
implicit probabilities). For the skew low treatment, the safe bet occurred at row 13 of the
betting sheet. The safe bet occurred at row 39 in the skew high frame. As a result,
anchoring would have a positive reporting bias in the skew low treatment and a negative
bias in the skew high treatment. Appendix D contains copies of the actual scoring rules
that were included with the subject instructions.

3.2 Econometric Model

3.2.1 Controlling Risk Attitudes
Risk attitudes were controlled assuming the utility over risky choices is given by

an expo-power utility function of the form

1> The two parameter expo-power form is chosen due to its empirical consistency over a wide range of real
payoffs (Holt and Laury 2001).
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v(X) :[1—exp(—ax1’r)]/a, (6)

where o #0 and r =1 are parameters to be estimated, and X is income from observed

lottery choices. The Arrow-Pratt measure of relative risk aversion is given by
r+a[1—r]x“, which is increasing (decreasing) as « >0 («a <0). Moreover, constant

absolute risk aversion and constant relative risk aversion are nested special cases as
r—0 and a — 0, respectively.

With observed lottery choices, equation (6) is estimated using structural
maximum likelihood techniques, assuming some latent structural model of choice such as

EUT. For Q outcomes in each of the two paired Hey-Orme lotteries,

EU, = ZCGQ pl(V(X() and EU, = Z(EQ pZ(V(X[),
where p,, and p,, are the known, certain, chances of winning prize x, from each

lottery, 1 and 2.
Assuming the link function between choices and the maximum likelihood
procedure is represented by logistic distribution, the probability that the subject chooses

the lottery 1 is given by the index function

VEL exp(eu, (a.r)/ 1)

_exp(eul(a,r)/,uo)+exp(eu2(a,r)/luo)' (7

Equation (7) adopts Wilcox’s (2009) contextual error specification®™ where

eu; (a,r)=EU,(a,r)/& , with & =V —v defined as the difference between the highest

and lowest possible utility obtainable in the lottery pair. EU, and EU, are the vNM

16 Contextual utility theory applies an adjustment to the Fechner error term, defined by the difference in
value between maximum and minimum prizes in each choice context. Wilcox (2009) shows that without
such normalization risk aversion does not imply probabilistically more risk averse.
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utilities of lotteries 1 and 2, and g, is a noise parameter which is proportional to the
standard deviation of the decision-maker’s perceptual (or computational) error,
conditional on the assumed logistic distribution. As g, — 0 subject responses become
more precise and the probability of choosing the utility maximizing choice converges to
one. For noisier responses, as x4, — 0 choice probabilities are random and not explained

by utility differences.

Dropping indifference, the log-likelihood to be maximized is written as

.
INL(r e, 15y, X)=> {y, INVEU+[1-y,]In[L-VEU]}, @ =0 r=1,  (8)

t=1
where y, =1(0) indicates the t™ choice of lottery 1(2), and X is data pertaining to the

choice tasks and/or subject characteristics.
3.2.2 Identifying Subjective Beliefs and Uncertainty Attitudes
Subjective beliefs and attitudes towards uncertainty were identified from
responses to the LSR bets and choices in the individual choice task.
For the LSR betting task, the contents of the bingo cage with the known
distribution a priori does not enter the subjects’ UP preference functions. Subjects are

asserted to maximize

w<z>=_'zpiu[jz n:;v<z,-|reporw)} ©

where | = 30 and 50 for each range treatment, and utility over final prizes are identified

by v(-) from equation (6). The subjective priors (7,7, ) for the distribution of orange

IO’

and white balls in the covered (unknown) bingo cage are given by (i/1,1-i/1). Second-
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order utilities are assumed to be characterized by constant relative uncertainty aversion

where
=x"*/[1-4]. (10)
For a given report A", the multinomial logistic link functions is written as

exp( i(pn¢ar/,ul)

VW, =
2 exp(w (pmdianr)/m)

(11)

where W, (p,m, 410, 1) =W, (p,m. g, ¥)/&  with & =u(v(50))-u(v(0)) is the
contextual error specification for the UP values, analogous to equation (7). The log-

likelihood function is

—

INL(p,m ¢ 1;y, X, @, 1) =Y {y, INVW+[1-y, JIn[1-VW ]}, =0, r =1, (12)

t=1
where y, =1 for the report A* and y, =0 for all other A€ A.

