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ABSTRACT.

The reduction of compound lotteries (ROCL) has assumed a central role in the evaluation of
behavior towards risk and uncertainty. We present experimental evidence on its validity in the
domain of objective probabilities. Our experiment explicitly recognizes the impact that the random
lottery incentive mechanism payment procedure may have on preferences, and so we collect data
using both “1-in-1" and “1-in-K” payment procedures, where K>1. We do not find violations of
ROCL when subjects are presented with only one choice that is played for money. However, when
individuals are presented with many choices and random lottery incentive mechanism is used to
select one choice for payoff, we do find violations of ROCL. These results are supported by both
non-parametric analysis of choice patterns, as well as structural estimation of latent preferences. We
find evidence that the model that best describes behavior when subjects make only one choice is the
Rank-Dependent Utility model. When subjects face many choices, their behavior is better
characterized by our source-dependent version of the Rank-Dependent Utility model which can
account for violations of ROCL. We conclude that payment protocols can create distortions in
experimental tests of basic axioms of decision theory.
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The reduction of compound lotteries has assumed a central role in the evaluation of behavior
towards risk, uncertainty and ambiguity. We present experimental evidence on its validity in domains
defined over objective probabilities, as a prelude to evaluating it over subjective probabilities.

Because of the attention paid to violations of the Independence Axiom, it is noteworthy that
early formal concerns with the possibility of a “utility or disutility for gambling” centered around the
Reduction of Compound Lotteries (ROCL) axiom.' Von Neumann and Morgenstern [1953, p. 28]
commented on the possibility of allowing for a (dis)utility of gambling component in their preference

representation:

Do not our postulates introduce, in some oblique way, the hypotheses which bring in the
mathematical expectation [of utility]? More specifically: May there not exist in an
individual a (positive or negative) utility of the mere act of ‘taking a chance,” of gambling,
which the use of the mathematical expectation obliterates? How did our axioms (3:A)-
(3:C) get around this possibility? As far as we can see, our postulates (3:A)-(3:C) do not
attempt to avoid it. Even the one that gets closest to excluding the ‘utility of gambling’ -
(3:C:b)- seems to be plausible and legitimate - unless a much more refined system of
psychology is used than the one now available for the purposes of economics |[...] Since
(3:A)-(3:C) secure that the necessary construction [of utility] can be carried out, concepts
like a ‘specific utility of gambling’ cannot be formulated free of contradiction on this
level.

On the very last page of their magnus opus, von Neumann and Morgenstern [1953; p. 632] propose that if
their postulate (3:C:b), which is the ROCL, is relaxed, one could indeed allow for a specific utility for the
act of gambling:

It seems probable, that the really critical group of axioms is (3:C) - or, more specifically,

the axiom (3:C:b). This axiom expresses the combination rule for multiple chance

alternatives, and it is plausible, that a specific utility or disutility of gambling can only
exist if this simple combination rule is abandoned. Some change of the system [of

! "The issue of the (dis)utility of gambling goes back at least as far as Pascal, who argued in his Pensées
that “people distinguish between the pleasure or displeasure of chance (uncertainty) and the objective
evaluation of the worth of the gamble from the perspective of its consequences” (see Luce and Marley [2000;
p. 102]). Referring to the ability of bets to elicit beliefs, Ramsey [1920] claims that “[t|his method I regard as
fundamentally sound; but it suffers from being insufficiently general, and from being necessarily inexact. It is
inexact partly [...] because the person may have a special eagerness or reluctance to bet, because he either
enjoys or dislikes excitement or for any other reason, e.g. to make a book. The difficulty is like that of
separating two different cooperating forces” (from the reprint in Kyburg and Smokler [1964; p. 73]).
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axioms] (3:A)-(3:B), at any rate involving the abandonment or at least a radical

modification of (3:C:b), may perhaps lead to a mathematically complete and satisfactory

calculus of utilities which allows for the possibility of a specific utility or disutility of

gambling. It is hoped that a way will be found to achieve this, but the mathematical

difficulties seem to be considerable.

Thus, the relaxation of the ROCL axiom opens the door to the possibility of having a distinct
(dis)utility for the act of gambling with objective probabilities.” Fellner [1961][1963] and Smith [1969]
used similar reasoning to offer an explanation for several of the Ellsberg [1961] paradoxes.

This argument rests on the hypothesis that subjects potentially view simple and compound
random processes differently. If this hypothesis is true, it could explain why people prefer risky over
ambiguous gambles in the thought experiments of Ellsberg [1961]. Fellner [1961][1963] and Smith
[1969] believed that if a subject could exhibit utility or disutility of gambling she may also use different
utility functions to make decisions under different processes. Smith [1969] went further and explicitly
conjectured that a compound lottery defined over oljective probabilities, and its actuarially-equivalent
lottery over objective probabilities, might be viewed by decision makers as two different random
processes. In fact, he proposed a preference representation that allowed people to have different utility
functions for different random processes. We use this conjectured preference representation to test for
violations of ROCL.

One fundamental methodological problem with tests of the ROCL assumption, whether or not
the context is objective or subjective probabilities, is that one cannot use incentives for decision makers

that rely on the validity of ROCL. This means, in effect, that experiments must be conducted in which a

subject has one, and only one, choice.” Apart from the expense and time of collecting data at such a

2 Of course, it is of some comfort to the egos of modern theorists that no less than von Neumann
and Morganstern at least viewed it as a serious mathematical challenge.

? One alternative is to present the decision maker with several tasks at once and evaluate the portfolio
chosen, or to present the decision maker with several tasks in sequence and account for wealth effects.
Neither is attractive, since they each raise a number of (fascinating) theoretical confounds to the interpretation
of observed behavior. One uninteresting alternative is not to pay the decision maker for the outcomes of the
task.
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pace, this also means that all evaluations have to be on a between-subjects basis, implying the necessity
of modeling assumptions about heterogeneity in behavior.

In sections 1 and 2 we define the theory and experimental tasks used to examine ROCL in the
context of objective probabilities. In section 3 and 4 we present evidence from our experiment. We find
no violations of ROCL when subjects are presented with one and only one choice, and that their behavior
is better characterized by the Rank-Dependent Utility model (RDU) rather than Expected Utility Theory
(EUT). However, we do find violations of ROCL when many choices are given to each subject and the
random lottery incentive mechanism (RLIM) is used as the payment protocol. Under RLIM, behavior is
better characterized by our source-dependent version of RDU that can account for violations of ROCL.

Section 5 draws conclusions for modeling, experimental design, and inference about decision making.

1. Theory

A. Basic Axioms

Following Segal [1988][1990][1992], we distinguish between three axioms. In words, the
Reduction of Compound Lotteries axiom states that a decision-maker is indifferent between a
compound lottery and the actuarially-equivalent simple lottery in which the probabilities of the two
stages of the compound lottery have been multiplied out. To use the language of Samuelson [1952;
p.671], the former generates a compound income-probability-situation, and the latter defines an associated incomse-
probability-situation, and that “...only algebra, not human behavior, is involved in this definition.”

To state this more explicitly, with notation to be used to state all axioms, let X, Y and Z denote
simple lotteries, A and B denote compound lotteries, > express strict preference, and ~ express
indifference. Then the ROCL axiom says that A ~ X if the probabilities and prizes in X are the
actuarially-equivalent probabilities and prizes from A. Thus if A is the compound lottery that pays

“double or nothing” from the outcome of the lottery that pays $10 if a coin flip is a head and $2 if the

3.



coin flip is a tail, then X would be the lottery that pays $20 with probability V2X"2 = V4, $4 with
probability /2X"2 = V4, and nothing with probability /2. From an observational perspective, one must
see choices between compound lotteries and actuarially-equivalent simple lotteries to test ROCL.

The Compound Independence Axiom (CIA) states that two compound lotteries, each formed
from a simple lottery by adding a positive common lottery with the same probability, will exhibit the
same preference ordering as the simple lotteries. This is a statement that the ordering of the two
constructed compound lotteries will be the same as the ordering of the different simple lotteries that
distinguish the compound lotteries, provided that the common prize in the compound lotteries is the
same and has the same (compound lottery) probability. It says nothing about how the compound
lotteries are to be evaluated, and in particular 7 does not assume ROCL. It only restricts the preference
ordering of the two constructed compound lotteries to match the preference ordering of the original simple
lotteries.

The CIA says that if A is the compound lottery giving the simple lottery X with probability o
and the simple lottery Z with probability (1-«), and B is the compound lottery giving the simple lottery Y
with probability a and the simple lottery Z with probability (1-«), then A > Biff X > Y V « € (0,1). The
construction of the two compound lotteries A and B has the “independence axiom” cadence of the
common prize Z with a common probability (1-«), but the implication is only that the ordering of the
compound and constituent simple lotteries are the same.*

Finally, the Mixture Independence Axiom (MIA) says that the preference ordering of two

simple lotteries must be the same as the actuarially-equivalent simple lottery formed by adding a

* For example, Segal [1992; p.170] defines the CIA by assuming that the second-stage lotteries are
replaced by their certainty-equivalent, “throwing away” information about the second-stage probabilities
before one examines the first-stage probabilities at all. Hence one cannot then define the actuarially-equivalent
simple lottery, by construction, since the informational bridge to that calculation has been burnt. The
certainty-equivalent could have been generated by any model of decision making under risk, such as RDU or
Prospect Theory.
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common outcome in a compound lottery of each of the simple lotteries, where the common outcome
has the same value and the same (compound lottery) probability. So stated, it is clear that the MIA
strengthens the CIA by making a definite statement that the constructed compound lotteries are to be
evaluated in a way that is ROCL-consistent. Construction of the compound lottery in the MIA is
actually implicit: the axiom only makes observable statements about two pairs of simple lotteries. To
restate Samuelson’s point about the definition of ROCL, the experimenter testing the MIA could have
constructed the associated income-probability-situation without knowing the risk preferences of the
individual (although the experimenter would need to know how to multiply).

The MIA says that X > Y iff the actuarially-equivalent simple lottery of aX + (1-a))Z is strictly
preferred to the actuarially-equivalent simple lottery of aY + (1-0)Z, V o € (0,1). The verbose language
used to state the axiom makes it clear that MIA embeds ROCL into the usual independence axiom
construction with a common prize Z and a common probability (1-a) for that prize.

The reason these three axioms are important is that the failure of MIA does not imply the failure
of CIA and ROCL. It does imply the failure of one or the other, but it is far from obvious which one.
Indeed, one could imagine some individuals or task domains where only CIA might fail, only ROCL
might fail, or both might fail. Because specific types of failures of ROCL lie at the heart of many
important models of decision-making under uncertainty and ambiguity, it is critical to keep the axioms

distinct as a theoretical and experimental matter.

B. Experimental Payment Protocols

Turning now to experimental procedures, as a matter of theory the most popular payment
protocol assumes the validity of MIA. This payment protocol is called the Random Lottery Incentive
Mechanism (RLIM). It entails the subject undertaking K>1 tasks and then one of the K choices being

selected at random to be played out. Typically, and without loss of generality, assume that the selection
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of the k™ task to be played out uses a uniform distribution over the K tasks. Since the other K-1 tasks
will generate a payoff of zero, the payment protocol can be seen as a compound lottery that assigns
probability « = 1/K to the selected task and (1-a) = (1-(1/K)) to the other K-1 tasks as a whole. If the
task consists of binary choices between simple lotteries X and Y, then the RLIM can be immediately
seen to entail an application of MIA, where Z = U($0) and (1-o) = (1-(1/K)), for the utility function
U("). Hence, under MIA, the preference ordering of X and Y is independent of all of the choices in the
other tasks (Holt [1980]).

The need to assume the MIA can be avoided by setting K=1, and asking each subject to answer
one binary choice task for payment. Unfortunately, this comes at the cost of another assumption if one
wants to compare choice patterns over two simple lottery pairs, as in most of the popular tests of EUT
such as the Allais Paradox and Common Ratio test: the assumption that risk preferences across subjects
are the same. This is a strong assumption, obviously, and one that leads to inferential tradeoffs in terms
of the “power” of tests of EUT relying on randomization that will vary with sample size. Sadly, plausible
estimates of the degree of heterogeneity in the typical population imply massive sample sizes for
reasonable power, well beyond those of most experiments.

The assumption of homogeneous preferences can be diluted, however, by changing it to a
conditional form: that risk preferences are homogeneous conditional on a finite set of observable
characteristics.” Although this sounds like an econometric assumption, and it certainly has statistical
implications, it is as much a matter of (operationally meaningful) theory as formal statements of the

CIA, ROCL and MIA.

> Another way of diluting the assumption is to posit some (flexible) parametric form for the
distribution of risk attitudes in the population, and use econometric methods that allow one to estimate the
extent of that unobserved heterogeneity across individuals. Tools for this “random coefficients’ approach to
estimating non-linear preference functionals are developed in Andersen, Harrison, Hole, Lau and Rutstrom
[2010].

6



2. Experiment

A. Lottery Parameters

We designed our battery of lotteries to allow for specific types of comparisons needed for testing
ROCL. Beginning with a given sizple (S) lottery and compound (C) lottery, we next create an actuarially-
equivalent (AE) lottery from the C lottery, and then we construct three pairs of lotteries: a S-C pair, a S-
AE pair, and an AE-C pair. By repeating this process 15 times, we create a battery of lotteries consisting
of 15 S-C pairs shown in Table B2, 15 S-AE pairs shown in Table B3, and 10 AE-C pairs® shown in
Table B4. See Appendix B for additional information regarding the creation of these lotteries.

Figure 1 displays the coverage of lotteries in the Marschak-Machina triangle, covering all of the
contexts used.” Probabilities were drawn from 0, V4, Y2, % and 1, and the final prizes from $0, $10, $20,
$35 and $70. We use the familiar “Double or Nothing” (DON) procedure for creating compound
lotteries. So, the first-stage prizes displayed in a compound lottery were drawn from $5, $10, $17.50 and
$35, and then the second-stage DON procedure yields the set of final prizes given above.

The majority of our compound lotteries use a conditional version of DON in the sense that the
initial lottery will trigger the double or nothing option that the subject will face only if a particular
outcome is realized in the initial lottery. For example, consider the compound lottery formed by an
initial lottery that pays $10 and $20 with equal probability and the option of playing DON if the
outcome of the initial lottery is $10, implying a payoff of $20 or $0 with equal chance 7f #he DON stage is
reached. 1f the initial outcome is $20, there is no DON option beyond that. The right panel of Figure 2
shows a tree representation of the latter compound lottery where the initial lottery is depicted in the first

stage and the DON lottery is depicted in the second stage of the compound lottery if reached. The left

% The lottery battery contains only 10 AE-C lottery pairs because some of the 15 S-C lottery pairs
shared the same compound lottery.

’ Decision screens were presented to subjects in color. Black borders were added to each pie slice in
Figures 1, 2 and 3 to facilitate black-and-white viewing.
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panel of Figure 2 shows the corresponding actuarially-equivalent simple lottery which offers $20 with
probability %4 and $0 with probability Y.

The conditional DON lottery allows us to obtain good coverage in terms of prizes and
probabilities and to maintain a simple random processes for the initial lottery and the DON option. One
can construct a myriad of compound lotteries with only two components: (1) initial lotteries that pay
two outcomes with 50:50 odds or pay a given stake with certainty; and (2) a conditional DON which
pays double a predetermined amount with 50% probability or nothing with equal chance. Using only the
unconditional DON option would impose an @ priori restriction on the coverage within the Marschak-

Machina triangle.

B. Experimental Procedures

We implement two between-subjects treatments. We call one treatment “Pay 1-in-1" (1-in-1)
and the other “Pay 1-in-40” (1-in-40). Table 1 summarizes our experimental design and the sample size
of subjects and choices in each treatment.

In the 1-in-1 treatment, each subject faces a single choice over two lotteries. The lottery pair presented
to each subject is randomly selected from the battery of 40 lottery pairs. The lottery chosen by the
subject is then played out and the subject receives the realized monetary outcome. There are no other
salient tasks, before or after a subject’s binary choice, that affect the outcome. Further, there is no other
activity that may contribute to learning about decision making in this context.

In the 1-in-40 treatment, each subject faces choices over all 40 lottery pairs, with the order of the
pairs randomly shuffled for each subject. After all choices have been made, one choice is randomly
selected for payment using the RLIM, with each choice having a 1-in-40 chance of being selected. The
selected choice is then played out and the subject receives the realized monetary outcome, again with no

other salient tasks. This treatment is potentially different from the 1-in-1 treatment in the absence of
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ROCIL, since the RLIM induces a compound lottery consisting of a 1-in-40 chance for each of the 40
chosen lotteries to be selected for payment.

The general procedures during an experiment session were as follows. Upon arrival at the
laboratory, each subject drew a number from a box which determined random seating position within
the laboratory. After being seated and signing the informed consent document, subjects were given
printed instructions and allowed sufficient time to read these instructions®. Once subjects had finished
reading the instructions, an experimenter at the front of the room read aloud the instructions, word for
word. Then the randomizing devices” were explained and projected onto the front screen and three large
flat-screen monitors spread throughout the laboratory. The subjects were then presented with lottery
choices, followed by a non-salient demographic questionnaire that did not affect final payoffs. Next,
each subject was approached by an experimenter who would provide dice so for the subject to roll and
determine her own payoff. If a DON stage was reached, a subject would flip a U.S. quarter dollar coin
to determine the final outcome of the lottery. Finally, subjects then left the laboratory and were privately
paid their earnings: a $7.50 participation payment in addition to the monetary outcome of the realized
lottery.

We used software created in Visual Basic NET to present lotteries to subjects and record their
choices. Figure 3 shows an example of the subject display of an AE-C lottery pair. The first and second
stages of the compound lottery, like the one depicted in Figure 2, are presented as an initial lottery,
represented by the pie on the right of Figure 3, that has a DON option identified by text. The pie chart
on the left of Figure 3 shows the AE lottery of the paired C lottery on the right. Figure 4 shows an

example of the subject display of a S-C lottery pair, and Figure 5 shows an example of the subject

® Appendix A provides complete subject instructions.

? Only physical randomizing devices were used, and these devices were demonstrated prior to any
decisions. In the 1-in-40 treatment, two 10-sided dice were rolled by each subject until a number between 1
and 40 came up to select the relevant choice for payment. Subjects in both treatments would roll the two 10-
sided dice (a second roll in the case of the 1-in-40 treatment) to determine the outcome of the chosen lottery.
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display of a S-AE lottery pair.

