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Abstract

Common ratio and common consequence e↵ects are two foundational deviations from expected

utility (EU). Most non-EU models treat them as global preference features, yet there has been

little experimental exploration of parameters. Moreover, the two e↵ects are typically analyzed

independently despite their natural link through mixture attitudes. We empirically characterize

combinations of preferences across the parameter space, documenting new regularities that are

inconsistent with leading non-EU models. Finding no prominent model that can explain these

regularities, we propose a model of “upside potential” motivated by our results.
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1 Introduction

The common ratio e↵ect (CRE) and the common consequence e↵ect (CCE) are two prominent de-

viations from expected utility (EU). These e↵ects were first proposed as thought experiments by

Allais (1953) and served as important counterexamples against EU as a positive model of behav-

ior. They were later popularized by Kahneman and Tversky (1979), who broadened their scope

by treating them as foundational features of preferences that motivate the shape of the probability

weighting function in prospect theory. Subsequent work found empirical support for both e↵ects,

and researchers have developed many non-EU models of decision-making to accommodate them.

Despite the widespread acceptance of the CRE and CCE as stylized facts, the existing evidence

su↵ers from two major limitations. First, while behavioral theories often assume these e↵ects rep-

resent global features of preferences, the experimental evidence for each comes from a narrow set of

experimental parameters, and thus there is little empirical justification for such global assumptions.

Second, previous studies have almost always analyzed the CRE and CCE independently. However,

there is a natural connection between them that links both to a third property of risk preferences that

has been studied in the literature: attitudes toward probabilistic mixtures of lotteries. Examining

these three features of preferences together through connected problems provides a more complete

picture of risk attitudes and an improved empirical base for assessing models of risk preferences.

In this paper, we examine connected common ratio (CR), common consequence (CC), and mixture

(MX) problems across a broad range of experimental parameters, including many not previously

explored in the literature. For parameters close to those in the canonical CR and CC problems,

we observe a CRE and a CCE, consistent with conventional findings. However, across much of the

parameter space, we find a modest CRE, a pronounced reverse CCE, and a robust attraction to

probabilistic mixtures. This prominent new regularity in risk attitudes is inconsistent with both EU

and leading non-EU models. Because our empirical results conflict sharply with existing models, we

propose a theoretical model of “upside potential” that is motivated by our results.

In Section 2, we formally demonstrate the natural connection between CR, CC, and MX problems

and how it can yield insight for models of risk preferences. We then leverage this connection to

summarize and reanalyze the existing experimental literature. Allais (1953) first introduced the

CR problem, but the canonical version comes from Kahneman and Tversky (1979) and presents

individuals with the following pair of choice tasks:1

AB Choice: Lottery A: 100 percent chance of $3000 vs. Lottery B: 80 percent chance of $4000

CD Choice: Lottery C: 25 percent chance of $3000 vs. Lottery D: 20 percent chance of $4000
1Throughout the paper, we suppress the probability of $0. For instance, in Lottery B, the remaining probability of

20 percent is on a $0 outcome.
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In this example, lotteries C and D are constructed from lotteries A and B by scaling down the

probabilities of the non-zero outcomes by a common ratio of 0.25. The canonical version of the CCE

is from Allais (1953) and presents participants with the following pair of choice tasks:

AB1 Choice: Lottery A: 100 percent chance of $1M vs. Lottery B
1: 89 percent chance of $1M

10 percent chance of $5M

CD Choice: Lottery C: 11 percent chance of $1M vs. Lottery D: 10 percent chance of $5M

Lotteries C and D are constructed from lotteries A and B
1 by changing the common consequence of

an 89 percent chance of $1M into an 89 percent chance of $0.

EU predicts that CR and CC manipulations cannot reverse an individual’s preference. In contrast,

the CRE and CCE describe systematic empirical patterns of people appearing more risk-tolerant in

the CD problems relative to the AB and AB
1 problems, respectively. As a result, the aggregate

share of individuals choosing A is larger than the share choosing C in both problems.

The prior literature contains many experiments on the CRE and CCE. Two recent meta-studies

by Blavatskyy et al. (2023) on the CRE and Blavatskyy et al. (2022) on the CCE report a total of 224

experiments (143 CRE and 81 CCE) across 48 studies. They document that both e↵ects are sensitive

to various design choices, including experimental parameters. We leverage their data to highlight

two further points. First, these experiments cover a limited set of experimental parameters that are

dominated by the canonical examples in Kahneman and Tversky (1979) and Allais (1953). Second,

these experiments have almost always studied the CRE and CCE as independent phenomena—indeed,

of the 48 studies, only 10 contain both CRE and CCE experiments, and virtually all of these study

the two problems separately.

By studying the CRE and CCE as independent phenomena, the prior literature has neglected a

natural connection between them that can provide a more complete picture of the underlying nature

of risk attitudes and an improved empirical base for assessing models of risk preferences. While

this connection was noted in early theoretical work by Chew and MacCrimmon (1979) and both

theoretically and experimentally by Chew and Waller (1986), it remains largely absent from the

CRE and CCE literature. To illustrate this connection, consider the following three choice tasks:

AB Choice: Lottery A: 100 percent chance of $27 vs. Lottery B: 90 percent chance of $35

AB111 Choice: Lottery A: 100 percent chance of $27 vs. Lottery B
1: 9 percent chance of $35

90 percent chance of $27

CD Choice: Lottery C: 10 percent chance of $27 vs. Lottery D: 9 percent chance of $35

The combination of the AB and CD choices constitutes a CR problem while the combination of
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the AB
1 and CD choices constitutes a CC problem. Thus, three tasks are su�cient to study both

problems. This formulation also highlights a third comparison: AB versus AB
1. Since B

1 is a

probabilistic mixture of lotteries A and B (in this case 90 percent A and 10 percent B), this third

comparison reveals attitudes toward probabilistic mixtures. We refer to the combination of the AB

and AB
1 choices as a mixture (MX) problem, where EU predicts that people should be neutral to

mixtures. We refer to a finding of people appearing more risk-tolerant in the AB
1 problem relative

to the AB problem as a mixture e↵ect (MXE). In other words, the MXE pattern suggests that

individuals prefer the probabilistic mixture of A and B to both A and B individually.2

We refer to the combination of an AB task, an AB
1 task, and a CD task as a connected CR-

CC-MX problem. We characterize such problems with two parameters. The first is the probability

of the non-zero outcome in lottery B, which we denote by p (0.9 in the example above). The second

parameter, which we denote by r, is both the common ratio that converts A and B into C and D

and the mixing weight that generates B1 from A and B (0.1 in the example above).3

Each connected CR-CC-MX problem allows us to simultaneously identify three features of un-

derlying preferences for a given pp, rq parameter combination: whether people have a common ratio

preference (CRP), a common consequence preference (CCP), and amixture preference (MXP). In each

case, a person might have that preference, its reverse (which we label RCRP, RCCP, or RMXP), or be

neutral to the manipulation (which we label CRP, CCP, and MXP).4 Existing models of risk

preferences make predictions for the empirical patterns we ought to observe. EU implies neutrality

to all three manipulations and therefore pattern CRP-CCP-MXP. In Section 2.2, we delineate

the predictions from several leading parameterized non-EU models. Under each model’s common

assumptions, all predict a CRP and a CCP, and most further predict either an RMXP or an MXP;

that is, people either dislike or are neutral to mixtures. Furthermore, in most cases these models

predict these patterns apply globally and are independent of pp, rq. We can test these predictions

using connected CR-CC-MX problems.

While it is possible to study CR, CC, and MX problems using binary choice tasks like those

above—as most of the prior literature, including Chew and Waller (1986), does—this approach can

yield biased conclusions in the presence of choice noise. In McGranaghan et al. (2024), we build on

prior work highlighting this potential bias in CRE experiments and demonstrate how paired valuation

tasks can provide unbiased inference under these circumstances. Therefore, our primary analysis

focuses on valuation tasks in the form of stated indi↵erence points implemented using multiple price

2The MX problem relates to tests of betweenness and to work on deliberate randomization; we discuss these litera-
tures in Section 2.4. We also highlight that our connected problems examine one specific type of MX problem in which
a binary lottery is mixed with a certain lottery, and thus our analysis will not provide a full characterization of people’s
attitudes toward mixtures.

3The canonical version of the CRE uses p “ 0.8 and r “ 0.25, and the canonical version of the CCE uses p “ 10{11
and r “ 0.11.

4We adopt the “reverse” terminology from the literature, which dates at least to Blavatskyy (2010).
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lists. For example, in a CD valuation task analogous to the CD choice task above, a participant

selects the amount to be received with a 9 percent chance that makes them indi↵erent to a 10 percent

chance of $27. To complement the primary analysis, we conduct a secondary analysis using carefully

selected choice tasks. Both methods yield the same conclusions about average behavior across the

parameter space.5 Moreover, we document strong links between valuations and choices, indicating

that the patterns we find meaningfully reflect underlying preferences.

In Section 3, we describe the details of our experimental design. We recruit 2,102 participants

through Prolific for an online experiment. In stage 1 of the experiment, we elicit a series of valuations.

Each participant provides AB, AB1, and CD valuations for four di↵erent pp, rq combinations. Across

all of our participants, we implement 20 di↵erent pp, rq combinations covering a wide range of the

parameter space. In stage 2, the same participants complete binary choice tasks linked to their

stage 1 valuation tasks, facilitating direct comparison between the patterns of behavior emerging in

valuations and choices.

Section 4 describes our main results. We first study aggregate behavior by analyzing mean

valuations across all participants. We find that the three features of preferences react di↵erently to

changes in the experimental parameters. CRP is highly sensitive to the common ratio r: It increases

as r decreases, and disappears entirely for the two largest values of r in our design. In contrast,

CCP is highly sensitive to the high-prize probability p: It decreases as p decreases, transitioning

from a small CCP for large p to a substantial RCCP for small p. Finally, we find a robust MXP

that increases as either r or p decreases. Taken together, these results yield two striking regularities

in the combinations of CR-CC-MX preferences. On one hand, for parameters close to the canonical

CR and CC examples (large p and small r), we find CRP and CCP with limited MXP, consistent

with the conventional wisdom. On the other hand, across much of the parameter space, we find a

robust pattern of CRP-RCCP-MXP, which is inconsistent with both EU and leading non-EU models.

The exact same patterns emerge when analyzing the aggregate paired binary choice data, albeit with

more noise.

We next analyze behavior at the individual level. Using our valuation data, we examine the

distribution of behavior across the 27 possible combinations of CR-CC-MX patterns, where a person

might exhibit the e↵ect, its reverse, or no e↵ect for each. We find that mean behavior masks sub-

stantial heterogeneity. The modal individual pattern aligns with the CRP-RCCP-MXP combination

that frequently appears in mean preferences, but it accounts for only 15 percent of observations. Of

5While not the main focus of this paper, we describe in Section 2.5 how the inference problem described in Mc-
Granaghan et al. (2024) becomes even more severe when comparing three binary choice tasks, as in a connected
CR-CC-MX problem. Section 4.2 presents empirical evidence for the relevance of these biased inference problems for
our CR, CC, and MX choice tasks. At the same time, we describe in Sections 4.2 and 4.5 why our choice data yield
the same conclusions as our valuations data despite the potential inference problems: Based on pilot data, we were
able to select experimental parameters that produced a set of paired choice problems that mitigate aggregate bias by
balancing instances in which choice noise would lead to positive and negative bias.
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course, some of this variability in behavior at the individual level is likely due to noise. Because our

design elicits multiple measures of the same valuation within subject, we can structurally decompose

the variability in valuations into an underlying preference component and a noise component. We

estimate that roughly half of the variability in valuations is due to preference heterogeneity. The

resulting distribution of preferences still yields a modal pattern of CRP-RCCP-MXP, but also in-

volves substantial heterogeneity. Finally, we show that heterogeneity in preferences measured from

valuations strongly predicts choice behavior, suggesting that choices and valuations capture some

common information about the underlying preferences of interest.

Taken together, our experimental results pose an important challenge to existing models of risk

preferences. In simple terms, our results confirm some earlier results that suggest the CRE and CCE

are not global phenomena, whereas prominent models of risk preferences either assume or imply that

they are. More unique to our data is the prevalence of the pattern CRP-RCCP-MXP, which cannot

be accommodated by any of the leading parameterized non-EU models.

Because our experimental results are so at odds with existing models, in Section 5 we attempt

to develop a model to rationalize our data. Our approach is motivated by our finding that people

have a robust attraction to probabilistic mixtures between a certain payment and a binary lottery

with a higher expected value. This finding suggests that, compared to having the certain amount,

people prefer to mix in some, but not all, of the binary lottery. To accommodate this preference, we

posit that people value lotteries according to their “upside potential,” trading o↵ the total proba-

bility of winning something against an expected valuation of those winnings—which turns out to be

a previously unstudied version of quadratic utility (Machina, 1982; Chew et al., 1991). Encourag-

ingly, this approach to accommodating MXP also explains the modal CRP-RCCP-MXP pattern we

observe, and successfully predicts some more nuanced patterns in our data. Expanding beyond our

data, we derive more general predictions of the model for indi↵erence curves in a Marschak-Machina

triangle—which o↵ers additional testable implications for future research—and show how the model

is consistent with the reliable finding of risk tolerance for small probabilities and risk aversion for large

probabilities when eliciting certainty equivalents for binary lotteries (as in Tversky and Kahneman,

1992). Though the psychology of upside potential appears a promising way to organize our data, we

also discuss the limitations of the model, and hope that future work can expand and improve upon

the initial ideas we propose.

Finally, in Section 6 we discuss some broader implications of our analysis, including connections

between our results and the recent literature on deliberate randomization and the underlying mecha-

nisms for such phenomena (Cerreia-Vioglio et al., 2015; Agranov and Ortoleva, 2017; Dwenger et al.,

2018; Feldman and Rehbeck, 2022; Agranov and Ortoleva, 2023; Agranov et al., 2023).

Our exploration of the connections between CRP, CCP, and MXP is similar in spirit to exercises

by Dean and Ortoleva (2019), Chapman et al. (2023), and Stango and Zinman (2023), who study the
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correlations between decision-making phenomena across a range of domains including risk, ambiguity,

updating, and intertemporal choice. However, our contribution di↵ers in two important ways. First,

our work is motivated by structural connections between the three features of risk preferences, and

these connections provide a framework for using the empirical patterns that emerge to assess models

of risk preferences. In contrast, the correlational analyses above are challenging to interpret because it

is unclear how a link between, say, present bias and ambiguity aversion might relate to specific models

of choice. Second, one of our primary goals is to study how the three features of risk preferences

vary across the parameter space, which is crucial to assessing the performance of di↵erent models.

In contrast, the papers cited above use a limited number of measures for each phenomena, often at

canonical parameterizations. For example, Dean and Ortoleva (2019) have a single measure of the

CRE and a single measure of the CCE, each at its canonical parameter values. While such exercises

are valuable for documenting broad correlations in classic phenomena across many domains, this

approach provides limited information for assessing di↵erent models.

Finally, we note the potential benefits of broader exploration of parameter spaces in other domains

and the richer appreciation of preferences that might emerge from these exercises. Within the domain

of risky choice, our exploration yields a new empirical foundation upon which to theorize. We hope

such explorations in other domains will be similarly useful.

2 Background and Prior Literature

The prior literature has almost always studied the CRE and CCE as separate problems, and for each

problem, it has focused on a limited set of parameters. In contrast, we study connected problems

for a broad set of parameters. In this section, we formalize the connection and highlight the value of

investigating connected problems, which is reminiscent of—but expands upon—the exercise in Chew

and MacCrimmon (1979) and Chew and Waller (1986). We then describe in detail the limitations of

the prior literature.

2.1 Connected CR-CC-MX Problems

For fixed prizes H ° M ° 0, consider three binary choice tasks parameterized by the vector pp, rq,
where p, r P p0, 1q:

AB Choice Task: choose Lottery A ” pM, 1q or Lottery B ” pH, pq

AB1 Choice Task: choose Lottery A ” pM, 1q or Lottery B
1 ” pH, pr;M, 1 ´ rq

CD Choice Task: choose Lottery C ” pM, rq or Lottery D ” pH, prq
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The combination of anAB task and a CD task represents a CR Problem. According to EU, scaling

down the probabilities of the non-zero outcomes by the common ratio r should leave preferences

unchanged: Anyone who prefers A over B should also prefer C over D, and anyone who prefers B

over A should also prefer D over C. In contrast, the CRE pattern involves choosing lotteries A and

D; that is, people are more risk-tolerant in the CD task than in the AB task.

The combination of an AB
1 task and a CD task represents a CC Problem. According to EU,

shifting the common consequence of a 1 ´ r chance of $M into a 1 ´ r chance of $0 should leave

preferences unchanged: Anyone who prefers A over B
1 should also prefer C over D, and anyone

who prefers B1 over A should also prefer D over C. In contrast, the CCE pattern involves choosing

lotteries A and D; that is, people are more risk-tolerant in the CD task than in the AB
1 task.

Hence, for a given H and M , each pp, rq generates a connected pair of CR and CC problems.

Panel A of Figure 1 illustrates one such connected pair by plotting the five lotteries in a Marschak-

Machina probability triangle for a particular pp, rq. Each problem separately involves comparing two

choice sets on parallel line segments. Connecting the problems involves placing the AB and AB
1

choice sets on the same line and using the same CD choice for both problems.

Panel A also highlights that lottery B
1 is a probabilistic mixture of lotteries A and B, with weights

p1 ´ rq and r, and suggests a third comparison of two parallel choice sets: AB versus AB
1. This

comparison reveals people’s attitudes toward probabilistic mixtures of a binary lottery and a certain

lottery, and thus we refer to the combination of the AB and AB
1 choices as a mixture (MX) problem.

According to EU, people should be neutral to probabilistic mixtures, and thus the expected utility

of a probabilistic mixture of A and B should be in between the expected utilities of A and B. Hence,

anyone who prefers A over B should also prefer A over B1, and anyone who prefers B over A should

also prefer B1 over A. In contrast, we refer to the pattern of choosing A over B and B
1 over A as a

mixture e↵ect (MXE) since people are appearing more risk-tolerant in the AB
1 problem relative to

the AB problem—i.e., they appear to like the probabilistic mixture.

Hence, for a given pp, rq, we refer to the combination of an AB task, an AB
1 task, and a CD task

as a connected CR-CC-MX problem.

2.2 Why Study Connected Problems?

Studying connected problems allows researchers to obtain richer quantitative data that provide a

stronger empirical base for assessing models of risk preferences. In particular, it reveals patterns in

how people simultaneously react to CR, CC, and MX manipulations, allowing us to jointly study

three key characteristics of underlying preferences.

To formalize these preferences, if we assume monotonicity, then for a fixed pp, r,Mq there exist

three underlying indi↵erence values h˚
AB

, h˚
AB1 , and h

˚
CD

that satisfy:
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Figure 1: Connected Problems and Parameter Coverage in the Prior CR and CC Literature

Panel A: CR, CC, and MX in a MM Triangle
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Note: Panel A depicts a Marschak-Machina (MM) triangle for lotteries with outcomes H, M , and 0 and associated
probabilities qH , qM , and qL. Paired binary choices A ” pM, 1q vs. B ” pH, pq and C ” pM, rq vs. D ” pH, prq
represent a common ratio (CR) problem. Paired binary choices A vs. B

1 ” pH, pr;M, 1 ´ rq and C vs. D represent a
common consequence (CC) problem. Paired binary choices A vs. B and A vs. B

1 represent a mixture (MX) problem.
Panel B depicts the experimental parameters pp, rq used in the prior literature and our paired-choice experiments. Red
dots denote the CR experiments reported in Blavatskyy et al. (2023). Blue dots denote the CC experiments reported
in Blavatskyy et al. (2022). Black open circles denote paired-choice parameters in stage 2 of our study. The size of
each circle reflects the total number of participants who completed a paired choice task with that parameter.

• Prefer A over B if and only if H † h
˚
AB

,

• Prefer A over B1 if and only if H † h
˚
AB1 , and

• Prefer C over D if and only if H † h
˚
CD

.

Note that, for each, a smaller h˚ implies increased risk tolerance.

A person’s reaction to a CR manipulation is captured by �˚
CR

” h
˚
AB

´ h
˚
CD

, and their reaction

to a CC manipulation is captured by �˚
CC

” h
˚
AB1 ´ h

˚
CD

. The standard e↵ects suggest greater risk

tolerance in the CD choice than in either the AB or AB1 choice, which implies�˚
CR

° 0 and�˚
CC

° 0.

We label these two features of preferences common ratio preference (CRP) and common consequence

preference (CCP). We label �˚
CR

† 0 and �˚
CC

† 0 as reverse common ratio preference (RCRP) and

reverse common consequence preference (RCCP). A person’s attitudes toward probabilistic mixtures

are captured by �˚
MX

” h
˚
AB

´ h
˚
AB1 . If a person likes mixtures, they will have �˚

MX
° 0, which we

label a mixture preference (MXP). If they dislike mixtures, they will have �˚
MX

† 0, which we label

a reverse mixture preference (RMXP).6

6Building on our comment in footnote 2, we note that �˚
MX

only captures attitudes towards mixtures in which a
binary lottery is mixed with a certain lottery. The decision-theory literature often considers global mixture attitudes,
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With this notation, EU implies �˚
CR

“ �˚
CC

“ �˚
MX

“ 0. Over the years, researchers have

developed various non-EU models, and these models make predictions for �˚
CR

, �˚
CC

, and �˚
MX

.

In Appendix B, we derive these predictions for several prominent parameterized models. In Table

1, we summarize the predictions from each model as a function of the model’s key parameter, and

also highlight the focal range for that parameter (i.e., the range in which that parameter is typically

assumed to lie).