For the Ellsberg/Smith choice tasks subjects’ UP preferences are given by

equation (2) in chapter 2.
K
_ Zoijkv(zjk )] , 2

where oy, :7[ 7Z’k and IT, =Zi€| pir; are the subject’s weighted average beliefs for

each of the J events — draw an orange ball and draw a white ball from cage II. The 7.

terms are known to be 0.5 for both orange and white balls drawn from cage I.

For the logistic link function, the probability of each subject choosing option A is

exp(W, (p.7. g, 1)/ 11,)

T e, (b ) ) - exp (o (b ) )

(13)

34



where W (p,m ¢, r)=W (p,mgia,r)/& with & =u(v(10))-u(v(0)) is the

contextual error specification. The log likelihood function is

.
INL(p. 7,6, 10,; . X, 1) = D {y, INVW,+[1-y, ]In[1-VW, ]} ,a =0, r 21, (14)

t=1
where y, =1 for a choice of option A and y, =0 for a choice of option B.

3.3 Data and Results

Chapter 2 identified three behavioral hypotheses for Ellsberg’s (1961) two-color
problem.

HYPOTHESIS 1. In Ellsberg’s (1961) two-color problem (p. 650), subjects behave
as if the realization of each uncertain event is equally likely as each
certain event and bets on certain events are preferred to bets on
uncertain events.

HYPOTHESIS 2: The proportions of UP and SEU consistent choices are equal for
both the Ellsberg (1961) and Smith (1969) lotteries.

HYPOTHESIS 3: Attitudes towards uncertainty are equivalent for both the Ellsberg
(1691) and Smith (1969) treatments.

Before reporting the tests of Hypotheses 1 and 3, analysis of the raw choices in
the Ellsberg/Smith task supports hypothesis 2. Smith’s conjecture “choice behavior” is
unchanged if the contents of the ambiguous urn is determined by the draw of a random
integer. Table 4 reports the raw classifications of choices in the Ellsberg and Smith tasks
when each bet on orange or white from cage | had a known 50% chance of paying. The
p-value for the Fisher exact probability test is 0.398 and the null that there is no

difference in the distributions is not rejected.
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Table 4. Raw Classification of Choices in Ellsberg & Smith Tasks

Uncertainty | Uncertainty
Treatment Neither | SEU Averse Seeking
Ellsberg 43 4 0 0
Smith 37 3 2 0
Total 80 7 2 0

Note:  Subject choices are pooled across range treatments (see Table 2).
With a p-value of 0.85, the Fisher exact test rejected the null of
range effects.

In Table 4, subjects were classified as SEU if their choice pattern was: 1) bets on
orange | ~ white I, orange Il ~ white 1l, orange | ~ orange Il, and white | ~ white I1I; 2)
bets on orange | ~ white I, orange Il > white Il, orange | < orange Il, and white | >
white 11I; or 3) bets on orange | ~ white I, orange Il < white Il, orange | > orange Il, and
white | < white II. Uncertainty averse behavior was classified according to Ellsberg’s
predicted pattern of preferences. No subjects exhibited uncertainty seeking behavior, in
their raw choices.

The distribution of responses in Table 4 presents evidence against Ellsberg’s
(1961) hypothesis while supporting Smith’s (1969) conjecture. Eighty out of 89 subjects’
choices were not consistent with either SEU or Ellsberg’s uncertainty aversion. A subject
was classified as “Neither” when his preferences for bets on orange from cage I or cage 11
and white from cage | or cage Il contradicted his preference (and implied belief) from his
bet of orange or white cage Il. For example, a subjects reporting preferences orange | ~
white I, orange Il > white Il, orange | > orange Il, and white | > white Il would be
classified as “Neither.” His preference orange Il > white Il implies a belief that orange is
more than 50% likely in cage Il and contradicts the preference orange | > orange Il.
Uncertainty aversion cannot be claimed here because his preference white | > white Il

and orange | ~ white | are consistent with SEU.
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The parametric structural FIML model simultaneously controls for risk attitudes
and (possibly) asymmetric beliefs when estimating the degree of relative uncertainty
aversion and, as such, is superior to the nonparametric test from Table 4 for identifying
non-neutral attitudes towards uncertainty. The remainder of this chapter will report the
results of parametric structural UP, SDRA, and SEU likelihood models derived from
equations (8), (12), and (14).