C. Evaluation of Hypotheses

If the subjects in both treatments have the same risk preferences and behavior is consistent with
ROCL, we should see the same pattern of decisions for comparable lottery pairs across the two
treatments. The same pattern should also be observed as one characterizes heterogeneity of individual
preferences towards risk, although these inferences depend on the validity of the manner in which
heterogeneity is modeled.

Nothing here assumes that behavior is characterized by EUT. The validity of EUT requires both
ROCL and CIA, and the validity of ROCL does not imply the validity of CIA. So when we say that risk
preferences should be the same in the two treatments under ROCL, these are simply statements about
the Arrow-Pratt risk premium, and not about how that is decomposed into explanations that rely on
diminishing marginal utility or probability weighting. We later analyze the decomposition of the risk
premium as well as the nature of any violation of ROCL.

Our method of evaluation is twofold. First, we use non-parametric tests to evaluate the choice
patterns of subjects. Our experimental design allows us to evaluate ROCL using choice patterns in two
ways: (1) directly examine choice patterns in AE-C lottery pairs where ROCL predicts indifference; and
(2) examine the choice patterns across the linked S-C and S-AE lottery pairs. We have 15 tests, one for
each linked pair of lottery pairs, as well as a pooled test over all 15 pairs of pairs. We are agnostic as to
the choice pattern itself: if subjects have a clear preference for S over C in a given lottery pair, then
under ROCL we should see the same preference for the identical S over the AE in the linked lottery
pair.

For our second method of evaluation of ROCL, we estimate structural models of risk

preferences and test if the risk preference parameters depend on whether a C or an AE lottery is being
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evaluated. This method does not assume EUT, and indeed we allow non-EUT specifications. We
specify a source-dependent form of utility and probability weighting function and test for violations of
ROCL by determining if the subjects evaluate simple and compound lotteries differently.

In both of our methods of evaluation of ROCL, we use data from the 1-in-1 treatment and the
1-in-40 treatment which uses RLIM as the payment protocol. Of course, analysis of the data from the 1-
in-40 treatment requires us to assume incentive compatibility with respect to the experiment payment
protocol. However, by also analyzing choices from the 1-in-1 treatment we can test if the RLIM itself
creates distortions that could be confounded with violations of ROCL. We conclude with discussion of

the relative advantages and disadvantages of the econometric tests and the choice pattern tests.

3. Non-Parametric Analysis of Choice Patterns

A. Choice Patterns Where ROCL Predicts Indifference

The basic prediction of ROCL is that subjects who satisfy the axiom are indifferent between a
compound lottery and its actuarially-equivalent lottery. We analyze the observed responses from subjects
who were presented with any of the 10 pairs that contained both a C lottery and its AE lottery." First,
we study the responses from the 32 subjects who were presented with an AE-C pair in 1-in-1 treatment.
Then, we study the 620 responses from the 62 subjects who each were presented with all of the 10 AE-
C pairs in the 1-in-40 treatment.

We analyze the data separately because, in contrast to the 1-in-40 treatment, any conclusion
drawn from the 1-in-1 treatment do not depend on the incentive compatibility of the RLIM. We want to
control for the possibility that the observed choice patterns in the 1-in-40 treatment are affected by this

payment protocol.'' By analyzing data from the 1-in-1 treatment only, we avoid any possible confounds

19 These are pairs 31 through 40 of Table B4.
""" An additional consideration is that our interface did not allow expression of indifference, so we test
for equal proportions of expressions of strict preference. Even if we had allowed direct expression of
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created by the RLIM.

Our null hypothesis is that subjects behave according to ROCL. ROCL predicts that a subject is
indifferent between a C lottery and its paired AE lottery, and therefore we should observe equiprobable
response proportions between C and AE lotteries in our 10 AE-C pairs. ROCL is violated if, for a given
AE-C lottery pair, we observe that the proportion C lottery choices is significantly different from the
proportion of AE lottery choices.

We do not find statistical evidence to reject the basic ROCL prediction of indifference in the 1-
in-1 treatment, although we do find statistical evidence to support violations of ROCL in the 1-in-40
treatment. Thus, giving many lottery pairs to individuals azd using the RLLIM to select one choice at
random for payoff create distortions in the individual decision-making process that can be confounded

with violations of ROCL.

Analysis of Data from the 1-in-1 Treatment. We use a generalized version of the Fisher Exact

test to jointly test the null hypothesis that the proportion of subjects who chose the C lottery over the
AE lottery in each of the AE-C lottery pairs are the same, as well as the Binomial Probability test to
evaluate our null hypothesis of equiprobable choice in each of the AE-C lottery pairs.

We do not observe statistically significant violations of the ROCL indifference prediction in the
1-in-1 treatment. Table 2 presents the generalized Fisher Exact test for all AE-C lottery pair choices, and
the test’s p-value of 0.342 provides support for the null hypothesis. We see from this test that the
proportions are the same across pairs. We now use a series of Binomial Probability tests to see if the
proportions are different from 50%. Table 3 shows the Binomial Probability test applied individually to

each of the AE-C lottery pairs for which we have observations. We see no evidence to reject the null

indifference, we have no way of knowing if subjects were in fact indifferent but preferred to use their own
randomizing device (in their heads). The same issue confronts tests of mixed strategies in strategic games.
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hypothesis that subjects chose the C and the AE lotteries in equal proportions, as all p-values are
insignificant at any reasonable level of confidence. The results of both of these tests suggest that ROCL

is satisfied in the 1-in-1 treatment.

Analysis of Data from the 1-in-40 Treatment The strategy to test the ROCL prediction of

indifference in this treatment is different from the one used in the 1-in-1 treatment, given the repeated
measures we have for each subject in the 1-in-40 treatment. We now use the Cochran Q) test to evaluate
whether the proportion of subjects who choose the C lottery is the same in each of the 10 AE-C lottery
pairs.'” A significant difference of proportions identified by this test is sufficient to reject the null
prediction of indifference.” Of course, an insignificant difference of proportions would require us to
additionally verify that the common proportion across pairs the pairs is indeed 50% before we fail to
reject the null hypothesis of indifference.

We observe an overall violation of the ROCL indifference prediction in the 1-in-40 treatment.
Table 4 reports the results of the Cochran Q test, as well as summary statistics of the information used
to conduct the test. The Cochran Q) test yields a p-value of less than 0.0001, which strongly suggests
rejection of the null hypothesis of equiprobable proportions. We conclude, for at least for one of the
AE-C lottery pairs, that the proportion of subjects who chose the C lottery is not equal to 50%. This
result is a violation of ROCL and we cannot claim that subjects satisfy ROCL and choose at random in

all of the 10 AE-C lottery pairs in the 1-in-40 treatment.

"2 The Binomial Probability test is inappropriate in this setting, as it assumes independent
observations. Obviously, observations are not independent when each subject makes 40 choices in this
treatment.

" For example, suppose there were only 2 AE-C lottery pairs. If the Cochran Q test finds a
significant difference, we conclude that the proportion of subjects choosing the C lottery is not the same in
the two lottery pairs. Therefore, even if the proportion for one of the pairs was truly equal to 50%, the test
result would imply that the other proportion is not statistically equal to 50%, and thus indifference fails.
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B. Choice Patterns Where ROCL Predicts Consistent Choices

Suppose a subject is presented with a given S-C lottery pair, and further assume that she prefers
the C lottery over the S lottery. If the subject satisfies ROCL and is separately presented with a second
pair of lotteries consisting of the same S lottery and the AE lottery of the previously-presented C lottery,
then she would prefer and should choose the AE lottery. Similarly, of course, if she instead prefers the S
lottery when presented separately with a given S-C lottery pair, then she should choose the S lottery
when presented with the corresponding S-ARE lottery pair.

Recall that each of the 15 S-C lottery pairs in Table B2 has a corresponding S-AE pair in Table
B3. Therefore, we can construct 15 comparisons of lottery pairs that constitute 15 consistency tests of
ROCL. In the 1-in-40 treatment we again must assume that the RLIM is incentive compatible, and we
again use data from the 1-in-1 treatment to control for possible confounds created by the RLIM. We
must now assume homogeneity in risk preferences for the analysis of behavior in the 1-in-1 treatment,
since we are making across-subject comparisons. However, in the next section we will present
econometric analysis which allows for heterogeneity in risk preferences and test if a violation of the
homogeneity assumption is confounded with a violation of ROCL.

Our hypothesis is that a given subject chooses the S lottery when presented with the S-C lottery
pair if and only if the same subject also chooses the S lottery when presented with the corresponding S-
AE lottery pair."* Therefore, ROCL is satisfied if we observe that the proportion of subjects who choose
the S lottery when presented with a S-C pair is equal to the proportion of subjects who choose the S
lottery when presented with the corresponding S-AE pair. Conversely, ROCL is violated if we observe
unequal proportions of choosing the S lottery across a S-C pair and linked S-AE pair.

We do not find evidence to reject the consistency in patterns implied by ROCL in the 1-in-1

' Notice that this is equivalent to stating the null hypothesis using the C and AE lotteries. We chose
to work with the S lottery for simplicity.
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treatment, while we do find evidence of violations of ROCL in the 1-in-40 treatment. As in the case of
the ROCL indifference prediction, we conclude that giving many lottery pairs to individuals and using
the RLIM to select one choice at random for payoff create distortions in the individual choice making

process that can be confounded with violations of ROCL.

Analysis of Data from the 1-in-1 Treatment We use the Cochran-Mantel-Haenszel (CMH) test

to test the joint hypothesis that in all of the 15 paired comparisons, subjects choose in the same
proportion the S lottery when presented with the S-C lottery pair and its linked S-AE lottery pair." If
the CMH test rejects the null hypothesis, then we interpret this as evidence of overall ROCL-
inconsistent observed behavior. We also use the Fisher Exact test to evaluate individually the
consistency predicted by ROCL in each of the 15 linked comparisons of S-C pairs and S-AE pairs for
which we have enough data to conduct the test.

We do not reject the ROCL consistency prediction. The CMH test does not reject the joint null
hypothesis that the proportion of subjects chose the S lottery when they were presented with any given
S-C pair is equal to the proportion of subjects that chose the S lottery when they were presented with
the corresponding S-AE pair. The y*-statistic for the CMH test with the continuity correction'® is equal
to 2.393 with a corresponding p-value of 0.122. Similarly, the Fisher Exact tests presented in Table 5
show only in one comparison the p-value is less than 0.05. These results suggest that the ROCL
consistency prediction holds in the 1-in-1 treatment. However, as we

mentioned previously, this conclusion relies on the assumption of homogeneity in preferences.

"> The proportion of subjects who choose the S lottery when presented with a S-C pair, or its paired
S-AE lottery pair, has to be equal within each paired comparison, but can differ across comparisons. More
formally, the CMH test evaluates the null hypothesis that the odds ratio of each of the 15 contingency tables
constructed from the 15 paired comparisons are jointly equal to 1.

' We follow Li, Simon and Gart [1979] and use the continuity correction to avoid possible
misleading conclusions from the test in small samples.
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Analysis of Data from the 1-in-40 Treatment We use the Cochran Q test coupled with the

Bonferroni-Dunn (B-D) correction procedure'” to test the hypothesis that subjects choose the S lottery
in the same proportion when presented with linked S-C and S-AE lottery pairs. The B-D procedure
takes into account repeated comparisons and allows us to maintain a familywise error rate across the 15
paired comparisons of S-C and S-AE lottery pairs.

We find evidence to reject the ROCL consistency prediction. Table 6 shows the results of the B-
D method" for each of the 15 paired comparisons. Table 6 provides evidence that with a 5% familywise
error rate, subjects choose the S lottery in different proportions across linked S-C lottery pairs and S-AE
lottery pairs in two comparisons: Pair 1 vs. Pair 16 and Pair 3 vs. Pair 18. This implies that the ROCL
prediction of consistency is rejected in 2 of our 15 consistency comparisons.

We are also interested in studying the patterns of violations of ROCL. A pattern inconsistent
with ROCL would be subjects choosing the S lottery when presented with a given S-C lottery pair, but
switching to prefer the AE lottery when presented with the matched S-AE pair. We construct 2 X 2
contingency tables that show the number of subjects in any given matched pair who exhibit each of the
four possible choice patterns: (i) always choosing the S lottery; (ii) choosing the S lottery when presented
with a S-C pair and switching to prefer the AE lottery when presented with the matched S-AE pair; (iii)

choosing the C lottery when presented with a S-C pair and switching to prefer the S lottery when

"The B-D method is a post-hoc procedure that is conducted after calculating the Cochran Q test. The
first step is to conduct the Cochran Q) test to evaluate the null hypothesis that the proportions of individuals
who choose the S lottery is the same in all 15 S-C and 15 S-AE linked lottery pairs. If this null is rejected the
B-D method involves calculating a critical value d that takes into account all the information of the 30 lottery
pairs. The B-D method allows us to test the statistical significance of the observed difference between
proportions of subjects who choose the S lottery in any given paired comparison. Define p, as the proportion
of subjects who choose the S lottery when presented with a given S-AE lottery pair. Similarly, define p, as the
proportion of subjects who chose the S lottery in the paired S-C lottery pair. The B-D method rejects the null
hypothesis that p,=p, if |p,-p,|> d. In this case we would conclude that the observed difference is statistically
significant. This is a more powerful test than conducting individual tests for each paired comparison because
the critical value 4 takes into account the information of all 15 comparisons. See Sheskin [2004; p. 871] for
further details of the B-D method.

' The Cochran Q test rejected its statistical null hypothesis y* statistic 448.55, 29 degrees of freedom
and p-value<0.0001.
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presented with the matched S-AE; and (iv) choosing the C lottery when presented with the S-C lottery
and preferring the AE lottery when presented with the matched S-AE.

Since we have paired observations, we use the McNemar test to evaluate the null hypothesis of
equiprobable occurrences of discordant choice patterns (ii) and (iii) within each set of matched pairs.
We find a statistically significant difference in the number of (if) and (iif) choice patterns within 4 of the
15 matched pairs. Table 7 reports the exact p-values for the McNemar test. The McNemar test results in
p-values less than 0.05 in four comparisons: Pair 1 vs. Pair 16, Pair 3 vs. Pair 18, Pair 10 vs. Pair 25 and
Pair 13 vs. Pair 28."” Moreover, the odds ratios of the McNemar tests suggest that the predominant
switching pattern is choice pattern (iii): subjects tend to switch from the S lottery in the S-AE pair to the
C lottery in the S-C pair. The detailed contingency tables for these 4 matched pairs show that the

number of choices consistent with pattern (iii) is considerably greater than the number of choices

consistent with (ii).

4. Estimated Preferences from Observed Choices
We now estimate preferences from observed choices, and evaluate whether behavior is

consistent with ROCL. Additionally, we test for a treatment effect to determine the impact of RLIM on

preferences.

A. Econometric Specification
Assume that utility of income is defined by
U®) =x""7/(1-1) 1)

where x is the lottery prize and r#1 is a parameter to be estimated. For r=1 assume U(x)=In(x) if needed.

' These violations of ROCL are also supported by the B-D procedure if the familywise error rate is
set to 10%.
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Thus r is the coefficient of CRRA: r=0 corresponds to risk neutrality, r<O0 to risk loving, and >0 to risk
aversion. Let there be | possible outcomes in a lottery, and denote outcome j€] as X;. Under EUT the
probabilities for each outcome Xi, p(xi), are those that are induced by the experimenter, so expected
utility is simply the probability weighted utility of each outcome in each lottery i:
EU; = Zi:u [ p(x) X U(x) |. @
The EU for each lottery pair is calculated for a candidate estimate of r, and the index
VEU = EUg - EU, 3)
is calculated, where EU; is the “left” lottery and EUy is the “right” lottery as presented to subjects. This
latent index, based on latent preferences, is then linked to observed choices using a standard cumulative
normal distribution function ®(VEU). This “probit” function takes any argument between o and
transforms it into a number between 0 and 1. Thus we have the probit link function,
prob(choose lottery R) = ®(VEU) 4
Even though this “link function” is common in econometrics texts, it forms the critical statistical link
between observed binary choices, the latent structure generating the index VEU, and the probability of
that index being observed. The index defined by (3) is linked to the observed choices by specifying that
the R lottery is chosen when @ (VEU)>"%, which is implied by (4).

The likelihood of the observed responses, conditional on the EUT and CRRA specifications
being true, depends on the estimates of r given the above statistical specification and the observed
choices. The “statistical specification” here includes assuming some functional form for the cumulative
density function (CDF). The conditional log-likelihood is then

In L(r; y, X) = Y, [ (ln DVEU)xI(y, = 1)) + (In (1-DTEU) XLy, = ~1)) ] ©)
where I(") is the indicator function, y; =1(-1) denotes the choice of the right (left) lottery in risk aversion
task 1, and X is a vector of individual characteristics reflecting age, sex, race, and so on.

Harrison and Rutstrom [2008; Appendix F] review procedures that can be used to estimate
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structural models of this kind, as well as more complex non-EUT models, with the goal of illustrating
how to write explicit maximum likelihood (ML) routines that are specific to different structural choice
models. It is a simple matter to correct for multiple responses from the same subject (“clustering”), if
needed.

It is also a simple matter to generalize this ML analysis to allow the core parameter r to be a
linear function of observable characteristics of the individual or task. We extend the model to be r = 1, +
RXX, where 1, is a fixed parameter and R is a vector of effects associated with each characteristic in the
variable vector X. In effect, the unconditional model assumes r = , and estimates r,. This extension
significantly enhances the attraction of structural ML estimation, particularly for responses pooled over
different subjects and treatments, since one can condition estimates on observable characteristics of the
task or subject.

In our case we also extend the structural parameter to take on different values for the lotteries
presented as compound lotteries. That is, (1) applies to the evaluation of utility for all simple lotteries
and a different CRRA risk aversion coefficient r + rc applies to compound lotteries, where rc captures
the additive effect of evaluating a compound lottery. Hence, for compound lotteries, the decision maker
employs the utility function

U(x | compound lottery ) = x"™9/(1-r-rc) (1"
instead of (1), and we would restate (1) as
U(x | simple lottery ) = x"/(1-1) 1"
for completeness. Specifying preferences in this manner provide us with a structural test for ROCL. If rc
= 0 then this implies that compound lotteries are evaluated identically to simple lotteries, which is
consistent with ROCL. However, if rc # 0, as conjectured by Smith [1969] for objective and subjective

compound lotteries, then, decision-makers violate ROCL in a certain source-dependent manner, where
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the “source” here is whether the lottery is simple or compound.” As stressed by Smith [1969], rc # 0 for
subjective lotteries provides a direct explanation for the Ellsberg Paradox, but is much more readily tested
on the domain of objective lotteries. Of course, the linear specification r + rc is a parametric
convenience, but the obvious one to examine initially.