Table 1: Predictions of Leading Non-EU Models for �˚
CR

, �˚
CC

, and �˚
MX

Model and Structure Parameter Range Predictions

Original Prospect Theory
� P p0.279, 1q: �˚

CR ° 0, �˚
CC ° 0, �˚

MX £ 0
(Kahneman and Tversky, 1979)

with ⇡pqq “ q
�{

“
q
� ` p1 ´ qq�

‰ 1
�

� ° 1 �˚
CR † 0, �˚

CC ° 0, �˚
MX † 0

UpBq “ ⇡ppqvpHq
Cumulative Prospect Theory

� P p0.279, 1q: �˚
CR ° 0, �˚

CC ° 0, �˚
MX £ 0

(Tversky and Kahneman, 1992)

with ⇡pqq “ q
�{

“
q
� ` p1 ´ qq�

‰ 1
�

� ° 1 �˚
CR † 0, �˚

CC £ 0, �˚
MX £ 0

UpBq “ ⇡ppqvpHq
Loss Aversion under CPE

⇤ P p0, 1q: �˚
CR ° 0, �˚

CC ° 0, �˚
MX † 0

(Kőszegi and Rabin, 2007)

UpBq “ pupHq ´ pp1 ´ pq⇤upHq ⇤ P p´1, 0q �˚
CR † 0, �˚

CC † 0, �˚
MX ° 0

Disappointment Aversion
� P p0, 1q: �˚

CR ° 0, �˚
CC ° 0, �˚

MX † 0
(Bell, 1985)

UpBq “ pupHq ´ pp1 ´ pq�upHq � P p´1, 0q �˚
CR † 0, �˚

CC † 0, �˚
MX ° 0

Disappointment Aversion
� ° 0: �˚

CR “ �˚
CC ° 0, �˚

MX “ 0
(Gul, 1991)

UpBq “ p

1 ` �p1 ´ pqupHq � P p´1, 0q �˚
CR “ �˚

CC † 0, �˚
MX “ 0

Notes: Table presents predictions of each model for the sign of �˚
CR

, �˚
CC

, and �˚
MX

; see Appendix B for formal
derivations. To give a sense of the parametric structure of each model, the first column provides the utility from
lottery B ” pH, pq. For each model, the sign predictions are independent of the utility for outcomes (vpxq or upxq),
and thus depend on the single listed parameter. Focal ranges for a model’s key parameter are indicated by :, but the
table also reports predictions for other ranges where the model is still well-defined but reflects a di↵erent psychology.
All predictions hold for all pp, rq P p0, 1q2, except £ indicates cases where the predictions depend on pp, rq. Note that
original prospect theory and cumulative prospect theory di↵er only for lottery B

1 among our set of five lotteries, and
the same applies for Kőszegi-Rabin loss aversion under CPE (Choice-Acclimating Personal Equilibrium) and Bell
disappointment aversion.

Table 1 demonstrates how connected CR-CC-MX problems can be used to assess models of non-

EU risk preferences. In particular, it reveals three important features. First, each model predicts a

CRP and CCP for the focal range of its key parameter. This commonality reflects that the CRE and

CCE are typically seen as stylized facts that either motivate non-EU models or serve as a litmus test

using the label “quasi-convex preferences” to refer to preferences with an attraction to mixtures of any two lotteries.
Note, then, that while quasi-convex preferences imply an MXP (i.e., �˚

MX
° 0), an MXP does not imply a person has

quasi-convex preferences.
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for those models. Second, the models di↵er in their predictions for mixture preferences. However, for

the focal range of each model’s key parameter, the prediction is either mixture neutrality or RMXP,

except for the two variants of prospect theory where the prediction can go either way depending on

the specific pp, rq combination. Third, when we also consider cases where the models’ key parameters

lie outside their focal ranges, the set of predicted patterns expands, but none of the models permit

the pattern CRP, RCCP, and MXP that features prominently in our data.7

Two final observations are relevant for linking our data on connected CR-CC-MX problems to

non-EU models. First, with a few noted exceptions, the directional predictions in Table 1 hold for

any pp, rq combination—that is, these models predict preference patterns that are invariant to pp, rq.8

Second, of the models covered by Table 1, the two prospect theory models have some scope to expand

their predictions by permitting alternative functional forms for the probability weighting function

⇡pqq. We assess in Appendix G whether that additional flexibility can explain the patterns in our

data.

2.3 Limitations of the Prior Literature on the CRE and CCE

There is a large empirical literature on both the CRE and CCE (and also a smaller empirical literature

on the MXE that we discuss in Section 2.4). To illustrate the limitations of the prior evidence on the

CRE and CCE, we reanalyze the literature in terms of the pp, rq combinations that researchers have

used. Specifically, we merge data from two recent meta-studies: Blavatskyy et al. (2023) identify 143

CR experiments drawn from 39 studies and Blavatskyy et al. (2022) identify 81 CC experiments drawn

from 29 studies. We combine the datasets from these meta-studies while converting the probabilities

into our pp, rq framework. The resulting dataset yields several insights.

First, the prior literature has almost always studied the CRE and CCE independently. Of the

CR and CC studies covered in the two meta-studies, only 10 contain both CR and CC experiments.

Among those, only four collected observations for CR and CC problems at the same parameters for

the same participants, and only two intentionally studied the connection between the two problems

to better understand the nature of risk preferences.9

7Table 1 focuses on parameterized non-EU models that make predictions as a function of parameters for any choice
set. There are additional non-parameterized models based on axioms that make predictions for one or more of the three
features of preferences. Two recent models make predictions for all three: Cautious expected utility (Cerreia-Vioglio
et al., 2015) predicts �˚

CR
“ �˚

CC
° 0 and �˚

MX
“ 0, and simplicity preferences (Puri, 2025) predict �˚

CR
° 0,

�˚
CC

° 0, and �˚
MX

† 0 (see Appendix B.6 and B.7). There is also a class of models that impose or satisfy the
betweenness axiom, which implies �˚

MX
“ 0; this class includes the Gul (1991) model in Table 1 and also models of

weighted utility (Chew, 1983; Dekel, 1986). These models are thus inconsistent with the CRP-RCCP-MXP pattern
that is prominent in our data.

8Beyond the predictions for the pattern of preferences, these models also make predictions about the sensitivities of
�˚

CR
, �˚

CC
, and �˚

MX
to p and r. For probability-weighting models, the comparative statics are often non-monotone at

leading parameter values, contrary to our data. For loss aversion and disappointment aversion models, the comparative
statics are often directionally opposed to what we observe in our data.

9Burke et al. (1996) and Loomes and Sugden (1998) have connected CR-CC-MX problems, but this appears inci-
dental. Burke et al. focus on whether the CCE di↵ers for real versus hypothetical incentives; they do not mention that
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Second, for each problem, the prior literature has used a limited set of parameters. Panel B of

Figure 1 illustrates the pp, rq configurations used in this literature: Red circles denote CR experiments,

while blue circles denote CC experiments. For each type of experiment, there is a large concentration

at the canonical parameters. Of the 143 prior CR experiments, 48 (34%) use the Kahneman and

Tversky (1979) values of pp, rq “ p0.80, 0.25q, depicted by the large red dot in Panel B. Similarly, of

the 81 prior CC experiments, 34 (42%) use the Allais (1953) values of pp, rq “ p0.91, 0.11q, depicted
by the large blue dot in Panel B. While there is some variation among the other experiments, Panel

B reveals that a substantial portion of the parameter space remains unexplored.

This limited coverage would be of little consequence if the direction of the observed e↵ects were

broadly invariant to parameter choices. Indeed, all prominent parametrized non-EU models that we

summarize in Table 1 predict, for their focal parameter range, that people have both a CRP and a

CCP for all pp, rq. However, Blavatskyy et al. (2023) and Blavatskyy et al. (2022) show that both the

CRE and CCE are sensitive to parameter choices. Specifically, they find that a CRE is more likely to

occur in experiments with smaller r, while the choice of p has no significant impact. Conversely, they

find that the RCCE pattern becomes more likely for smaller p (their specification does not include

r).10

In Table 2, we further explore the sensitivity of these e↵ects to the choice of experimental param-

eters. We use the following continuous measures as our primary outcome variables:11

CRE ´ RCRE ” xPrpA|ABq ´ xPrpC|CDq
CCE ´ RCCE ” xPrpA|AB1q ´ xPrpC|CDq

In Panel A of Table 2, we estimate OLS regressions with these measures as dependent variables.

We replicate the qualitative findings from Blavatskyy et al. (2023) and Blavatskyy et al. (2022) and

additionally find that CRE and CCE are di↵erentially sensitive to p and r. This result suggests

that what we learn about each e↵ect and their connection is contingent on the parameters of the

experiment.

their study includes a connected CR-CC-MX experiment. Loomes and Sugden compare three stochastic specifications
of EU, collecting data on roughly 50 binary choices that include five connected CR-CC-MX problems. However, they
make no special use of these connected problems, and do not discuss CCE or MXE. Bateman and Munro (2005) and
Chew and Waller (1986) intentionally study connected CR-CC-MX problems. Bateman and Munro examine whether
couples’ joint decision making di↵ers from individual decision making in terms of the CRE, CCE, and MXE, using
several connected CR-CC-MX problems. As emphasized in the Introduction, Chew and Waller explicitly highlight how
connected CR-CC-MX problems can provide more information about risk preferences. However, both of these papers
only cover a small set of parameter configurations.

10Blavatskyy et al. (2023) and Blavatskyy et al. (2022) focus much of their analysis on the e↵ects of other features
of experiments such as real versus hypothetical stakes, the ratio of high to middle outcomes, and whether lotteries are
presented as a probability distributions versus in compound form.

11We use xPrpX|Y Zq to denote the share of participants in an experiment that chooses option X from the choice set
Y Z. Note that CRE ´ RCRE is equivalent to the share choosing combination A and D minus the share choosing B

and C in a CR problem, and CCE ´RCCE is equivalent to the share choosing combination A and D minus the share
choosing B

1 and C in a CC problem.
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In Panel B of Table 2, we divide prior CRE and CCE experiments into two categories: those

conducted at the canonical pp, rq values and those conducted at alternative pp, rq values. We find a

sizable CRE and CCE for the experiments at their respective canonical parameter values. In contrast,

both e↵ect sizes are significantly smaller in magnitude for experiments conducted at non-canonical

values. Strikingly, CC experiments conducted away from the canonical pp, rq configuration exhibit

an average RCCE.

Table 2: Sensitivity of Results to Experimental Parameters in the Prior Literature

Panel A. Sensitivity to Experimental Parameters

(1) (2)
CR Study CC Study

H Probability: p 12.44 50.70
(11.59) (14.01)

Common Ratio: r ´61.14 ´45.16
(8.23) (19.10)

Sample
Blavatskyy
et al. (2023)

Blavatskyy
et al. (2022)

Outcome Mean 19.25 8.64
Observations 143 81

Panel B. Canonical vs. Non-Canonical

(3) (4) (5)
Canonical Other Di↵erence

(i): KT Parameters
CRE ´ RCRE 30.48 19.00 ´11.48

(15.38) (24.04) [´3.03]
Experiments 48 95 143

(ii): Allais Parameters
CCE ´ RCCE 17.40 ´3.05 ´20.46

(17.34) (22.95) [´4.55]
Experiments 34 47 81

Notes: Panel A presents linear regressions that assess the sensitivity of experimental results from CR or CC studies

based on the probability of the high outcome (p) and the common ratio (r). Column (1) presents the results for the

143 experiments reported in Blavatskyy et al. (2023), where the outcome is the net share of participants displaying

a CRE relative to an RCRE, CRE ´ RCRE. Column (2) presents the results for the 81 experiments reported in

Blavatskyy et al. (2022), where the outcome is the net share of participants displaying a CCE relative to an RCCE,

CCE ´ RCCE. Specifications also include the value of the high outcome (H), the relative stakes (M{ppHq), and
a dummy for whether the experiment had real stakes. Standard errors are in parentheses. Panel B presents the

average of these outcomes based on whether the experiments reported in Blavatskyy et al. (2023) and Blavatskyy

et al. (2022) were conducted at the canonical parameters in Kahneman and Tversky (1979) (KT; p “ 0.8, r “ 0.25)

or Allais (1953) (p “ 0.91, r “ 0.11), respectively. Standard deviations are in parentheses, and t-statistics are in

brackets. All experiments are weighted by the number of participants that took part in a given study.

Recent work has shown that researcher decisions related to experimental design, data processing,

and empirical analysis can have a substantial impact on the results (Steegen et al., 2016; Simonsohn

et al., 2020; Huber et al., 2023; Menkveld et al., 2024). Table 2 reinforces this point for CR and CC

studies—the choices of p and r, along with other design parameters, are critical researcher decisions

that can play a large role in determining the outcome. This further highlights the need for broad

exploration of the parameter space when analyzing patterns of CR-CC-MX preferences.

This sort of broad exploration is largely absent from the prior literature. Most prior studies

have not focused on testing whether the CRE and CCE are robust to the choice of experimental

parameters, in part because many do not have these e↵ects as their main object of interest. Of

the 39 CRE studies identified by Blavatskyy et al. (2023), 21 (53%) use only one or two parameter

configurations, and the average number of parameter configurations per study is less than four. Of
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the 29 CCE studies identified by Blavatskyy et al. (2022), 18 (62%) use only one or two parameter

configurations, and the average number of parameter configurations per study is less than three.

The limited use of parameters within and across prior studies highlights a need for more scrutiny in

establishing whether CRE and CCE reflect global features of preferences.12

2.4 Prior Literature on Mixture Preferences

Separate from the literature on the CRE and CCE, two distinct strands of work speak to mixture

preferences. The first is a small literature from the 1980s through the early 2000s on direct tests of

the betweenness axiom. Two papers provide nice reviews of this literature: Camerer and Ho (1994)

summarize and contribute to the early literature on betweenness, and Blavatskyy (2006) provides an

update. Both papers conclude that individuals frequently violate betweenness, but the evidence is

mixed on the direction of violation, with some studies finding more mixture loving and others finding

more mixture aversion. These tests of betweenness are almost never in the context of connected

CR-CC-MX problems.

Second, there is an emerging literature on deliberate randomization (see, for example, Agranov

and Ortoleva, 2017; Dwenger et al., 2018; Feldman and Rehbeck, 2022; Agranov et al., 2023; Agra-

nov and Ortoleva, 2023). These studies typically present individuals with the same decision problem

repeated multiple times, either interspersed throughout the study or explicitly repeated in a row.

Evidence from these studies suggests that individuals often prefer to generate mixtures through ran-

domization across task repetitions. However, this type of design does not allow for the measurement

of aversion to randomization (i.e., RMXP). We discuss in Section 6 how our analysis relates to this

literature.

We emphasize that our goal is not to investigate mixture preferences in isolation; if it were,

connected problems would be unnecessary, and designs more directly connected to the work surveyed

by Camerer and Ho (1994) and Blavatskyy (2006) would be better suited. Rather, our goal is to

identify combinations of CR, CC, and MX preferences, providing the richer data required for a more

holistic model assessment.

2.5 Choices and Valuations

The prior literatures on the CRE, CCE, and MXE have relied almost exclusively on paired binary

choice tasks of the form described in Section 2.1.13 If there is decision noise, however, then even if

responses to individual binary choice tasks are unbiased noisy reflections of underlying preferences,

12There are a few recent papers that feature broader parameter coverage, including Kobayashi and Lucia (2023), Jain
and Nielsen (2024), Lucia (2024), and McGranaghan et al. (2024).

13All 224 experiments from the two meta-studies by Blavatskyy et al. (2022) and Blavatskyy et al. (2023) use paired
choices. In McGranaghan et al. (2024), we identified only 10 CRE experiments across four studies that instead use
valuations.
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a comparison of responses across a pair of binary choice tasks can yield biased conclusions. Mc-

Granaghan et al. (2024) build on prior work to demonstrate this issue in the context of the CRE,

and show how analogous paired valuation tasks can avoid the problem.

Motivated by McGranaghan et al. (2024), our primary analysis focuses on three valuation tasks:

AB Valuation Task: state an hAB such that pM, 1q „ phAB, pq,
AB1 Valuation Task: state an hAB1 such that pM, 1q „ phAB1 , pr;M, 1 ´ rq,
CD Valuation Task: state an hCD such that pM, rq „ phCD, prq.

To see how such valuation tasks can yield unbiased conclusions, consider a person who reports

valuations with noise. Specifically, for a fixed pp, r,Mq, the person has underlying indi↵erence values

h
˚
AB

, h˚
AB1 , and h

˚
CD

as defined in Section 2.2, but reports valuations hAB “ h
˚
AB

` "AB, hAB1 “
h

˚
AB1 ` "AB1 , and hCD “ h

˚
CD

` "CD, where "AB, "AB1 , and "CD are random variables that reflect

noise. The person’s empirically measured preferences are then

�CR ” hAB ´ hCD “ �˚
CR

` "AB ´ "CD,

�CC ” hAB1 ´ hCD “ �˚
CC

` "AB1 ´ "CD,

�MX ” hAB ´ hAB1 “ �˚
MX

` "AB ´ "AB1 .

As long as Er"ABs “ Er"AB1s “ Er"CDs “ 0, �CR, �CC , and �MX are unbiased measures of the

three objects of interest �˚
CR

, �˚
CC

, and �˚
MX

.14

In contrast to comparing behavior across valuation tasks, comparing behavior across binary choice

tasks can lead to biased inference. To illustrate, consider an EU maximizer with no CRP who faces

a CR paired choice task. If the parameters of the problem are such that EU preferences favor A

and C (e.g., for small H), then with unbiased choice noise, they will choose both A and C with

probabilities greater than 1/2. However, if the noise has a di↵erential impact on the two choice

tasks, then the two choice probabilities will not be the same. In particular, if the noise has a larger

impact on the CD choice task, then we would predict 1 ° PrpA|ABq ° PrpC|CDq ° 1{2; that is,

we would predict CRE ´ RCRE ° 0.15 An analogous argument applies when the parameters are

such that EU preferences favor B and D (e.g., for large H): If the noise has a larger impact on the

CD choice task, then we would predict 1{2 ° PrpC|CDq ° PrpA|ABq ° 0; that is, we would predict

CRE ´ RCRE † 0. Hence, the bias can be upward or downward depending on the choice of the

experimental parameter H. Further, aggregating across heterogeneous EU individuals with di↵erent

preferred alternatives can easily generate aggregate choice proportions PrpA|ABq ° 1{2 ° PrpC|CDq
14In McGranaghan et al. (2024), we also demonstrate that for some formulations of non-mean-zero noise—in partic-

ular, noise expressed in terms of utility—one can still test the null of �˚
CR

“ 0 using a sign test. In Appendix C.1,
we develop an analogous argument in the context of connected CR-CC-MX problems, and we conduct both means and
sign tests in Section 4.

15We use PrpA|ABq to denote the theoretical prediction for the observed xPrpA|ABq.
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or the reverse.

In McGranaghan et al. (2024), we formalize these arguments in more detail in the context of

CR problems. In Appendix C.2, we provide the analogous formal argument for the three tasks

that constitute a connected CR-CC-MX problem. We further demonstrate that the potential for

misleading conclusions is even greater when attempting to identify preference patterns by comparing

behavior across three binary choices.

Given the shortcomings of comparing behavior across binary choice tasks, our primary analysis

focuses on identifying patterns of �˚
CR

, �˚
CC

, and �˚
MX

using valuation tasks. An additional benefit

of valuation tasks is that �CR, �CC , and �MX provide direct measures of the magnitudes of their

corresponding underlying preferences �˚
CR

, �˚
CC

, and �˚
MX

. In contrast, with binary choice tasks,

we only observe xPrpA|ABq ´ xPrpC|CDq, xPrpA|AB1q ´ xPrpC|CDq, and xPrpA|ABq ´ xPrpA|AB1q. Even
if the signs of these di↵erences were unbiased, their magnitudes have no clear interpretation because

they represent a combination of the magnitude of the underlying �˚
CR

, �˚
CC

, and �˚
MX

and the

magnitude of the di↵erential noise.

While our discussion above (and in McGranaghan et al., 2024) assumes that individual (as op-

posed to paired) valuation and choice tasks both provide unbiased measures of underlying preferences,

some researchers (e.g., Brown and Healy, 2018 and Freeman et al., 2019) have argued that individual

valuation tasks might themselves be biased—for example, due to menu e↵ects that draw individuals

toward the middle of a multiple price list.16 Given this potential concern, our experiment also con-

ducts binary choice tasks that are linked to the valuation tasks. In fact, the analysis in McGranaghan

et al. (2024) points to an approach for mitigating the potential bias when comparing behavior across

choice tasks: select multiple payment values—in this case, multiple values for H—such that upward

and downward biases roughly o↵set. Hence, in our paired binary choice tasks, we intentionally select

values of the high payment H based on pilot data to accomplish this balance. Given this approach,

the main empirical patterns that we document below are the same for both our valuation and choice

data.

3 Experimental Methodology

We study connected CR-CC-MX problems using both paired valuation tasks and paired choice tasks

at 20 di↵erent pp, rq combinations.17 We consider four possible values of p P t0.3, 0.5, 0.8, 0.9u and five

possible values of r P t0.1, 0.2, 0.3, 0.5, 0.8u. These values cover a wide range of pp, rq configurations

while still including some of the most popular parameter choices in the prior literature. Open circles

16In our design, each of our three key measures �CR, �CC , and �MX represents a di↵erence in responses across
two valuation tasks with the same menu. Hence, even if menu e↵ects distort valuation levels, they may not distort
valuation di↵erences.

17We conducted the experiment in October 2022 and preregistered it in the AEA RCT Registry under the ID
AEARCTR-0009974 prior to data collection.
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in Panel B of Figure 1 indicate our choice of pp, rq combinations.

Figure 2 provides an overview of the experiment timeline. The experiment consists of two stages.

In stage 1, we randomly assign each participant to four of our 20 pp, rq combinations, and each

participant then completes 20 valuation tasks. Each valuation task fixes M and uses a multiple price

list to elicit the value of H that makes the participant indi↵erent between two lotteries. In stage

2, the same participant completes 24 binary choice tasks for the same four pp, rq combinations as in

stage 1. Participants complete all 20 valuations before the 24 binary choices, and we randomize the

order of questions within each stage.

Stage 1

20 Valuation Tasks

pp1, r1q pp2, r2q pp3, r3qpp4, r4q

Stage 2

24 Binary Choice Tasks

pp1, r1q pp2, r2q pp3, r3q pp4, r4q

H
1
1 H

2
1 H

3
1 H

1
2 H

2
2 H

3
2 H

1
3 H

2
3 H

3
3 H

1
4 H

2
4 H

3
4

hAB valuation (stage 1) or AB choice for given H (stage 2)

hAB1 valuation (stage 1) or AB1 choice for given H (stage 2)

hCD valuation (stage 1) or CD choice for given H (stage 2)

Comprehension Check

Figure 2: Experiment Timeline

3.1 Stage 1: Valuation Tasks

In stage 1, each participant completes 20 valuation tasks across four randomly drawn combinations

of pp, rq. We draw the values of p without replacement so that each participant sees all four possible

values of p. Conversely, we draw the values of r with replacement, so a participant might face the

same r across multiple values of p.18

For each pp, rq combination, we elicit the following indi↵erence points:

hAB such that : pM, 1q „ phAB, pq
hAB1 such that : pM, 1q „ phAB1 , pr;M, 1 ´ rq
hCD such that : pM, rq „ phCD, prq

We fix M “ $pp ¨ 30q and elicit the relevant valuations using a multiple price list.19 The left-hand

18We draw p without replacement to avoid duplicate elicitations of the same AB task, since the AB task does not
depend on r.