3.3.1 Risk Attitudes Alone

The lottery choice data identified risk attitudes. Assuming subjects made

decisions under risk according to the mandates of EUT, the average relative risk aversion

of the subject pool over prizes x = ($0, $15, $35, and $50) was estimated from the CRRA
utility function v(x)= x(“)/(l—r). Table 5 shows the estimate of average relative risk

aversion. Over the domain of prizes, the subject pool exhibited an average relative risk
aversion f=0.4422, with a p-value less than 0.0001.

Table 5. Estimated Parameters from CRRA Utility Function

Standard Lower Upper

Variable | Description Coefficient Error p-value | 95% Cl | 95% CI
r CRRA coefficient 0.4422 0.0602 | <0.0001 | 0.3242 0.5601

Ho RLP Fechner error 0.0926 0.0078 | <0.0001 | 0.0773 0.1079

Pseudo log-likelihood = -4921.5341
Observations = 7261

Coefficient estimates from the expo-power specification (equation (6)) are shown

in Table 6. Estimates f and « are highly significant. The estimated degree of relative

risk aversion

RRA=F+a[1-F]x"", f21 (15)
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is increasing when a >0, decreasing for @ <0, and remains constant if & =0. Choices
exhibit risk aversion for low stakes gambles (f=0.7265), which decreases as lottery
prizes increase to $50 (& =—-0.7082).

Table 6. Estimated Parameters from Expo-Power Utility Function

Standard Lower Upper

Variable | Description Coefficient Error p-value | 95% Cl | 95% CI
r RRA at zero income 0.7265 0.0236 | <0.0001 | 0.6802 0.7727

a Positive income RRA normalization -0.7082 0.0567 | <0.0001 | -0.8194 -0.597

Ho RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0638 0.0845

Pseudo log-likelihood = -4872.891
Observations = 7261

3.3.1 The Uncertain Priors Model

The maximum likelihood estimator shows evidence of decreasing relative risk
aversion, with relatively high risk aversion at low stakes. In the absence of uncertainty,
estimated risk attitudes imply raw bets in the belief elicitation task are substantially closer
to the safe 50-50 bet that true beliefs. A large number of subjects placed bets at the 50-50
mark, ensuring a payoff of $25. Note, however with evidence of significant treatment
effects. Subjects in the low skew treatment tended to place larger bets than in the high
skew treatment. The largest difference in bets between low and high treatments is 30
percentage points, which is significant that the 0.001 level. However, there does not

appear to be evidence of lower bets for subjects in the high skew treatment.
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Figure 1. Raw LSR Bets for Color Ball Drawn From Cage 11
For each possible set of beliefs (n}, 7, )=(%.2;%,2;...2, %) when there are
30 balls in each cage and (m;,m), ) =(%,%5;4,4;...;%,%) when there are 50 balls in

each cage, prior weights, p, were modeled using a Beta function with probability mass

function

a1 b-1
f(7;a,b)= (1 ”)

io? bl’
Z.o Tio

To obtain mass at the beliefs (z,,,7,)=(01), f(7z,;ab) and f(z,;ab) were

for 7,, €(0,1). (16)

calculated using the approximation (7,,, 7,,) =(0.0001,0.9999) . Figure 2, illustrates the

prior weights given estimated shape parameters, & =0.0065 and b =0.0052.
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Figure 2. Estimated Beta Mass Function for Prior Weights
Coefficent estimates from the UP model (equation (2)) are shown in Table 7. The
risk coefficients have the expected signs and magnitudes, f=0.7233 and & =-0.6895.
Estimated shape parameters imply subjects behaved as if the experiment were almost
surely “rigged” and believed there was a 49.5% chance the unknown cage was filled
entirely with white balls and a 50.3% chance it was filled entirely with orange balls.
While the shape parameters imply a SDRA consistent belief structure, the estimated

coefficient of relative uncertainty aversion, ¢ =0.1007, is significant at the 10.9% level,

suggesting that SEU may be a better predictor of behavior than the UP model.’