An important extension of the core model is to allow for subjects to make some bebavioral errors.
The notion of error is one that has already been encountered in the form of the statistical assumption
that the probability of choosing a lottery is not 1 when the EU of that lottery exceeds the EU of the
other lottery. This assumption is clear in the use of a non-degenerate link function between the latent
index VEU and the probability of picking a specific lottery as given in (4). If there were no errors from
the perspective of EUT, this function would be a step function: zero for all values of VEU<O0, anywhere
between 0 and 1 for VEU=0, and 1 for all values of VEU>0.

We employ the error specification originally due to Fechner and popularized by Hey and Orme
[1994]. This error specification posits the latent index

VEU = (EUy - EU))/p 3"

instead of (3), where y is a structural “noise parameter” used to allow some errors from the perspective
of the deterministic EUT model. This is just one of several different types of error story that could be
used, and Wilcox [2008] provides a masterful review of the implications of the alternatives.”’ As u~0 this

specification collapses to the deterministic choice EUT model, where the choice is strictly determined by

0 Abdellaoui, Baillon, Placido and Wakker [2011] conclude that different probability weighting
functions are used when subjects face risky processes with known probabilities and uncertain processes with
subjective processes. They call this “source dependence,” where the notion of a source is relatively easy to
identify in the context of an artefactual laboratory experiment, and hence provides the tightest test of this
proposition. Harrison [2011] shows that their conclusions are an artefact of estimation procedures that do not
take account of sampling errors. A correct statistical analysis that does account for sampling errors provides
no evidence for source dependence using their data. Of course, failure to reject a null hypothesis could just be
due to samples that are too small.

*! Some specifications place the error at the final choice between one lottery or after the subject has
decided which one has the higher expected utility; some place the error eatlier, on the comparison of
preferences leading to the choice; and some place the error even eatlier, on the determination of the expected
utility of each lottery.
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the EU of the two lotteries; but as p gets larger and larger the choice essentially becomes random. When
u=1 this specification collapses to (3), where the probability of picking one lottery is given by the ratio
of the EU of one lottery to the sum of the EU of both lotteries. Thus u can be viewed as a parameter
that flattens out the link functions as it gets larger.

An important contribution to the characterization of behavioral errors is the “contextual error”
specification proposed by Wilcox [2011]. It is designed to allow robust inferences about the primitive
“more stochastically risk averse than,” and posits the latent index

VEU = ((EU, - EU,)/v)/p 3"
instead of (3), where v is a new, normalizing term for each lottery pair L and R. The normalizing term v
is defined as the maximum utility over all prizes in this lottery pair minus the minimum utility over all
prizes in this lottery pair. The value of v varies, in principle, from lottery choice pair to lottery choice
pair: hence it is said to be “contextual.” For the Fechner specification, dividing by v ensures that the
normalized EU difference [(EUg — EU,)/v] remains in the unit interval for each lottery pair. The term v
does not need to be estimated in addition to the utility function parameters and the parameter for the
behavioral error term, since it is given by the data and the assumed values of those estimated parameters.

The specification employed here is the source-dependent CRRA utility function from (1) and
(1), the Fechner error specification using contextual utility from (3”), and the link function using the
normal CDF from (4). The log-likelihood is then

In Lz, re, 15 v, X) = Y, [ (In OVEU)XI(y, = 1)) + (ln (1-OFEU)XI(y, = ~1) ] (5"
and the parameters to be estimated are r, rc and p given observed data on the binary choices y and the
lottery parameters in X.

It is possible to consider more flexible utility functions than the CRRA specification in (1), but

that is not essential for present purposes. We do, however, consider extensions of the EUT model to

allow for rank-dependent decision-making under Rank-Dependent Utility (RDU) models.
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The RDU model extends the EUT model by allowing for decision weights on lottery outcomes.
The specification of the utility function is the same parametric specification (1') and (1”) considered for

source-dependent EUT. To calculate decision weights under RDU one replaces expected utility defined

by (2) with RDU
RDU; = Yy [w(pM)) X UM) 1= Yy [w X UM ] )
where
W, = 0P, + e+ P) - 0P o TP (6a)
forj=1,...,]-1, and
W = o) (6b)

for j=J, with the subscript j ranking outcomes from worst to best, and w(*) is some probability weighting
function.
We adopt the simple “power” probability weighting function proposed by Quiggin [1982], with
curvature parameter y:
o) = p' )
So y#1 is consistent with a deviation from the conventional EUT representation. Convexity of the
probability weighting function is said to reflect “pessimism’ and generates, if one assumes for simplicity
a linear utility function, a risk premium since w(p) < p Vp and hence the “RDU EV” weighted by w(p)
instead of p has to be less than the EV weighted by p. The rest of the ML specification for the RDU
model is identical to the specification for the EUT model, but with different parameters to estimate.
It is obvious that one can extend the probability weighting specification to be source-dependent,
just as we did for the utility function. Hence we extend (7) to be
w(p | compound lottery ) = p*™° (7"
for compound lotteries, and

o(p | simple lottery ) = p’ ")
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for simple lotteries. The hypothesis of source-independence, which is consistent with ROCL, in this case

is that yc = 0 and rc = 0.

B. Estimates

Analysis of Data from the 1-in-1 Treatment We focus first on the estimates obtained in the 1-in-

1 treatment, since this controls for the potentially contaminating effects of the RLIM on our inferences
about ROCL. Of course, this requires us to account for subject heterogeneity, and so we control for
heterogeneity in risk preferences. We include the effects of allowing for a series of binary demographic
variables: female is 1 for women, and 0 otherwise; senior is 1 for whether that was the current stage of
undergraduate education, and 0 otherwise; white is 1 based on self-reported ethnic status; and gpaHI is
1 for those reporting a cumulative GPA between 3.25 and 4.0 (at least half A’s and B’s), and 0 otherwise.

The econometric strategy is to estimate our source-dependent version of EUT and RDU
separately and compare the model estimates using the tests developed by Vuong [1989] and Clarke
[2003][2007] for non-nested, nested and overlapping models.”” This strategy allows us first to choose the
model that best describes the data between the two competing models, and then test the chosen model
for violations of ROCL.

Controlling for heterogeneity we find that the data are best described by the source-dependent
RDU, and conditional on this model there is no evidence of violations of ROCL. Both the Vuong test
and the Clarke test provide statistical evidence that our source-dependent version of RDU is the best
model to explain the data in the 1-in-1 treatment.” Panel A of Table 8 shows the estimates for the

source-dependent RDU. A joint test of the coefficient estimates for the covariates and the constant in

** The Vuong test is parametric in the sense that it assumes normality to derive the hypothesis test
statistic. We also apply the Clarke test which a distribution-free test.

» When we control for heterogeneity, the Vuong test statistic is -1.38 in favor of the source-
dependent RDU, with a p-value of .083. Further, the Clarke test also gives evidence in favor of the source-
dependent RDU with a test statistic equal to 506.
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the equation for rc results in a p-value of 0.59 and a similar test for parameter yc results in a p-value of
0.80. Moreover, a joint test of all the covariates and constants in the equations of rc and yc results in a p-
value equal to 0.72. If we had assumed that subjects behave according to the source-dependent EUT we
would have incorrectly concluded that there is evidence of violations of ROCL, from the joint tests of
the effect of all covariates in the rc equation which has a p-value less than 0.001. This highlights the
importance of choosing the preference representation that best characterizes observed choice behavior.

A joint test of all covariates and constant terms, both in the equations for r and vy, results in a p-
value less than 0.01. Figure 6 shows the distributions for estimates of the utility parameter r and the
probability weighting parameter y,* which have average values 0.79 and 0.33, respectively. This would
imply that the typical subject exhibits diminishing marginal returns in the utility function and probability
optimism.” Figure 6 also shows the distributions for the point estimates for r + rc and y + yc.”®

To summarize, behavior in the 1-in-1 treatment is better characterized by RDU instead of EUT,
and we do not find evidence of violations of ROCL with the RDU preference representation. We reach

a similar conclusion if preference homogeneity is assumed.

Analysis of Data from the 1-in-40 Treatment Controlling for heterogeneity, we again find that

the data are best described by our source-dependent version of RDU, and conditional on this model we

find evidence of violations of ROCL. Both the Vuong and Clarke tests provide support for the source-

** The unobserved parameters r and y are predicted for each subject by using the vector of individual
characteristics and the vector estimated parameters that capture the effect of each covariate.

% These are only descriptive statistics that may not describe in general our subjects’ behavior since
there is in uncertainty around the predicted values of parameters r and y. However, a series of tests which test,
for each subject, the null hypotheses of linear utility (r = 0 ) and linearity in probabilities (y = 1) result, for all
subjects, in p-values less than 0.01 and less than 0.05, respectively. These tests are constructed using the
standard errors around the covariates’ coefficients in the equations for parameters r and y.

% Any comparison between the distributions of r + rc and r, but also between y + yc and y, has
to take into account the uncertainty around the distribution fitting process and the significance of the
parameter point estimates.
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dependent RDU as the best model to explain the data in the 1-in-40 treatment.”” Panel A of Table 9
shows the estimates for this model. A statistical test for the joint null hypothesis that all covariates in the
equations for rc and yc are jointly equal to zero results in a p-value less than 0.001, which provides
evidence of violations of ROCL. Similarly, the hypothesis that all the covariates in the equations for
parameters r and y are jointly equal to zero also results in a p-value less than 0.001. Figure 7 shows the
fitted distributions for the point estimates of the utility and probability weighting parameters across
subjects in the 1-in-40 treatment. The average predicted values for r, r + rc, y and y +yc are 0.63, 0.71,
0.95 and 0.62, respectively. This would imply that a typical subject displays diminishing marginal returns
when evaluating simple and compound lotteries and exhibits more probability optimism when
evaluating compound lotteries.”

If we would have assumed that subjects behave according to the source-dependent version of
EUT, we would have incorrectly concluded no violation of ROCL. This conclusion derives from a joint
test of the effect of all covariates in the rc equation which result in a p-value of 0.67. Panel B of Table 9
shows the estimates for the source-dependent EUT model. This highlights, yet again, the importance of
choosing an appropriate preference representation that best describes observed choice behavior.

To summarize, behavior in the 1-in-40 treatment is best characterized by the source-dependent
RDU model, and we find evidence of violations of ROCL. We reach the same conclusion if preference

homogeneity is assumed.

*"The Vuong test statistic is -5.45 in favor of the source-dependent RDU, with a p-value less than
.001. Further, the Clarke test also gives evidence in favor of the source-dependent RDU with a test statistic
equal to 993.

%% Again, these are only descriptive statistics that are meant to characterize typical behavior. A series
of tests for the null hypotheses of r = 0 and rc = 0 result in p-values less than 0.001 for all subjects. Similar
tests for the null hypothesis of y = 1 result in p-values greater than 0.05 for 51 out of 62 subjects. Further,
tests for the null hypothesis of y + yc = 1 result in p-values less than 0.05 for 37 out of 62 subjects.
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5. Conclusions

Our primary goal is to test the Reduction of Compound Lotteries axiom under objective
probabilities. Our conclusions are influenced by the experiment payment protocols used and the
assumptions about how to characterize risk attitudes.

We do not find violations of ROCL when subjects are presented with one and only one choice
that is played for money. However, when individuals are presented with many choices, and the Random
Lottery Incentive Mechanism is used to select one choice for payoff, we do find violations of ROCL.
These results are obtained whether one uses non-parametric statistics to analyze choice patterns or
structural econometrics to estimate preferences.

The econometric analysis provides more information about the structure of individual decision
making process. In the context where individuals face only one choice for payoff and no violations of
ROCL are found, the preference representation that best characterizes behavior is the Rank-Dependent
Utility model. Similarly, when subjects face many choices, behavior is better characterized by our source-
dependent version of the RDU model that also accounts for violations of ROCL.

An important methodological conclusion is that the payment protocol used to pay subjects
might create distortions of behavior in experimental settings. This is especially important for our
purposes since one of the most popular payment protocols assumes ROCL itself. This issue has been
studied and documented by Harrison and Swarthout [2012] and Cox, Sadiraj and Schmidt [2011]. Our
results provide further evidence that payment protocols can create confounds and therefore affect

hypothesis testing about decision making under risk.

26-



Figure 1: Battery of 40 Lotteries Pairs
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Table 1: Experimental Design

Treatment Subjects Choices
1. Pay-1-in-1 133 133
2. Pay-1-in-40 62 2480

Figure 3: Choices Over Compound and Actuarially-Equivalent Lotteries

Ore prospect has a Double or Nothing option

Double or Nothing if Orange

$20

Chance of winning $0 is 25%
Chonce of winning $10 is 50%

Chance of winning $20 is 75% Chance of winning $20 is 50%

Select Left Select Right
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Figure 4: Choices Over Simple and Compound Lotteries

One prospect has a Double or Nothing option

Double or Nothing for any outcome

$20

$0 $10

Chance of winning $0 is 50%
Chance of winning $20 is 50% Chance of winning $10 i 50%

Chance of winning $20 is 30%

Select Left Select Right

Figure 5: Choices Over Simple and Actuarially-Equivalent Lotteries

$0 $0
Chance of winning $0 is 50% Chonce of winning $0 is 50%
Chance of winning $20 15 50% Chance of winning $20 is 25%

Chance of winning $40 is 25%
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Table 2: Generalized Fisher Exact Test on the
Actuarially-Equivalent Lottery vs. Compound Lottery Pairs

Treatment: 1-in-1

Fisher Exact p-value = 0.342

AE-C Observed # of  Observed # of
Lottery Pair ~ choices of AE  choices of C Total
lotteries lotteries

31 0 1 1
32 0 3 3
33 2 5 7
36 4 1 5
37 1 1 2
38 2 1 3
39 1 4 5
40 3 3 6

Total 13 19 32

Note: due to the randomization assignment of lottery pairs to subjects,
there were no observations for pairs 34 and 35.
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Table 3: Binomial Probability Tests on Actuarially-Equivalent Lottery vs. Compound Lottery Pairs

Treatment: 1-in-1

Observed # of rObetrived ] |
AE-C Total # of choices of C p 1?p1 o Offl.g p-za ue
Lottery Pair obsetvations lotteries choices o ot
lotteries (p) Hy:p=0.5
2 . 3 1 0.25
» ’ 5 0.714 0.453
% > I 0.2 0.375
77 2 1 0.5 1
o8 3 1 0.333 |
% > 4 0.8 0.375
= 9 3 0.5 1

Note: due to the randomization assignment of lottery pairs to subjects there were no
observations for pairs 34 and 35 and only 1 observation for pair 31.
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Table 4: Cochran Q Test on the Actuarially-Equivalent
Lottery vs. Compound Lottery Pairs

Treatment: 1-in-40

Cochran’s y” statistic (9 d.f) = 86.090

p-value < 0.0001

Data
Observed #
of choices of C
AE-C lotteries
Lottery Pair (out of 62
observations)
31 48
32 46
33 34
34 26
35 24
36 18
37 34
38 35
39 49
40 28
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Table 5: Fisher Exact Test on Matched Simple-Compound
and Simple-Actuarially-Equivalent Pairs

Treatment: 1-in-1

Total # of Proportion of Proportion of
subjects in subjects that subjects that
chose the chose the
S lottery in S lottery in p-value
S-AE  S-C the S-AE pair the S-C pair for
Comparison Pair  Pair (z,) (z) Hy: 7, = 7,
Pair 1 vs. Pair 16 3 2 1 0.5 0.4
Pair 3 vs. Pair 18 2 0.5 0 0.464
Pair 5 vs. Pair 20 1 2 0 1 0.333
Pair 6 vs. Pair 21 3 4 0.67 0.5 1
Pair 7 vs. Pair 22 4 9 1 0.56 0.228
Pair 8 vs. Pair 23 3 4 0.33 0.5 1
Pair 9 vs. Pair 24 3 6 0 0.83 0.048
Pair 11 vs. Pair 26 5 9 0.6 0.56 1
Pair 12 vs. Pair 27 5 2 0.8 1 1
Pair 13 vs. Pair 28 4 1 0.5 1 1
Pair 15 vs. Pair 30 3 1 1 0 0.250

Note: due to the randomization assignment of lottery pairs to subjects, the table only shows the Fisher Exact
test for 11 S-AE/S-C compatisons for which there are sufficient data to conduct the test.
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Table 6: Bonferroni-Dunn Method on Matched Simple-Compound
and Simple-Actuarially-Equivalent Pairs

Treatment: 1-in-40

Proportion of subjects

Proportion of ‘subjects that chose the S lottery in

Matching thatt;};oss_e Z{]};epszlilro;f;y in the S-C pair (5,) |p; - Pl
Pair 1 vs. Pair 16 0.871 0.387 0.484
Pair 2 vs. Pair 17 0.984 0.952 0.032
Pair 3 vs. Pair 18 0.887 0.629 0.258
Pair 4 vs. Pair 19 0.226 0.210 0.016
Pair 5 vs. Pair 20 0.403 0.290 0.113
Pair 6 vs. Pair 21 0.742 0.661 0.081
Pair 7 vs. Pair 22 0.677 0.548 0.129
Pair 8 vs. Pair 23 0.548 0.548 0.000
Pair 9 vs. Pair 24 0.258 0.306 0.048
Pair 10 vs. Pair 25 0.919 0.774 0.145
Pair 11 vs. Pair 26 0.581 0.613 0.032
Pair 12 vs. Pair 27 0.565 0.645 0.081
Pair 13 vs. Pair 28 0.871 0.726 0.145
Pair 14 vs. Pair 29 0.742 0.677 0.065
Pair 15 vs. Pair 30 0.387 0.419 0.032

Note: the test rejects the null hypothesis of p,=p,if |p,~p,|> d. The calculation of the critical value 4
requires that one first define ex ante a familywise Type I error rate (o). For apy = 10% the
corresponding critical value is 0.133, and for oy = 5% the critical value is 0.159.
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Table 7: McNemar Test on Matched Simple-Compound

and Simple-Actuarially-Equivalent Pairs

Treatment: 1-in-40

Matching Exact p-value Odds Ratio
Pair 1 vs. Pair 16 <0.0001 0.0625
Pair 2 vs. Pair 17 0.625 0.3333
Pair 3 vs. Pair 18 0.0001 0.0588
Pair 4 vs. Pair 19 1.000 0.8571
Pair 5 vs. Pair 20 0.1671 0.4615
Pair 6 vs. Pair 21 0.3323 0.5454
Pair 7 vs. Pair 22 0.1516 0.5000
Pair 8 vs. Pair 23 1.000 1
Pair 9 vs. Pair 24 0.6072 0.6667
Pair 10 vs. Pair 25 0.0352 0.2500
Pair 11 vs. Pair 26 0.8238 1.222
Pair 12 vs. Pair 27 0.4049 1.555
Pair 13 vs. Pair 28 0.0117 0.100
Pair 14 vs. Pair 29 0.5034 0.6667
Pair 15 vs. Pair 30 0.8388 1.1818
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Table 8: Estimates of Source-Dependent RDU and EUT Models
Allowing for Heterogeneity
Data from the 1-in-1 treatment (N=133). Estimates of the Fechner error parameter omitted.