19We set M in this way for practical reasons. We did not want M to be too large when p “ 0.3 to avoid very
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option in each price list is fixed at either lottery pM, 1q or pM, rq. The right-hand option is either

lottery pH, pq, pH, pr;M, 1´ rq, or pH, prq, with H varying in $1 increments from $M to $pM ` 50q.
For example, for p “ 0.3, we fix M “ $9 and vary H from $9 to $59. We take the average value of

H at the switching rows as our measure of the indi↵erence valuation.20

For each price list, we enforce a single switching point. Clicking a row in the left column selects

the left-hand option in that row and all rows above; clicking a row in the right column selects the

right-hand option in that row and all rows below. Participants can adjust their selections as much

as they want before submitting their final choices for that valuation task. Appendix Figures H.1 to

H.3 provide example screenshots of all three variants of the valuation task.

For two randomly drawn pp, rq combinations that a given participant sees, we elicit each valuation

twice, generating observations thAB, h
1
AB

, hAB1 , h1
AB1 , hCD, h

1
CD

u where the repeat elicitations are

denoted by h
1. For the remaining two pp, rq combinations, we only elicit the CD valuation twice,

generating observations thAB, hAB1 , hCD, h
1
CD

u.21 Therefore, we have duplicate observations for all

CD valuations but only half of AB and AB
1 valuations. We discuss the purpose of collecting multiple

elicitations of the same valuation in Section 4. In total, participants complete 20 valuation tasks:

six valuations each for two pp, rq combinations and four valuations each for the remaining two pp, rq
combinations. We randomize the order of valuation tasks subject to the constraint that repeat

elicitations of the same valuation are separated from each other by at least three other valuation

tasks.

3.2 Stage 2: Paired Choice Tasks

In stage 2, each participant completes 24 binary choices across the same four pp, rq combinations

they saw in stage 1. These 24 binary choices comprise 12 paired choice tasks, three for each pp, rq
combination: a CR pair (an AB choice and a CD choice), a CC pair (an AB

1 choice and a CD

choice), and an MX pair (an AB choice and an AB
1 choice). Appendix Figures H.4 to H.6 present

examples of each type of binary choice task.

Each binary choice that a participant sees in stage 2 is equivalent to a single row from one of the

price lists they saw in stage 1. Specifically, for each pp, rq combination, we again fix M “ $pp¨30q. For
each of the three types of paired choice tasks, we then draw a random value of H from the relevant

large H values at indi↵erence. We also did not want M to be too small when p “ 0.9 to avoid being unable to detect
preference variations given our $1 increments in the price list. Our approach means that a risk neutral person would
choose H “ $30 for all price lists.

20In prior work, we also implement m-valuation tasks in which we hold H fixed and elicit the M that makes par-
ticipants indi↵erent between two lotteries (McGranaghan et al., 2024). For AB

1 valuations, varying M would lead to
changes in both columns of the price list, which adds a layer of complexity to the valuation process. For this reason,
we focus on h-valuation tasks in this paper.

21For each participant and pp, rq pair, we randomly label one of the two elicitations hXY and the other h
1
XY for

XY P  
AB,AB

1
, CD

(
. In other words, the superscript prime does not indicate the order in which the valuations were

elicited.
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row in Table 3 without replacement. Hence, for a given pp, rq combination, we conduct three paired

choice tasks (CR, CC, or MX) with a di↵erent value of H for each pair (but with the same H for

both choices within a given pair). We randomize the order in which these choices appear, with no

restrictions on the order. The values of H in Table 3 were selected based on pilot data to roughly

balance the number of cases with upward versus downward bias (see our discussion in Section 2.5).

Specifically, the goal was to have three smaller values intended to produce a majority that prefer A

over B, A over B1, and C over D, and three larger values where the majority exhibits the opposite

pattern.

Table 3: Stage 2 H Parameter Values by p

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

p “ 0.9 31 36 41 46 51 56

p “ 0.8 29 34 39 44 49 54

p “ 0.5 28 33 38 43 48 53

p “ 0.3 27 32 37 42 47 52

Notes: Table presents values of H used in stage 2 for each p. For each pp, rq that a participant saw, they are
presented with three paired choice tasks (one CR, one CC, and one MX); we randomly selected three of the six
H values for the relevant p, and assigned one to each of these paired choice tasks.

It is useful to benchmark the scale of our stage 2 paired choice tasks relative to the prior CR

and CC literature. We can view stage 2 as conducting many paired-choice “experiments,” where one

experiment consists of responses from multiple participants for a fixed set of parameters pp, r,Hq.
With 20 pp, rq combinations and six values of H for each, we e↵ectively run 120 CR experiments,

120 CC experiments, and 120 MX experiments, with a total of 8,408 observations for each type of

experiment. In comparison, the two meta-studies discussed in Section 2.3 report 143 CR experiments

with 14,794 total observations and 81 CC experiments with 8,947 observations.

3.3 Additional Design Details

Before stage 1, participants complete an unincentivized attention check and a quiz about the payment

mechanism. After completing stage 2, they complete two incentivized comprehension checks to gauge

their understanding of the multiple price list format and the binary choice tasks. The first tests

whether individuals can correctly fill out a price list given a specified indi↵erence value. The second

tests whether participants can correctly answer a binary choice question when given another person’s

responses to a multiple price list. Appendix Figures H.7 and H.8 provide example screenshots of these

comprehension checks.22 Finally, to break up the tasks and reduce fatigue, we present participants

22For the first comprehension check, 85 percent of participants answer correctly, and for the second, 79 percent answer
correctly. See Appendix Table A.1. The qualitative patterns in Figure 3 are unchanged if we restrict the sample to
those who pass both comprehension checks.
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with an unincentivized visual puzzle after every fifth question in both experiment stages. Appendix

Figure H.9 provides an example of one of these puzzles.

3.4 Recruiting

We recruited 2,102 participants through Prolific who met the following eligibility criteria: at least a

high school education; between the ages of 18 and 31; living in the United States or Western Europe;

minimum Prolific approval rating of 99 percent; fluent in English; and 50 to 1,000 previous Prolific

submissions. We targeted this group of participants to approximate the typical undergraduate sample

recruited in prior CC and CR studies. We also recruited a gender-balanced sample with an even split

of male and female participants. Appendix Table A.1 presents summary statistics for our sample.

We paid each participant a fixed $5 fee for completing the experiment. In addition, we randomly

selected one in five participants to receive a bonus based on their responses. Specifically, we randomly

chose one of their 46 decisions (20 valuations, 24 choices, and two incentivized comprehension checks)

to be the decision that counts. If the decision that counts was a valuation task, then we randomly

selected one row of the price list and paid the participant according to their choice in that row.

If the decision that counts was a binary choice task, then we paid the participant based on the

option they selected. If the decision that counts was a comprehension-check question, then we paid

the participant $5 if they answered correctly. The average completion time was 24 minutes and 27

seconds, and the average bonus payment for selected participants was $15.76.

4 Results

4.1 Aggregate Behavior in Valuation Tasks

We first study aggregate behavior across all participants using the AB, AB1, and CD valuations

collected in stage 1 to measure CR, CC, and MX preferences—that is, to measure �˚
CR

, �˚
CC

, and

�˚
MX

.23

As described in Section 3.1, we collect some valuations twice and randomly label them hXY and

h
1
XY

for XY P tAB,AB
1
, CDu.24 We collect repeat valuations for three main reasons. First, we use

the repeat valuations to get an initial assessment of the reliability of the stage 1 data. We compute the

correlation between repeated elicitations of the same valuation—e.g., hCD and h
1
CD

—for each pp, rq.
Appendix Table A.3 reports these correlations; all are positive, ranging from 0.389 to 0.731. Given

that the repeat elicitations are separated from each other by at least three other tasks, these strong

23We pre-registered the construction of our experimental outcomes and the analyses that we describe throughout
Section 4 in our pre-analysis plan. We note any deviations and additional exploratory analyses.

24Appendix Table A.2 reports the means for all six valuations phAB , h
1
AB , hAB1 , h1

AB1 , hCD, h
1
CDq for each pp, rq com-

bination.
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correlations suggest that our valuation data capture meaningful information about the underlying

preferences of interest.

Second, we use the repeat valuations to construct independent measures of our three main out-

comes of interest. Specifically, we define the following measures:

�CR ” hAB ´ hCD, a (noisy) measure of an individual’s CRP, �˚
CR

,

�CC ” hAB1 ´ h
1
CD

, a (noisy) measure of an individual’s CCP, �˚
CC

, and

�MX ” h
1
AB

´ h
1
AB1 , a (noisy) measure of an individual’s MXP, �˚

MX
.

If we had only a single elicitation for each valuation, then measurement error in the valuations

would induce mechanical correlations between �CR, �CC , and �MX . For example, using the same

measure hCD to construct both�CR and�CC would create a mechanical positive correlation between

�CR and �CC if there is any measurement error in hCD. By eliciting valuations twice and using

independent observations to construct our di↵erence measures, we avoid this problem.25

Third, we use the repeat valuations to disentangle noise from preferences, which we describe in

detail in Section 4.4.

To investigate aggregate behavior, we analyze the mean values of �CR, �CC , and �MX across

all participants for each pp, rq combination. Figure 3 presents these quantities by p, separately for

each r. EU predicts all of these values to be zero, while many non-EU models predict a systematic

�CR ° 0 and �CC ° 0. Both of these general predictions are markedly inconsistent with the data,

which show clear distinct patterns for �CR, �CC , and �MX across the parameter space. Panel A

summarizes CR preferences: �CR is largely invariant to changes in p but declines sharply in r, leading

to �CR « 0 at higher r values. Panel B summarizes CC preferences: In contrast to �CR, �CC is

largely invariant to changes in r but is increasing sharply in p, with �CC † 0 at lower p values. The

structural connection between CR and CC preferences—and their distinct patterns throughout the

parameter space—implies that people cannot have a neutral attitude to probabilistic mixtures. This

again emerges as a distinct systematic pattern in �MX shown in Panel C: Mean �MX is positive

for most parameters and becomes substantially larger as p and r fall. Appendix Tables A.4, A.5,

and A.6 provide information on the statistical significance of the patterns in Figure 3 through mean

and sign tests for the EU null of zero along with regression results for how �CR, �CC , and �MX

change with p and r.26 These tables indicate that quantities in excess of roughly 1.5 in absolute

25Recall that for two randomly drawn pp, rq combinations that a participant sees, we elicit each valuation twice,
generating observations thAB , h

1
AB , hAB1 , h1

AB1 , hCD, h
1
CDu and allowing us to construct independent measures of each

of the three main objects of study. For the remaining two pp, rq combinations, we only elicit the CD valuation twice,
generating observations thAB , hAB1 , hCD, h

1
CDu and allowing us to construct independent measures of �CR and �CC

but not �MX . This means that we have twice as many observations for �CR and �CC than for �MX .
26In McGranaghan et al. (2024), we similarly tested for the existence of CRP using paired valuation tasks. While

most of McGranaghan et al. (2024) presents results based on choose-m tasks in which participants report the middle
value that makes them indi↵erent between Options A and B and C and D respectively, we also collected choose-h tasks
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value in Figure 3 are statistically di↵erent from zero and that the noted sensitivities to p and r are

statistically significant.27

Looking across the three panels in Figure 3, two striking regularities emerge. First, near the

canonical parameterizations for CR and CC problems (i.e., at p “ 0.8 or 0.9 and r “ 0.1, 0.2, or 0.3),

we find both �CR ° 0 and �CC ° 0. Thus, CRP and CCP appear at canonical parameter values,

consistent with the findings from the paired-choice paradigm. At the same time, �MX tends toward

zero at these values such that the generally positive attitude toward mixtures seen in Panel C would

be missed by focusing exclusively on the canonical parameterizations. Second, for small p and small

r, we find a robust pattern of �CR ° 0, �CC † 0, and �MX ° 0, which contrasts sharply with the

predictions of the leading parametrized non-EU models in Table 1.28

Figure 3: Stage 1 Valuations: Mean �CR, �CC , and �MX by p for each r

Panel A: �CR
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Panel C: �MX
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Notes: Figure depicts mean values of �CR “ hAB ´hCD, �CC “ hAB1 ´h
1
CD, and �MX “ h

1
AB ´h

1
AB1 . Panels A and

B aggregate over 8,408 observations, with each point corresponding to roughly 420 observations. Panel C aggregates
over the 4,204 observations for which we elicit h1

AB and h
1
AB1 , with each point corresponding to roughly 210 observations.

Expected utility predicts � “ 0 in all three panels.

4.2 Aggregate Behavior in Choice Tasks

As a secondary analysis, we examine aggregate behavior using stage 2 choices. For each pp, rq
combination, we pool data across all payment values for H to generate the measures CRE ´RCRE,

for validation and robustness that are more directly comparable to the measures in this paper. McGranaghan et al.
(2024) explored a smaller range of r (r P t0.2, 0.4, 0.6u compared to r P t0.1, 0.2, 0.3, 0.5, 0.8u in this paper) and also
captures some lower values of p (p P t0.1, 0.2, 0.5, 0.8, 0.9u compared to p P t0.3, 0.5, 0.8, 0.9u in this paper). In both
cases, we find no evidence of a systematic CRP as the direction and magnitude of the e↵ects depend on experimental
parameter choices, especially the choice of r. Relative to McGranaghan et al. (2024), the parameters considered in this
paper yield slightly more instances of CRP, particularly for cases in which r “ 0.1. This underscores the role low values
of r play in generating evidence of CRP.

27An alternative, though less direct, measure of MXP is �CR ´ �CC . Appendix Tables A.4 and A.5 also provide
results for this measure, which are qualitatively and quantitatively similar to the results for our direct measure �MX .

28The aggregate patterns for �CR, �CC , and �MX in Figure 3 are qualitatively reproduced when we construct
corresponding mean measures using only each participant’s first observation. Though noisier, similar sensitivities to
problem parameters remain along with frequent observations of �CR ° 0, �CC † 0, and �MX ° 0.
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CCE ´ RCCE, and MXE ´ RMXE. The first two measures are defined in Section 2.3, and the

third is defined analogously.

Figure 4 is the analog of Figure 3 when we use choices instead of valuations. The same qualitative

conclusions emerge for our three main preferences of interest: The CR pattern is largely invariant to

p, with a CRE at small r but not at large r; the CC pattern is largely invariant to r, with a mild

CCE at large p but a strong RCCE at small p; and the MX pattern depends on both p and r, with

a general MXE that is substantially stronger for smaller p and smaller r. Appendix Table A.9 is

analogous to Table A.5 and confirms the statistical significance of these patterns.

Figure 4: Stage 2 Choices: Mean CRE ´ RCRE, CCE ´ RCCE, MXE ´ RMXE by p for each r
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Panel B: CCE ´ RCCE
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Panel C: MXE ´ RMXE
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Notes: Figure depicts average values of CRE ´RCRE, CCE ´RCCE, and MXE ´RMXE. Each panel aggregates
over 8,408 observations. Each point in each panel aggregates over the six payment values for H noted in Table 3 and
corresponds to approximately 420 observations. The line for zero choice di↵erence is indicated in all three panels but
only serves as a reference.

Although our stage 2 choices yield the same qualitative message as our stage 1 valuations, Section

2.5 highlights a drawback of using binary choice tasks: When comparing behavior across such tasks,

conclusions can be biased if noise has a di↵erential impact across decisions. In McGranaghan et al.

(2024), we demonstrate the existence of di↵erential noise within the context of the CRE, and in

particular, that noise has a larger impact on the CD decision than on the AB decision. In Appendix

C.3, we conduct a similar analysis using the data from the current experiment. We find evidence of

di↵erential noise in all three problems. For CR problems, we again find that noise has a larger impact

on the CD decision than the AB decision. For CC problems, we find that noise has a larger impact on

the AB1 decision than the CD decision. For the MX problems, we find that noise has a larger impact

on the AB
1 decision than the AB decision.29 Given that we find evidence of di↵erential noise for

all three problems, it may seem surprising that our choice data yield the same aggregate conclusions

as our valuations data. However, as noted in Section 2.5, this successful replication stems from our

29Interestingly, these conclusions di↵er from the predictions of EU with additive i.i.d utility noise, which predicts
that noise has a smaller impact on the AB choices than either the AB

1 or CD choices, with equal impact on the latter
two. See Appendix C.3 for more details.
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deliberate selection of experimental parameters to induce o↵setting biases in stage 2; specifically, it

reflects our choice of a balanced set of H payment values at each pp, r,Mq.

4.3 Heterogeneity in Behavioral Patterns

Whereas Figures 3 and 4 characterize mean responses, it is also important to investigate behavior at

the individual level.30 To relate our data to the directional model predictions in Table 1, we focus on

participants’ directional responses in valuation tasks, which map directly to those predictions. For

example, we create indicators for whether a person exhibits �CR ° 0, �CR “ 0 (denoted CR),

or �CR † 0 in their valuations for CR problems. With three possible directional responses for each

of the three measures of interest, there are 27 possible combinations. Figure 5 presents a histogram

across these 27 combinations using the 4,204 observations for which we have independent measures

of �CR, �CC , and �MX . Note that the variation in Figure 5 is across pp, rq and both across and

within participants.

Figure 5: Histogram of Response Patterns
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Notes: Figure presents histogram of psignp�CRq, signp�CCq, signp�MXqq combinations, where �CR “ hAB ´ hCD,
�CC “ hAB1 ´ h

1
CD, and �MX “ h

1
AB ´ h

1
AB1 . The histogram covers the 4,204 observations for which we elicit h

1
AB

and h
1
AB1 , with each participant contributing two observations. Each variable can have three potential signs, leading

to 27 possible patterns. These signs correspond to the named patterns (e.g., CR to �CR ° 0, RCR to �CR † 0, and
CR to �CR “ 0). Patterns marked in light green are ones with both �CR ° 0 and �CC ° 0, a frequent prediction
of leading parametrized behavioral models (see Table 1).

30We did not pre-register any specific hypotheses or analyses with regards to these individual preference patterns.
This heterogeneity analysis is therefore exploratory.
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Figure 5 reveals that the mean behavior in Figures 3 and 4 masks substantial heterogeneity.

Patterns that are consistent with the standard behavioral hypothesis of �CR ° 0 and �CC ° 0 are

highlighted in green. Such observations constitute only a small fraction of the observed patterns (21.0

percent). As foreshadowed by Figures 3 and 4, the most frequent single pattern is�CR ° 0, �CC † 0,

and �MX ° 0, though even this modal pattern accounts for only 14.6 percent of observations.31

To the extent that some of the variability in responses reflects heterogeneous preferences, it

will be important for models of risk preferences to accommodate this variability. Before reaching

that conclusion, however, we must assess the extent to which the variability in responses reflects

heterogeneous preferences versus noise.

4.4 Decomposing Variability in Responses into Preference and Noise

In this section, we estimate the population distribution of underlying preferences and the magnitude

of decision noise.32 We then use these estimates for two purposes. First, we assess how much of the

variability in our data is due to preference heterogeneity versus noise. Second, we derive what the

distribution of preference patterns from Figure 5 would look like in the absence of noise.

To disentangle noise from preferences, we leverage the fact that we collect repeat measures of

participants’ valuations. Intuitively, if the noise is independent across repeat elicitations, then the

covariance between the two elicitations reflects only heterogeneity in preferences. We provide an

overview of our approach here. Appendix D provides a more complete description of our decompo-

sition.

We begin with some notation for the population distribution of the underlying indi↵erence values

for a fixed pp, r,Mq. We define the expectation Eph˚
AB

, h
˚
AB1 , h˚

CD
q ” pµ˚

AB
, µ

˚
AB1 , µ˚

CD
q, and the

variance-covariance matrix

V

¨

˚̊
˝

h
˚
AB

h
˚
AB1

h
˚
CD

˛

‹‹‚”

¨

˚̊
˝

✓
2
AB

✓AB,AB1 ✓AB,CD

✓AB,AB1 ✓
2
AB1 ✓AB1,CD

✓AB,CD ✓AB1,CD ✓
2
CD

˛

‹‹‚. (1)

For XY P tAB,AB
1
, CDu, we assume an individual’s repeated XY valuations are

hXY “ h
˚
XY

` "XY and h
1
XY

“ h
˚
XY

` "
1
XY

,

31Appendix Figures A.1 to A.3 depict these distributions for various pp, rq subsets. Near the canonical parameteriza-
tions (p “ 0.8 or 0.9 and r “ 0.1, 0.2, or 0.3), the combination �CR ° 0 and �CC ° 0 is indeed more prevalent (28.9
percent). Nonetheless, there is still substantial variability, and the combination �CR ° 0, �CC † 0, and �MX ° 0 still
accounts for 13.9 percent of observations. Alternatively, for parametrizations where Figure 3 suggests the �CR ° 0,
�CC † 0, and �MX ° 0 combination should be strongest (p “ 0.3 or 0.5 and r “ 0.1, 0.2, or 0.3), that combination
constitutes 21.4 percent. However, there is substantial variability at all problem parameters.

32Our pre-registration outlined a potential exploratory exercise to recover the distributions of preferences incorporat-
ing both valuations and choices. In this exercise we focus on only valuation data and discuss the connection between
choices and valuations in Section 4.5.
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where Ep"XY q “ Ep"1
XY

q “ 0, varp"XY q “ varp"1
XY

q “ �
2
XY

, and "XY and "
1
XY

are independent of

each other, underlying preferences, and all other noise draws.

Under these assumptions, we can derive theoretical predictions for the empirical moments:

varphXY q “ ✓
2
XY

` �
2
XY

,

covphXY , h
1
XY

q “ ✓
2
XY

, and

covphXY , hWZq “ ✓XY,WZ .

The first equation highlights that with only a single elicitation of an XY valuation, we could not

decompose its variance into the separate preference and noise components. The second equation

captures our central intuition: If the noise draws for the two elicitations are independent, then their

covariance identifies the variance of the preference heterogeneity.33

Given this formulation, there are twelve model parameters to estimate for each pp, rq: three µ
˚
XY

terms capturing the population average preference, three ✓
2
XY

terms capturing preference hetero-

geneity, three ✓XY,WZ terms capturing the covariance between preferences, and three �
2
XY

terms

capturing the impact of noise. We derive estimates of these terms by calculating the relevant sample

moments. For example, ✓̂2
AB

“ covsphAB, h
1
AB

q and �̂
2
AB

“ varsphABq ´ covsphAB, h
1
AB

q, where covs

and vars denote a sample covariance or variance (see Appendix D.1 for details on how we calculate

these moments given the structure of our data). Appendix Table A.7 reports our estimates of the 12

calculated terms for each pp, rq combination.34

Given these estimates, we can quantify how much of the variability in our data is due to

heterogeneity in preferences versus noise. Consider first the variability in the indi↵erence val-

ues hAB, hAB1 , and hCD. The last three columns of Appendix Table A.7 report the propor-

tion of the variability for each indi↵erence value that is due to preferences; that is, the ratio

yvarph˚
XY

q{yvarphXY q “ ✓̂
2
XY

{p✓̂2
XY

` �̂
2
XY

q for each XY P tAB,AB
1
, CDu. Averaging across the

20 pp, rq combinations, preference heterogeneity accounts for 61 percent of the variation in hAB, 58

percent of the variation in hAB1 , and 48 percent of the variation in hCD.