17 Contrary to previous estimates of uncertainty aversion presented in Anderson et al. (2009b) who found
evidence of moderate uncertainty seeking, here small insignificant amounts of uncertainty aversion with a
p-value of 0.109 were estimated. These differences warrant further analysis and replication to test a new
hypothesis: in unfamiliar ambiguous choice situations subjects revert to SEU preferences assigning equal
weight to the degenerate outcomes and willing to trade bets for a certain 50% chance at the high payoff.

40



Table 7. Coefficient Estimates for Uncertain Priors Model

Standard Lower Upper

Variable | Description Coefficient Error p-value | 95% CI | 95% CI
r RRA at zero income 0.7233 0.0237 | <0.0001 | 0.6768 0.7698

a Positive income RRA normalization -0.6895 0.0572 | <0.0001 | -0.8015 | -0.5774

Mo RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0639 0.0846

a Shape parameter for prior weights p 0.0065 0.0145 0.6540 | -0.0220 | 0.0350

b Shape parameter for prior weights p 0.0052 0.0107 0.6310 | -0.0159 | 0.0262

i) CRUA coefficient 0.1007 0.0628 0.1090 | -0.0224 | 0.2238

My LSR Fechner error 0.1631 0.1167 0.1620 | -0.0656 | 0.3918

Mo Ellsberg Fechner error 0.1938 0.0230 | <0.0001 | 0.1487 0.2390

Pseudo log-likelihood = -5853.4699
Observations = 8026

Table 8 shows the coefficient estimates from the SDRA model. As expected, prior

weights, p, are approximately evenly distributed, with cage Il containing all orange balls

with probability p=0.5039. With a standard error of 0.0158, p is equal to 50.3 at the

5% level. The estimated coefficient of relative uncertainty aversion ¢=0.1006 is

significant at the 10.9% level.

Table 8. Coefficient Estimates for Source-Dependant Risk Attitudes Model

Standard Lower Upper

Variable | Description Coefficient Error p-value | 95% CI 95% ClI
r RRA at zero income 0.7233 0.0237 | <0.0001 | 0.6768 0.7698

a Positive income RRA normalization -0.6895 0.0572 | <0.0001 | -0.8015 | -0.5774

Mo RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0639 0.0846

p Prior weight for cage Il all orange 0.5039 0.0158 | <0.0001 | 0.4730 0.5349

i) CRUA coefficient 0.1006 0.0627 0.1090 | -0.0223 0.2236

My LSR Fechner error 0.1631 0.1167 0.1620 | -0.0656 0.3918

Mo Ellsberg Fechner error 0.1938 0.0230 | <0.0001 | 0.1487 0.2390

Pseudo log-likelihood = -5853.4695
Observations = 8026

| used the Clarke (2003, 2006) paired sign test of the log-likelihood ratios to test
the auxiliary hypotheses: SDRA explains behavior better than UP. The other well-known
test for non-nested models was developed by Vuong’s (1989) and is only appropriate

when likelihood ratios are normally distributed (Clarke 2006). The Shaprio-Wilk test fails
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to reject normality at the 5% level, W = 0.898 n = 765.'® Figure 3 graphically depicts the

distribution of likelihood ratios.

Kernel density estimate
Kernel density estimate of data and normal density for comparison
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Figure 3. Likelihood Ratio Distribution
The SDRA model vyields higher likelihood values for 437 out of 762 non-zero

differences. The sign test rejects equality of the models in favor of SDRA with a p-value
< 0.0001." Coupled with a coefficient of relative risk aversion 4 >0 significant at the
10.9% level and p=0.50 with »’ =815.26, the SDRA model without accounting for

treatment effects presents evidence in favor of hypothesis 1.

In Table 9, treatment variables are added to the SDRA model. Each treatment
variable is a binary indicator. The treatment variable Smith takes on a value of 1 if
uncertainty was facilitated by cage Ill, which determined the distribution of orange and
white balls in cage Il. The Smith variable equals O for sessions where subjects were

confronted with Ellsberg’s original problem. Hypothesis 3, that uncertainty is not

'8 The 7261 observations from the random lottery pair task were dropped from the model selection test. The
Clarke statistics are calculated using only the 765 decisions from the Ellsberg/Smith and LSR tasks, those
decisions the latent choice models are dependent on purely subjective beliefs.