Point Standard
Parameter Covariate Estimate Error p-value 95% Confidence Interval

A. Source-Dependent RDU (LL= -73.21)

temale 0.301 0.077 <0.001 0.150 0.451
senior -0.044 0.060 0.459 -0.161 0.073
gpaHI 0.034 0.056 0.552 -0.077 0.144
white -0.141 0.095 0.136 -0.326 0.044
constant 0.636 0.066 <0.001 0.507 0.764
temale -0.142 0.089 0.109 -0.316 0.032
senior -0.007 0.024 0.784 -0.054 0.041
rc gpaHI -0.002 0.013 0.856 -0.027 0.023
white -0.073 0.085 0.391 -0.240 0.094
constant 0.142 0.091 0.118 -0.036 0.319
female -0.231 0.199 0.244 -0.621 0.158
senior -0.011 0.129 0.932 -0.264 0.242
Y gpaHI 0.019 0.132 0.888 -0.239 0.276
white 0.059 0.191 0.757 -0.315 0.433
constant 0.472 0.130 <0.001 0.218 0.726
female -0.066 0.158 0.675 -0.375 0.243
v senior 0.052 0.157 0.741 -0.256 0.360
white 0.061 0.182 0.736 -0.296 0.419
constant -0.082 0.119 0.492 -0.314 0.151

B. Source-Dependent EUT (LLL=-78.07)

female 0.468 0.185 0.011 0.106 0.830
senior -0.151 0.125 0.228 -0.396 0.094
gpaHI 0.185 0.090 0.039 0.009 0.361
white 0.068 0.088 0.442 -0.105 0.241
constant 0.224 0.188 0.233 -0.144 0.593
female -0.555 0.208 0.008 -0.963 -0.147
senior 0.148 0.142 0.298 -0.131 0.427
re gpaHI -0.217 0.104 0.036 -0.420 -0.014
white -0.097 0.115 0.400 -0.323 0.129
constant 0.733 0.212 0.001 0.317 1.149
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Figure 6: Distribution of Parameter Estimates from the RDU Specification

in the 1-in-1 Treatment Assuming Heterogeneity in Preferences

Distribution of the Estimated
Risk Aversion Utility Parameter under RDU
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Table 9: Estimates of Source-Dependent RDU and EUT Models

Allowing for Heterogeneity

Data from the 1-in-40 treatment (N=2480). Estimates of the Fechner error parameter omitted.

Parameter Covariate

Point
Estimate

Standard
Error

p-value

95% Confidence Interval

A. Source-Dependent RDU (LL= -1441.785)

female -0.185 0.066 0.005 -0.314 -0.055
senior 0.035 0.078 0.658 -0.119 0.188
t gpaHI 0.149 0.096 0.119 -0.039 0.337
white -0.233 0.084 0.005 -0.398 -0.069
constant 0.672 0.072 <0.001 0.530 0.814
female 0.084 0.043 0.052 -0.001 0.170
senior -0.004 0.049 0.928 -0.101 0.092
rc gpaHI -0.071 0.041 0.085 -0.152 0.010
white 0.060 0.038 0.115 -0.015 0.135
constant 0.061 0.051 0.232 -0.039 0.161
female 0.575 0.198 0.004 0.187 0.962
senior -0.042 0.221 0.848 -0.476 0.391
Y gpaHI -0.380 0.225 0.091 -0.821 0.061
white 0.312 0.255 0.221 -0.187 0.811
constant 0.794 0.214 <0.001 0.374 1.214
female -0.311 0.122 0.011 -0.551 -0.071
senior 0.097 0.126 0.443 -0.150 0.343
yc gpaHI 0.113 0.134 0.401 -0.150 0.375
white -0.230 0.166 0.167 -0.557 0.096
constant -0.238 0.130 0.066 -0.493 0.016
B. Source-Dependent EUT (LL= -1504.1306)
female 0.053 0.088 0.547 -0.119 0.225
senior -0.014 0.079 0.857 -0.168 0.140
t gpaHI -0.041 0.083 0.622 -0.203 0.122
white -0.098 0.159 0.538 -0.409 0.213
constant 0.594 0.104 <0.001 0.390 0.797
female 0.007 0.041 0.865 -0.074 0.088
re senior 0.019 0.046 0.676 -0.071 0.110
gpaHI -0.025 0.047 0.603 -0.117 0.068
white 0.035 0.037 0.344 -0.038 0.109
constant -0.014 0.041 0.727 -0.095 0.066
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Figure 7: Distribution of Parameter Estimates from the RDU Specification in the

Density

1-in-40 Treatment Assuming Heterogeneity in Preferences
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Appendix A: Instructions (NOT FOR PUBLICATION)

A.1. Instructions for Treatment 1-in-1

Ip
Choices Over Risky Prospects

This is a task where you will choose between prospects with varying prizes and chances of
winning. You will be presented with one pair of prospects where you will choose one of them. You
should choose the prospect you prefer to play. You will actually get the chance to play the prospect
you choose, and you will be paid according to the outcome of that prospect, so you should think
carefully about which prospect you prefer.

Here is an example of what the computer display of a pair of prospects might look like.

Left Right

$5 $5
Chance of winning $5 is 40% Chance of winning $5 is 50%
Chance of winning $15 is 60% Chance of winning $10 is 40%

Chance of winning $15 is 10%

Select Left Select Right

The outcome of the prospects will be determined by the draw of a random number between
1 and 100. Each number between, and including, 1 and 100 is equally likely to occur. In fact, you will
be able to draw the number yourself using two 10-sided dice.

In the above example the left prospect pays five dollars ($5) if the number drawn is between

1 and 40, and pays fifteen dollars (§15) if the number is between 41 and 100. The blue color in the
pie chart corresponds to 40% of the area and illustrates the chances that the number drawn will be
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between 1 and 40 and your prize will be $5. The orange area in the pie chart corresponds to 60% of
the area and illustrates the chances that the number drawn will be between 41 and 100 and your
prize will be §15.

Now look at the pie in the chart on the right. It pays five dollars (§5) if the number drawn is
between 1 and 50, ten dollars ($10) if the number is between 51 and 90, and fifteen dollars ($15) if
the number is between 91 and 100. As with the prospect on the left, the pie slices represent the
fraction of the possible numbers which yield each payoff. For example, the size of the $15 pie slice
is 10% of the total pie.

You could also get a pair of prospects in which one of the prospects will give you the chance
to play “Double or Nothing.” For instance, the right prospect in the following screen image pays
“Double or Nothing” if the Green area is selected, which happens if the number drawn is between
51 and 100. The right pie chart indicates that if the number is between 1 and 50 you get $10.
However, if the number is between 51 and 100 a coin will be tossed to determine if you get double
the amount. If it comes up Heads you get $40, otherwise you get nothing. The prizes listed
underneath each pie refer to the amounts before any “Double or Nothing” coin toss.

One prospect has a Double Or Nothing option

Double or Nothing if Green

$20

40

Chance of winning $0 is 50%
Chance of winning $10 is 50%

Chance of winning $20 is 50% Chance of winning $20 is 50%

Select Left Select Right
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The pair of prospects you choose from is shown on a screen on the computer. On that
screen, you should indicate which prospect you prefer to play by clicking on one of the buttons
beneath the prospects.

After you have made your choice, raise your hand and an experimenter will come over. It is
certain that your one choice will be played out for real. You will roll the two ten-sided dice to
determine the outcome of the prospect you chose, and if necessary you will then toss a coin to
determine if you get “Double or Nothing.”

For instance, suppose you picked the prospect on the left in the last example. If the random
number was 37, you would win $0; if it was 93, you would get $20.

If you picked the prospect on the right and drew the number 37, you would get $10; if it was
93, you would have to toss a coin to determine if you get “Double or Nothing.” If the coin comes
up Heads then you get $40. However, if it comes up Tails you get nothing from your chosen
prospect.

It is also possible that you will be given a prospect in which there is a “Double or Nothing”
option no matter what the outcome of the random number. The screen image below illustrates this
possibility.

One prospect has a Double Or Nothing option

Double or Nothing for any outcome

$20

$o0

Chance of winning $0 is 50%
Chance of winning $10 is 50%

Chanee of winning $20 is 50% Chance of winning $20 is 50%

Select Left Select Right
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Therefore, your payoff is determined by three things:

. by which prospect you selected, the left or the right;
. by the outcome of that prospect when you roll the two 10-sided dice; and
. by the outcome of a coin toss if the chosen prospect outcome is of the “Double or

Nothing” type.

Which prospects you prefer is a matter of personal taste. The people next to you may be
presented with a different prospect, and may have different preferences, so their responses should
not matter to you. Please work silently, and make your choices by thinking carefully about the
prospect you are presented with.

All payoffs are in cash, and are in addition to the $7.50 show-up fee that you receive just for
being here. The only other task today is for you to answer some demographic questions. Your
answers to those questions will not affect your payoffs.
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A.2 Instructions for Treatment 1-in-40

40p
Choices Over Risky Prospects

This is a task where you will choose between prospects with varying prizes and chances of
winning. You will be presented with a series of pairs of prospects where you will choose one of
them. There are 40 pairs in the series. For each pair of prospects, you should choose the prospect
you prefer to play. You will actually get the chance to play one of the prospects you choose, and you
will be paid according to the outcome of that prospect, so you should think carefully about which
prospect you prefer.

Here is an example of what the computer display of such a pair of prospects might look like.

Left Right

$15 $10

$5 $5
Chanee of winning $5 is 40% Chance of winning $5 is 50%
Chance of winning $15 is 60% Chance of winning $10 is 40%

Chance of winning $15 is 10%

Select Left Select Right

The outcome of the prospects will be determined by the draw of a random number between
1 and 100. Each number between, and including, 1 and 100 is equally likely to occur. In fact, you will
be able to draw the number yourself using two 10-sided dice.

In the above example the left prospect pays five dollars ($5) if the number drawn is between
1 and 40, and pays fifteen dollars (§15) if the number is between 41 and 100. The blue color in the
pie chart corresponds to 40% of the area and illustrates the chances that the number drawn will be
between 1 and 40 and your prize will be $5. The orange area in the pie chart corresponds to 60% of
the area and illustrates the chances that the number drawn will be between 41 and 100 and your
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prize will be $15.

Now look at the pie in the chart on the right. It pays five dollars (§5) if the number drawn is
between 1 and 50, ten dollars ($10) if the number is between 51 and 90, and fifteen dollars ($15) if
the number is between 91 and 100. As with the prospect on the left, the pie slices represent the
fraction of the possible numbers which yield each payoff. For example, the size of the $15 pie slice
is 10% of the total pie.

Each pair of prospects is shown on a separate screen on the computer. On each screen, you
should indicate which prospect you prefer to play by clicking on one of the buttons beneath the
prospects.

You could also get a pair of prospects in which one of the prospects will give you the chance
to play “Double or Nothing.” For instance, the right prospect in the following screen image pays
“Double or Nothing” if the Green area is selected, which happens if the number drawn is between
51 and 100. The right pie chart indicates that if the number is between 1 and 50 you get $10.
However, if the number is between 51 and 100 a coin will be tossed to determine if you get double
the amount. If it comes up Heads you get $40, otherwise you get nothing. The prizes listed
underneath each pie refer to the amounts before any “Double or Nothing” coin toss.

One prospect has a Double Or Nothing option

Double or Nothing if Green

420

o

Chance of winning $0 is 50%
Chance of winning $10 is 50%

Chance of winning $20 is 50% Chance of winning $20 is 50%

Select Left Select Right
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After you have worked through all of the 40 pairs of prospects, raise your hand and an
experimenter will come over. You will then roll two 10-sided dice until a number between 1 and 40
comes up to determine which pair of prospects will be played out. Since there is a chance that any of
your 40 choices could be played out for real, you should approach each pair of prospects as if it is
the one that you will play out. Finally, you will roll the two ten-sided dice to determine the outcome
of the prospect you chose, and if necessary you will then toss a coin to determine if you get "Double
or Nothing."

For instance, suppose you picked the prospect on the left in the last example. If the random
number was 37, you would win $0; if it was 93, you would get $20.

If you picked the prospect on the right and drew the number 37, you would get $10; if it was
93, you would have to toss a coin to determine if you get "Double or Nothing." If the coin comes
up Heads then you get $40. However, if it comes up Tails you get nothing from your chosen
prospect.

It is also possible that you will be given a prospect in which there is a "Double or Nothing"
option no matter what the outcome of the random number. The screen image below illustrates this
possibility.

One prospect has a Double Or Nothing option

Double or Nothing for any outcome

$70

$0

Chance of winning $0 is 50%
Chance of winning $10 is 50%

Chance of winning $20 is 50% Chance of winning $20 is 50%

Select Left Select Right
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Therefore, your payoff is determined by four things:

. by which prospect you selected, the left or the right, for each of these 40 pairs;

. by which prospect pair is chosen to be played out in the series of 40 such pairs using
the two 10-sided dice;

. by the outcome of that prospect when you roll the two 10-sided dice; and

. by the outcome of a coin toss if the chosen prospect outcome is of the “Double or

Nothing” type.

Which prospects you prefer is a matter of personal taste. The people next to you may be
presented with different prospects, and may have different preferences, so their responses should
not matter to you. Please work silently, and make your choices by thinking carefully about each
prospect.

All payoffs are in cash, and are in addition to the $7.50 show-up fee that you receive just for
being here. The only other task today is for you to answer some demographic questions. Your
answers to those questions will not affect your payoffs

51-



Appendix B: Parameters

To construct our battery of 40 lottery pairs, we used several criteria to choose the compound
lotteries and their actuarially-equivalent lotteries used in our experiments:

1. The lottery compounding task should be as simple as possible. The instructions used by
Halevy [2007] are a model in this respect, with careful picture illustrations of the manner in
which the stages would be drawn. We wanted to avoid having physical displays, since we had
many lotteries. We also wanted to be able to have the computer interface vary the order for
us on a between-subject basis, so we opted for a simpler procedure that was as comparable
as possible in terms of information as our simple lottery choice interface.

2. The lottery pairs should offer reasonable coverage of the Marschak-Machina (MM) triangle
and prizes.

3. There should be choices/chords that assume parallel indifference curves, as expected under
EUT, but the slope of the indifference curve should vary, so that the battery of lotteries can
be used to test for a wide range of risk attitudes under the EUT null hypothesis (this criteria
was employed for the construction of the basic 69 simple lotteries).

4. There should be a number of compound lotteries with their actuarially-equivalent
counterparts in the interior of the triangle. Experimental evidence suggests that people tend
to comply with the implications of EUT in the interior of the triangle and to violate it on the
borders (Conlisk [1989], Camerer [1992], Harless [1992], Gigliotti and Sopher [1993] and
Starmer [2000]).

5. We were careful to choose lottery pairs with stakes and expected payoff per individual that
are comparable to those in the original battery of 69 simple lotteries, since these had been
used extensively in other samples from this population.

Our starting point was the battery of 69 lotteries in Table B1 used in Harrison and Swarthout
[2012], which in turn were derived from Wilcox [2010]. The lotteries were originally designed in
part to satisfy the second and third criteria given above. Our strategy was then to “reverse engineer”
the initial lotteries needed to obtain compound lotteries that would yield actuarially-equivalent
prospects which already existed in the set of 69 pairs. For instance, the first pair in our battery of 40
lotteries was derived from pair 4 in the battery of 69 (contrast pair 1 in Table B2 with pair 4 in Table
B1). We want the distribution of the “risky” lottery in the latter pair to be the actuarially-equivalent
prospect of our compound lottery. To achieve this, we have an initial lottery that pays $10 and $0
with 50% probability each, and offering “Double or Nothing” if the outcome of the latter prospect
is $10. Hence it offers equal chances of $20 or $0 if the DON stage is reached. The $5 stake was
changed to $0 because DON requires this prize to be among the possible outcomes of the
compound lotteries.”” The actuarially-equivalent lottery of this compound prospect pays $0 with
75% probability and $20 with 25% probability, which is precisely the risky lottery in pair 4 of the
default battery of 69 pairs. Except for the compound lottery in pair 10 in our set of lotteries, the
actuarially-equivalent lotteries play the role of the “risky” lotteries.

Figure B1 shows the coverage of these lottery pairs in terms of the Marschak-Machina
triangle. Each prize context defines a different triangle, but the patterns of choice overlap
considerably. Figure B1 shows that there are many choices/chords that assume parallel indifference
curves, as expected under EUT, but that the slope of the indifference curve can vary, so that the

* We contemplated using “double or $5,” but this did not have the familiarity of DON.
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tests of EUT have reasonable power for a wide range of risk attitudes under the EUT null
hypothesis (Loomes and Sugden [1998] and Harrison, Johnson, MclInnes and Rutstrém [2007]).
These lotteries also contain a number of pairs in which the “EUT-safe” lottery has a bigher EV than
the “BEUT-risky” lottery: this is designed deliberately to evaluate the extent of risk premia deriving
from probability pessimism rather than diminishing marginal utility.

The majority of our compound lotteries use a conditional version of the DON device
because it allows to obtain good coverage of prizes and probabilities and keeps the compounding
representation simple. As noted in the text, one can construct diverse compound lotteries with only
two simple components: initial lotteries that either pay two outcomes with 50:50 odds or pay a given
stake with certainty, and a conditional DON which pays double a predetermined amount with 50%
probability or nothing with equal chance.