Next we consider variability in the preference measures �CR, �CC , and �MX . For �CR ”
33If, instead, "XY and "

1
XY were not independent from each other (but still independent from preferences), then

covphXY , h
1
XY q “ ✓

2
XY ` covp"XY , "

1
XY q. In such a case, the covariance between the two elicitations provides a bi-

ased estimated of preference heterogeneity. Though the bias is theoretically unsigned, it would be natural to assume
covp"XY , "

1
XY q ° 0, which would lead us to overestimate the extent of preference heterogeneity, attributing to prefer-

ences behavioral heterogeneity that should be attributed to noise. If features of our elicitations led to "XY and "
1
XY

being independent from each other but not independent from preferences, perhaps due to substantial boundary e↵ects,
then covphXY , h

1
XY q “ ✓

2
XY ` covp"XY , h

˚
XY

q ` covp"1
XY , h

˚
XY

q, again leading to a biased estimate of preference het-
erogeneity. Though this bias is also unsigned, it would be natural to assume negative correlations between errors and
preferences if boundary e↵ects caused small values of h˚

XY
to be inflated and large values to be deflated. This would

lead us to underestimate the extent of preference heterogeneity. While we cannot assess the magnitude of such e↵ects,
one piece of suggestive evidence is that only approximately 10% of observations lie at the boundaries of our price lists.

34Appendix D.5 describes a more sophisticated approach using maximum-likelihood estimation (MLE). Because that
approach requires additional distributional and implementation assumptions, we prefer the moment-based approach in
the text. However, the MLE approach yields virtually identical conclusions.
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hAB ´ hCD, it is straightforward to derive that

varp�CRq “ varp�˚
CR

q ` �
2
AB

` �
2
CD

, and

varp�˚
CR

q “ ✓
2
AB

` ✓
2
CD

´ 2✓AB,CD,

along with the analogous expressions for �CC and �MX . Appendix Table A.8 uses the estimates

in Appendix Table A.7 to calculate these six variance terms for each pp, rq combination.35 The last

three columns of Appendix Table A.8 report the proportion of the variability for each preference

measure that is due to preferences; that is, the ratio yvarp�˚
Z

q{yvarp�Zq for each Z P tCR,CC,MXu.
Averaging across the 20 pp, rq combinations, preference heterogeneity accounts for 31 percent of the

variation in �CR, 31 percent of the variation in �CC , and 25 percent of the variation in �MX .

We next construct what the distribution of response patterns from Figure 5 would look like in

the absence of decision noise. To do so, we make the additional assumption that the underlying

preferences ph˚
AB

, h
˚
AB1 , h˚

CD
q have a joint normal distribution. For each pp, rq combination, we use

the parameter estimates in Appendix Table A.7 to simulate 100,000 draws from this joint normal

distribution and then convert each draw to a �˚
CR

, �˚
CC

, and �˚
MX

.36 This approach allows us to

isolate the preference patterns underlying the observed response patterns depicted in Figure 5.

Figure 6 reproduces the distribution of response patterns in Figure 5 but adds black dots to denote

the simulated distribution of preference patterns generated using the approach above. Note that any

pattern that implies an intransitivity in the underlying indi↵erence values ph˚
AB

, h
˚
AB1 , h˚

CD
q cannot

emerge from this simulation.37 Of the 27 possible response patterns, 14 imply an intransitivity.

Neither our decomposed preferences nor any transitive theory of preferences can accommodate such

patterns, which are marked in gray in Figure 6.38

Of the remaining 13 possible preference patterns, six are “strict” in the sense that they do not

include a �˚
CR

“ 0, �˚
CC

“ 0, or �˚
MX

“ 0, while the other seven are “weak” in the sense that

they include a null preference. Our simulation permits both strict and weak patterns, and indeed,

all 13 patterns have a positive share of simulated preferences. Figure 6 shows that some patterns

arise more frequently in preferences than in the raw responses while the reverse is true for others.

The four most prominent strict patterns (marked P1, P2, P3, P4, and indicated in blue) account

35When using this approach, nothing guarantees that the calculated varp�˚
Z

q ° 0, and indeed there is one instance in
which we estimate a negative variance term (for �MX when pp, rq “ p0.3, 0.5q). We exclude this case from our analysis.

36Specifically, we round each h
˚ draw to the midpoint of its two closest integers (e.g., any draw strictly between $2

and $3 is converted to $2.50). We then use these adjusted h
˚ terms to generate the �˚ terms. This approach permits

the simulated �˚ terms to be zero. See Appendix D.3 for complete details.
37For example, pattern RCRP-CCP-MXP would require h

˚
CD

° h
˚
AB

, h˚
AB1 ° h

˚
CD

, and h
˚
AB

° h
˚
AB1 , which cannot

occur from a single realization of ph˚
AB

, h
˚
AB1 , h

˚
CD

q.
38Such patterns are empirically possible in our experiment given that we use independent noisy measures of the three

� terms. Moreover, the frequencies of such patterns give an indication of the prevalence of noise relative to preferences.
In the extreme, if all patterns were equally likely, the majority (i.e., 14/27 = 52%) would have inconsistencies. Instead,
we observe that intransitive patterns represent 26% of overall response patterns, averaging 1.9% of observations per
pattern and exceeding 3% in only two cases.
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for approximately 73 percent of simulated preferences, but only 44 percent of raw responses. In

other words, our simulation shows that these patterns would be even more frequent in the absence

of decision noise. The three most prominent weak patterns (marked P12, P23, and P34, to denote

the strict preference patterns that they lie between and indicated in light blue) account for eight

percent of simulated preferences and 11 percent of raw responses. These patterns would therefore be

slightly less frequent in the absence of decision noise. Together, the seven marked patterns account

for 81 percent of simulated preferences and 55 percent of raw responses, representing the majority of

both. As we show in Section 5, these marked patterns emerge as the seven patterns permitted by the

model of upside potential that we posit to capture the observed attraction to probabilistic mixtures

between a certain payment and a binary lottery with a higher expected value.

Figure 6: Preference Patterns vs. Data Patterns
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Note: Figure presents histograms of psignp�CRq, signp�CCq, signp�MXqq combinations, where �CR “ hAB ´ hCD,
�CC “ hAB1 ´ h

1
CD, and �MX “ h

1
AB ´ h

1
AB1 , for the 4,204 observations for which we elicit h

1
AB and h

1
AB1 . Each

variable can have three potential signs, leading to 27 possible patterns. These signs correspond to the named patterns
(e.g., CR to �CR ° 0, RCR to �CR † 0, and CR to �CR “ 0). Bars represent the share of raw responses and are
identical to those in Figure 5. Black dots represent the share of simulated preferences following the decomposition and
simulation described in Section 4.4. Patterns marked in gray denote patterns that would imply an intransitivity absent
decision noise. Patterns marked in blue and denoted P1, P2, P3, and P4 are the four most frequent strict patterns.
Patterns marked in light blue and denoted P12, P23, and P34 are weak patterns in between these frequent strict
patterns. The strict and weak patterns labeled and marked in blue are those that are consistent with our theoretical
development in Section 5.
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4.5 Connecting Choices and Valuations

Before turning to our rationalization, we return to the connection between choices and valuations, but

now we focus on connections at the individual level. Our design directly links each stage 2 binary

choice to a corresponding stage 1 valuation. More precisely, if in stage 1 a participant provided

valuations for a particular pp, r,Mq, then in stage 2 they made binary choices for a CR problem, a

CC problem, and an MX problem for that same pp, r,Mq and a randomly chosen payment value H.

In other words, each stage 2 binary choice corresponds to a specific row from a corresponding stage

1 price list.

Panels A-C of Figure 7 illustrate that there is a strong connection between participants’ stage 1

valuations and their stage 2 choices. In Panel A, the horizontal axis reflects participants’ stage 1 �CR

measures grouped into percentile bins, and the vertical axis denotes the average stage 2 CRE´RCRE

within that bin for the corresponding stage 2 binary choice tasks. Panels B and C repeat this exercise

for �CC and �MX . Across panels, stage 1 preference measures are highly predictive of stage 2 choice

patterns. The correspondence is not perfect, and in particular, participants are more likely to exhibit

the CRE pattern in choices than their �CR measure predicts, less likely to exhibit the CCE pattern

in choices than their �CC measure predicts, and more likely to exhibit the MXE pattern in choices

than their �MX measure predicts. However, there is clearly a strong link between participants’

valuations and their choices.

Panels D-F of Figure 7 shows that the link between stage 1 valuations and stage 2 choices becomes

even tighter when we use our decomposition from Section 4.4 to reduce the noise in participants’

stage 1 valuations. Specifically, we combine our estimate for the population distribution of preferences

with each participant’s stage 1 valuations to generate posterior expectations for each participant’s

ph˚
AB

, h
˚
AB1 , h˚

CD
q (see Appendix D.4 for details). We then convert those valuations into posterior

expectations for each participant’s p�˚
CR

,�˚
CC

,�˚
MX

q, and use those in Panels D-F.39

Figure 7 highlights that valuations and carefully selected choices both capture common infor-

mation about the underlying preferences. As such, it is not clear that either is more reliable for

eliciting preferences—contrary to claims that choices are more reliable due to their simplicity and

transparency (e.g., Brown and Healy, 2018 and Freeman et al., 2019). Indeed, our analysis demon-

strates how using both choices and valuations in tandem can deliver stronger conclusions than either

approach alone.

39Appendix Figure A.4 illustrates the link between stage 1 elicited indi↵erence values and the corresponding stage
2 choice probabilities; specifically, how the likelihood of choosing A in an AB binary choice task depends on how the
randomly selected H for that choice task compares to a participant’s stage 1 indi↵erence value hAB . That link is also
strong and provides further validation of our approach, but it is less directly related to our conclusions about CRP,
CCP, and MXP.
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Figure 7: Predicting Stage 2 Results using Stage 1 Valuations
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Panel D: CRE ´ RCRE
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Panel B: CCE ´ RCCE
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Panel E: CCE ´ RCCE
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Panel C: MXE ´ RMXE
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Panel F: MXE ´ RMXE
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Notes: Figure relates individual measures of stage 1 �CR, �CC , and �MX to stage 2 measures of CRE ´ RCRE,
CCE´RCCE, and MXE´RMXE, respectively. Panels A-C use raw stage 1 responses. Panels D-F use the estimated
population distribution of preferences from the decomposition in Section 4.4 combined with a participant’s raw stage
1 valuations to generate posterior preference measures Er�˚

CR
|stage 1s, Er�˚

CC
|stage 1s, and Er�˚

MX
|stage 1s for that

participant. For each x-axis, one hundred equally sized bins are constructed, with approximately 84 observations per
bin for CR and CC measures and 42 observations per bin for MX measures. Within each bin, the value of stage 2 choice
di↵erences is calculated to construct the y-axes. Due to a large number of observations at some values (particularly
zero), there are 82, 78, and 74 unique bins in Panels A, B, and C, respectively. To make valuations comparable across
pp, rq, all stage 1 measures are scaled by p to control for the fact that a fixed value of the measure is predicted to yield
a larger stage 2 e↵ect the larger is p (see Appendix C.3 for details).

5 Proposed Rationalization: A Preference for Upside Potential

The modal pattern of CRP-RCCP-MXP and the broader prevalence of MXP violate both EU and

the leading parameterized non-EU models in Table 1. Lacking an existing theory that accommodates

these findings, we sketch a tentative model that might help to rationalize them; this model turns out

to be a previously unstudied version of quadratic utility (Machina, 1982; Chew et al., 1991). While

preliminary, we hope our analysis can spur the development of future models of risk preferences.
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5.1 A Preference for Upside Potential

To motivate our approach, consider a concrete example from our data. When p “ 0.5 (and hence

M “ p ¨ 30 “ 15) and r “ 0.2, the mean valuations are hAB “ 38, hAB1 “ 29 and hCD “ 33. These

valuations imply:

A “ p15, 1q „ p38, 0.5q “ B, while B
1 “ p38, 0.1; 15, 0.8q ° A,B.

The indi↵erence A „ B reflects risk aversion: Relative to lottery A, lottery B o↵ers higher

expected value but also more risk. Now consider what it means to have an MXP where lottery B
1 is

preferred to both A and B: Relative to A, the person wants some of the additional expected value

in B at the cost of some of the additional risk, but not all of the additional expected value in B at

the cost of all of the additional risk. At first glance, this intuition resembles the classic EU intuition

from insurance and finance settings for a person deciding how much risk to accept. However, the EU

logic does not hold in this example because the person is considering probabilistic mixtures between

lotteries rather than hedging payo↵ amounts across states. Under EU, probabilistic mixtures between

lotteries do not o↵er hedging benefits.

We consider an alternative psychology in which a person thinks in terms of upside potential (UP):

They first identify a set of outcomes that they consider to be “winning” outcomes, and then trade o↵

(i) the total probability of winning versus (ii) an expected valuation of those winnings. Formally, if we

let W denote the set of winning outcomes, then the person evaluates a lottery X ” px1, q1; ...;xN , qN q
as

UpXq “
˜

Nÿ

i“1

qiupxiq
¸

looooooomooooooon

EU

`
˜

Nÿ

j“1

qjIpxj P W q
¸

looooooooooomooooooooooon

probability of

winning something

˜
Nÿ

k“1

qkIpxk P W qpxkq
¸
.

loooooooooooooooomoooooooooooooooon

expected valuation

of winnings

(2)

The first term is standard expected utility. The second term captures preferences for UP as the total

probability of winning multiplied by the expected valuation of those winnings.40 Returning to our

motivating example, even when A „ B, the UP model permits B
1 to improve on both. Relative to

B, B1 is attractive because it increases the total probability of winning something; relative to A, B1

is attractive because it increases the expected valuation of the winnings.

The UP model falls within the broader class of “quadratic utility” models (Machina, 1982; Chew

et al., 1991). For discrete lotteries of the form X ” px1, q1; ...;xN , qN q, quadratic utility includes any

model that can be written as UpXq “ ∞
N

i“1

∞
N

j“1 �pxi, xjqqiqj for some symmetric function �. For

40To keep this model well behaved, we assume that pxq • 0 for all x P W .
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�px, yq “ pupxq ` upyqq{2 ` pvpxqwpyq ` vpyqwpxqq{2, quadratic utility yields

UpXq “
˜

Nÿ

i“1

qiupxiq
¸

`
˜

Nÿ

j“1

qjvpxjq
¸ ˜

Nÿ

k“1

qkwpxkq
¸
,

and setting vpzq “ Ipz P W q and wpzq “ Ipz P W qpzq gives equation (2).

While this subcase of quadratic utility has not been studied before (to the best of our knowledge),

it combines two previously proposed subcases, neither of which can explain our empirical patterns.

Machina (1982) explores the case where UpXq “
´∞

N

i“1 qiupxiq
¯

`
´∞

N

j“1 qjvpxjq
¯2

; that is, the sum

of an expected-utility functional and a second expected-utility functional squared (with vpxq • 0 for

all x). Chew et al. (1991) discuss Machina’s case and also UpXq “
´∞

N

i“1 qivpxiq
¯ ´∞

N

j“1 qjwpxjq
¯
;

that is, the product of two di↵erent expected-utility functionals (with vpxq • 0 and wpxq • 0 for all

x). The former can generate a CRP and a CCP when vpxq ‰ upxq, but—as noted by Chew et al.

(1991)—it also generates an aversion to mixtures of any two lotteries. Hence, in our context, the

Machina specification would predict a global RMXP, which is inconsistent with our data. Chew et al.

(1991) show that the latter generates preferences with an attraction to mixtures of any two lotteries,

and thus in our context, it would predict a global MXP. We show it further generates a global CRP

and RCCP. Because the vast majority of our data cover patterns other than CRP-RCCP-MXP,

this case is also inconsistent with our data.41

Before deriving predictions for the UP model in equation (2), we must specify which outcomes the

person considers “winning” outcomes. For our setting in which people face only binary and trinary

lotteries that yield either zero or a positive amount, a natural assumption is that all strictly positive

outcomes are in the set of winning outcomes W while zero is not (we discuss this assumption more

in Section 5.3). Applying this assumption, and normalizing up0q “ 0,42 equation (2) implies that the

triplet ph˚
AB

, h
˚
AB1 , h˚

CD
q solves

upMq ` pMq “ puph˚
ABq ` p

2
ph˚

ABq (3)

upMq ` pMq “ pruph˚
AB1q ` p1 ´ rqupMq ` ppr ` 1 ´ rq rprph˚

AB1q ` p1 ´ rqpMqs (4)

rupMq ` r
2
pMq “ pruph˚

CDq ` pprq2ph˚
CDq. (5)

In Appendix E.1, we formally derive predictions from these equations, including the following propo-

sition:
41See Appendix E.2 for details, including the � functions that correspond to the two cases described in the text, and

for a formal derivation of their predictions. Masatlioglu and Raymond (2016) show that the Kőszegi and Rabin (2007)
model of loss aversion under CPE also falls within the class of quadratic utility models; its predictions (Table 1) also
do not fit our data.

42This normalization merely simplifies these equations; in Appendix E.1, we present these equations and prove all
results without making this normalization.
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Proposition 1. Suppose that ph˚
AB

, h
˚
AB1 , h˚

CD
q is derived from equations (3), (4), and (5). For any

upxq that is strictly increasing in x and pxq that is strictly increasing in x and has pxq • 0 for all

x ° 0, a person must exhibit one of the following seven patterns of behavior:43

P1: 0 ° �˚
CR

° �˚
CC

and �˚
MX

° 0 (RCRP´RCCP´MXP)

P12: 0 “ �˚
CR

° �˚
CC

and �˚
MX

° 0 (CRP´RCCP´MXP)

P2: �˚
CR

° 0 ° �˚
CC

and �˚
MX

° 0 (CRP´RCCP´MXP)

P23: �˚
CR

° �˚
CC

“ 0 and �˚
MX

° 0 (CRP´CCP´MXP)

P3: �˚
CR

° �˚
CC

° 0 and �˚
MX

° 0 (CRP´CCP´MXP)

P34: �˚
CR

“ �˚
CC

° 0 and �˚
MX

“ 0 (CRP´CCP´ MXP)

P4: �˚
CC

° �˚
CR

° 0 and �˚
MX

† 0 (CRP´CCP´RMXP).

Proposition 1 establishes the empirical content of the UP model: Only seven of the 13 possible

transitive patterns of behavior can occur. Recall that Figure 6 in Section 4.4 plots histograms of

raw response patterns and decomposed preference patterns that emerge in our data, and we label

the seven patterns in Proposition 1. In the histogram of decomposed preference patterns, the seven

patterns from Proposition 1 account for 81 percent of observations, with the other six possible patterns

accounting for only 19 percent. Moreover, in the histogram of raw response patterns—which also

admits 14 additional intransitive patterns that can emerge only due to noise—the seven patterns from

Proposition 1 still account for 55 percent, with the other six possible transitive patterns accounting

for only 18 percent. Thus, the restrictions imposed by the UP model seem to accord well with the

patterns we observe in our data.44

Proposition 2 refines Proposition 1 for the special case where upxq “ x, allowing us to isolate the

role of the UP term in generating novel predictions.45

Proposition 2. Suppose that ph˚
AB

, h
˚
AB1 , h˚

CD
q is derived from equations (3), (4), and (5). If

upxq “ x, then:

(1) If pxq is strictly increasing in x and has pxq • 0 for all x ° 0, then:

(a) If ph˚
AB

° M (i.e., if the person is risk averse in the AB decision), then �˚
CR

° 0 and thus

43Patterns including only strict preferences are denoted by single numbers, while patterns including a weak preference
(e.g., CRP) are denoted by two numbers referring to the two corresponding strict-preference patterns.

44In the histogram of raw response patterns, five of the six transitive patterns that UP rules out occur at roughly
the same rate as the intransitive patterns that arise only due to noise: The two strict transitive patterns each occur as
often as each of the two strict intransitive preferences, and three of the four weak transitive preferences occur roughly
as often as each of the 12 weak intransitive preferences. The exception is the (weak) EU pattern ruled out by the UP
model, which occurs at a rate similar to the weak transitive patterns permitted by the model.

45For the reasons articulated in Rabin (2000) and Rabin and Thaler (2001), to the extent that upxq is meant to
capture a standard EU motivation, it might be natural assume approximate linearity for u given the small stakes on our
experiment. Such an assumption would be analogous to the suggestion in Kőszegi and Rabin (2007) to assume concave
utility for large stakes but linear utility for small stakes, where the latter can be interpreted as a local approximation
for the former.
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the person must exhibit one of patterns P2, P23, P3, P34, or P4.

(b) If ph˚
AB

“ M (i.e., if the person is risk neutral in the AB decision), then �˚
CR

“ 0 and

thus the person must exhibit pattern P12.

(c) If ph˚
AB

† M (i.e., if the person is risk loving in the AB decision), then �˚
CR

† 0 and thus

the person must exhibit pattern P1.

(2) If pxq “ �x for some � ° 0, then ph
˚
AB

° M (i.e., the person is risk averse in the AB decision),

�˚
CR

° 0, and �˚
MX

° 0, and thus the person must exhibit one of patterns P2, P23, or P3.

Part 1 of Proposition 2 provides additional testable predictions of the UP model that hold if the

EU term is approximately linear. First, whether people exhibit risk aversion or risk tolerance in

their AB decision is a su�cient statistic for whether they exhibit CRP or RCRP. Second, whether

people exhibit risk aversion or risk tolerance in their AB decision also predicts a partial separation

into preference patterns. We test these predictions using an approach analogous to that described in

Section 4.5 (see in particular the notes for Figure 7) in which we use our posterior valuation estimates

to construct an individual-level risk aversion measure in the AB task (Erph˚
AB

´ M |stage 1s) and a

corresponding CRP measure (Er�˚
CR

|stage 1s). We then analyze the relationship between the signs of

these variables. Roughly 13 percent of observations exhibit risk tolerance, Erph˚
AB

´M |stage 1s † 0;

of these, the majority (55 percent) exhibit RCRP. The remaining 87 percent of observations exhibit

risk aversion; of these, the majority (69 percent) exhibit CRP. Thus, risk aversion is significantly

correlated with CR preferences as the UP model predicts (Fisher’s exact test p † 0.001). Extending

this analysis to the posterior calculations for broader CR-CC-MX preference patterns, we find that for

risk tolerant observations with Erph˚
AB

´M |stage 1s † 0, 48% exhibit P1 as predicted by Proposition

2, while 21% of risk averse observations exhibit P1 (Fisher’s exact test p † 0.001). In contrast for risk

averse observations, 69% exhibit P2, P3, or P4 as predicted by Proposition 2 (no posterior calculations

indicate the intermediate P12, P23, or P34 patterns), while 45% of risk tolerant observations exhibit

P2, P3, or P4 (Fisher’s exact test p † 0.001). Thus, risk aversion is also significantly correlated with

the nature of CR-CC-MX preferences as the UP model predicts.