9 The Vuong statistic is 0.5384 which is less than 1.96, the critical value from the standard normal
distribution.
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affected by the generating mechanism and predicts the coefficient of smith is
insignificantly different from zero.

Center equals to 1 when the distribution of balls in the known cage was 50%
orange and 0 when the distribution was 20% orange. Range indicates the number of
bingo balls used in cages | and Il. Range equals 1 when 50 bingo balls were used and 0
when 30 bingo balls were used. If the range hypothesis of Becker and Brownson (1964)
IS correct, subjects’ attitudes towards uncertainty covary with the ranges of second-order
probabilities. The null is that range has no effect on estimated uncertain aversion.

Finally, Skew controls for anchoring biases in the LSR betting task, and varies
within each session. Skew is set to 1 for subjects in the “high” treatment, where the safe
bet was lower on the betting sheet. Skew is 0 for subjects in the “low” treatment, when
the safe bet was higher on the betting sheet.

Estimates of the SDRA model controlling for treatment effects are presented in

Table 9. Estimates for Range and Smith, treatments on the coefficient of RUA, are both
insignificant. The coefficient for the range treatment ¢?Range =0.0037 is highly

insignificant, with a p-value = 0.975. There are no differences in uncertainty attitudes

between subjects in the 50 ball and 30 ball treatments. The point estimate for the smith
treatment variable is ¢, =—0.0198 with p-value = 0.907.
Conditional on SDRA preferences, the coefficient ¢3Range does not support the

range hypothesis (Becker and Brownson 1964). Subjects’ attitudes towards uncertainty

do not covary with the ranges of second-order probabilities. There is evidence in support
of Smith’s (1969) conjecture, hypothesis 3. With ¢, =0, attitudes towards uncertainty

are not affected by the uncertainty generating mechanism.
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Table 9. SDRA Model Estimates with Treatment Variables Added

Standard Lower Upper
Variable | Description Coefficient Error p-value | 95% CI | 95% CI
r RRA at zero income 0.7233 0.0240 | <0.0001 | 0.6764 0.7703
a Positive income RRA normalization -0.6895 0.0580 | <0.0001 | -0.8033 | -0.5758
Mo RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0639 0.0846

p Prior weight for cage Il all orange
Constant 0.4615 0.0210 | <0.0001 | 0.4204 0.5026
Center | Known probability center effect 0.0495 0.0269 0.0660 | -0.0033 | 0.1023
Skew Anchoring effect 0.1513 0.0942 0.1080 | -0.0333 | 0.3359

1) CRUA coefficient

Constant 0.0753 0.0777 0.3330 | -0.0771 | 0.2277
Smith Compound objective lottery effect 0.0249 0.1133 0.8260 | -0.1972 | 0.2471
Range | Probability range effect 0.0092 0.1022 0.9280 | -0.1910 | 0.2095
My LSR Fechner error 0.1465 0.0953 0.1240 | -0.0403 | 0.3333
o Ellsberg Fechner error 0.1774 0.0206 | <0.0001 | 0.1371 0.2177

Pseudo log-likelihood = -5845.1253
Observations = 8026

3.3.3 The Subjective Expected Utility Model

The final model estimated was Savage’s (1954) SEU theory. The coefficient for

subjective beliefs that an orange ball is drawn from cage I, 7 =0.5052, is highly

significant (Table 10). Subjects believed the contents of the covered cage Il were

approximately evenly distributed between orange and white ping-pong balls.

Table 10. Coefficient Estimates for Subjective Expected Utility Model

Standard Lower Upper

Variable | Description Coefficient Error p-value | 95% Cl | 95% CI
r RRA at zero income 0.7232 0.0236 | <0.0001 | 0.6770 0.7694

a Positive income RRA normalization -0.6871 -0.0570 | <0.0001 | -0.7988 | -0.5753

Ho RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0639 0.0845

T Subjective belief of orange cage Il 0.5052 0.0154 | <0.0001 | 0.4751 0.5353

My LSR Fechner error 0.1299 0.0791 0.1000 | -0.0251 | 0.2848

Mo Ellsberg Fechner error 0.2020 0.0239 | <0.0001 | 0.1550 0.2489

Pseudo log-likelihood = -5854.3914
Observations = 8026

Adding treatment variables to control for center and anchoring affects, coefficient

estimates reported in Table 11 demonstrate that beliefs regarding the unknown urn are

conditioned on the known probabilities. Subjects in the low center treatment, where the
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known urn had a 20% of yielding an orange ball, held beliefs only 4.88% lower than

subjects in Ellsberg’s original 50/50 treatment.