In our design, if the subject has to play the DON option she will toss a coin to decide if she
gets double the stated amount. One could use randomization devices that allow for probability
distributions different from these 50:50 odds, but we want to keep the lottery compounding simple
and familiar. Therefore, if one commits to 50:50 odds in the DON option, using exclusively
unconditional DON will only allow one to generate compound lotteries with actuarially-equivalent
prospects that assign 50% chance to getting nothing. For instance, suppose a compound prospect
with an initial lottery that pays positive amounts $X and §Y with probability p and (1-p), respectively,
and offers DON for any outcome. The corresponding actuarially-equivalent lottery pays $2X, $2Y
and $0 with probabilities p/2, (1-p)/2 and 2, respectively.

The original 69 pairs use 10 contexts defined by three outcomes drawn from $5, $10, $20,
$35 and $70. For example, the first context consists of prospects defined over prizes $5, $10 and
$20, and the tenth context consists of lotteries defined over stakes $20, $35 and $70. As a result of
using the DON device, we have to introduce $0 to the set of stakes from which the contexts are
drawn. However, some of the initial lotteries used prizes in contexts different from the ones used
for final prizes, so that we could ensure that the stakes for the compounded lottery matched those of
the simple lotteries. For example, pair 3 in Table B2 is defined over a context with stakes $0, $10
and $35. The compound lottery of this pair offers an initial lottery that pays $5 and $17.50 with 50%
chance each and a DON option for any outcome. This allows us to have as final prizes $0, $10 and
$35.

Our battery of 40 lotteries uses 6 of the original 10 contexts, but substitute the $5 stake for
$0. We do not use the other 4 contexts: for them to be distinct from our 6 contexts they would have
to have 4 outcomes, the original 3 outcomes plus the $0 stake required by the DON option. We
chose to use only compound lotteries with no more than 3 final outcomes, which in turn requires
initial lotteries with no more than 2 outcomes. Accordingly, the initial lotteries of compound
prospects are defined over distributions that offer either 50:50 odds of getting any of 2 outcomes or
certainty of getting a particular outcome which makes our design simple. It is worth noting that
there are compound lotteries composed of initial prospects that offer an amount $X with 100%
probability and a DON option that pays $2X and $0 with 50% chance each (see pairs 5, 6 and 14 in
Table B2 and pairs 34 and 40 in Table B4). By including this type of “trivial” compound lottery, we
provide the basis for ROCL to be tested in its simplest form.

Finally, we included compound lotteries with actuarially-equivalent counterparts in the
interior and on the border of the MM triangle, since previous experimental evidence suggests that
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this is relevant to test the implications of EUT. Pairs 3, 7, 10, 11, 32, 35 and 38 have compound
lotteries with their actuarially-equivalent lotteries in the interior of the triangle.
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Table B1: Default Simple Lotteries

Prizes “Safe” Lottery Probabilities “Risky” Lottery Probabilities
Pair Context Low Middle High Low Middle High Low Middle High EV Safe EV Risky
1 1 $5 $10 $20 0 1 0 0.25 0 0.75 $10.00 $16.25
2 1 $5 $10 $20 0.25 0.75 0 0.5 0 0.5 $8.75 $12.50
3 1 $5 $10 $20 0 1 0 0.5 0 0.5 $10.00 $12.50
4 1 $5 $10 $20 0.5 0.5 0 0.75 0 0.25 $7.50 $8.75
5 1 $5 $10 $20 0 1 0 0.25 0.5 0.25 $10.00 $11.25
6 1 $5 $10 $20 0.25 0.5 0.25 0.5 0 0.5 $11.25 $12.50
7 1 $5 $10 $20 0 0.5 0.5 0.25 0 0.75 $15.00 $16.25
8 1 $5 $10 $20 0 0.75 0.25 0.5 0 0.5 $12.50 $12.50
9 1 $5 $10 $20 0.25 0.75 0 0.75 0 0.25 $8.75 $8.75
10 1 $5 $10 $20 0 1 0 0.75 0 0.25 $10.00 $8.75
11 2 $5 $10 $35 0 1 0 0.5 0 0.5 $10.00 $20.00
12 2 $5 $10 $35 0 0.75 0.25 0.25 0 0.75 $16.25 $27.50
13 2 $5 $10 $35 0.25 0.75 0 0.75 0 0.25 $8.75 $12.50
14 2 $5 $10 $35 0 0.5 0.5 0.25 0 0.75 $22.50 $27.50
15 2 $5 $10 $35 0 0.75 0.25 0.5 0 0.5 $16.25 $20.00
16 2 $5 $10 $35 0 1 0 0.75 0 0.25 $10.00 $12.50
17 3 $5 $10 $70 0.25 0.75 0 0.5 0 0.5 $8.75 $37.50
18 3 $5 $10 $70 0 1 0 0.5 0 0.5 $10.00 $37.50
19 3 $5 $10 $70 0.5 0.5 0 0.75 0 0.25 $7.50 $21.25
20 3 $5 $10 $70 0 1 0 0.75 0 0.25 $10.00 $21.25
21 4 $5 $20 $35 0 1 0 0.25 0 0.75 $20.00 $27.50
22 4 $5 $20 $35 0 0.75 0.25 0.25 0 0.75 $23.75 $27.50
23 4 $5 $20 $35 0 0.5 0.5 0.25 0 0.75 $27.50 $27.50
24 4 $5 $20 $35 0 1 0 0.5 0 0.5 $20.00 $20.00
25 4 $5 $20 $35 0.5 0.5 0 0.75 0 0.25 $12.50 $12.50
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Figure B1: Default Simple Lotteries
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Table B2: Simple Lotteries vs. Compound Lotteries (Pairs 1-15)

Compound Lottery
Simple Lottery Initial Lottery Initial Lottery
Final Prizes Probabilities Prizes Probabilities “Double or Nothing” EV EV

Pair Context Low Middle High Low Middle High Low Middle High Low Middle High option Simple Compound

1 1 $0 $10 $20 0.5 0.5 0 $0 $10 $20 0.5 0.5 0 DON if middle $5.00 $5.00

2 1 $0 $10 $20 0 1 0 $0 $10 $20 0.5 0.5 0 DON if middle $10.00 $5.00

3 2 $0 $10 $35 0 1 0 $0 $5 $17.50 0 0.5 0.5 DON for any outcome $10.00 $11.25
4 2 $0 $10 $35 0.25 0.75 0 $0 $17.50 $35 0.5 0.5 0 DON if middle $7.50 $8.75

5 3 $0 $10 $70 0.25 0.75 0 $0 $35 $70 0 1 0 DON for any outcome $7.50 $35.00

6 3 $0 $10 $70 0 1 0 $0 $35 $70 0 1 0 DON for any outcome $10.00 $35.00

7 4 $0 $20 $35 0 1 0 $0 $10 $35 0 0.5 0.5 DON if middle $20.00 $22.50

8 4 $0 $20 $35 0 0.75 0.25 $0 $17.50 $35 0 0.5 0.5 DON if middle $23.75 $8.75
9 5 $0 $20 $70 0 0.5 0.5 $0 $35 $70 0 0.5 05 DON if middle $45.00 $52.50
10 5 $0 $20 $70 0.5 0 0.5 $0 $20 $35 0 0.5 0.5 DON if high $35.00 $27.50
11 5 $0 $20 $70 0 1 0 $0 $20 $35 0 0.5 0.5 DON if high $20.00 $27.50
12 5 $0 $20 $70 0 0.75 0.25 $0 $35 $70 0 0.5 0.5 DON if middle $32.50 $52.50
13 6 $0 $35 $70 0 1 0 $0 $35 $70 0 0.5 0.5 DON if middle $35.00 $52.50
14 6 $0 $35 $70 0 0.75 0.25 $0 $35 $70 0 1 0 DON for any outcome $43.75 $35.00
15 6 $0 $35 $70 0 0.75 0.25 $0 $35 $70 0 0.5 0.5 DON if middle $43.75 $52.50
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Table B3: Simple Lotteries vs. Actuarially-Equivalent Lotteries (Pairs 16-30)

Simple Lottery Actuarially-Equivalent EV EV

Final Prizes Probabilities Lottery Probabilities Simple Actuarially-
Pair Context Low Middle Hich Low Middle Hich Low Middle Hich Equivalent
16 1 $0 $10 $20 0.5 0.5 0 0.75 0 0.25 $5.00 $5.00
17 1 $0 $10 $20 0 1 0 0.75 0 0.25 $10.00 $5.00
18 2 $0 $10 $35 0 1 0 0.5 0.25 0.25 $10.00 $11.25
19 2 $0 $10 $35 0.25 0.75 0 0.75 0 0.25 $7.50 $8.75
20 3 $0 $10 $70 0.25 0.75 0 0.5 0 0.5 $7.50 $35.00
21 3 $0 $10 $70 0 1 0 0.5 0 0.5 $10.00 $35.00
22 4 $0 $20 $35 0 1 0 0.25 0.25 0.5 $20.00 $22.50
23 4 $0 $20 $35 0 0.75 0.25 0.25 0 0.75 $23.75 $8.75
24 5 $0 $20 $70 0 0.5 0.5 0.25 0 0.75 $45.00 $52.50
25 5 $0 $20 $70 0.5 0 0.5 0.25 0.5 0.25 $35.00 $27.50
26 5 $0 $20 $70 0 1 0 0.25 0.5 0.25 $20.00 $27.50
27 5 $0 $20 $70 0 0.75 0.25 0.25 0 0.75 $32.50 $52.50
28 6 $0 $35 $70 0 1 0 0.25 0 0.75 $35.00 $52.50
29 6 $0 $35 $70 0 0.75 0.25 0.5 0 0.5 $43.75 $35.00
30 6 $0 $35 $70 0 0.75 0.25 0.25 0 0.75 $43.75 $52.50
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Table B4: Actuarially-Equivalent Lotteries vs. Compound Lotteries (Pairs 31-40)

Compound Lottery

Actuarially-Equivalent Initial Lottery Initial Lottery EV EV
Final Prizes Lottery Probabilities Prizes Probabilities “Double or Nothing” Actuarially- Compound

Pair Context Low Middle High Low Middle High Low Middle High Low Middle High option Equivalent

31 1 $0 $10 $20 0.75 0 0.25 $0 $10 $20 0.5 0.5 0 DON if middle $5.00 $5.00
32 2 $0 $10 $35 0.5 0.25 0.25 $0 $5 $17.50 0 0.5 0.5 DON for any outcome $11.25 $11.25
33 2 $0 $10 $35 0.75 0 0.25 $0 $17.50 $35 0.5 0.5 0 DON if middle $8.75 $8.75
34 3 $0 $10 $70 0.5 0 0.5 $0 $35 $70 0 1 0 DON for any outcome $35.00 $35.00
35 4 $0 $20 $35 0.25 0.25 0.5 $0 $10 $35 0 0.5 0.5 DON if middle $22.50 $22.50
36 4 $0 $20 $35 0.25 0 0.75 $0 $17.50 $35 0 0.5 0.5 DON if middle $8.75 $8.75
37 5 $0 $20 $70 0.25 0 0.75 $0 $35 $70 0 0.5 0.5 DON if middle $52.50 $52.50
48 5 $0 $20 $70 0.25 0.5 0.25 $0 $20 $35 0 0.5 0.5 DON if high $27.50 $27.50
30 6 $0 $35 $70 0.25 0 0.75 $0 $35 $70 0 0.5 0.5 DON if middle $52.50 $52.50
40 6 $0 $35 $70 0.5 0 0.5 $0 $35 $70 0 1 0 DON for any outcome $35.00 $35.00
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Appendix C: Related Literature (NOT FOR PUBLICATION)

Cubitt, Starmer and Sugden [1998a] studied the Reduction of Compound Lotteries Axiom
[ROCL] in a 1-in-1 design that gave each subject one and only one problem for real stakes and was
conceived to test principles of dynamic choice. Also, Starmer and Sugden [1991], Beattie and
Loomes [1997] and Cubitt, Starmer and Sugden [1998] have studied the Random Lottery Incentive
Method (RLIM), and as a by-product have tested the ROCL axiom. We focus on the results related
to the ROCL axiom: Harrison and Swarthout [2011] review the results related to RLIM.

Cubitt, Starmer and Sugden [1998a] gave to one group of subjects one problem that involved
compound lotteries and gave to another group the reduced compound version of the same problem.
If ROCL is satisfied, one should see the same pattern of choice in both groups. They cannot find
statistically significant violations of ROCL in their design.

Starmer and Sugden [1991] gave their subjects two pairs of lotteries that were designed to
test “common consequence” violations of EUT. In each pair i there was a risky (Ri) option and a
safe (Si) option. They recruited 160 subjects that were divided into four groups of equal number.
Two groups faced one of the two pairs in 1-in-1 treatments, while the other two groups were given
both pairs to make a choice over using the RLIM to choose the pair for final payoff. We focus on
the latter two groups since RLIM induces four possible compound lotteries: 1) (0.5, R1; 0.5, R2), ii)
(0.5, R1; 0.5, 82), iii) (0.5, R2; 0.5, S1) and iv) (0.5, S1; 0.5, S2). The lottery parameters were chosen
to make compound lotteries ii) and iii) have equal actuarially-equivalent prospects.

They hypothesize that if a reduction principle holds, and if any of the induced compound
lotteries ii) and iii) above is preferred by a subject, then the other one must be preferred.” The
rejection of this hypothesis is a violation of ROCL, since this axiom implies that two compound
lotteries with the same actuarially-equivalent prospects should be equally preferred. Therefore, the
null hypothesis in Starmer and Sugden [1991; p. 976] is that “the choice between these two
responses to be made at random; as a result, these responses should have the same expected
frequency.” From the 80 subjects that faced the 1-in-2 treatments, 32.5% of the individuals chose
(0.5, R1; 0.5, S2) and 15% chose (0.5, R2; 0.5, S1), thus Starmer and Sugden reject the null
hypothesis of equal frequency in choices based on a one-tail test with a binomial distribution and
p-value=0.017. This pattern is very similar in each of the 1-in-2 treatments; in one of them the
proportions are 30% and 15%, whereas in the other they are 35% and 15%. A two-sided Fisher
Exact test yields a p-value of 0.934, which suggest that these patterns of choices are very similar in
both 1-in-2 treatments. Therefore, there is no statistical evidence to support ROCL in their
experiment.

Beattie and Loomes [1997] examined 4 lottery choice tasks. The first 3 tasks involved a
binary choice between two lotteries, and the fourth task involved the subject selecting one of four
possible lotteties, two of which were compound lotteries.” They recruited 289 subjects that were

% Following Holt [1986], Starmer and Sugden [1991, p. 972] define the reduction principle to be
when “compound lotteries are reduced to simple ones by the calculus of probabilities and that choices are
determined by the subject’s preferences over such reduced lotteries.” This is what we call ROCL, in addition to
some axioms that are maintained for present purpose.

! Beattie and Loomes [1997] use nine prospects: A= (0.2, £15; 0.8, £0), B= (0.25, £10; 0.75, £0), C=
(0.8, £0; 0.2, £30), D= (0.8, £5; 0.2, £0), E=(0.8, £15; 0.2, £0), F = (1, £10), G=(1, £4), H=(0.5,£10; 0.5,£0),
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randomly assigned to six groups. The first group faced a hypothetical treatment and was paid a flat
fee for completing all four tasks. The second group was given a 1-in-4 treatment, and each of the
other four groups faced one of the four tasks in 1-in-1 treatments. Sample sizes were 49 for the
hypothetical treatment and the 1-in-4 treatment, and a total of 191 in the four 1-in-1 treatments.

Beattie and Loomes [1997; p. 164] find that “there is no support for the idea that two
problems involving the same ‘reduced form’ alternatives — and therefore involving the same
difference between expected values — will be treated equivalently.” On this basis, their Question 3 in
the 1-in-4 treatment would be actuarially-equivalent to their Question 1 in the 1-in-1 treatment. They
found that the pattern of choices in both treatments are so different “that a chi-square test rejects
with a very great confidence (p<.001) the hypothesis that they are treated equivalently” (p. 164). The
p-value<0.001 of the Fisher Exact test provides further support for this violation of ROCL.

Their Question 4 is a task that is similar to the method developed by Binswanger [1980]:
subjects are offered an ordered set of choices that increase the average payoff while increasing
variance. The difference with the Binswanger procedure is that two of the four choices involved
compound lotteries: one paid a given amount of money if two Heads in a row were flipped, and the
other paid a higher amount if three Heads in a row were flipped. For responses in Question 4,
Beattie and Loomes [1997; p.162]

...conjecture that the REAL [1-in-1] treatment might stimulate the greatest effort to
picture the full sequential process [of coin flipping in the compound prospects| and,
as a part of that, to anticipate feelings at each stage in the sequence; whereas the
HYPO [hypothetical] treatment would be most conducive to thinking of the
alternatives in their reduced form as a set of simple lotteries... The RPSP [1-in-4
treatment| might then, both formally and psychologically, represent an intermediate
position, making the process less readily imaginable by adding a further stage (the
random selection of the problem) to the beginning of the sequence, and reducing but
not eliminating the incentive to expend the necessary imaginative effort.

On this basis, they predict that, when answering Question 4, subjects in the hypothetical treatment
are more likely to think in reduced form probability distributions. Beattie and Loomes consider that this
might enhance the salience of the high-payoff option, and thus the compound lotteries are expected
to be chosen more frequently in the hypothetical treatment than in the 1-in-1 and 1-in-4 treatments.

Beattie and Loomes [1997; p.165] found support for these conjectures: Their subjects tend
to choose the compound lotteries more often in the hypothetical treatment than in the ones with
economic incentives (i.e., 1-in-1 and 1-in-4 treatments). They found that under the hypothetical
treatment more than 1 in 3 of the sample opted for the compound lotteries; this proportion was
reduced in the 1-in-4 treatment to just over 1 in 5; and in the 1-in-1 treatment the proportion fell to
1in 12. A chi-square test rejects (p-value < 0.01) the hypothesis that there is no difference in

1=(£25 if two Heads in a row are flipped; otherwise nothing) and J=(£62.50 if three Heads in a row are
flipped; otherwise nothing). Questions 1 through 3 are binary choices that offer, respectively, A or B, C or D
and E or F. In Question 4, the subject must choose the prospect that she prefers the most among G, H, I or
J. Options I and J are compound lotteries with 2 and 3 stages, respectively.
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patterns across treatments. The Fisher Exact test is consistent with this result.”