For the interested reader, Proposition 2 also helps to clarify some of the mathematical mechanics

in the UP model. In particular, Part 2 of Proposition 2 highlights that the basic structure of the

UP model—specifically, how probabilities enter the UP term in equation (2)—creates a propensity

to exhibit risk aversion in the AB decision and both a CRP and an MXP. The source of risk aversion

in the AB decision is straightforward: A linear u means that the EU term argues for risk neutrality;

when  is also linear, the UP term argues for risk aversion in the AB choice, as the risky option B

has its probability squared, thus making it less valuable. The combined impact of EU and UP terms

is thus risk aversion in the AB problem.
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The logic for why a person exhibits a CRP is related. Relative to the AB decision, scaling down

the winning probabilities by a common ratio r scales down the EU term by r but scales down the UP

term by r
2, and thus makes the UP term relatively less important. Since the UP term is the source

of risk aversion, the net impact is that scaling down the winning probabilities by a common ratio r

causes the person to become less risk averse—that is, they have a CRP.

The logic for why an MXP arises is more nuanced. Suppose A „ B, recall B1 “ p1 ´ rqA ` rB,

and consider how UpB1q varies with r. As r changes, there are two e↵ects on the UP term. First,

an increase in r leads to a reduction in the probability of winning, which creates a motive to make

r small. Second, an increase in r leads to a change in the expected valuation of winnings. If there

is risk aversion in the AB decision, increasing r leads to an increase in the expected valuation of

winnings, which creates a motive to make r large. When  is linear, the latter e↵ect dominates for r

small, while the former e↵ect dominates for r large, hence why an intermediate r can be better than

both r “ 0 and r “ 1—i.e., there is an MXP.

Of course, Part 1 of Proposition 2 highlights how, even if u is linear, nonlinearity in  can

generate all seven possible patterns from Proposition 1, and the logic for linear  helps to explain

when di↵erent patterns emerge for nonlinear . As long as there is risk aversion in the AB decision

(which relies on  not being too convex over the relevant range), the person will exhibit a CRP. But

unlike for linear , Part 1a permits that there might be MXP or RMXP, which occur when  is

su�ciently concave over the relevant range. Parts 1b and 1c highlight that with a nonlinear  there

could be risk neutrality or risk loving in the AB decision (which occur when  is su�ciently convex

over the relevant range), in which case the person would exhibit CRP or RCRP, respectively. For

these cases, the person must exhibit an MXP and a RCCP.

5.2 The Shape of the pxq Function

We observe all seven response patterns predicted by Proposition 1 in our data, which, by Proposition

2, suggests a nonlinear  function. To gain some initial insight into the possible shape of , we estimate

it on our aggregate valuation data, identifying it from experimental variation in pp, rq combinations.

Because our model is post-hoc and the experiment was not designed specifically to identify or estimate

the shape of the  function, we urge caution in interpreting this estimation. Nonetheless, we hope

this analysis o↵ers useful guidance for future modeling.

Our data include 60 aggregate valuations: the mean responses for hAB, hAB1 , and hCD for each of

the 20 pp, rq combinations. Equations (3) to (5) implicitly define h
˚
AB

, h˚
AB1 , and h

˚
CD

as a function

of the experimental parameters pp, r,Mq and the functions u and . To isolate the role of UP, we set

upxq “ x, making the  function the only object to estimate.

We parameterize the  function as pz; ✓q where ✓ is a vector of parameters to be estimated, and
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estimate ✓ using non-linear least squares on the 60 observations assuming

hXY “ h
˚
XY pp, r,M, ✓q ` ✏ for XY P tAB,AB

1
, CDu.

Appendix F describes the estimation details and provides the complete parameter estimates.

Lacking a strong a priori sense of the shape of , we begin with a flexible specification. In

our 60 observations, pz; ✓q is evaluated at M “ t9, 15, 24, 27u as well as values of h ranging from

approximately 24 to 45. We therefore specify a five-parameter, continuous piecewise-linear form for

 with knots at 9, 15, 24, and 27.46 The resulting estimate, shown in Panel A of Figure 8, exhibits

an S-shape: convex for low values of z and concave for higher values. The estimated model captures

a large share of the variation in hAB, h
1
AB

, and hCD across values of pp, rq, yielding R
2 “ 0.76 and

an MSE “ 3.53.47 The correlation between predicted and observed h is 0.91, and the correlation

for the corresponding � terms is 0.90 (see Appendix Figure A.5 Panel A). Figure 8 also clarifies the

data limitations of our current design for estimation:  is evaluated at only 4 points below x “ 30

(the values of M fixed in the design) and then a cluster of points around x “ 35.

Motivated by the S-shape in panel A of Figure 8, Appendix F.2 explores several parameterized

functional forms for . Among these, the best fit is a three-parameter scaled logistic:

pz;✓q “ ✓1

„
1

1 ` expp´✓2pz ´ ✓3qq

⇢
, ✓1, ✓2, ✓3 ° 0. (6)

Panel B of Figure 8 shows the estimated  under this specification. Despite its parsimony, this

parameterization retains substantial predictive accuracy with R
2 “ 0.52, MSE “ 6.99, a correlation

between predicted and actual h of 0.84, and a correlation between predicted and actual � of 0.87

(see Appendix Figure A.5 panel B).

The three-parameter sigmoid performs reasonably well in-sample, suggesting that it could be

used to generate predictions that shed light on the implications and limitations of the UP model.

However, the fact that it is bounded above makes it ill-suited for global predictions. Moreover,

because it substantially underperforms the piece-wise linear function in panel A, there is clear scope

for identifying better parameterized functional forms. Such an exercise would be better pursued with

alternative data that are intentionally designed to estimate .48

46In Appendix F, we report a version with an additional knot at 36. Since that model performs similarly, we retain
the five-parameter version as our preferred specification.

47
R

2 “ 1 ´ RSS{TSS, where RSS is the sum of squared residuals between the estimated model and the data,
and TSS is the sum of squared deviations to the average h across all 60 observations. Negative values indicate that
predicting the mean for every observation would yield a better fit than the estimated model.

48In Appendix G.1, we estimate both original prospect theory (OPT) and cumulative prospect theory (CPT) with
a flexible functional form for the probability weighting function ⇡pqq specified as a six-part piece-wise linear functional
form that permits (but does not require) discontinuities at q “ 0 and q “ 1. Both models substantially underperform
the UP estimates reported in the text.
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Figure 8: Estimates for pz; ✓q under Upside-Potential Model

Panel A: Piecewise Linear pz; ✓q
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Notes: Figure presents estimates for pz; ✓q under the UP model. The estimation is conducted using non-linear least
squares with 60 observations of mean responses for hAB , hAB1 , and hCD (20 observations for each). Panel A presents
estimates for pz; ✓q when using a five-part piecewise linear formulation, and Panel B presents estimates for pz; ✓q
when using a three-parameter functional form for . Light red points in each panel correspond to locations where the
function is evaluated in estimation. In panel A, black dots denote kinks in the piecewise linear formulation; in the
estimation, the function is evaluated 15 times at each kink point. Each panel also presents fit values of mean squared
error (MSE), in-sample R

2, correlation between predicted and actual h values, and correlation between predicted and
actual � values. The in-sample R

2 is given by 1 ´ RSS{TSS, where TSS is the sum of squared deviations to the
average h among the 60 observations, and RSS is the sum of squared residuals between the estimated model to the
data. See Appendix F.2 for details.

5.3 Other Implications and Limitations

Although several predictions of the UP model align well with our data, it is a post-hoc rationalization

meant to stimulate future theorizing. To help inform such work, we outline some additional testable

predictions of the model and discuss several of its limitations.

In Appendix E.3, we derive predictions of the UP model for indi↵erence curves in a Marschak-

Machina triangle. The model predicts that five patterns are possible, and these are presented in

Figure 9.49 In Panel A, a single linear indi↵erence curve (shown in bold) separates convex (mixture-

loving) indi↵erence curves to the left and concave (mixture-averse) indi↵erence curves to the right. In

this case, the average slopes of the indi↵erence curves must fan out everywhere.50 Panel B shows the

case where all indi↵erence curves are concave, which also requires fanning out everywhere. Panels C,

49To help connect these five patterns of indi↵erence curves to the seven patterns of behavior in Proposition 1, each
panel in Figure 9 depicts a set of five points that would correspond to one pp, rq combination in our experiment (A, B,
B

1, C and D), where we have chosen B such that A „ B. See Appendix E.3 for details.
50We label an indi↵erence curve as convex versus concave based on its shape in a Marschak-Machina triangle with

qL and qH on the axes. Given this labeling, convex (concave) indi↵erence curves correspond to locally quasi-concave
(quasi-convex) preferences. Each indi↵erence curve connects a point on either the horizontal axis or vertical axis to a
point on the hypotenuse; “average slope” refers to the slope of the line segment that connects these two points. See
Appendix E.3 for formal statements.
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D, and E show cases where all indi↵erence curves are convex: For all three cases, indi↵erence curves

fan out to the left of the AB indi↵erence curve, but the cases di↵er in whether the average slopes of

indi↵erence curves to the right of the AB indi↵erence curve fan out, remain constant, or fan in.

The indi↵erence curves in Figure 9 suggest two testable predictions. First, although the UP model

allows average slopes to fan out, remain constant, or fan in to the right of the AB indi↵erence curve

(permitting CRP, CRP, or RCRP), it requires fanning out to the left of the AB indi↵erence curve.

Hence, when comparing an AB decision to the EF decision depicted in each panel, the UP model

predicts greater risk aversion in the latter.51 Second, in any given triangle, indi↵erence curves can

transition from convex to concave at most once, and if there is a transition it must be from convex

in the upper left to concave in the lower right. Hence, for instance, if a person exhibits an aversion

to mixtures of lotteries A and B, then they must also exhibit an aversion to mixtures of any two

lotteries to the right of A and B, such as mixtures of C and D. Analogously, if a person exhibits an

attraction to mixtures of A and B, then they must also exhibit an attraction to mixtures of any two

lotteries to the left of A and B, such as mixing lotteries E and F . Our data cannot speak to either

of these predictions; collecting data along these lines might help guide future theorizing.

Beyond proposing new testable predictions, it is also useful to ask whether the UP model can

accommodate established empirical regularities. For instance, one reliable empirical finding is that

certainty equivalents for binary lotteries—i.e., an m such that pm, 1q „ pH, pq—tend to exhibit risk

aversion (m † pH) for larger p but risk tolerance (m ° pH) for smaller p (see, e.g., Tversky and

Kahneman, 1992). In Appendix E.4, we demonstrate that the UP model with an S-shaped  function

similar to the one we estimate can naturally generate this pattern.

While the UP model seems to perform well in some domains, it has some important limitations.

First, not all prior empirical findings are well accommodated by the UP model. For example, some

prior papers find a CRE for paired choice tasks when each choice task involves options with equal

expected values.52 The UP model can accommodate this pattern, but only if we assume that the

expected-utility term in the model has a convex u (see Appendix E.5 for details). Because this is

contrary to the more usual EU assumption that u is concave and (perhaps) approximately linear for

small stakes, our formulation of the UP model may not accommodate this pattern.

Second, although we have developed the UP model to in principle be portable to other contexts,

51The asymmetry around the AB indi↵erence curve arises because lotteries along the vertical axis (such as E)
guarantee a winning outcome, whereas lotteries on the hypotenuse and along the horizontal axis have some possibility
of not winning.

52In Table 1 in Blavatskyy et al. (2023), the 11 CR experiments with “Probability of highest outcome in risky lottery
in the first question” equal to “Ratio of middle to highest outcome” involve choices between lotteries with equal expected
values. Another prominent example is a more general form of common ratio e↵ect, subproportionality, demonstrated
in problems 7 and 8 in Kahneman and Tversky (1979); while this latter example is outside the domain of our study in
that lottery A is not a certain lottery, an analogous result to that in Appendix E.5 still applies. While our discussion
here assumes that these observed CRE patterns for equal-expected value lotteries have some preference component,
we remind the reader that, because they are found using paired choice tasks, they could be due to choice noise (as
discussed in Section 2.5).
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Figure 9: Upside Potential Indi↵erence Curves
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Notes: Figure depicts the five possible patterns of indi↵erence curves (ICs) that can arise in a Marschak–Machina
(MM) Triangle under the UP model (see Appendix E.3). Each triangle depicts lotteries with outcomes H, M , and
0 and associated probabilities qH , qM , and qL. Lotteries A “ pM, 1q, B “ pH, pq, C “ pM, rq, D “ pH, rpq, and
B

1 “ pH, rp;M, 1 ´ rq correspond to one pp, rq combination in our experiment, where we have chosen p such that
A „ B; lotteries E “ pH, s;M, 1 ´ sq and F “ pH, s ` p1 ´ sqpq are the analogues to lotteries C and D but located
in the upper-left corner. In Panel A, there is one linear indi↵erence curve (shown in bold), where indi↵erence curves
are convex to its left and concave to its right, and where average slopes fan out throughout. The linear indi↵erence
curve could be anywhere in the triangle. In Panel B, all indi↵erence curves are concave, and average slopes fan out
throughout. In Panels C, D, and E, all indi↵erence curves are convex, and average slopes fan out to the left of the
AB indi↵erence curve which we denote as ICAB for convenience; the panels di↵er in that average slopes to the right
of the AB indi↵erence curve can fan out (Panel C), be constant (Panel D), or fan in (Panel E). See Appendix E.3
for a discussion of how these five patterns of indi↵erence curves connect to the seven possible patterns of behavior in
Proposition 1.

there are open questions in how to do so. Perhaps most notable is the question of what determines the

set W of winning outcomes. In our setting, we adopt the natural assumption that positive outcomes

are winning outcomes while zero is not. To apply the model more broadly, we need a more principled

definition of this set—and data designed to assess it. This issue is analogous to the definition of the
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reference point in prospect theory and other reference-dependent models. As in that literature, one

might assume some exogenous rule, or allow a person’s assessment of winning outcomes to depend

on features of the choice set (in the spirit of Kőszegi and Rabin, 2007).

A related issue is that a person could have an analogous concern for downside potential. In other

words, a person might also identify a set of outcomes that they consider to be “losing” outcomes, and

then trade o↵ the total probability of losing versus an expected (negative) valuation of those losses.

A better understanding of when and how individuals focus on the upside or downside of a lottery is

crucial for applying the UP model (or related models) more broadly.

Finally, and more speculatively, the  function itself may be context dependent. In particular,

it is not at all clear that a  function estimated on small stakes would extrapolate well for making

predictions on large stakes. Indeed, an outcome of $30 might generate substantial “upside” utility in

the context of our experiment, but if we re-ran our experiment with all stakes increased by a factor

of 10, the same outcome of $30 might generate very little “upside” utility.

The UP model that we develop is merely a first attempt to rationalize our data given that they

are inconsistent with leading parameterized non-EU models. By delineating the ways in which it

does well while also highlighting its limitations, we hope our analysis can spur the development of

future models of risk preferences.

6 Discussion

In this paper, we study connected CR-CC-MX problems across a broad range of experimental pa-

rameters. While our empirical findings for mean preferences match the common wisdom of CRP,

CCP, and near-zero MXP when using canonical experimental parameters, we find a robust pattern of

CRP-RCCP-MXP at other experimental parameters. More generally, our empirical results highlight

how mean preference patterns can be sensitive to experimental parameters and that there can be sub-

stantial heterogeneity in these patterns. Because these empirical results are inconsistent with both

EU and leading non-EU models, we posit a theoretical model motivated by the prevalence of MXP

in our data. Encouragingly, this approach to accommodating MXP also explains the modal CRP-

RCCP-MXP pattern we observe, and successfully predicts some more nuanced patterns in our data,

suggesting it might provide useful direction for future theoretical work. We conclude by discussing

some broader implications of our analysis.

Our analysis highlights the benefits of studying connected phenomena over a broad range of

the parameter space to deliver both a richer picture of preferences and sharper tests of existing

theories. Many prominent non-standard models of preferences—in domains such as risk, ambiguity,

intertemporal choice and beyond—are built on data from a few canonical examples, with limited

empirical insights of how behavior might be sensitive to relevant features of the decision problem.
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Moreover, the prior literature has often studied non-standard choice problems in isolation rather

than together. A more comprehensive empirical foundation for evaluating theories emerges by jointly

studying multiple preference features across a broad range of parameters.

Our analysis also reinforces a key methodological point from McGranaghan et al. (2024) that

cautions against using only binary choice data when making comparisons across decisions and instead

encourages also using valuation data for such comparisons. Many behavioral “e↵ects” are based

on evidence from comparisons of paired binary choice tasks. In our data, the CR, CC, and MX

problems all show hallmarks of the confounds induced by di↵erential noise, indicating that binary

choice data could present a biased picture of the underlying preferences unless problem parameters

are carefully chosen. Our binary choice data ultimately generate the same qualitative conclusions

as our valuations data due to our deliberate selection of balanced problems with o↵setting bias—a

selection made possible by the fact that we had pilot data on valuations. In the future, researchers

analyzing behavioral e↵ects should consider the potential for bias in isolated choice problems, mitigate

this bias through careful selection of o↵setting problems where possible, and complement choice data

with valuation data to deliver stronger conclusions than either approach alone.

Our analysis relates to a nascent literature that explores deliberate randomization (i.e., mixing)

between lotteries (Agranov and Ortoleva, 2017; Dwenger et al., 2018; Feldman and Rehbeck, 2022;

Agranov et al., 2023; Agranov and Ortoleva, 2023). These studies typically present individuals with

the same decision problem multiple times, either mixed throughout the study or repeated explicitly

in a row, and randomization manifests as making di↵erent choices across repetitions. A notable

limitation of such designs is that they cannot reveal an RMXP. Nonetheless, deliberate randomization

between two successive presentations of an AB choice is clearly consistent with exhibiting an MXP

in our context. Future work could explore whether there is an empirical connection between these

behaviors by testing whether the people who exhibit an MXP in paired decision tasks are the same

as those who exhibit deliberate randomization in two successive presentations of an AB choice.53

Exploring the empirical connection seems particularly apt given the di↵erent theoretical explanations

for mixture preferences here and elsewhere. In particular, a common rationalization of purposeful

randomization in the prior literature has been the theory of cautious expected utility (Cerreia-Vioglio

et al., 2015) (CEU), but CEU maintains betweenness in comparisons with degenerate lotteries like

lottery A in our study, and thus it cannot accommodate the type of mixture preferences we study

and observe. Additionally, the UP model permits conditions under which individuals are averse to

mixtures, rather than always exhibiting a systematic preference for them.

On the surface, our empirical finding of an MXP and the proposed rationalization in the form of

our UP model may seem to contradict recent work suggesting that decisionmakers penalize lotteries

53In the spirit of such exercises, Feldman and Rehbeck (2022) link non-constant responses in successive presentations
to preferences for mixtures elicited directly as a choice of convex combinations between lotteries.
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with greater numbers of outcomes (Bernheim and Sprenger, 2020; Fudenberg and Puri, 2022; Puri,

2025). However, that work focuses on di↵erent types of lotteries and, therefore, could be consistent

with our results. For example, Bernheim and Sprenger (2020) find that people prefer binary lotteries

to nearby trinary lotteries that are constructed by splitting one of the binary lottery payments

into two equally likely payments while retaining the same expected value. This comparison is very

di↵erent from our MX problem. Moreover, the UP model can accommodate both phenomena. As we

discuss in Section 5.1, our model generates an MXP even with a linear  function. At the same time,

whether a person is averse to the type of lottery splitting studied by Bernheim and Sprenger (2020)

is related to the local concavity or convexity of  around the split outcome, with local concavity

implying an aversion to splits (see Appendix E.6 for details). Investigating these connections is a

promising direction for future work.

Finally, and most importantly, our results call for the development of new models of risk pref-

erences alongside the development of a more complete empirical foundation for risky choice. Our

empirical findings are at odds with both EU and leading non-EU models. We have taken a first

step in postulating a post-hoc model that performs well on the narrow domain of our data, but it

is clearly not a complete account of risky choice. CR-CC-MX problems represent a tiny fraction of

risky choices and extending the domain through principled exploration of problems away from this

structure is a critical next step. We hope the psychology of upside potential, and its novel perspective

on the potential source of risk attitudes, will prove useful for guiding such empirical explorations and

the theories that will follow.

References

Agranov, M., Healy, P. J., and Nielsen, K. (2023). Stable randomisation. Economic Journal,
133(655):2553–2579.

Agranov, M. and Ortoleva, P. (2017). Stochastic choice and preferences for randomization. Journal
of Political Economy, 125(1):40–68.

Agranov, M. and Ortoleva, P. (2023). Ranges of randomization. Review of Economics and Statistics.

Allais, M. (1953). Le comportement de l’homme rationnel devant le risque: critique des postulats et
axiomes de l’école américaine. Econometrica, 21(4):503–546.

Bateman, I. and Munro, A. (2005). An experiment on risky choice amongst households. The Economic
Journal, 115(502):C176–C189.

Bell, D. E. (1985). Disappointment in decision making under uncertainty. Operations research,
33(1):1–27.

Bernheim, B. D., Royer, R., and Sprenger, C. (2022). Robustness of rank independence in risky
choice. AEA Papers and Proceedings, 112:415–420.

41



Bernheim, B. D. and Sprenger, C. (2020). On the empirical validity of cumulative prospect theory:
Experimental evidence of rank-independent probability weighting. Econometrica, 88(4):1363–1409.

Blavatskyy, P., Ortmann, A., and Panchenko, V. (2022). On the experimental robustness of the
Allais paradox. American Economic Journal: Microeconomics, 14(1):143–63.

Blavatskyy, P., Panchenko, V., and Ortmann, A. (2023). How common is the common-ratio e↵ect?
Experimental Economics, pages 253–272.

Blavatskyy, P. R. (2006). Violations of betweenness or random errors? Economics Letters, 91(1):34–
38.