Table 11. SEU Model Estimates with Treatment Variables Added

Standard Lower Upper
Variable | Description Coefficient Error p-value | 95% CI | 95% CI
r RRA at zero income 0.7231 0.0238 | <0.0001 | 0.6764 0.7698
a Positive income RRA normalization -0.6871 0.0577 | <0.0001 | -0.8003 | -0.5739
Mo RLP Fechner error 0.0742 0.0053 | <0.0001 | 0.0639 0.0845

T Subjective belief of orange cage Il
Constant 0.4599 0.0203 | <0.0001 | 0.4200 0.4998
Center | Known probability center effect 0.0489 0.0265 0.0650 | -0.0031 | 0.1008
Skew Anchoring effect 0.1222 0.0599 0.0410 | 0.0049 0.2396
My LSR Fechner error 0.1188 0.0621 0.0560 | -0.0030 | 0.2406
o Ellsberg Fechner error 0.1841 0.0216 | <0.0001 | 0.1418 0.2264

Pseudo log-likelihood = -5846.0054
Observations = 8026

The chi-square test clearly rejects the null that all treatment effects are jointly zero

(x> =7.72). Testing the distinction between SDRA (Table 8) and SEU (Table 11) is
accomplished by testing the hypothesis that @, ... =i = Prane =0 from Table 9. The
SEU model with covariates is a nested special case of the SDRA model with covariates.
The likelihood ratio statistic y; =2.77 with p-value = 0.429 fails to reject the null that

subjects behave as if maximizing SEU as estimated in Table 11. As such, this experiment
reports evidence that contradicts Ellsberg’s thought experiment.

3.4 Experiment Summary

In Ellsberg’s two-color urn experiment, subjects behave as if the realization of
each uncertain event is equally likely. However, bets on certain events are not preferred
to bets on uncertain events. The data does not support hypothesis 1, Ellsberg’s predicted
preferences.

Hypothesis 2 and 3 are supported. The nonparametric test of the distributions of

preferences between subjects failed to reject the null of hypothesis 2. Choices were
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unaffected by the mechanism used to generate uncertainty. Econometric estimates fail to
reject both hypothesis 3 and neutral attitudes towards uncertainty. Smith was right. Using
a compound objective lottery instead of Ellsberg’s urn would elicit the same preferences,

although in entirely different way than intended.
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CHAPTER 4: QUALITY, IDENTIFICATION, AND UNCERTAINTY

The previous chapter tested the Ellsberg’s (1961) two-color problem using the
uncertain priors model (Neilson 1993, 2009; KMM 2005) and tested the model’s key
assumption, uncertainty aversion. Attitudes towards risk and uncertainty, along with
beliefs were jointly estimated using a structural econometric model. Estimates in chapter
3 demonstrated that (for subjects participating in experiment) behavior is best
characterized by Savage’s (1954) subjective expected utility.

Here, | build upon the chapter 3 and develop an experimental instrument to
identify attitudes towards uncertainty under less abstract conditions and test for separate
attitudes towards two separate uncertain processes. To facilitate the identification of
separate attitudes, subjects completed a series of binary choices using a multiple price list
(MPL) format (Holt and Laury 2002) paying in a branded commaodity where information
possessed by the decision-maker was noisy.