Cubitt, Starmer and Sugden [1998] use common consequence and common ratio pairs of
pairs in three experiments. We focus in the first two since the third experiment has no treatments
relevant to test ROCL. In the first experiment they compare 1-in-1 choices with 1-in-2 choices.
Their comparison rests on subjects not having extreme risk-loving preferences over the pairs of
lotteries in the 1-in-2 treatment designed to capture this behavior. Given that this « priori assumption
is true, and it is generally supported by their data, the lottery pairs in each of the 1-in-2 treatments
were chosen to generate compound prospects with actuarially-equivalent lotteries equal to the
prospects in each of the 1-in-1 treatments.

If ROCL is satisfied, the distribution of responses between risky and safe lotteries should be
the same in both treatments. The p-value from the Fisher Exact test in one of the 1-in-1 and 1-in-2
treatment comparisons™ is 0.14, which suggests that ROCL is most likely violated.*

Similarly, in the second experiment the 1-in-2 treatment induced compound lotteries with
actuarially-equivalent prospects equal to the lottery choices in one of their 1-in-1 treatment. In the
latter, 52% of the 46 subjects chose the risky lottery, whereas 38% of the 53 subjects in the 1-in-2
treatment chose the risky prospect. These choice patterns suggest that ROCL does not hold in the
second experiment.”

2 We test the similarity between treatments of the proportions of subjects that chose each of the four
prospects in Question 4. The two-sided Fisher Exact test applied to the hypothetical and the 1-in-1 treatments
rejects the hypothesis of no difference in choice patterns (p-value = 0.001). The p-value for the comparison of
the same four choices between the hypothetical and the 1-in-4 treatments is 0.473.

3 Groups 1.1 and 1.3 in their notation.

> The proportions of subjects that chose the risky prospect in the other 1-in-1 and 1-in-2 treatments
(groups 1.2 and 1.4 in their notation) are close: 50% and 55%, respectively. However, we cannot perform the
Fisher Exact test for this 1-in-1 and 1-in-2 comparison, since the compound lotteries induced by the 1-in-2
treatment have actuarially-equivalent prospects equal to the ones in the 1-in-1 treatment only if the subjects
do not exhibit extreme risk-loving preferences. Since 8% of the subjects in this 1-in-2 treatment exhibited
risk-loving preferences, one cannot perform the Fisher test because this contaminates the comparison
between the compound lotteries and their actuarially-equivalent counterparts.

% Since one of the subjects in the 1-in-2 treatment (group 2.3) exhibited risk-loving preferences, we
cannot perform the Fisher Exact test for the reasons explained earlier.
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Appendix D: Nonparametric Tests (NOT FOR PUBLICATION)
A. Choice Patterns Where ROCL Predicts Indifference

Research Hypothesis: Subjects are indifferent between a compound (C) lottery and its paired
actuarially-equivalent (AE) lottery, and therefore the choice between both lotteries is made at
random in any of our 10 AE-C pairs in Table B4. As a result we should observe equiprobable
response proportions between C and AE lotteries. ROCL is rejected if we can provide statistical
evidence that the proportion of observations in which subjects chose a C lottery over its AE lottery
is different from the proportion of choices in which subjects chose the AE lottery over the C lottery.

Structure of data sets: We analyze the observed responses from subjects who were presented
with any of the 10 pairs described in Table B4 and which contain both a C lottery and its AE lottery.
First, we study the responses from 32 subjects who were presented with one and only one of the
AE-C pairs in 1-in-1 treatment. We also study the 620 responses from the 62 subjects that were
presented with all of the 10 AE-C pairs in the 1-in-40 treatment. In terms of the statistical literature,
the responses to each of the AE-C pairs in the 1-in-1 constitute an “independent” sample. This
means that subjects are presented with one and only one choice, thus one observation does not
affect any other observation in the sample. Conversely, the responses to the AE-C pairs in the 1-in-
40 constitute 10 “dependent” samples since each of the 62 subjects responded to each of the 10 AE-
C pairs.

We analyze the data separately because, in contrast to the 1-in-40 treatment which uses the
random lottery incentive mechanism (RLIM) as payment protocol, any conclusion drawn from the
1-in-1 treatment does not depend in the independence axiom assumed by the RLIM. We want to
control for the possibility that the observed choice patterns in the 1-in-40 treatment are affected by
this payment protocol. This means that any failure to see indifference between a C lottery and its
and AE lottery in our data could be explained by confounds created by the payment protocol. By
analyzing data from the 1-in-1 treatment only, we avoid possible confounds created by the RLIM.

1-in-1 Treatment

We apply the Binomial probability test to each of the AE-C pair for which there is sufficient
data to conduct the test. The latter allows us to test individually for each AE-C pair if subjects
choose the C lottery and the AE lottery in equal proportions. We also use a generalized version of
the Fisher Exact test that allows us to jointly test the statistical null hypothesis that the proportions
of subjects that chose the C lottery over the AE lottery in each of the AE-C lottery pairs are the
same. Both test can provide statistical evidence of the overall performance of the ROCL
indifference prediction.

Statistical Null Hypothesis of the Binomial Probability Test. For a given AE-C lottery pair, the
proportion of subjects that choose the C lottery is 50 %. This is equivalent to test the claim that
subjects choose the AE lottery and the C lottery in equal proportions when they are presented with a
given AE-C lotteries.

If this statistical null hypothesis is not rejected then we conclude that there is evidence to
supportt the claim that, for a given AE-C pair, subjects choose the AE and the C lotteries in equal
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proportions. If the null hypothesis of the test is rejected, then we concluded that subjects choose the
AE and the C lotteries in different proportions. The rejection (acceptance) of the statistical null
hypothesis implies that the research hypothesis is rejected (accepted) and we conclude that there is
evidence to support the claim that the basic ROCL indifference prediction is violated (satisfied) in a
given AE-C pair.

This is an appropriate test to use for this treatment because it allows us to test the equality of
proportions implied by the ROCL prediction. More importantly, the basic assumptions of the test
are satisfied by the data. As described by Sheskin[2004; p. 245], the assumptions are: (i) each of the #
observations are independent (i.c., the outcome of one observation is not affected by the outcome
of another observation), (ii) each observation is randomly selected from a population, and (iii) each
observation can be classified only two into mutually exclusive categories. Assumption (i) is satisfied
because each subject makes one and only one choice. Assumption (i) is also satisfied because each
subject is randomly recruited from the extensive subject pool of the EXCEN laboratory at Georgia
State University. Finally (iii) is also satisfied because subjects can only choose either the C lottery or
the AE lottery in each of the 10 AE-C pairs.

Statistical Null Hypothesis of the Generalized Fisher Exact Test: The proportion of individuals
choosing the C lotteries is the same for all the AE-C lottery pairs.

The contingency table used in the test has the following structure:

Choice
Pair AE Lottery C Lottery Total
AE-C pair 1 nll nl2 nll +nl2
AE-C pair 2 n21 n22 n21 + n22
AE-C pair r nrl nr2 nrl + nr2
Total 21,2, (i) | X0-1,2, 0 (22) | 21,2, (nil +0i2)

The number in each cell is defined as follows. The symbol n11 represents the number of
individuals that chose the AE lottery when they were presented with the AE-C lottery pair 1. The
symbol n12 represents the number of individuals that chose the C lottery when they were presented
with the same AE-C pair 1. The sum n11+n12 represents the total number of subjects that were
presented with the AE-C lottery pair 1. The interpretation of nil and ni2, for i=2, 3, ..., r, can be
similarly derived. The generalized Fisher Exact test tests the null hypothesis that the proportion of
subjects that choose the C lottery is statistically the same for all of the r AE-C lottery pairs used in
the table. Formally, the statistical null hypothesis is Ho: p7 = p2= ... =pr,, where pi = ni2 /(nil +
ni2) fori=1,2, 3, ..., 1.

We use this test in conjunction with the Binomial probability test applied individually to
each of the AE-C lottery pairs to make stronger claims of the overall performance of ROCL. If the
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Binomial probability test does not reject its statistical null hypothesis for each of the AE-C lottery
pairs and if the statistical null hypothesis of the generalized Fisher Exact test is not rejected, we can
conclude that the proportion of subjects that chose the C lottery is statistically the same for all AE-C
and therefore the ROCL indifference prediction is supported. If we can reject the statistical null
hypothesis of the generalized Fisher Exact test, we can conclude that at least in two of the AE-C
pairs the proportions of subjects that chose the C lottery are different. For example, suppose there
were only 2 AE-C lottery pairs. If the Fisher Exact test rejects the null hypothesis, we conclude that
the proportions of subjects choosing the C lottery are not the same in the two lottery pairs.
Therefore, even if one of the proportions was equal to 50%, as ROCL predicts for any given AE-C
lottery pair, the rejection of the statistical null would imply that the other proportion is not
statistically equal to 50%. Consequently, we would reject the research hypothesis that subjects satisfy
ROCL and choose at random between the AE and the C lottery in all of the AE-C lottery pairs.

The generalized Fisher Exact test is appropriate to test the joint hypothesis that the
proportion of subjects that chose the C lottery is the same in all of the AE-C lottery pairs. The basic
assumptions of the test are satisfied by the data. As described by Sheskin[2004; p. 424 and 500], the
assumptions are: (i) each of the # observations are independent (i.e., the outcome of one
observation is not affected by the outcome of another observation), (i) each observation is
randomly selected from a population, (iif) each observation can be classified only into mutually
exclusive categories, (iv) the Fisher Exact test is recommended when the size of the sample is small,
and (v) many sources note that an additional assumption is that the sum of the rows and columns of
the contingency table used in the Fisher Exact test are predetermined by the researcher.
Assumptions (i)-(iii) are satisfied for the same reasons we explained in the Binomial probability test.
The Fisher Exact test is commonly used for small samples like ours instead of the Chi-square test of
homogeneity, which relies on large samples to work appropriately. Finally, the last assumption is not
met by our data, however, Sheskin [2004; p. 506] claim that this is rarely met in practice and,
consequently, the test is used in contingency tables when “one or neither of the marginal sums is
determined by the researcher.”

1-in-40 Treatment

The strategy to test the basic prediction of indifference in the “Pay-1-in-40 compound is
different from the one used in the “Pay-1-in-1-compound.” The reason is that the structure of the
data in each of the treatments is different. In the case of the 1-in-1 treatment, each of the 10 AE-C
lottery pairs generated, using the terminology of the statistical literature, an “independent” sample in
the sense that there was no subject that made choices over more than one AE-C lottery pair. On the
contrary, in the 1-in-40 treatment we have multiple “dependent” samples. This means that several
subjects made choices over each of our 10 AE-C lottery pairs, and therefore, we obtain 10
“dependent” samples. This subtle difference has relevant implications for the type of nonparametric
test that one should use to test any hypothesis with the structure of the data we described. We use
the Cochran Q test to test the basic ROCL prediction of indifference in the 1-in-40 treatment.

Statistical Null Hypothesis of the Cochran Q Test: The proportion of subjects that choose the C is
the same in each of the 10 AE-C lottery pairs.

The information needed to perform this test is captured in a table of the following type:
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AE-C pair 1 AE-C pair 2 AE-C pair 9 AE-C pair 10
Subject 1 ¢y 1o 19 110
Subject 2 oy oz Y €210
Subject n (s €0 €9 €10
Total 112 n( 1) 112 n( :2) 112 n( 9) 112 r( 10)

The number in each cell is defined as follows. The symbol ¢, is a dichotomous variable that
can be either O or 1 and records the choice that was made when of subject 1 was presented with the
AE-C lottery pairs. If subject 1 chooses the AE lottery, ¢, is equal to 0; but if the subject chooses
the C lottery instead, ¢, , is equal to 1. the represents the number of individuals that chose the AE
lottery when they were presented with the AE-C lottery pair 1. The symbols ¢, ,, ¢, ;,... and ¢, are
similarly defined and record subject 1's choices in AE-C pairs 2 through 10. Similatly, the symbols ¢,
1> Gioper and ¢4, record the choices that subject i made in each of the 10 AE-C lottery pairs. The sum
Y. 15 . (c.) represents the total number of subjects, out of the n subjects, that chose the C lottery
when they were presented with the AE-C lottery pair ;. The Cochran Q test tests if the proportion of
subjects that chose the C lottery in each of the 10 AE-C lottery pairs are the same. Thus the
statistical null hypothesis is Ho: p, = p,= ... =p,,,, where p; = Zi-l,Z,m,n (¢;p) /nfori=1,2,3, ...,
actual statistic of the Cochran Q) test involves information of these proportions, as well as
information per subject.

10. The

This joint hypothesis is enough to reject the indifference prediction. For example, suppose
there were only 2 AE-C lottery pairs. If the Cochran Q test rejects the null hypothesis, we conclude
that the proportions of subjects choosing the C lottery are not the same in the two lottery pairs.
Therefore, even if one of the proportions is equal to 50% as ROCL predicted, the test provides
evidence that the other proportion is not equal to 50%. Consequently, we would reject the research
hypothesis that subjects satisfy ROCL and choose at random between the AE and the C lottery in
any of the AE-C lottery pairs. In the text we provide confidence intervals™ on the number of
subjects (out of the 62 in our sample) that chose the S lottery in each of the AE-C lottery. If for a
given AE-C lottery pair the number 31 is not contained in the confidence interval, it implies that
with 95% probability the proportion of the 62 subjects that chose the C lottery will not be 50%. We
could have apply the Binomial probability test to each of the 10 AE-C pairs in the 1-in-40 treatment.
However, this would not be appropriate since the Binomial test assumes “independence” in the
sample in the statistical sense which is not satisfied in the present treatment.

The Cochran Q) test is an appropriate test in this treatment because it allows us to jointly
reject the null hypothesis that subjects choose the C lottery and the AE lottery in equal proportions
when the data set is composed by multiple dependent samples. The basic assumptions of the test are
satisfied by the data. As described by Sheskin[2004; p. 245], the assumptions are: (i) each of the
subjects respond to each of the 10 AE-C lottery pairs, (i) one has to control for order effects and
(iii) each observation can be classified only into mutually exclusive categories. Assumptions (i) is

% We use the -total- Stata command to calculate the confidence intervals.
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satisfied since in the 1-in-40 treatment each subjects respond to all 40 lottery pairs, which include the
10 AE-C pairs. Assumption (i) is also satisfied because in our experiments each subject is presented
with the 40 lotteries in random order. Assumption (iii) is trivially satisfied since in each of the AE-C
pairs the subjects have to make a dichotomous choice.

B. Choice Patterns Where ROCL. Predicts Consistent Choices

Research Null Hypothesis: Subjects choose the S lottery when presented with the S-C lottery
pair if and only if they also choose the S lottery when presented with the corresponding S-AE lottery
pair. This is equivalent to state the null hypothesis using the C and AE lotteries but we chose to
work with the S lottery for simplicity. Therefore, ROCL is satisfied if we can provide statistical
evidence that the proportion of subjects that choose the S lottery when presented with a S-C pair is
equal to the proportion of subjects that choose also the S lottery when presented with the paired S-
AE pair.

Structure of data sets: We use data from the 62 subjects in the 1-in-40 treatment who were
presented with each of the 30 lottery pairs in Tables B2 and B3. Each of the 15 S-C lottery pairs in
Table B2 has a corresponding S-AE pair in Table B3. Therefore, we can construct 15 comparisons
of pairs that constitute 15 consistency tests of ROCL. In the 1-in-40 we again have to assume that
the independence axiom holds. Therefore, we also use data from the 1-in-1 treatment to control for
possible confounds created by the RLIM. However, we have to assume homogeneity in risk
preferences for the analysis of this particular treatment. The reason is that the response of any
subject to a particular S-C lottery pair, is going to be compared with the response of another subject
to the paired S-AE lottery pair. In terms of the statistical literature, the responses to each of the S-C
ot S-AE pairs in the 1-in-1 constitute an “independent” sample. Conversely, the responses to each
of the S-C or S-AE pairs in the 1-in-40 constitute 30 “dependent” samples since each of the 62
subjects responded to each of the 15 S-C and the 15 S-AE. Also, each of the 15 comparisons is
constructed by matching a S-C pair with its corresponding S-AE pair.

Analysis of data from the 1-in-1 treatment

We use the Fisher Exact test to evaluate the consistency predicted by ROCL in each of the
paired comparisons of S-C pairs and S-AE pairs for which we have enough data to conduct the test.
We also use the Cochran-Mantel-Haenszel (CMH) as a joint test of the 15 paired comparisons to
evaluate the overall performance of the ROCL consistency prediction.

Statistical Null Hypothesis of the Fisher Exact Test. For any given paired comparison, subjects
choose the S lottery in the same proportion when presented with a S-C pair and with its

corresponding S-AE lottery pair.

The table shows statistical tests on contingency tables of the following form:
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Choice
S AE/C Total
S-AE pair a b atb
S-C pair ¢ d c+d
Total ate b+d atb+et+d

The positions in each cell are defined as follows. The letter z represents the number of
individuals that chose the simple lottery when they were presented with a S-AE pair. The letter ¢
represents the number of individuals that chose the simple lottery when they were presented with
the corresponding S-C pair. The letter b represents the number of subjects that chose the AE lottery
when they were presented with the S-AE lottery pair. Similarly, the letter 4 represents the number of
subjects that chose the C lottery when they were presented with the corresponding S-C lottery pair.
In the notation of the previous note, the proportions used in the Fisher Exact test are defined as 7,

= a/ (a+b) and 7, =c/ (c+d).

The Fisher Exact test for 2 X 2 contingency tables is appropriate to test individually in each
of the 15 matched pairs the hypothesis that the proportion of subjects that chose the S lottery is the
same when they are presented with the S-C or its corresponding S-AE pair. The basic assumptions
of the test are satisfied by the data. As described by Sheskin[2004; p. 424 and 500], the assumptions
are: (i) each of the 7 observations are independent (i.e., the outcome of one observation is not
affected by the outcome of another observation), (ii) each observation is randomly selected from a
population, (iii) each observation can be classified only into mutually exclusive categories, (iv) the
Fisher Exact test is recommended when the size of the sample is small, and (v) many sources note
that an additional assumption is that the sum of the rows and columns of the contingency table used
in the Fisher Exact test are predetermined by the researcher. Assumptions (i)-(iv) are satisfied for the
same reasons we explained in the in the case of the generalized Fisher exact test. Finally, as we
explained before assumption (v) is not satisfied in our data.