Blavatskyy, P. R. (2010). Reverse common ratio e↵ect. Journal of Risk and Uncertainty, 40(3):219–
241.

Brown, A. L. and Healy, P. J. (2018). Separated decisions. European Economic Review, 101:20–34.

Burke, M. S., Carter, J. R., Gominiak, R. D., and Ohl, D. F. (1996). An experimental note on the
Allais paradox and monetary incentives. Empirical Economics, 21(4):617–632.

Camerer, C. F. and Ho, T.-H. (1994). Violations of the betweenness axiom and nonlinearity in
probability. Journal of Risk and Uncertainty, 8(2):167–196.

Cerreia-Vioglio, S., Dillenberger, D., and Ortoleva, P. (2015). Cautious expected utility and the
certainty e↵ect. Econometrica, 83(2):693–728.

Chapman, J., Dean, M., Ortoleva, P., Snowberg, E., and Camerer, C. (2023). Econographics. Journal
of Political Economy Microeconomics, 1(1):115–161.

Chew, S. H. (1983). A generalization of the quasi-linear mean with applications to the measurement
of income inequality and decision theory resolving the Allais paradox. Econometrica, 51(4):1065–
1092.

Chew, S. H., Epstein, L. G., and Segal, U. (1991). Mixture symmetry and quadratic utility. Econo-
metrica: Journal of the Econometric Society, pages 139–163.

Chew, S. H. and MacCrimmon, K. (1979). Alpha utility theory, lottery composition, and the allais
paradox. Working paper, 686.

Chew, S. H. and Waller, W. S. (1986). Empirical tests of weighted utility theory. Journal of Mathe-
matical Psychology, 30(1):55–72.

Dean, M. and Ortoleva, P. (2019). The empirical relationship between nonstandard economic behav-
iors. Proceedings of the National Academy of Sciences, 116(33):16262–16267.

Dekel, E. (1986). An axiomatic characterization of preferences under uncertainty: Weakening the
independence axiom. Journal of Economic Theory, 40(2):304–318.
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A Additional Tables and Figures

Table A.1: Participant Demographics

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

Full

Sample

Any

r “ 0.1

Any

r “ 0.2

Any

r “ 0.3

Any

r “ 0.5

Any

r “ 0.8

Number of Participants 2,102 1,247 1,250 1,246 1,221 1,212

Time Taken (in minutes) 27.3 27.2 27.3 27.3 27.3 27.4

Age 25.2 25.1 25.1 25.4 25.2 25.2

Prolific Score 99.8 99.8 99.8 99.8 99.8 99.8

Number of Approvals 304.9 304.7 298.7 310.5 302.9 305.5

Female 50.0 50.6 50.2 49.9 49.5 50.3

Current Student 41.9 42.0 43.7 41.0 40.1 42.0

College Degree 62.1 62.4 61.8 62.5 62.7 62.5

Working (full- or part-time) 59.3 58.5 59.3 60.8 58.9 60.1

English First Language 57.9 58.9 57.2 59.1 58.9 56.8

Attention Checks

Incentive Question Correct 95.5 95.4 95.8 95.7 95.8 95.6

Passed Attention Check 96.3 96.2 96.6 96.4 96.2 96.5

Comprehension Questions

MPL Question Correct 85.2 84.5 85.5 84.5 85.9 84.7

Bin Question Correct 79.4 79.7 79.7 78.9 78.5 79.9

Both Questions Correct 69.4 69.5 69.7 67.7 69.4 69.3

Current Residency

United States 24.6 25.3 23.2 25.2 26.0 24.6

United Kingdom 38.4 37.9 39.8 39.3 37.3 38.0

Portugal 21.8 21.7 22.5 20.5 21.5 22.9

Spain 5.5 5.3 5.0 5.6 5.2 5.8

Germany 3.1 3.4 2.9 3.0 3.1 2.7

Notes: Column (1): participant demographics for all 2,102 participants. Columns (2) to Column (6):
participant demographics if ever assigned to a given value of r across four possible pp, rq pairs.
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Table A.2: Mean Valuations by p and r

hAB hAB1 hCD h
1
CD

N h
1
AB

h
1
AB1 N

Panel A: r “ 0.1
p “ 0.3 36.78 23.83 31.10 34.43 406 36.24 24.92 208
p “ 0.5 37.99 27.77 31.50 32.59 421 37.62 28.47 203
p “ 0.8 41.34 36.52 34.91 34.86 422 40.50 35.14 205
p “ 0.9 40.37 35.20 34.37 33.81 430 40.36 36.38 219

Panel B: r “ 0.2
p “ 0.3 35.63 26.35 32.16 32.07 425 34.89 23.95 212
p “ 0.5 38.57 29.17 34.00 32.82 468 39.09 30.35 207
p “ 0.8 39.56 36.36 36.52 36.46 419 38.79 35.59 216
p “ 0.9 39.42 38.71 35.20 35.34 398 40.22 39.68 194

Panel C: r “ 0.3
p “ 0.3 36.48 29.14 34.49 34.25 399 36.50 28.76 211
p “ 0.5 39.65 32.95 35.55 35.65 389 38.74 33.89 194
p “ 0.8 42.18 39.37 35.92 36.44 474 40.88 39.01 249
p “ 0.9 39.32 40.14 37.09 37.62 435 39.00 40.26 213

Panel D: r “ 0.5
p “ 0.3 37.38 30.17 38.23 38.00 426 37.64 31.48 207
p “ 0.5 39.28 34.37 39.51 39.58 412 38.62 35.17 221
p “ 0.8 38.75 37.61 37.82 37.71 388 38.87 36.21 191
p “ 0.9 38.58 38.67 37.43 36.78 425 39.12 37.36 197

Panel E: r “ 0.8
p “ 0.3 37.34 34.54 36.73 36.89 446 36.73 35.07 237
p “ 0.5 38.04 37.45 38.67 38.25 412 38.81 36.98 193
p “ 0.8 40.64 41.25 42.56 42.56 399 40.50 41.84 215
p “ 0.9 38.32 39.48 37.87 38.01 414 38.21 38.71 212

Notes: Table presents mean valuations for each pp, rq combination. Each participant provides a valuation
for four pp, rq combinations subject to the restriction that they see each p exactly once. For two pp, rq pairs,
participants report all six valuations: hAB , hAB1 , hCD, h1

AB , h
1
AB1 , and h

1
CD. For the remaining two pp, rq pairs,

participants provide four valuations: hAB , hAB1 , hCD, and h
1
CD. We randomly label multiple valuations hXY

or h1
XY , so that it was equally likely that either was presented first.
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Table A.3: Correlations Between hXY and h
1
XY

by p and r

(1) (2) (3) (4) (5)
r “ 0.1 r “ 0.2 r “ 0.3 r “ 0.5 r “ 0.8

Panel A: ⇢phAB, h
1
AB

q
p “ 0.3 0.600 0.600 0.581 0.552 0.610
p “ 0.5 0.715 0.621 0.725 0.682 0.712
p “ 0.8 0.619 0.596 0.645 0.526 0.731
p “ 0.9 0.527 0.602 0.534 0.576 0.542

Panel B: ⇢phAB1 , h1
AB1q

p “ 0.3 0.497 0.596 0.590 0.416 0.652
p “ 0.5 0.548 0.406 0.622 0.683 0.652
p “ 0.8 0.596 0.711 0.558 0.634 0.654
p “ 0.9 0.455 0.516 0.705 0.503 0.640

Panel C: ⇢phCD, h
1
CD

q
p “ 0.3 0.452 0.453 0.570 0.538 0.541
p “ 0.5 0.474 0.512 0.410 0.590 0.583
p “ 0.8 0.435 0.484 0.461 0.389 0.529
p “ 0.9 0.462 0.431 0.485 0.453 0.432

Notes: Table reports correlation coe�cients calculated using all valuations for which there are multiple measures
for a given individual and pp, rq. Multiple measures of hCD are available for all observations, and therefore an
average sample of 420 observations is used to compute each ⇢phCD, h

1
CDq. Multiple measures of hAB and hAB1 are

available for only half of observations, and therefore an average sample of 210 observations is used to compute each
⇢phAB , h

1
ABq and ⇢phAB1 , h1

AB1 q. The exact sample sizes for each cell are listed in Appendix Table A.2.
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Table A.4: Mean �CR, �CC , and �MX by p and r

Panel A: Mean �CR

p = 0.3 p = 0.5 p = 0.8 p = 0.9

r “ 0.1 5.68˚,: 6.49˚,: 6.42˚,: 6.00˚,:

r “ 0.2 3.48˚,: 4.57˚,: 3.04˚,: 4.22˚,:

r “ 0.3 1.99˚,: 4.10˚,: 6.26˚,: 2.23˚,:

r “ 0.5 ´0.85 ´0.23 0.93 1.16

r “ 0.8 0.61 ´0.63 ´1.92˚,: 0.45

Panel B: Mean �CC

p = 0.3 p = 0.5 p = 0.8 p = 0.9

r “ 0.1 ´10.60˚,: ´4.81˚,: 1.66 1.39

r “ 0.2 ´5.72˚,: ´3.65˚,: ´0.10 3.36˚,:

r “ 0.3 ´5.11˚,: ´2.70˚,: 2.93˚ 2.52˚

r “ 0.5 ´7.83˚,: ´5.22˚,: ´0.11 1.89˚

r “ 0.8 ´2.35˚,: ´0.80: ´1.31: 1.46˚

Panel C: Mean �CR ´�CC

p = 0.3 p = 0.5 p = 0.8 p = 0.9

r “ 0.1 16.28˚,: 11.30˚,: 4.76˚,: 4.61˚,:

r “ 0.2 9.19˚,: 8.22˚,: 3.14˚,: 0.86:

r “ 0.3 7.10˚,: 6.80˚,: 3.32˚,: ´0.29;

r “ 0.5 6.98˚,: 4.99˚,: 1.04 ´0.73

r “ 0.8 2.96˚,: 0.17 ´0.62 ´1.01

Panel D: Mean �MX

p = 0.3 p = 0.5 p = 0.8 p = 0.9

r “ 0.1 11.32˚,: 9.15˚,: 5.36˚,: 3.98˚,:

r “ 0.2 10.94˚,: 8.74˚,: 3.19˚,: 0.54

r “ 0.3 7.74˚,: 4.85˚,: 1.87˚,: ´1.26

r “ 0.5 6.16˚,: 3.45˚,: 2.66˚,: 1.76:

r “ 0.8 1.67˚,: 1.82˚,: ´1.34 ´0.50

Notes: Table presents mean values along with corresponding hypothesis tests for �CR “ hAB ´ hCD, �CC “
hAB1 ´h

1
CD, �CR´�CC , and �MX “ h

1
AB ´h

1
AB1 . Panels A, B, and C aggregate data across all 8,408 observations,

with each entry corresponding to roughly 420 observations. Panel D aggregates across the 4,204 observations for

which we elicit h
1
AB and h

1
AB1 , with each entry corresponding to roughly 210 observations. Expected utility null

hypothesis corresponds to zero mean or zero sign di↵erence. ˚ denotes that the value is significantly di↵erent from

zero at the 5 percent level using a means test. : denotes a significant deviation in the direction of the reported sign

at the 5 percent level using a sign test.

Table A.5: Predicting the Prevalence of CR, CC, and MX by p and r

(1) (2) (3) (4)
Outcome: �CR �CC �CR ´�CC �MX

Probability (p) 1.00 13.96 ´12.96 ´10.95
(0.67) (0.71) (0.92) (0.95)

Common Ratio (r) ´9.16 1.82 ´10.97 ´9.24
(0.66) (0.74) (0.84) (0.86)

Outcome Mean 2.74 ´1.72 4.46 4.07
Observations 8,408 8,408 8,408 4,204

Notes: Table presents ordinary least squares regressions of �CR “ hAB ´ hCD, �CC “ hAB1 ´ h
1
CD

, �CR ´ �CC , and
�MX “ h

1
AB

´ h
1
AB1 on experimental parameters pp, rq. Columns (1)-(3) use all 8,408 observations from 2,102 participants,

while column (4) uses 4,204 observations from 2,102 participants. Specification also includes a constant that is not reported.
Standard errors clustered at individual level in parentheses.



Table A.6: Means and Sign Tests
(1) (2) (3) (4) (5) (6) (7) (8)

Number of Cases
Probability Common � Mean Test � ° 0 � “ 0 � † 0 Sign Test �

(p) Ratio (r) (Mean) (p-value) (p-value) (Median)

Panel A: Test of �˚
CR

“ 0
0.3 0.1 5.68 0.000 224 65 117 0.000 4
0.3 0.2 3.48 0.000 208 60 157 0.009 0
0.3 0.3 1.99 0.016 186 72 141 0.015 0
0.3 0.5 ´0.85 0.243 160 93 173 0.511 0
0.3 0.8 0.61 0.363 176 79 191 0.465 0
0.5 0.1 6.49 0.000 245 71 105 0.000 5
0.5 0.2 4.57 0.000 249 93 126 0.000 1
0.5 0.3 4.10 0.000 215 52 122 0.000 2
0.5 0.5 ´0.23 0.722 153 97 162 0.652 0
0.5 0.8 ´0.63 0.295 146 112 154 0.686 0
0.8 0.1 6.42 0.000 278 50 94 0.000 6
0.8 0.2 3.04 0.000 239 60 120 0.000 3
0.8 0.3 6.26 0.000 299 62 113 0.000 4
0.8 0.5 0.93 0.214 176 65 147 0.119 0
0.8 0.8 ´1.92 0.004 121 76 202 0.000 ´1
0.9 0.1 6.00 0.000 291 55 84 0.000 3
0.9 0.2 4.22 0.000 236 61 101 0.000 2
0.9 0.3 2.23 0.002 230 74 131 0.000 1
0.9 0.5 1.16 0.112 191 77 157 0.077 0
0.9 0.8 0.45 0.443 177 62 175 0.958 0

Panel B: Test of �˚
CC

“ 0
0.3 0.1 ´10.60 0.000 93 36 277 0.000 ´8
0.3 0.2 ´5.72 0.000 129 50 246 0.000 ´3
0.3 0.3 ´5.11 0.000 121 59 219 0.000 ´2
0.3 0.5 ´7.83 0.000 96 59 271 0.000 ´6
0.3 0.8 ´2.35 0.002 156 73 217 0.002 0
0.5 0.1 ´4.81 0.000 127 54 240 0.000 ´4
0.5 0.2 ´3.65 0.000 128 69 271 0.000 ´4
0.5 0.3 ´2.70 0.002 119 64 206 0.000 ´1
0.5 0.5 ´5.22 0.000 106 67 239 0.000 ´4
0.5 0.8 ´0.80 0.240 136 85 191 0.003 0
0.8 0.1 1.66 0.062 171 86 165 0.785 0
0.8 0.2 ´0.10 0.894 164 60 195 0.113 0
0.8 0.3 2.93 0.000 216 77 181 0.088 0
0.8 0.5 ´0.11 0.887 155 76 157 0.955 0
0.8 0.8 ´1.31 0.071 149 46 204 0.004 ´1
0.9 0.1 1.39 0.059 170 111 149 0.263 0
0.9 0.2 3.36 0.000 182 81 135 0.010 0
0.9 0.3 2.52 0.002 193 70 172 0.295 0
0.9 0.5 1.89 0.009 170 73 182 0.558 0
0.9 0.8 1.46 0.026 170 72 172 0.957 0

Panel C: Test of �˚
MX

“ 0
0.3 0.1 11.32 0.000 143 27 38 0.000 9
0.3 0.2 10.94 0.000 161 18 33 0.000 10
0.3 0.3 7.74 0.000 127 43 41 0.000 5
0.3 0.5 6.16 0.000 127 35 45 0.000 5
0.3 0.8 1.67 0.031 114 41 82 0.027 0
0.5 0.1 9.15 0.000 144 30 29 0.000 10
0.5 0.2 8.74 0.000 139 38 30 0.000 6
0.5 0.3 4.85 0.000 113 36 45 0.000 4
0.5 0.5 3.45 0.000 111 48 62 0.000 1
0.5 0.8 1.82 0.048 89 48 56 0.008 0
0.8 0.1 5.36 0.000 132 35 38 0.000 5
0.8 0.2 3.19 0.001 125 35 56 0.000 4
0.8 0.3 1.87 0.049 144 36 69 0.000 2
0.8 0.5 2.66 0.009 107 32 52 0.000 2
0.8 0.8 ´1.34 0.117 70 53 92 0.099 0
0.9 0.1 3.98 0.001 134 37 48 0.000 3
0.9 0.2 0.54 0.634 87 37 70 0.201 0
0.9 0.3 ´1.26 0.218 86 40 87 1.000 0
0.9 0.5 1.76 0.103 95 45 57 0.003 0
0.9 0.8 ´0.50 0.519 79 42 91 0.399 0

Notes: Means test and sign test for �CR, �CC , and �MX for each pp, rq combination. We conduct a two-sided t-test
for the di↵erence in means. We also conduct a two-sided sign test, where we exclude all ties (instances of �Z “ 0). See
Appendix C.1 for test descriptions.
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Table A.9: Sensitivity of Results to Experimental Parameters in our Stage 2 Experiments

Panel A. Experimental-Parameter Sensitivity

(1) (2) (3)
CR CC MX

Study Study Study

Probability (p) 23.25 49.57 ´28.62
(6.16) (6.14) (5.89)

Common Ratio (r) ´35.19 ´2.70 ´29.88
(2.47) (2.52) (2.30)

Outcome Mean 10.45 ´5.77 16.00
Experiments 120 120 120
Observations 8,408 8,408 8,408

Panel B. Canonical vs. Non-Canonical Parameters

(4) (5) (6)

Canonical
Non-

Canonical
Di↵erence

(i): KT Parameters
CRE ´ RCRE 17.02 9.67 ´7.35

(8.36) (13.76) [´1.86]
Experiments 12 108 120

(ii): Allais Parameters
CCE ´ RCCE 7.91 ´6.51 ´14.41

(5.93) (12.96) [´2.73]
Experiments 6 114 120

Notes: Panel A presents linear regressions that assess the sensitivity of experimental results from CR, CC, or MX studies

from our stage 2 experiments. The specifications include the probability of the high outcome (p), the common ratio (r)

linearly, and a constant. Column (1) presents the results for the 120 CR experiments that we conducted in stage 2 of our

experiment, where the outcome is the net share of participants displaying a CRE relative to an RCRE, CRE ´ RCRE.

Column (2) presents the results for the 120 CC experiments that we conducted in stage 2 of our experiment, where the

outcome is the net share of participants displaying a CCE relative to an RCCE, CCE´RCCE. Column (3) presents the

results for the 120 CC experiments that we conducted in stage 2 of our experiment, where the outcome is the net share

of participants displaying a MXE relative to an RMXE, MXE ´ RMXE. Standard errors are in parentheses. Panel

B presents the average of these outcomes based on whether our stage 2 experiments were conducted at the canonical

parameters in Kahneman and Tversky (1979) (p “ 0.8, r P t0.2, 0.3u) or Allais (1953) (p “ 0.9, r “ 0.1). Standard

deviations are in parentheses, and t-statistics are in brackets.
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Figure A.1: Histogram of Response Patterns for r P t0.1, 0.2, 0.3u and p P t0.8, 0.9u
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Notes: Figure presents histogram of psignp�CRq, signp�CCq, signp�MXqq combinations, where �CR “ hAB ´ hCD,
�CC “ hAB1 ´ h

1
CD, and �MX “ h

1
AB ´ h

1
AB1 . Each variable can have three potential signs, leading to 27 possible

patterns. These signs correspond to the named patterns (e.g., CR to �CR ° 0, RCR to �CR † 0, and CR to
�CR “ 0). The histogram covers the 1,296 observations from the parameters r P t0.1, 0.2, 0.3u and p P t0.8, 0.9u for
which we elicit h1

AB and h
1
AB1 . Patterns marked in light green are ones with �CR ° 0 and �CC ° 0.
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Figure A.2: Histogram of Response Patterns for r R t0.1, 0.2, 0.3u or p R t0.8, 0.9u
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Notes: Figure presents histogram of psignp�CRq, signp�CCq, signp�MXqq combinations, where �CR “ hAB ´ hCD,
�CC “ hAB1 ´ h

1
CD, and �MX “ h

1
AB ´ h

1
AB1 . Each variable can have three potential signs, leading to 27 possible

patterns. These signs correspond to the named patterns (e.g., CR to �CR ° 0, RCR to �CR † 0, and CR to
�CR “ 0). The histogram covers the 2,908 observations from the parameters r R t0.1, 0.2, 0.3u or p R t0.8, 0.9u for
which we elicit h1

AB and h
1
AB1 . Patterns marked in light green are ones with �CR ° 0 and �CC ° 0.
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Figure A.3: Histogram of Response Patterns for r P t0.1, 0.2, 0.3u and p P t0.3, 0.5u
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Notes: Figure presents histogram of psignp�CRq, signp�CCq, signp�MXqq combinations, where �CR “ hAB ´ hCD,
�CC “ hAB1 ´ h

1
CD, and �MX “ h

1
AB ´ h

1
AB1 . Each variable can have three potential signs, leading to 27 possible

patterns. These signs correspond to the named patterns (e.g., CR to �CR ° 0, RCR to �CR † 0, and CR to
�CR “ 0). The histogram covers the 2,508 observations from the parameters r P t0.1, 0.2, 0.3u or p P t0.3, 0.5u for
which we elicit h1

AB and h
1
AB1 . Patterns marked in light green are ones with �CR ° 0 and �CC ° 0.
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Figure A.4: Predicting Stage 2 Choice Probabilities using Stage 1 Valuations
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Panel E: PrpA|tA,B1uq
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Panel C: PrpC|tC,Duq
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Panel F: PrpC|tC,Duq
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Notes: Figure relates individual stage 1 measures of hXY ´H to stage 2 choice shares PrpX|tX,Y uq. Panels A-C use raw
stage 1 responses. Panels D-F use the estimated population distribution of preferences from the decomposition in Section
4.4 combined with a participant’s raw stage 1 valuations to generate a posterior preference measure Erh˚

XY
|stage 1s for

that participant. For each x-axis, one hundred equally sized bins are constructed with approximately 168 observations
per bin. Within each bin, the stage 2 choice share is calculated to construct the y-axis. Due to a large number of
observations at some values, there are 94, 93, and 91 unique bins in panels A, B, and C, respectively. To make valuations
comparable across pp, rq, all stage 1 measures are scaled by p to control for the fact that a fixed value of the measure
is predicted to yield a larger stage 2 e↵ect the larger is p (see Appendix C.3 for details).