To understand how uncertain processes are at work when evaluating graded
commodities such as online security (Spiekerman, Grossklags, and Berendt (2002),
Berendt, Gunther, and Spiekerman (2005)), food products (Heyes, Shogren, Shin, and
Kliebenstein 1995), or even gem stones, a two-uncertain process UP model is developed
sequentially from the expected utility model. Consider the comparison of two bets, | and
I1. Bet | is a bet on receiving one of two commodities B or C, with known certified (i.e.,

branded) quality (e.g., security) g’,9" G where g¢g'>g’ and objective chances of

winning given by Pr(B) and Pr(C). The second bet, bet II, is a bet on receiving one of

two otherwise identical certified commodities A and D, with objective probabilities
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Pr(A) and Pr(D). When deciding between which bet to choose, the EU decision-maker
evaluates each according to the expected utilities
EU (B,C)=Pr(B)v(B, )+Pr(C)v(C,), (17)
for bet I and
EU (A,D)=Pr(A)v(A,)+Pr(D)v(D, ). (18)
for bet II.
If the commodity qualities are unknown (i.e., generic or not branded), the Savage

(1954) consistent decision-maker evaluates the likelihood each commaodity, A, B, C, and

D, belong to the class of commodities with qualities g’ and g”.?° Given beliefs regarding

each commodity’s quality, preferences would be evaluated by
SEU (B,C)=Pr(B)| 5,¥(By )+ 7a5v(By: ) |
+Pr(C)| 7egv(Cy )+ 7epv(Cy ) |, and (19)
SEU (A,D)=Pr(A)[ mv(A )+ 7V (Ay ) |
+Pr(D)| 7o0V(Dy )+ 7og¥(Dy ) |, (20)
where the = are the subjective beliefs that A, B, C, and D are either g’ or g".

When the decision-maker is unsure of his beliefs, he may form a sets of Ia

subjective distributions that A is g’ or g". Denote the i prior belief :(ﬁAig””Aig”)

and the probabilities over all the I priors p, :(pAl,...,pAIA). Similarly, for B, C, and D,

the decision-maker has prior beliefs n,, n.,, and @ with respective weights pg, p.,

% The experiment designed below uses Coke and Pepsi, “familiar” products, as the experimental metaphor
for more general economic concepts of differentiation.

48



and p, . Extending equations (19) and (20) to account for these prior beliefs, preference

for the Neilson consistent decision-maker are given by

UP(B,C) =3, AU( X, iy s PT(B)V(BL) + e PT(C)V(C,) ) and (21)
UP(AD)=3" piu(zke{g,yg,,} T PHAW(A )+ T Pr(D)v(Dk)), (22)

with 1 =1, xIgxlcxly and p= (pAlpBlp01le’"'pAiApBinCiCpDiD""!pAIApBIBpCIBpDID )

In many instances however, commodities are accompanied by noisy quality
signals. To better understand how noisy reports “change” the UP model in equations (21)
and (22), consider once again the Savage consumer. With such a noisy signal, preferences
can be separated into two component parts: EU if signal is accurate and the SEU given an

inaccurate signal. Assuming the signal that B is g’ and C is g", equation (19) is rewritten

SEU (B,C)=[1-7,]| Pr(B)v(B, )+Pr(C)v(C, )]

2y [Pr (B)| Zogu¥ (By ) + Zagru¥ (B ) |+ Pr(C)] 7egV(Cy )+ eV (Cys )ﬂ ,(23)
where 7, is the belief that the signal is wrong (inaccurate) and thus =, and =, are
beliefs that B and C are g’ or g" give inaccuracy. For the personal belief that the signal
was wrong, the Savage consumer’s beliefs are 7z, =1-7s, and 7., =1-7.., the
consumer’s unconditional beliefs that each brand is not those of the signal, g’ for B and

g’ for C. Equation (20) then becomes

SEU (A,C)=[1-7,]| Pr(A)v(A, )+Pr(D)v(D,.)]

+7,, [Pr(A)[;zAg,lwv(Ag, ) + 7TA9~|WV(A9~ )}
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+Pr(D)[ ZogV(Dy )+ ZogpV (D )ﬂ (24)
with conditional beliefs 7, =1-7,, and =,y =1- ;. for the quality of A and D,

given an inaccurate signal. Equations (23) and (24) can also be extended to account for
uncertain beliefs for signal accuracy. Define a set of priors J for the belief that the

prediction is wrong, 7, , with probabilistic weights 6 =(4,,...,0, ).

Allowing for J signal accuracy beliefs and | quality beliefs, the two processes at

work in the Nielson subject’s preference function can be modeled as