Statistical Null Hypothesis of the Cochran-Mantel-Haenszel test: In all of the 15 paired comparisons
subjects choose in the same proportion the S lottery when presented with the S-C lottery pair and its
paired S-AE lottery pairs. More formally, the odds ratio of each of the 15 contingency tables
constructed from the 15 paired comparisons are jointly equal to 1.

If the CMH test rejects the null hypothesis, then we interpret this as evidence of ROCL-
inconsistent observed behavior. However, if we cannot reject the null, we conclude that subjects
make choices according to the ROCL consistency predictions in the 15 pair comparisons even if we
find that the Fisher Exact tests rejects its null hypothesis for some of the paired comparisons.

The CMH is the appropriate joint test to apply since it allows us to pool the data of multiple

contingency tables that satisfy the assumptions needed for the Fisher Exact test and test jointly the
homogeneity of the tables.
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Analysis of data from the 1-in-40 treatment

We use the Cochran Q) test coupled with the Bonferroni-Dunn (B-D) method to test the
statistical hypothesis that subjects choose the S lottery in the same proportion when presented with a
S-C lottery pair and with the corresponding S-AE lottery pair. The B-D method allows us to test if,
in each of the 15 paired comparisons of S-C and S-AE lottery pairs, the observed difference in the
proportion of subjects that chose the S lottery is statistically significant.

The B-D method is a post-hoc procedure that is conducted after calculating the Cochran Q
test. The first step is to conduct the latter test to reject or not reject the null hypothesis that the
proportions of individuals that choose the S lottery are the same in all 15 S-C and 15 S-AE lottery
pairs. If this null is rejected the B-D method involves calculating a critical value d (see Sheskin[2004;
p. 871] for the definition) that allows to evaluate the statistical significance of the difference in
proportions and that takes into account all the information of the 30 lottery pairs and a confidence
level of a.

Statistical Null Hypothesis in each of the Pair Comparisons using the B-D method: Define p, as the
proportion of subjects that choose the S lottery when presented with a given S-AE lottery pair.
Similarly, define p, as the proportion of subjects that chose the S lottery in the paired S-C lottery
pair. The statistical null hypothesis is that, for a given paired comparison, p,=p..

The B-D method rejects the statistical null hypothesis if |p,-p,|> 4. In this case we would
conclude that the observed difference in proportions in a given paired comparison is statistically
significant. This is a more powerful test than conducting individual tests for each paired comparison

because the critical value 4 takes into account the information of all of the 15 comparisons. See
Sheskin [2004; p. 871] for further details of the B-D method.

The Cochran Q test coupled with the B-D method are appropriate to test in this treatment
the null hypothesis that subjects choose the S lottery in the same proportion when presented with a
given S-C pair and with its corresponding S-AE lottery, and the data set is composed by multiple
dependent samples in the sense we explained above. The basic assumptions of the Cochran Q) test
are satisfied by the data. As described by Sheskin[2004; p. 245], the assumptions are: (i) each of the
subjects respond to each of the 15 S-C lottery pairs and the 15 S-AE lottery pairs, (ii) one has to
control for order effects and (iif) each observation can be classified only into mutually exclusive
categories. Assumptions (1) is satisfied since in the 1-in-40 treatment each subjects respond to all 40
lottery pairs, which include the 15 S-C pairs and the 15 S-AE pairs. Assumption (ii) is also satisfied
because in our experiments each subject is presented with the 40 lotteries in random order.
Assumption (iii) is trivially satisfied since in each of the AE-C pairs the subjects have to make a
dichotomous choice. The B-D method applied to the Cochran Q test does not require any extra
assumptions. However, the calculation of the critical value to make the comparisons requires to
define a family wise Type I error rate (o). Sheskin [2004; p. 871] claims that “[w]hen a limited
number of comparisons are planned prior to collecting the data, most sources take the position that
a researcher is not obliged to control the value of oy . In such a case, the per comparison Type I
error rate («pc) will be equal to the prespecified value of alpha [the confidence level].”

We are also interested in studying the patterns in the violation of ROCL. We want to test the
statistical validity of differences in switching behavior. A pattern inconsistent with ROCL would be
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subjects choosing the S lottery when presented with a given S-C lottery pair, but switching to prefer
the AE lottery when presented with the matched S-AE pair. We construct 2 X 2 contingency tables
that show the number of subjects in any given matched pair who exhibit each of the four possible
choice patterns: (i) always choosing the S lottery; (ii) choosing the S lottery when presented with a S-
C pair and switching to prefer the AE lottery when presented with the matched S-AE pair; (iii)
choosing the C lottery when presented with a S-C pair and switching to prefer the S lottery when
presented with the matched S-AE; and (iv) choosing the C lottery when presented with the S-C
lottery and preferring the AE lottery when presented with the matched S-AE. We use the McNemar
test to evaluate the statistical significance of patterns in the violations of ROCL.

Statistical Null Flypothesis of the McINemar Test: Subjects exhibit the discordant choice patterns
(it) and (iii) in equal proportions within each set of matched pairs.

If the statistical null hypothesis is rejected then we can claim that there is an statistical
difference in the two possible patterns of switching behavior that violate ROCL.

The test requires to construct a contingency tables of the following form:

Simple Lottery vs. Actuarially-

Equivalent
Left Right Total
Lottery Lottery
Left lottery a b atb
Simple Lottery }
vs. Right lottery ¢ d ctd
Compound Lottery Total ate b+d a+b+etd

The positions in each cell are defined as follows. The letter  represents the number of
individuals that chose the left lottery both when they were presented with a pair of a simple lottery
and a compound lottery (S-C) and a corresponding pair that has the same simple lottery and the
actuarially-equivalent lottery (S-AE) of the compound lottery. The simple lotteries, and therefore the
compound and their actuarially equivalent lotteries, are always in the same position across. For the
purpose of the statistical tests, the simple lotteries are always the left lotteries; the compound and
their actuarially-equivalent lotteries are always the right lotteries. Therefore, @ is the number of
individuals that chose the simple lottery when the were presented with a given pair of S-C and its
corresponding pair of S-AE. The letter ¢ represents the number of individuals that chose the simple
lottery when they were presented with a given pair of S-AE but that chose the compound lottery
when they were presented with corresponding pair of S-C.

The McNemar test is an appropriate test to apply in this context. The assumptions of the test

are (See Sheskin [2004; pp. 634]): (i) the sample of n subjects has been randomly selected from the
population, (ii) each of the n onservations in the contingency table is independent of other
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observations, (iii) each observation can be classified only into mutually exclusive categories, and (iv)
the test should not be used with extremely small samples. Assumptions (i) and (iii) are satisfied for
reasons we explained before. Even though there is no agreement of what an small sample is for the
McNemar test, we follow the recommendation of the literature and provide in our results the exact
probability of the test. Assumption (ii) is not satisfied since each subject respond makes choice over
more than one pair. However, the test still allows us to draw conclusions about the discordant
switching patterns but does not allow to make causal inferences, which is enough for our purposes.
In fact it will allows us to conclude if there is an statistical difference between the two possible
choice patterns that contradict ROCL Nevertheless, it will not allow us to conclude anything about
the source of this difference (see Sheskin [2004; p. 639]).

_73-



Appendix E: Additional Econometric Analysis (NOT FOR PUBLICATION)

Analysis of Data from the 1-in-1 Treatment.

Assuming homogeneity in preferences, we find that the model that best describes the data is
the one that allows for the source-dependent version of RDU, and conditional on this model there is
no evidence of violations of ROCL. Both the Vuong test and the Clarke test provide statistical
evidence that the model that allows for the source-dependent version of the RDU is the best model
to explain the data in the 1-in-1 treatment.”” Table E1 shows the parameter estimates of the two
models we consider. In particular, panel A shows the estimates for the model that allows for the
source-dependent version of RDU. We find that the estimates for parameters r, rc, y and yc are 0.62,
0.14, 0.77 and -0.19, respectively. A test of the joint null hypothesis that rc = yc = 0 results in a p-
value of .29. This implies that there is no statistical evidence for source-dependency both in the
utility and the probability weighting functions, and therefore no evidence of violations of ROCL
when homogeneity is assumed. If we had assumed that subjects behave according to the source-
dependent EUT, we would have incorrectly concluded that there is evidence of violations of ROCL
as suggested by the estimate of rc equal to 0.27 which has a p-value of 0.008 (see panel B of Table
E1). A joint test of r and rc results in a p-value less than 0.0001. This highlights the importance of
choosing the preference representation that best characterizes the way in which individuals make
choices.

Although the model that best characterizes behavior in the 1-in-1 treatment is the source-
dependent version of the RDU model, there is evidence of marginal diminishing returns but no
evidence of probability weighting.”® The parameter estimates for r and y are equal to 0.62 and 0.77.
Figure E1 shows the functions implied by these estimates and are plotted in the relevant domains. A
test for the hypothesis that y=1 results in a p-value of 0.23, which provides no evidence of
probability weighting.

Analysis of Data from the 1-in-40 Treatment.

Assuming homogeneity , we find that the model that best describes the data is the one that
allows for the source-dependence version of RDU, and conditional on this model we find evidence
of violations of ROCL. Both the Vuong test and the Clarke test provide evidence to support the
source-dependent RDU as the best model to explain the data in the 1-in-40 treatment.” An statistical
test for the joint null hypothesis that rc = yc=0 results in a p-value less than 0.0001.

The estimates for 1, rc, y and yc are 0.57, 0.11, 1.09 and -0.40, respectively. This implies that
the nature of the violation has two components. First, the estimates suggests that when a typical

7 When we assume homogeneity in risk attitudes, the Vuong test statistic is -1.45 in favor of the
source-dependent RDU, with a p-value of .073. Further, the Clarke test also gives evidence in favor of the
source-dependent RDU with a test statistic equal to 44.

¥ The Vuong and the Clarke tests provide evidence to choose the model that bests characterize data
between two models but are agnostic about the statistical significance of the winning model.

¥ When we assume homogeneity in risk attitudes, the Vuong test statistic is -5.16 in favor of the
source-dependent RDU, with a p-value less than 0.001. Further, the Clarke test also gives evidence in favor of
the source-dependent RDU with a test statistic equal to 935.
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individual is presented with a compound lottery he behaves as if the utility function was more
concave. The linear combination of parameters r + rc results in an estimated coefficient of 0.68 with
a p-value less than 0.0001 and a test of the null hypothesis of r + rc = 0.57 results in a p-value equal
to 0.0001. Thus a typical subject would increase his utility risk aversion parameter from 0.57 to 0.68
when presented with a compound lottery. Second, there is no evidence of probability weighting
when subjects are presented with simple lotteries but there is evidence of probability optimism when
subjects evaluate compound lotteries. A test on the probability weighting parameter for y = 1 results
in a p-value equal to 0.28 and the linear combination y + yc results in an estimated parameter equal
to 0.69 with a p-value less than 0.001. Hence, when presented with a simple lottery a typical subject
displays no probability weighting but does exhibits diminishing marginal returns; however, when
facing a compound lottery, a typical subject behaves as if the utility function was more concave and
the probability weighting function displays probability optimism. Figure E2 shows how the
concavity of the utility function and the probability weighting function differ when individuals are
presented with a simple or a compound lottery.
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Table El: Estimates of Source-Dependent RDU and EUT Model Allowing for
Heterogeneity

Data from the 1-in-1 treatment (N=133). Estimates from the Fechner error parameter omitted

A. Source-Dependent RDU(.]1.=-81.82)

| Coef. Std. Err. z P>|z] [95% Conf. Interval]
ro | 6182009 0669022 9.24 0.000  .4871649  .7494169
r_rocl I -1410226 .0922965 1.53 0.127 -.0398752 -3219204
y f .7699848 -193429 3.98 0.000 .3908708 1.149099
yC | -.1955013 .1819329 -1.07 0.283 -.5520832 -1610806

(Ho: rc = yc = 0; p-value = 0.2848)

(Ho: r = y = 0; p-value < 0.0001)

B. Source-Dependent Version of EUT (1.1.=-84.24)
| Robust

| Coef. Std. Err. z P>|z] [95% Conf. Interval]
ro | 5700532 0731604  7.03  0.000  .4365438  .7233626
rc I .2717936 -1028005 2.64 0.008 0703083 -4732789

(Ho: r=rc=0; p-value < 0.0001)
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Figure E1: Estimated Functions from the RDU Specification in the 1-in-1 Treatment
Assuming Homogeneity in Preferences
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Table E2: Estimates of Source-Dependent RDU and EUT Model Allowing for
Heterogeneity
Data from the 1-in-40 treatment (N=2480= 62 Subjects X 40 choices). Estimates from the Fechner

error parameter omitted

A. Source-Dependent RDU (1.LI.=-1460.57)

Robust

|
] Coef. Std. Err. z P>]z] [95% Conf. Interval]
_____________ e
r ] -5670508 .024286 23.35 0.000 .519451 .6146505
|
rc ] -1090157 .0231279 4.71 0.000 .0636858 .1543456
|
N | 1.088315 .081601 13.34 0.000 .9283802 1.24825
yC | --3957716 .0587485 -6.74 0.000 -.5109165 -.2806266
(Ho: rc = yc = 0; p-value<0.0001)
(Ho: r = y = 0; p-value=0.0001)
B. Version of EUT (LL1.=-1512.45)
| Robust
] Coef. Std. Err. z P>]z] [95% Conf. Interval]
_____________ e
r | .5906296 .0352857 16.74 0.000 5214708 .6597883
|
rc ] --0071859 .0194071 -0.37 0.711 -.0452233 .0308514
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Figure E2: Estimated Functions from the RDU Specification in the 1-in-40 Treatment
Assuming Homogeneity in Preferences

Utility Function Estimated from
the RDU Model Specification
(r=0.57 and r+rc=0.68)

10 12 14 16

T T
0 10 20 30 40 50 60 70
Lottery Prizes in Dollars (x)

u(.) for Compound Lotteries ————- u(.) for Simple Lotteries

Probability Weighting Function Estimated from
the RDU Model Specification
(v=1.09 and vy+yc=0.69)

4 .6
Probability (p)

No probability Weighting ————- w(.) for Compound Lotteries
----------- (.) for Simple Lotteries

79



Appendix F: Detailed Binomial Test Results (NOT FOR PUBLICATION)

The following tests are conducted over the actuarially-equivalent and compound lottery pairs
in Table B4 (Pairs 31-40).

Binomial tests for treatment 1-in-1: We do not report the test for pairs 31, 35 and 35 because for the
first one there was only one observation and for the last two there were no observations at all.

Note: In the following Binomial tests “N” is the total size of the sample for each lottery pair and
“Observed k” is the number of subjects (out of the N subjects) that chose the compound lottery.

Pair 32
Variable | N Observed k Expected k Assumed p Observed p
choice aed2 | 3 3 1.5 0.50000 1.00000
Pr(k >= 3) = 0.125000 (one-sided test)
Pr(k <= 3) = 1.000000 (one-sided test)

Pr(k <= 0 or k >= 3) 0.250000 (two-sided test)

Pair 33
Variable | N Observed k Expected k Assumed p  Observed p
choice aed-3 | 7 5 3.5 0.50000 0.71429
Pr(k >= 5) = 0.226563 (one-sided test)
Pr(k <= 5) = 0.937500 (one-sided test)

Pr(k <= 2 or k >=5) 0.453125 (two-sided test)

Pair 36
Variable | N Observed k Expected k Assumed p  Observed p
choice aeds | 5 T 25 0.50000 0.20000
Pr(k >= 1) = 0.968750 (one-sided test)
Pr(k <= 1) = 0.187500 (one-sided test)

Pr(k <=1 or k >= 4) 0.375000 (two-sided test)

Pair 37
Variable | N Observed k Expected k Assumed p  Observed p
choice aed7 | 2 T 1 0.50000 0.50000
Pr(k >= 1) = 0.750000 (one-sided test)
Pr(k <= 1) = 0.750000 (one-sided test)

Pr(k <= 1 or k >= 1) 1.000000 (two-sided test)

Pair 38
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Variable | N
choice_aed~8 | 3
Pr(ck >= 1)

Pr(k <= 1)
Pr(k <= 1 or k >= 2)

Observed k Expected k
_____________ e

0.875000
0.500000
1.000000

Observe

1

d

(one-sided test)
(one-sided test)
(two-sided test)

k Expected k

Assumed p

0.50000

Assumed p

Observed p
0.33333

Observed p

_____________ o

Pair 39
Variable | N
choice_aed~9 | 5
Pr(k >= 4) =
Pr(k <= 4) =

Pr(k <= 1 or k >= 4)

Pair 40
Variable | N
choice_ae~10 | 6
Pr(k >= 3) =
Pr(k <= 3) =

Pr(k <= 3 or k >= 3)

0.187500
0.968750
0.375000

4

(one-sided test)
(one-sided test)
(two-sided test)

Observed k Expected k
_____________ U P

0.656250
0.656250
1.000000

3

3
(one-sided test)

(one-sided test)
(two-sided test)
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Appendix G: Detailed Fisher Exact Test Results (NOT FOR PUBLICATION)

The following tests are conducted by matching each of the 15 simple and compound lottery
pairs in Table B2 (Pairs 1-15) with a corresponding pair in the set of the 15 simple and actuarially-
equivalent lottery pairs in Table B3 (Pairs 16-30).