14



Figure A.5: Structural Estimates and Model Fit
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Panel B: Upside Potential Estimates ´ Parametric Functional Form
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;(h; ĥ) = 0.84

hAB

hAB 0

hCD

Predicted

-10 0 10 20

A
ct
u
a
l

-10

-5

0

5

10

15

20
In-Sample Fit - Di,erences

;("; "̂) = 0.87

"CR

"CC

"MX

Panel C: CPT Probability Weighting Estimates ´ Flexible Functional Form
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Notes: This figure presents the estimated parameter functions and model fit for our model of upside potential with a
flexible (Panel A) and a parametric (Panel B) functional form, along with the best-fitting CPT model with a flexible
form (Panel C). The left panels depict the estimated functions,  or ⇡. The middle panels depict the in-sample fit for
our three valuations, hAB , hAB1 , and hCD. The right panels depict the in-sample fit for our three preference measures,
�CR, �CC , and �MX .
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B Predictions of Existing Non-EU Models

In this appendix, we derive the predictions presented in Table 1. To review the structure, given

parameters pM,p, rq, h
˚
AB

, h
˚
AB1 , and h

˚
CD

are the indi↵erence values that satisfy the following

indi↵erence conditions:

pM, 1q „ ph˚
AB

, pq

pM, 1q „ ph˚
AB1 , pr;M, 1 ´ rq

pM, rq „ ph˚
CD

, prq

The objects of interest are then:

�˚
CR

” h
˚
AB

´ h
˚
CD

�˚
CC

” h
˚
AB1 ´ h

˚
CD

�˚
MX

” h
˚
AB

´ h
˚
AB1

B.1 Original Prospect Theory (OPT)

Under original prospect theory (OPT) as in Kahneman and Tversky (1979), the indi↵erence values

are determined from:

vpMq “ ⇡ppqvph˚
AB

q ñ h
˚
AB

“ v
´1

ˆ
1

⇡ppqvpMq
˙

vpMq “ ⇡pprqvph˚
AB1q ` ⇡p1 ´ rqvpMq ñ h

˚
AB1 “ v

´1

ˆ
1 ´ ⇡p1 ´ rq

⇡pprq vpMq
˙

⇡prqvpMq “ ⇡pprqvph˚
CD

q ñ h
˚
CD

“ v
´1

ˆ
⇡prq
⇡pprqvpMq

˙

Hence:

�˚
CR

° 0 ñ h
˚
AB

° h
˚
CD

ñ 1

⇡ppq ° ⇡prq
⇡pprq

�˚
CC

° 0 ñ h
˚
AB1 ° h

˚
CD

ñ 1 ´ ⇡p1 ´ rq ° ⇡prq
�˚

MX
° 0 ñ h

˚
AB

° h
˚
AB1 ñ 1

⇡ppq ° 1 ´ ⇡p1 ´ rq
⇡pprq

In this formulation, vpxq is a value function defined over experimental gains and losses, but note

that as long as v is monotonically increasing, its form is irrelevant to OPT’s predictions for the

sign of �˚
CR

, �˚
CC

, and �˚
MX

. In contrast, ⇡pqq is a probability weighting function that transforms
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probabilities into decision weights, and its form fully determines those predictions. Here, we derive

predictions using the functional form from Tversky and Kahneman (1992):

⇡pqq “ q
�

rq� ` p1 ´ qq�s1{�

This one-parameter functional form nests the EU case of ⇡pqq “ q when � “ 1. For � P p0.279, 1q,
it has the inverse-S shape emphasized by Tversky and Kahneman (1992) and the subsequent liter-

ature: It is initially concave and then convex, with overweighting (⇡pqq ° q) for small q and then

underweighting (⇡pqq † q) for larger q.54 Tversky and Kahneman (1992) suggest a � of roughly 0.6.

For � ° 1, this functional form initially yields an S-shape—initially convex and then concave with

underweighting for small q and then overweighting for larger q—but eventually becomes convex with

underweighting for all q P p0, 1q.

OPT Result:

(1) � P p0.279, 1q implies �˚
CR

° 0 and �˚
CC

° 0; �˚
MX

can be positive or negative

depending on pp, rq combination.

(2) � ° 1 implies �˚
CR

† 0, �˚
CC

° 0, and �˚
MX

† 0.

Proof: Consider first the �˚
CR

results. Rearranging the condition above yields

�˚
CR : 0 ñ ⇡pprq

⇡prq : ⇡ppq

which we can write as

pprq�
rpprq� ` p1 ´ prq�s1{�

“
prq� ` p1 ´ rq�

‰1{�

prq� :
ppq�

rppq� ` p1 ´ pq�s1{� .

Canceling terms and then taking both sides to the power � yields

prq� ` p1 ´ rq�
pprq� ` p1 ´ prq� :

1

ppq� ` p1 ´ pq�

rppq� ` p1 ´ pq�srprq� ` p1 ´ rq�s : pprq� ` p1 ´ prq�

pprq� ` ppp1 ´ rqq� ` prp1 ´ pqq� ` pp1 ´ pqp1 ´ rqq� : pprq� ` p1 ´ prq�

ppp1 ´ rqq� ` prp1 ´ pqq� ` pp1 ´ pqp1 ´ rqq� : p1 ´ prq�

Note that we can rewrite this as

a
� ` b

� ` c
� : d�

54For � P p0, 0.279q, ⇡pqq is nonmonotonic (Ingersoll, 2008).
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where a “ pp1 ´ rq, b “ rp1 ´ pq, c “ p1 ´ pqp1 ´ rq, and d “ 1 ´ pr, and note that a ` b ` c “ d.

Then because the function fpxq “ x
� is concave when � † 1, it follows that a ` b ` c “ d implies

fpaq ` fpbq ` fpcq ° fpdq, and thus � † 1 implies �˚
CR

° 0. Analogously, fpxq is convex when � ° 1,

so a ` b ` c “ d implies fpaq ` fpbq ` fpcq † fpdq, and thus � ° 1 implies �˚
CR

† 0.

Next consider the �˚
CC

results. Rearranging the condition above yields

�˚
CC : 0 ñ 1 : ⇡prq ` ⇡p1 ´ rq

which we can write as

1 :
prq�

rprq� ` p1 ´ rq�s1{� ` p1 ´ rq�
rprq� ` p1 ´ rq�s1{�

1 :
”
prq� ` p1 ´ rq�

ı1´1{�

When � † 1: r † 1 and � † 1 implies r
� ° r and p1 ´ rq� ° 1 ´ r and thus prq� ` p1 ´ rq� ° 1. In

addition, � † 1 implies 1 ´ 1{� † 0, and thus
“
prq� ` p1 ´ rq�

‰1´1{� † 1 and therefore �˚
CC

° 0.

When � ° 1: r † 1 and � ° 1 implies r
� † r and p1 ´ rq� † 1 ´ r and thus prq� ` p1 ´ rq� † 1. In

addition, � ° 1 implies 1´1{� ° 0, and thus
“
prq� ` p1 ´ rq�

‰1´1{� † 1 and therefore again �˚
CC

° 0.

Finally, when � ° 1, the combination of �˚
CR

† 0 and �˚
CC

° 0 implies �˚
MX

“ �˚
CR

´�˚
CC

† 0.

In contrast, for � † 1, it is possible for �˚
MX

to be positive or negative.

⌅

B.2 Cumulative Prospect Theory (CPT)

Cumulative prospect theory (CPT) as in Tversky and Kahneman (1992) di↵ers from OPT only for

gambles with more than one non-zero outcome. In our context, this means they di↵er only in the

evaluation of lottery B
1. Hence, the h

˚
AB

and h
˚
CD

indi↵erence values are as in OPT, but the h
˚
AB1

indi↵erence value is now determined from:

vpMq “ ⇡pprqvph˚
AB1q ` p⇡ppr ` 1 ´ rq ´ ⇡pprqqvpMq

ñ h
˚
AB1 “ v

´1

ˆ
1 ´ p⇡ppr ` 1 ´ rq ´ ⇡pprqq

⇡pprq vpMq
˙

Hence, we now have:
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�˚
CR

° 0 ñ h
˚
AB

° h
˚
CD

ñ 1

⇡ppq ° ⇡prq
⇡pprq

�˚
CC

° 0 ñ h
˚
AB1 ° h

˚
CD

ñ 1 ´ p⇡ppr ` 1 ´ rq ´ ⇡pprqq ° ⇡prq
�˚

MX
° 0 ñ h

˚
AB

° h
˚
AB1 ñ 1

⇡ppq ° 1 ´ p⇡ppr ` 1 ´ rq ´ ⇡pprqq
⇡pprq

As in OPT, the value function v is irrelevant for the model’s predictions for the sign of �˚
CR

, �˚
CC

,

and �˚
MX

, which are fully determined by the form of the probability weighting function ⇡. Here, we

again derive predictions using the functional form from Tversky and Kahneman (1992).

CPT Result:

(1) � P p0.279, 1q implies �˚
CR

° 0 and �˚
CC

° 0; �˚
MX

can be positive or negative.

(2) � ° 1 implies �˚
CR

† 0; �˚
CC

and �˚
MX

can be positive or negative.

Proof: The �˚
CR

equations are the same as in OPT, and thus the proof from the OPT Result still

holds. So we just need to prove that � P p0.279, 1q implies �˚
CC

° 0.

We begin with two preliminary results. First, note that for all � ° 0.279,

⇡p1{2q “ p1{2q�
r2p1{2q�s1{� “

ˆ
1

2

˙
�´ �´1

�

† 1

2
because � ´ � ´ 1

�
° 1.

Second, we prove that

⇡p1 ´ aq ´ ⇡p1 ´ bq ° ⇡pbq ´ ⇡paq for any 0 § a † b § 1{2 (B.1)

In words, equation (B.1) says that ⇡pqq is steeper for q above 1{2 than for q below 1{2. To prove

this, we rewrite the inequality in equation (B.1) as ⇡paq ` ⇡p1 ´ aq ° ⇡pbq ` ⇡p1 ´ bq, which yields

paq� ` p1 ´ aq�
rpaq� ` p1 ´ aq�sp1{�q ° pbq� ` p1 ´ bq�

rpbq� ` p1 ´ bq�sp1{�q

”
paq� ` p1 ´ aq�

ı1´p1{�q
°

”
pbq� ` p1 ´ bq�

ı1´p1{�q

Then because

d
“
pxq� ` p1 ´ xq�

‰1´p1{�q

dx
“ p1 ´ p1{�qq

”
pxq� ` p1 ´ xq�

ı´p1{�q
�px�´1 ´ p1 ´ xq�´1q

is negative as long as � † 1 and x † 1{2, equation (B.1) follows.
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We now prove that � P p0.279, 1q implies �˚
CC

° 0. The �˚
CC

condition can be written as

�˚
CC ° 0 ñ 1 ` ⇡pprq

2
° ⇡ppr ` 1 ´ rq ` ⇡prq

2

Let’s define z such that mintr, pr`1´ru ” pr`z, and note that this implies that maxtr, pr`1´ru “
1´z (so that prq ` ppr`1´rq “ ppr`zq ` p1´zq “ 1`pr). We can then rewrite the �˚

CC
condition

as

�˚
CC ° 0 ñ 1 ` ⇡pprq

2
° ⇡ppr ` zq ` ⇡p1 ´ zq

2

The LHS is the y-value for the midpoint of the line segment that connects the points ppr,⇡pprqq and

p1, 1q, while the RHS is the y-value for the midpoint of the line segment that connects the points

ppr`z,⇡ppr`zqq and p1´z,⇡p1´zqq, where the x-value for both midpoints is p1`prq{2. Given the

inverse-S shape of ⇡pqq for � P p0.279, 1q and the fact that ⇡p1{2q † 1{2, the LHS line segment can

intersect ⇡pqq for at most one q̄ P ppr, 1q. Moreover, if such a q̄ exists, then pr † q̄ † 1{2, ⇡pprq ° pr

and ⇡pq̄q ° q̄.

If such a q̄ does not exist, then the LHS line segment must be everywhere above the RHS line segment,

and thus the �˚
CC

condition holds.

If such a q̄ exists but pr ` z ° q̄, then again the LHS line segment must be everywhere above the

RHS line segment, and thus the �˚
CC

condition holds.

Finally, suppose such a q̄ exists but pr ` z † q̄ † 1{2. If ⇡ is concave at q̄ and thus concave for

all q † q̄, then ⇡ppr ` zq ´ ⇡pprq † ⇡pzq † 1 ´ ⇡p1 ´ zq (where the first inequality follows from

the concavity of ⇡ for q † q̄ and the second inequality follows from equation (B.1) with a “ 0 and

b “ z † 1{2), and thus the �˚
CC

condition holds. Suppose instead ⇡ is convex at q̄ and thus convex

for all q ° q̄. Because pr ` z † q̄ † 1{2 and thus 1 ´ pr ´ z ° 1{2, we have ⇡ppr ` zq ´ ⇡pprq †
⇡p1 ´ prq ´ ⇡p1 ´ pr ´ zq † 1 ´ ⇡p1 ´ zq (where the first inequality follows from equation (B.1) and

the second inequality follows from the fact that ⇡ is convex for all q ° q̄). Hence, again the �˚
CC

condition holds.

This covers all cases, and hence � P p0.279, 1q implies �˚
CC

° 0.

Finally, we note that a symmetric argument does not work for � ° 1 because equation (B.1) does

not flip to maintain the symmetry. More precisely, if pr` z ° q̄, an analogous argument implies that

�˚
CC

† 0. But when pr`z † q̄, equation (B.1) still implies ⇡ppr`zq´⇡pprq † ⇡p1´prq´⇡p1´pr´zq,
and this creates the possibility that �˚

CC
° 0—in fact, it is easy to generate such examples.

⌅
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B.3 Kőszegi-Rabin Loss Aversion Under CPE

We next consider predictions from the Kőszegi-Rabin (2007) model of loss aversion when we ap-

ply choice-acclimating personal equilibrium (CPE). Under CPE, the utility from a lottery X ”
px, qH ; 0, qLq where x ° 0 and qH ` qL “ 1 is

UpXq “ qHupxq ´ ⇤qHqLupxq

and the utility from a lottery Y ” px, qH ; y, qM ; 0, qLq where x ° y ° 0 and qH ` qM ` qL “ 1 is

UpY q “ qHupxq ` qMupyq ´ ⇤qHpqM ` qLqupxq ´ ⇤qM pqL ´ qHqupyq.

where the parameter ⇤ is a measure of loss aversion.55 ⇤ ° 0 implies loss aversion (losses loom larger

than gains), and ⇤ † 0 implies gain attraction (gains loom larger than losses). In this formulation,

u is the person’s intrinsic utility over outcomes (e.g., that might be used under EU), where we have

normalized up0q “ 0.

Applied to our context, the indi↵erence values are determined from:

upMq “ puph˚
AB

q ´ ⇤pp1 ´ pquph˚
AB

q
upMq “ pruph˚

AB1q ` p1 ´ rqupMq ´ ⇤prp1 ´ prquph˚
AB1q ´ ⇤p1 ´ rqrp1 ´ 2pqupMq

rupMq ´ ⇤rp1 ´ rqupMq “ pruph˚
CD

q ´ ⇤prp1 ´ prquph˚
CD

q

from which we can derive:

h
˚
AB

“ u
´1

ˆ
1

pp1 ´ ⇤p1 ´ pqqupMq
˙

h
˚
AB1 “ u

´1

ˆ
1 ` ⇤p1 ´ rqp1 ´ 2pq
pp1 ´ ⇤p1 ´ prqq upMq

˙

h
˚
CD

“ u
´1

ˆ
1 ´ ⇤p1 ´ rq

pp1 ´ ⇤p1 ´ prqqupMq
˙
.

To ensure this model is well-behaved, we put two restrictions on the range of ⇤. First, if ⇤

becomes too positive, utility can be decreasing in h. For instance, the utility from lottery D can be

written as rpr´⇤prp1´prqsuphq, and this is increasing in h only if ⇤ † 1{p1´prq. To rule out these

perverse cases, we restrict ⇤ § 1. Second, if ⇤ becomes too negative, the indi↵erence values can be

smaller than M . For instance, h˚
AB

° M requires 1{ppp1 ´ ⇤p1 ´ pqqq ° 1 or ⇤ ° ´1{p. To rule out

these perverse cases, we restrict ⇤ • ´1.

55The Kőszegi and Rabin (2007) model has two parameters, a parameter ⌘ which captures the relative importance
of gain-loss utility versus intrinsic utility, and a parameter � that captures loss aversion. However, under CPE these
parameters always appear as the product ⌘p� ´ 1q and thus cannot be distinguished, so we define ⇤ ” ⌘p� ´ 1q.
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With these restrictions in place:

�˚
CR

° 0 ñ h
˚
AB

° h
˚
CD

ñ 1

pp1 ´ ⇤p1 ´ pqq ° 1 ´ ⇤p1 ´ rq
pp1 ´ ⇤p1 ´ prqq

�˚
CC

° 0 ñ h
˚
AB1 ° h

˚
CD

ñ 1 ` ⇤p1 ´ rqp1 ´ 2pq ° 1 ´ ⇤p1 ´ rq
�˚

MX
° 0 ñ h

˚
AB

° h
˚
AB1 ñ 1

pp1 ´ ⇤p1 ´ pqq ° 1 ` ⇤p1 ´ rqp1 ´ 2pq
pp1 ´ ⇤p1 ´ prqq

Note that, much as for the value function under OPT and CPT, the utility function u is irrelevant

for the model’s predictions for the sign of �˚
CR

, �˚
CC

, and �˚
MX

, where in this model these are fully

determined by the value of the parameter ⇤.

Kőszegi-Rabin CPE Result:

(1) ⇤ P p0, 1s implies �˚
CR

° 0, �˚
CC

° 0, and �˚
MX

† 0.

(2) ⇤ P r´1, 0q implies �˚
CR

† 0, �˚
CC

† 0, and �˚
MX

° 0.

Proof: Consider first the �˚
CR

condition, which we can write as:

�˚
CR : 0 ñ 1

1 ´ ⇤p1 ´ pq :
1 ´ ⇤p1 ´ rq
1 ´ ⇤p1 ´ prq

The LHS is independent of r. The RHS is equal to the LHS when r “ 1, and moreover

dRHS

dr
“ p1 ´ ⇤p1 ´ prqq⇤´ p1 ´ ⇤p1 ´ rqq⇤p

p1 ´ ⇤p1 ´ prqq2 “ p1 ´ pqp⇤´ ⇤2q
p1 ´ ⇤p1 ´ prqq2

If ⇤ P p0, 1s, then ⇤ ´ ⇤2 ° 0 and thus dRHS{dr ° 0, from which it follows that �˚
CR

° 0 for all

r † 1.

If ⇤ P r´1, 0q, then ⇤´ ⇤2 † 0 and thus dRHS{dr † 0, from which it follows that �˚
CR

† 0 for all

r † 1.

Next consider the �˚
CC

condition, which we can write as:

�˚
CC

: 0 ñ 1 ` ⇤p1 ´ rqp1 ´ 2pq : 1 ´ ⇤p1 ´ rq

ñ 2⇤p1 ´ rqp1 ´ pq : 0

Since the LHS is positive for ⇤ P p0, 1s and negative for ⇤ P r´1, 0q, �˚
CC

° 0 for any ⇤ P p0, 1s and
�˚

CC
† 0 for any ⇤ P r´1, 0q.

Finally consider the �˚
MX

condition, which we can write as:

�˚
MX : 0 ñ 1

1 ´ ⇤p1 ´ pq :
1 ` ⇤p1 ´ rqp1 ´ 2pq

1 ´ ⇤p1 ´ prq
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The LHS is independent of r. The RHS is equal to the LHS when r “ 1, and moreover

dRHS

dr
“ p1 ´ ⇤p1 ´ prqqp´⇤p1 ´ 2pqq ´ p1 ` ⇤p1 ´ rqp1 ´ 2pqq⇤p

p1 ´ ⇤p1 ´ prqq2

“ ⇤pp ´ 1q ` ⇤2p1 ´ 2pqp1 ´ pq
p1 ´ ⇤p1 ´ prqq2 “ p1 ´ pq⇤ r´1 ` ⇤p1 ´ 2pqs

p1 ´ ⇤p1 ´ prqq2

For ⇤ P p0, 1s, p ° 1{2 clearly implies dRHS{dr † 0, and when p † 1{2 then ⇤ § 1 implies

´1 ` ⇤p1 ´ 2pq † 0 and thus again dRHS{dr † 0. It follows that �˚
MX

† 0 for any ⇤ P p0, 1s.

For ⇤ P r´1, 0q, p † 1{2 clearly implies dRHS{dr ° 0, and when p ° 1{2 then ⇤ • ´1 implies

´1 ` ⇤p1 ´ 2pq † 0 and thus again dRHS{dr ° 0. It follows that �˚
MX

° 0 for any ⇤ P r´1, 0q.

⌅

B.4 Bell Disappointment Aversion (Bell DA)

Next, we consider predictions from Bell’s (1985) model of disappointment aversion. Under this model,

the utility from a lottery X ” px1, p1; ...;xN , pN q is

UpXq “
˜

Nÿ

n“1

pnupxnq
¸

´ �

˜
Nÿ

n“1

pnI
`
upxnq † Ū

˘ `
Ū ´ upxnq

˘
¸
,

where up¨q is an intrinsic utility function, and Ū ” ∞
N

i“1 piupxiq is the expected intrinsic utility. When

the parameter � ° 0, it reflects a (constant) marginal disutility of disappointment experienced when

one’s realized intrinsic utility is below the expected intrinsic utility. If � † 0, then ´� e↵ectively

reflects a (constant) marginal utility of elation experienced when one’s realized intrinsic utility is

above the expected intrinsic utility.56

Applied to our context, the indi↵erence values for h˚
AB

and h
˚
CD

are determined from:

upMq “ puph˚
AB

q ´ �p1 ´ pqppuph˚
AB

q ´ 0q

rupMq ´ �p1 ´ rqprupMq ´ 0q “ pruph˚
CD

q ´ �p1 ´ prqppruph˚
CD

q ´ 0q

and thus

h
˚
AB “ u

´1

ˆ
1

pp1 ´ �p1 ´ pqqupMq
˙

and h
˚
CD “ u

´1

ˆ
1 ´ �p1 ´ rq

pp1 ´ �p1 ´ prqqupMq
˙
.