Pair 1 vs. Pair 16

| Choice
Pairs | S C/AE | Total
____________ R HO R,
S-AE Pair 16] 3 o | 3
S-C Pair 1 | 1 1 ] 2
____________ USSP UP S RSP
Total | 4 1 | 5
Fisher®s exact = 0.400
1-sided Fisher®"s exact = 0.400
Pair 3 vs. Pair 18
| Choice
Pairs | S C/AE | Total
____________ SRS RSP
S-AE Pair 18] 3 3 ] 6
S-C Pair 3 | 0 2 | 2
____________ e
Total | 3 5 | 8
Fisher®s exact = 0.464
l1-sided Fisher®s exact = 0.357
Pair 5 vs. Pair 20
| Choice
Pairs | S C/AE | Total
____________ R HO R,
S-AE Pair 18] 0 1 | 1
S-C Pair 5 | 2 o | 2
____________ USSP UP S RSP
Total | 2 1 | 3
Fisher®s exact = 0.333
1-sided Fisher®"s exact = 0.333
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Pair 6 vs. Pair 21

| Choice
Pairs | S C/AE | Total
____________ USSP UP S RSP
S-AE Pair 21| 2 1 ] 3
S-C Pair 6 | 2 2 | 4
___________ S B
Total | 4 3 | 7
Fisher®s exact = 1.000
1-sided Fisher®"s exact = 0.629
Pair 7 vs. Pair 22
| Choice
Pairs | S C/AE | Total
____________ e
S-AE Pair 22| 4 o | 4
S-C Pair 7 | 5 4 | 9
____________ R HO R,
Total | 9 4 | 13
Fisher®s exact = 0.228
1-sided Fisher®s exact = 0.176
Pair 8 vs. Pair 23
| Choice
Pairs | S C/AE | Total
____________ USSP UP S RSP
S-AE Pair 23] 1 2 1 3
S-C Pair 8 | 2 2 | 4
____________ SRS RSP
Total | 3 4 | 7
Fisher®s exact = 1.000
1-sided Fisher®"s exact = 0.629
Pair 9 vs. Pair 24
| Choice
Pairs | S C/AE | Total
____________ e
S-AE Pair 24| 0 3 | 3
S-C Pair 9 | 5 1 ] 6
____________ R HO R,
Total | 5 4 | 9
Fisher®s exact = 0.048
1-sided Fisher®"s exact = 0.048
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Pair 11 vs. Pair 26

| Choice
Pairs | S C/AE | Total
____________ USSP UP S RSP
S-AE Pair 26] 3 2 1 5
S-C Pair 11 | 5 4 | 9
____________ SRS RSP
Total | 8 6 | 14
Fisher®s exact = 1.000
1-sided Fisher®"s exact = 0.657
Pair 12 vs. Pair 27
| Choice
Pairs | S C/AE | Total
____________ e
S-AE Pair 27| 4 1 ] 5
S-C Pair 11 | 2 0 ] 2
____________ R HO R,
Total | 6 1 | 7
Fisher®s exact = 1.000
1-sided Fisher®s exact = 0.714
Pair 13 vs. Pair 28
| Choice
Pairs | S C/AE | Total
____________ USSP UP S RSP
S-AE Pair 28| 2 2 ] 4
S-C Pair 13 | 1 (O 1
____________ SRS RSP
Total | 3 2 | 5
Fisher®s exact = 1.000
1-sided Fisher®"s exact = 0.600
Pair 15 vs. Pair 30
| Choice
Pairs | S C/AE | Total
____________ e
S-AE Pair 30| 3 o | 3
S-C Pair 15 | 0 1 ] 1
____________ R HO R,
Total | 3 1] 4
Fisher®s exact = 0.250
1-sided Fisher®"s exact = 0.250
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Appendix H: Detailed McNemar Test Results (NOT FOR PUBLICATION)

All Simple-Compound pairs vs. all Simple-Actuarially-Equivalent pairs

| Controls |
Cases | Exposed Unexposed | Total
_________________ N By,
Exposed | 447 97 | 544
Unexposed | 182 204 | 386
_________________ e
Total | 629 301 | 930
McNemar®s chi2(l) = 25.90 Prob > chi2 = 0.0000
Exact McNemar significance probability = 0.0000
Proportion with factor
Cases -5849462
Controls .6763441 [95% Conf. Interval]
difference -.0913978 -.1271815 -.0556142
ratio -8648649 -8177913 -9146481
rel. diff. -.282392 -.405559 -.1592251
odds ratio -532967 -4121939 .6855842 (exact)

Note: the contingency table above was constructed by summing each of the

positions in the 15 contingency tables below. For example, the number in the
Ffirst position (column 1, row 1) in the table above was calculated by summing
the numbers in the Ffirst position in each of the 15 contingency tables below.

Pair 1 vs. Pair 16

| Controls |
Cases | Exposed Unexposed | Total
_________________ N By,
Exposed | 22 2 ] 24
Unexposed | 32 6 | 38
_________________ e
Total | 54 8 | 62
McNemar®s chi2(l) = 26.47 Prob > chi2 = 0.0000
Exact McNemar significance probability = 0.0000
Proportion with factor
Cases -3870968
Controls .8709677 [95% Conf. Interval]
difference -.483871 -.6395385 -.3282034
ratio -4444444 -3235546 .6105024
rel. diff. -3.75 -6.863468 -.6365323
odds ratio -0625 -0072572 -2449784 (exact)
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Pair 2 vs. Pair 17

| Controls
Cases | Exposed
_________________ R,
Exposed | 58
Unexposed | 3
_________________ .
Total | 61
McNemar®s chi2(1) = 1.00

Exact McNemar significance probability

Proportion with factor
Cases .9516129
Controls -983871

difference -.0322581

ratio .9672131

rel. diff. -2

odds ratio .3333333

Pair 3 vs. Pair 18

| Controls

Cases | Exposed
_________________ P

Exposed | 38

Unexposed | 17
_________________ S

Total | 55

McNemar®s chi2(1l) = 14.22

Exact McNemar significance probability

Proportion with factor
Cases .6290323
Controls .8870968

difference -.2580645

ratio . 7090909
rel. diff. -2.285714
odds ratio .0588235

|

Unexposed | Total
____________ e
1 ] 59

0o ] 3
____________ .
1 | 62

Prob > chi2 = 0.3173

= 0.6250

[95% Conf. Interval]

-.1110998 .0465837

-9060347 1.032522

-8.789514  4.789514

.0063495 4.151441

|

Unexposed | Total
____________ S
1 ] 39

6 | 23
____________ e
7 ] 62

Prob > chi2 = 0.0002

= 0.0001

[95% Conf. Interval]

-.3919297 -.1241993

-5925527 .8485489

-4.438998 -.1324308

.0014075 .3754091
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Pair 4 vs. Pair 19
| Controls
Cases | Exposed
_________________ .
Exposed | 7
Unexposed | 7
_________________ P
Total | 14
McNemar®s chi2(1) = 0.08

Exact McNemar significance probability

Proportion with factor

Cases -2096774
Controls .2258065
difference -.016129
ratio -9285714
rel. diff. -.0208333
odds ratio .8571429
Pair 5 vs. Pair 20
| Controls
Cases | Exposed
_________________ .
Exposed | 12
Unexposed | 13
_________________ P
Total | 25
McNemar®s chi2(1) = 2.58

Exact McNemar significance probability

Proportion with factor
Cases -2903226
Controls .4032258

difference -.1129032

ratio .72
rel. diff. -.1891892
odds ratio .4615385

|
Unexposed | Total
____________ .
6 | 13
42 | 49
____________ S
48 | 62
Prob > chi2 = 0.7815
= 1.0000
[95% Conf. Interval]
-.1461672 .1139091
.5499486 1.567864
-.169583 1279163
.2379799 2.978588
|
Unexposed | Total
____________ .
6 | 18
31 | 44
____________ S
37 | 62
Prob > chi2 = 0.1083
= 0.1671
[95% Conf. Interval]
-.2639309 .0381244
.4813126 1.077055
-.4409851 .0626067
.1438515 1.301504
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Pair 6 vs. Pair 21

| Controls
Cases | Exposed
_________________ .
Exposed | 35
Unexposed | 11
_________________ P
Total | 46
McNemar®s chi2(1) = 1.47

Exact McNemar significance probability

Proportion with factor

Cases .6612903
Controls . 7419355
difference -.0806452
ratio .8913043
rel. diff. -.3125

odds ratio .5454545

Pair 7 vs. Pair 22

| Controls
Cases | Exposed
_________________ R
Exposed | 26
Unexposed | 16
_________________ R,
Total | 42
McNemar®s chi2(l) = 2.67

Exact McNemar significance probability

Proportion with factor

Cases .5483871
Controls .6774194
difference -.1290323
ratio .8095238
rel. diff. -.4
odds ratio .5
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|
Unexposed | Total
____________ .
6 | 41
10 | 21
____________ S
16 | 62
Prob > chi2 = 0.2253
= 0.3323
[95% Conf. Interval]
-.2255601 -0642697
.7399666 1.073594
-.8911317 .2661317
-1656336 1.609034
|
Unexposed | Total
____________ I ——
8 | 34
12 ] 28
____________ e
20 | 62
Prob > chi2 = 0.1025
= 0.1516
[95% Conf. Interval]
-.2966623 .0385978
.6278837 1.04371
-.9680515 -1680515
.1852586 1.238236

(exact)

(exact)



Pair 8 vs. Pair 23

| Controls
Cases | Exposed
_________________ .
Exposed | 23
Unexposed | 11
_________________ P
Total | 34
McNemar®s chi2(1) = 0.00

Exact McNemar significance probability

Proportion with factor

Cases .5483871
Controls .5483871
difference 0
ratio 1
rel. diff. 0
odds ratio 1

Pair 9 vs. Pair 24

| Controls
Cases | Exposed
_________________ R
Exposed | 37
Unexposed | 9
_________________ R,
Total | 46
McNemar®s chi2(l) = 0.60

Exact McNemar significance probability

Proportion with factor

Cases .6935484
Controls .7419355
difference -.0483871
ratio .9347826
rel. diff. -.1875

odds ratio .6666667
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|
Unexposed | Total
____________ .
11 | 34
17 | 28
____________ S
28 | 62
Prob > chi2 = 1.0000
= 1.0000
[95% Conf. Interval]
-.164404 -164404
.7630866  1.310467
-.3283231 .3283231
-3931661 2.543454
|
Unexposed | Total
____________ I ——
6 | 43
10 | 19
____________ e
16 | 62
Prob > chi2 = 0.4386
= 0.6072
[95% Conf. Interval]
-.1863563 .0895821
.7881077 1.108755
-.7045 -3295
.1952634 2.097224

(exact)
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Pair 10 vs. Pair 25

|
|
_________________ +
Exposed |
Unexposed |

+

|

McNemar®s chi2(1) =

Controls
Exposed

5.40

Unexposed

w
— e —— - — —

Prob > chi?2

Exact McNemar significance probability

Proportion with factor

Cases
Controls

. 7741935
-9193548

difference -.1451613

ratio -8421053
rel. diff. -1.8
odds ratio .25
Pair 11 vs. Pair 26
| Controls
Cases | Exposed
_________________ +
Exposed | 27
Unexposed | 9
_________________ +
Total | 36
McNemar®s chi2(l) = 0.20

[95% Conf.

-.2782711
. 7283504
-4.340404

.0452729

Unexposed

=
=
— e —— o — —

Prob > chi2

Exact McNemar significance probability

Proportion with factor

Cases
Controls

-6129032
.5806452

difference
ratio
rel. diff.

odds ratio

-0322581
1.055556
-0769231

1.222222

[95% Conf.

0.0201
0.0352

Interval]

-.0120515
-9736266
. 7404037

-9263782

I
o
[e0]
N
w
o0}

Interval]

-.1250174
-832837
-.2469752

-460447

290-

-1895335
1.337834
.4008214

3.336929

(exact)

(exact)



Pair 12 vs. Pair 27
| Controls
Cases | Exposed
_________________ .
Exposed | 26
Unexposed | 9
_________________ P
Total | 35
McNemar®s chi2(1) = 1.09

Exact McNemar significance probability

Proportion with factor

Cases .6451613
Controls .5645161
difference .0806452
ratio 1.142857
rel. diff. .1851852
odds ratio 1.555556
Pair 13 vs. Pair 28
| Controls
Cases | Exposed
_________________ R,
Exposed | 44
Unexposed | 10
_________________ .
Total | 54
McNemar®s chi2(1) = 7.36

Exact McNemar significance probability

Proportion with factor
Cases . 7258065
Controls -8709677

difference -.1451613

ratio .8333333
rel. diff. -1.125
odds ratio 1

|
Unexposed | Total
____________ .
14 | 40
13 | 22
____________ S
27 | 62
Prob > chi2 = 0.2971
= 0.4049
[95% Conf. Interval]
-.0857564 .2470467
.888976  1.469244
-.1290666 -4994369
.6271247  4.074174
|
Unexposed | Total
____________ e
1 | 45
7 | 17
____________ .
8 | 62
Prob > chi2 = 0.0067
= 0.0117
[95% Conf. Interval]
-.2597136  -.030609
.7303802 -9507986
-2.309497 -0594969
.0023043 .702939
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Pair 14 vs. Pair 29

McNemar®s chi2(1) =

| Controls

| Exposed
---------- +

Exposed | 34

Unexposed | 12
---------- +

Total | 46

0.80

Exact McNemar significance probability

Proportion with factor

Cases .6774194
Controls .7419355
difference -.0645161
ratio .9130435
rel. diff. -.25

odds ratio .6666667

Pair 15 vs. Pair 30

McNemar®s chi2(l) =

| Controls
| Exposed
+

Exposed | 13
Unexposed | 11
Total | 24

0.17

Exact McNemar significance probability

Proportion with factor

Cases -4193548
Controls .3870968
difference .0322581
ratio 1.083333
rel. diff. .0526316

odds ratio 1.181818

|
Unexposed | Total
e
8 | 42
8 | 20
.
16 | 62
Prob > chi2 = 0.3711
= 0.5034
[95% Conf. Interval]
-.2211047 .0920725
7479736  1.114542
-.8624887 -3624887
.2363844  1.773597
|
Unexposed | Total
I ——
13 ] 26
25 | 36
e
38 | 62
Prob > chi2 = 0.6831
= 0.8388
[95% Conf. Interval]
-.1385308 .2030469
.7376116  1.591096
-.1933086 .2985718
.4885561 2.913432
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Appendix I: Detailed Wald Test Results for Predictions (NOT FOR PUBLICATION)

=0

1-in-1 Treatment: Wald tests for the null hypothesis of r

Predicted r

0.67

# of Subjects

0.78 0.80 0.83 0.89 0.93 0.94 0.97

0.75

0.45 0.48 0.49 0.53 0.59 0.62 0.64

p-value

28

28

16
22

16

0
0
0
0
0
0
0
0
0
0
0
0
0
4
0

1.14E-34
1.33E-26
5.60E-25
6.78E-25
2.90E-22
2.02E-19
7.87E-19
1.12E-15
2.89E-13
3.05E-11
3.12E-09
4.42E-07
6.11E-07
0.0002934

22

17

17

0.0003798
# of Subjects

133

16

28

22

17

4
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1

1-in-1 Treatment: Wald tests for the null hypothesis of gamma

Predicted gamma

# of Subjects

0.23 0.24 0.25 0.26 0.29 0.30 0.31 0.32 0.46 0.47 0.48 0.49 0.52 0.53 0.54 0.55
22

p-value
7.02E-06
0.000047
0.0000525

22

17
28

17

0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
22

28

0.0001667

0.0002153

0.0004045

0.000434
0.0004769

0.0005309

0.0007535

16

16

0.001047
0.0022308

0.0147585

0.0306056
0.0315525
0.0396612
# of Subjects

133

17

16

28

94



=0

1-in-40 Treatment: Wald tests for the null hypothesis of r

Predicted r

0.62

# of Subjects

0.67 0.67 0.71 0.82 0.86

0.04

0.44 0.47 0.49 0.52

0.40

p-value
1.96E-27

0
0
0
0
0
0
0
0
0
0
0
2
2

0

1.6E-24
1.56E-20
2.35E-18
1.25E-15
5.45E-14
3.92E-13
2.07E-10
8.76E-10
1.22E-08

0.000000917

11

11

11

11

0.0000284
# of Subject

62

11

11
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=0

1-in-40 Treatment: Wald tests for the null hypothesis of r + rc

Predicted r + rc

# of Subjects

0.54 0.57 0.59 0.63 0.66 0.67 0.71 0.73 0.74 0.76 0.81 0.84

p-value
0.00E+00

0
0
0
0
0
0
0
0
0
0
0
2
2

9.27E-32
2.86E-25
3.55E-22
5.59E-19
7.64E-18
2.03E-17
791E-14
2.32E-12

11

11

11

11

1.5E-10
0.000000094
0.000000886

62

11

11

# of Subject
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1-in-40 Treatment: Wald tests for the null hypothesis of y = 1

Predicted gamma

p-value 0.37 0.41 0.68 0.75 0.79 0.95 0.99 1.06 1.26 1.30 1.33 1.37  # of Subjects
741E-03 0 8 0 0 0 0 0 0 0 0 0 0 8
0.0110372 3 0 0 0 0 0 0 0 0 0 0 0 3
0.0924481 0 0 0 0 0 0 0 0 0 0 0 11 11
0.1921943 0 0 0 0 0 0 0 0 0 0 8 0 8
0.1973165 O 0 0 11 0 0 0 0 0 0 0 0 11
0.2324818 0 0 1 0 0 0 0 0 0 0 0 0 1
0.2682751 0O 0 0 0 0 0 0 0 0 2 0 0 2
0.3140454 O 0 0 0 0 0 0 0 1 0 0 0 1
0.3357557 0O 0 0 0 3 0 0 0 0 0 0 0 3
0.8049443 0 0 0 0 0 0 0 3 0 0 0 0 3
0.8290983 0 0 0 0 0 4 0 0 0 0 0 0 4
0.9432108 0 0 0 0 0 0 7 0 0 0 0 0 7
# of Subjects 3 8 1 11 3 4 7 3 1 2 8 11 62
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1-in-40 Treatment: Wald tests for the null hypothesis of y + yc =1

Predicted gamma + gammac

p-value 0.29 0.34 0.42 0.55 0.56 0.61 0.61 0.63 0.69 0.69 0.82 0.87  # of Subjects

4.02E-05 0 0 0 7 0 0 0 0 0 0 0 0 7
0.0001762 0 0 1 0 0 0 0 0 0 0 0 0 1
0.0002076 8 0 0 0 0 0 0 0 0 0 0 0 8
0.008463 0O 3 0 0 0 0 0 0 0 0 0 0 3
0.0122949 0 0 0 0 3 0 0 0 0 0 0 0 3
0.0125595 0 0 0 0 0 0 11 0 0 0 0 0 11
0.0382169 0 0 0 0 0 4 0 0 0 0 0 0 4
0.062012 0O 0 0 0 0 0 0 0 0 3 0 0 3
0.0686239 0 0 0 0 0 0 0 0 1 0 0 0 1
0.0960365 0 0 0 0 0 0 0 2 0 0 0 0 2
0.2874661 0 0 0 0 0 0 0 0 0 0 11 0 11
0.3762546 0 0 0 0 0 0 0 0 0 0 0 8 8
# of Subject 8 3 1 7 3 4 11 2 1 3 11 8 62

-08-



	Reduction of Compound Lotteries with Objective Probabilities: Theory and Evidence
	Recommended Citation

	C:\Users\Glenn Harrison\papers\ee\ROCL\papers\Reduction of Compound Lotteries with Objective Probabilities -- Theory and Eviden