56Bell (1985) further assumes that upxq “ x and has separate parameters for disappointment (d) and elation (e). His
model is equivalent to the version in the text with � “ d´ e. Loomes and Sugden (1986) also use this formulation, but
they consider nonlinear disappointment and elation.
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Note that for two-outcome lotteries such as our lotteries B, C, and D, the utilities under Bell DA

are equivalent to those under Kőszegi-Rabin CPE, where � replaces ⇤. Hence, we need an analogous

restriction that the range of � is r´1, 1s.
For the h˚

AB1 indi↵erence value, we must carefully assess whether, at the indi↵erence value, upMq
is larger or smaller than the expected intrinsic utility pruph˚

AB1q ` p1´ rqupMq because that matters

for the utility from lottery B
1. We can write pruph˚

AB1q ` p1´rqupMq ° upMq as uph˚
AB1q ° upMq{p.

If we assume that uph˚
AB1q ° upMq{p, then the h

˚
AB1 is determined from:

upMq “ pruph˚p1q
AB1q ` p1 ´ rqupMq ´ �p1 ´ rqppruph˚p1q

AB1q ` p1 ´ rqupMq ´ upMqq
´�rp1 ´ pqppruph˚p1q

AB1q ` p1 ´ rqupMq ´ 0q

ñ h
˚p1q
AB1 “ u

´1

ˆ
1 ´ �pp1 ´ rq

pp1 ´ �p1 ´ prqqupMq
˙

Note that as long as 1´�p1´ prq ° 0, uph˚
AB1q ° upMq{p when 1´�pp1´ rq ° 1´�p1´ prq, or

�p1 ´ pq ° 0, which holds as long as � ° 0. Since 1 ´ �p1 ´ prq ° 0 for all � P r0, 1s, it follows that
h

˚
AB1 “ h

˚p1q
AB1 for all � P r0, 1s.

If we instead assume that uph˚
AB1q † upMq{p, then the h

˚
AB1 is determined from:

upMq “ pruph˚p2q
AB1q ` p1 ´ rqupMq ´ �rp1 ´ pqppruph˚p2q

AB1q ` p1 ´ rqupMq ´ 0q

ñ h
˚p2q
AB1 “ u

´1

ˆ
1 ` �p1 ´ pqp1 ´ rq
pp1 ´ �rp1 ´ pqq upMq

˙

Note that as long as 1´�rp1´pq ° 0, uph˚
AB1q † upMq{p when 1`�p1´pqp1´rq † 1´�rp1´pq,

or �p1 ´ pq † 0, which holds as long as � † 0. Since 1 ´ �rp1 ´ pq ° 0 for all � P r´1, 0s, it follows
that h˚

AB1 “ h
˚p2q
AB1 for all � P r´1, 0s.

Given these indi↵erence values:

�˚
CR

° 0 ñ h
˚
AB

° h
˚
CD

ñ 1

1 ´ �p1 ´ pq ° 1 ´ �p1 ´ rq
1 ´ �p1 ´ prq

�˚
CC

° 0 ñ h
˚
AB1 ° h

˚
CD

ñ 1 ´ �pp1 ´ rq ° 1 ´ �p1 ´ rq if � P r0, 1s
1 ` �p1 ´ pqp1 ´ rq

1 ´ �rp1 ´ pq ° 1 ´ �p1 ´ rq
1 ´ �p1 ´ prq if � P r´1, 0s

�˚
MX

° 0 ñ h
˚
AB

° h
˚
AB1 ñ 1

1 ´ �p1 ´ pq ° 1 ´ �pp1 ´ rq
1 ´ �p1 ´ prq if � P r0, 1s

1

1 ´ �p1 ´ pq ° 1 ` �p1 ´ pqp1 ´ rq
1 ´ �rp1 ´ pq if � P r´1, 0s

Hence, under Bell DA, the model’s predictions for the sign of�˚
CR

,�˚
CC

, and�˚
MX

are determined

by the value of the parameter �.

Bell DA Result:
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(1) � P p0, 1q implies �˚
CR

° 0, �˚
CC

° 0, and �˚
MX

† 0.

(2) � P p´1, 0q implies �˚
CR

† 0, �˚
CC

† 0, and �˚
MX

° 0.

Proof: For �˚
CR

, the condition is equivalent to that under Kőszegi-Rabin CPE, and thus the proof

is the same.

Next consider the �˚
CC

condition.

For � P r0, 1s, �˚
CC

° 0 if 1 ´ �pp1 ´ rq ° 1 ´ �p1 ´ rq or �p1 ´ rqp1 ´ pq ° 0, which holds for any

� P r0, 1s.

For � P r´1, 0s, �˚
CC

† 0 if

1 ` �p1 ´ pqp1 ´ rq
1 ´ �rp1 ´ pq † 1 ´ �p1 ´ rq

1 ´ �p1 ´ prq
p1 ` �p1 ´ pqp1 ´ rqqp1 ´ �p1 ´ prqq † p1 ´ �p1 ´ rqqp1 ´ �rp1 ´ pqq

�pp1 ´ pqp1 ´ rq ´ p1 ´ prqq ´ �
2p1 ´ pqp1 ´ rqp1 ´ prq † ´�p1 ´ prq ` �

2p1 ´ pqp1 ´ rqr
�p1 ´ pqp1 ´ rqp1 ´ �p1 ´ pr ` rqq † 0

which holds for any � P r´1, 0s.

Finally consider the �˚
MX

condition.

For � P r0, 1s:
�˚

MX : 0 ñ 1

1 ´ �p1 ´ pq ° 1 ´ �pp1 ´ rq
1 ´ �p1 ´ prq

The LHS is independent of r. The RHS is equal to the LHS when r “ 1, and moreover

dRHS

dr
“ p1 ´ �p1 ´ prqqp�pq ´ p1 ´ �pp1 ´ rqqp�pq

p1 ´ �p1 ´ prqq2 “ ´�
2
pp1 ´ pq

p1 ´ �p1 ´ prqq2

Hence, � P r0, 1s implies dRHS{dr † 0, and thus �˚
MX

† 0 for any r † 1.

For � P r´1, 0s:
�˚

MX : 0 ñ 1

1 ´ �p1 ´ pq ° 1 ` �p1 ´ pqp1 ´ rq
1 ´ �rp1 ´ pq

The LHS is independent of r. The RHS is equal to the LHS when r “ 1, and moreover

dRHS

dr
“ p1 ´ �rp1 ´ pqqp´�p1 ´ pqq ´ p1 ´ �p1 ´ pqp1 ´ rqqp´�p1 ´ pqq

p1 ´ �rp1 ´ pqq2 “ �
2p1 ´ pq2

p1 ´ �p1 ´ prqq2

Hence, � P r´1, 0s implies dRHS{dr ° 0, and thus �˚
MX

° 0 for any r † 1.

⌅
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B.5 Gul Disappointment Aversion (Gul DA)

We next consider predictions from the Gul (1991) model of disappointment aversion. Under this

model, the utility from a lottery X ” px1, p1; ...;xN , pN q is the UpXq that satisfies

UpXq “
˜

Nÿ

n“1

pnupxnq
¸

´ �

˜
Nÿ

n“1

pnI pupxnq † UpXqq pUpXq ´ upxnqq
¸
,

where upxq is an intrinsic utility function, and a person experiences disappointment when their

realized intrinsic utility is below the overall utility of the lottery UpXq. As in Bell DA, � ° 0 is

disappointment aversion while � † 0 is elation-loving. Applying this to binary gambles of the form

X ” px, qH ; 0, qLq, this becomes

UpXq “ qHupxq ´ �qLpUpXq ´ 0qq ñ UpXq “ qH

1 ` �qL
upxq.

Gul imposes � ° ´1, which guarantees that UpXq is increasing in the payo↵ x for any qL. This

model does not require an upper bound for �. The indi↵erence values h˚
AB

and h
˚
CD

are given by:

upMq “ p

1 ` �p1 ´ pquph˚
AB

q ñ h
˚
AB

“ u
´1

ˆ
1 ` �p1 ´ pq

p
upMq

˙

r

1`�p1´rqupMq “ pr

1`�p1´prquph˚
CD

q ñ h
˚
CD

“ u
´1

ˆ
1 ` �p1 ´ prq
pp1 ` �p1 ´ rqqupMq

˙

For the h˚
AB1 indi↵erence value, in principle, we must carefully assess whether, at the indi↵erence

value, upMq is larger or smaller than UpB1q (analogous to what we did for Bell DA). However, because

h
˚
AB1 is determined by the condition upMq “ UpB1q, we know that upMq “ UpB1q at H “ h

˚
AB1 . It

follows that, at H “ h
˚
AB1 , we have:

UpB1q “ prupHq ` p1 ´ rqupMq ´ �rp1 ´ pqpUpB1q ´ 0q

or

UpB1q “ pr

1 ` �rp1 ´ pqupHq ` 1 ´ r

1 ` �rp1 ´ pqupMq.

Then h
˚
AB1 is derived from

upMq “ pr

1 ` �rp1 ´ pquph˚
AB1q ` 1 ´ r

1 ` �rp1 ´ pqupMq ñ h
˚
AB1 “ u

´1

ˆ
1 ` �p1 ´ pq

p
upMq

˙
.

Notice that h˚
AB1 “ h

˚
AB

and thus�˚
MX

“ 0 (a well known property of Gul DA) and thus�˚
CR

“ �˚
CC

.
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Hence, there is only one remaining condition to consider:

�˚
CR

“ �˚
CC

° 0 ñ h
˚
AB

“ h
˚
AB1 ° h

˚
CD

ñ 1 ` �p1 ´ pq ° 1`�p1´prq
1`�p1´rq

Hence, under Gul DA, the model’s predictions for the sign of�˚
CR

, �˚
CC

, and�˚
MX

are determined

by the value of the parameter �.

Gul DA Result:

(1) � ° 0 implies �˚
CR

“ �˚
CC

° 0 and �˚
MX

“ 0.

(2) � P p´1, 0q implies �˚
CR

“ �˚
CC

† 0, and �˚
MX

“ 0.

Proof: The �˚
CR

condition is:

�˚
CR : 0 ñ 1 ` �p1 ´ pq : 1 ` �p1 ´ prq

1 ` �p1 ´ rq

The LHS is independent of r. The RHS is equal to the LHS when r “ 1, and moreover

dRHS

dr
“ p1 ` �p1 ´ rqqp´�pq ´ p1 ` �p1 ´ prqqp´�q

p1 ` �p1 ´ rqq2 “ p� ` �
2qp1 ´ pq

p1 ` �p1 ´ rqq2

Hence, � ° 0 implies dRHS{dr ° 0 and thus �˚
CR

“ �˚
CC

° 0, while � P p´1, 0q implies dRHS{dr †
0 and thus �˚

CR
“ �˚

CC
† 0.

⌅

B.6 Cautious Expected Utility (CEU)

We next consider the implications of the cautious expected utility (CEU) model introduced by Cerreia-

Vioglio et al. (2015). Unlike the models above, their focus is a representation theorem and not a

parameterized model, but firm predictions for our context follow from their axioms.

To illustrate, suppose we fix H “ h
˚
AB

so that B „ A. Because lottery A is a sure amount,

their key axiom of negative certainty independence (NCI) implies that rB ` p1´ rq0 Á rA` p1´ rq0
for any r P p0, 1q. Because rB ` p1 ´ rq0 “ D and rA ` p1 ´ rq0 “ C, CEU permits a CRP (i.e.,

�˚
CR

° 0) but not an RCRP. NCI also implies (see page 697 of Cerreia-Vioglio et al., 2015) that

rB ` p1 ´ rqA „ B for any r P p0, 1q. Because rB ` p1 ´ rqA “ B
1, CEU implies A „ B „ B

1 and

thus �˚
MX

“ 0. Finally, �˚
MX

“ 0 implies �˚
CC

“ �˚
CR

.

To summarize, when the predictions of CEU di↵er from EU, those predictions are�˚
CC

“ �˚
CR

° 0

and �˚
MX

“ 0, i.e., the CRP-CCP-MXP pattern.
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B.7 Puri Simplicity Preferences

Finally, we consider the implications of the model of simplicity preferences introduced by Puri (2025).

Under this model, the utility from a lottery X ” px1, p1; ...;xN , pN q is

UpXq “
Nÿ

n“1

pnupxnq ´ !pNq.

The first term is a standard EU term, and !pNq is a complexity cost term that is increasing in N—

i.e., lotteries with more possible outcomes have a larger complexity cost. Here, we derive predictions

for our context under the assumption that !p1q † !p2q † !p3q.
To derive predictions, it is convenient to fix the parameters pM,p, rq and then define EUpX|hq

to be the expected utility of lottery X P tB,B
1
, Du as a function of h. Also, recall that, for any h,

EUpCq ´ EUpD|hq “ EUpAq ´ EUpB1|hq “ rpEUpAq ´ EUpB|hqq.
Under this model, h˚

CD
must satisfy EUpCq ´!p2q “ EUpD|h˚

CD
q ´!p2q and therefore EUpCq “

EUpD|h˚
CD

q. This in turn implies EUpAq “ EUpB|h˚
CD

q and thus EUpAq ´ !p1q ° EUpB|h˚
CD

q ´
!p2q. It follows that h˚

AB
° h

˚
CD

and thus �˚
CR

° 0. Similarly, it also implies EUpAq “ EUpB1|h˚
CD

q
and thus EUpAq ´ !p1q ° EUpB1|h˚

CD
q ´ !p3q. It follows that h˚

AB1 ° h
˚
CD

and thus �˚
CC

° 0.

Under this model, h˚
AB

must satisfy EUpAq ´!p1q “ EUpB|h˚
AB

q ´!p2q and therefore EUpAq †
EUpB|h˚

AB
q. Since B1 is a mixture of A and B, we must have EUpAq † EUpB1|h˚

AB
q † EUpB|h˚

AB
q

and thus EUpB1|h˚
AB

q ´ !p3q † EUpB|h˚
AB

q ´ !p2q. It follows that EUpAq ´ !p1q ° EUpB1|h˚
AB

q ´
!p3q and thus h˚

AB1 ° h
˚
AB

and �˚
MX

† 0.

To summarize, if !p1q † !p2q † !p3q, then Puri simplicity preferences predict�˚
CR

° 0, �˚
CC

° 0,

and �˚
MX

† 0, i.e., the CRP-CCP-RMXP pattern.
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C The Impact of Noise on Valuations and Choices

In Section 2.5, we discuss the impact of noise on valuation tasks and binary choice tasks, and the

inferential challenges that arise as a result. This appendix formalizes the intuition in that section by

replicating and expanding on the theoretical results in McGranaghan et al. (2024).

We assume that the same underlying preferences drive behavior for both valuation tasks and

binary choice tasks. Using the notation from Section 2.2, a person will have three underlying indif-

ference values h˚
AB

, h˚
AB1 , and h

˚
CD

for a fixed pp, r,Mq that satisfy:

• Prefer A over B if and only if H † h
˚
AB

,

• Prefer A over B1 if and only if H † h
˚
AB1 , and

• Prefer C over D if and only if H † h
˚
CD

.

We can then characterize that person’s CR, CC, and MX preferences by �˚
CR

” h
˚
AB

´h
˚
CD

, �˚
CC

”
h

˚
AB1 ´ h

˚
CD

, and �˚
MX

” h
˚
AB

´ h
˚
AB1 . EU implies �˚

CC
“ �˚

CR
“ �˚

MX
“ 0.

C.1 The Impact of Noise on Valuations

In Section 2.5, we provide an intuitive argument for how paired valuation tasks might yield unbiased

inference even in the presence of noise. Here, we provide a formal argument.

To combine a participant’s underlying preferences with noise to generate their stated valuations,

we begin with an assumption that is more general than the one used in Section 2.5:

Assumption C1v: Impact of Noise on Valuations

A person’s stated valuations phAB, hAB1 , hCDq are hAB ” �ph˚
AB

, "ABq, hAB1 ” �ph˚
AB1 , "AB1q,

and hCD ” �ph˚
CD

, "CDq, where p"AB, "AB1 , "CDq are noise draws from a continuous joint dis-

tribution with convex support, and � is increasing in both arguments with �ph, 0q “ h for all

h.

In Assumption C1v, the function � permits a variety of models for how a person’s underlying indif-

ference points combine with choice noise to generate their stated valuations. We highlight two special

cases of Assumption C1v:

Assumption C2a: �ph, "q “ h ` ", and Ep"ABq “ Ep"AB1q “ Ep"CDq “ 0.

Assumption C2b: �ph, "q is potentially nonlinear in h and ", but "AB

d“ kAB"CD for some

kAB ° 0, "AB1
d“ kAB1"CD for some kAB1 ° 0, and "CD is symmetric about 0.
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Assumption C2a is the assumption we use in Section 2.5 and represents the simple case in which

stated valuations are given by the true underlying preference plus a mean-zero error term. Assumption

C2b is less straightforward at first glance, but it is consistent with assumptions researchers frequently

use when analyzing choice data, where they model noise as a symmetric additive perturbation of

utility in the spirit of McFadden (1974, 1981). To illustrate, consider the following example:

Example: Expected Utility and Prospect Theory

Suppose that a person evaluates a lottery px, qq with x ° 0 as ⇡pqqupxq, and evaluates a lottery

px, q; y, sq with x ° y ° 0 as ⇡pqqupxq ` wpq, squpyq. This formulation reduces to EU when

⇡pqq “ q, wpq, sq “ s, and upxq is a Bernoulli utility function. This formulation reduces to CPT

when ⇡pqq is a probability weighting function, wpq, sq “ ⇡pq ` sq ´ ⇡pqq, and upxq is a value

function defined over gains and losses. Finally, this formulation reduces to OPT when ⇡pqq is a

probability weighting function, wpq, sq “ ⇡psq, and upxq is a value function defined over gains

and losses.

With this formulation, the underlying indi↵erence points satisfy

upMq “ ⇡ppquph˚
ABq ô h

˚
AB “ u

´1

ˆ
1

⇡ppqupMq
˙

upMq “ ⇡pprquph˚
AB1q ` wppr, 1 ´ rqupMq ô h

˚
AB1 “ u

´1

ˆ
1 ´ wppr, 1 ´ rq

⇡pprq upMq
˙

⇡prqupMq “ ⇡pprquph˚
CDq ô h

˚
CD “ u

´1

ˆ
⇡prq
⇡pprqupMq

˙

Now suppose we incorporate additive utility noise in the spirit of McFadden (1974, 1981) by

assuming that the stated valuations satisfy

upMq “ ⇡ppquphABq ` ✏AB ô hAB “ u
´1

ˆ
uph˚

ABq ´ ✏AB

⇡ppq

˙

upMq “ ⇡pprquphAB1q ` wppr, 1 ´ rqupMq ` ✏AB1 ô hAB1 “ u
´1

ˆ
uph˚

AB1q ´ ✏AB1

⇡pprq

˙

⇡prqupMq “ ⇡pprquphCDq ` ✏CD ô hCD “ u
´1

ˆ
uph˚

CDq ´ ✏CD

⇡pprq

˙

where ✏AB, ✏AB1 , and ✏CD reflect additive utility noise.57 When applying this approach, it is

common to further assume that ✏CD has some distribution that is symmetric about 0 (e.g.,

a mean-zero normal or logistic distribution), and that ✏AB

d“ k
1
AB

✏CD and ✏AB1
d“ k

1
AB1✏CD for

some k
1
AB

° 0 and k
1
AB1 ° 0 (e.g., when the error terms all have the same distributional form

but are permitted to have di↵erent variances). If so, then this formulation fits Assumption

57The latter equations use p1{⇡ppqqupMq “ uph˚
AB

q, pp1 ´ wppr, 1 ´ rqq{⇡pprqqupMq “ uph˚
AB1 q, and

p⇡prq{⇡pprqqupMq “ uph˚
CD

q.
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C2b with �ph, "q “ u
´1puphq ´ "q, where "AB “ k

1
AB

✏CD{⇡ppq, "AB1 “ k
1
AB1✏CD{⇡pprq, and

"CD “ ✏CD{⇡pprq. Finally, EU with additive utility noise that is i.i.d. across the AB, AB1, and

CD choices (so k
1
AB

“ k
1
AB1 “ 1) implies "AB “ r"CD and "AB1 “ "CD.

Proposition C1v describes when unbiased tests of the null of �˚
Z

“ 0, Z P tCR,CC,MXu, are

possible using paired valuation tasks and Assumption C2a or C2b.

Proposition C1v (Paired Valuation Tasks Can Yield Unbiased Tests): Consider a person who

provides stated valuations (hAB, hAB1 , hCDq.

(1) Under Assumption C2a, Ep�Zq “ �˚
Z
for all Z P tCR,CC,MXu.

(2) Under Assumption C2b, Prp�Z ° 0q “ Prp�Z † 0q “ 1{2 for all Z P tCR,CC,MXu.

The proof and intuition for Proposition C1v are virtually the same as those for Proposition 2 in

McGranaghan et al. (2024), and thus we omit them here. Part (1) establishes that we can test the

null of �˚
Z

“ 0 under Assumption C2a using a means test. Part (2) establishes that we can test the

null of �˚
Z

“ 0 under Assumption C2b using a sign test that tests whether the observed proportions

of �Z ° 0 and �Z † 0 are the same.58 These are the two tests reported in Table A.4.

C.2 The Impact of Noise on Choices

In Section 2.5, we describe how noise can make it problematic to infer preferences when comparing

behavior across binary choice tasks. We provide a formal argument here. To model how a partici-

pant’s underlying preferences combine with noise to generate their choices in the three binary choice

tasks, we use the following alternative to Assumption C1v:

Assumption C1c: Impact of Noise on Choices

A person’s realized indi↵erence points are the phAB, hAB1 , hCDq described in Assumption C1v.

Then:

• In an AB choice task, the person chooses A ” pM, 1q over B ” pH, pq if and only if

H § hAB ” �ph˚
AB

, "ABq,
58Our formal test uses the following logic. If Prp�Z ° 0q “ Prp�Z † 0q “ 1{2 for every observation, the likelihood

of observing at most n instances of �Z ° 0 out of N observations is equal to Gpn,Nq, where G denotes the cumulative
distribution function for a binomial distribution with a 50 percent success rate. Hence, if we observe n` instances
of �Z ° 0 and n´ instances of �Z † 0, the p-value for a two-sided sign test under the null of �˚

Z
“ 0 is 2 ˚

Gpmintn`, n´u, n` ` n´q.
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• In an AB
1 choice task, the person chooses A ” pM, 1q over B

1 ” pH, p;M, 1 ´ rq if and

only if H § hAB1 ” �ph˚
AB1 , "AB1q,

• In a CD choice task, the person chooses C ” pM, rq over D ” pH, prq if and only if

H § hCD ” �ph˚
CD

, "CDq.

In a choice task, the observed data comes in the form of the proportion of participants who choose

each option. Under Assumption C1c, the relevant proportions are:

PrpA|ABq “ PrpH † hABq, PrpA|AB1q “ PrpH † hAB1q, and PrpC|CDq “ PrpH † hCDq.

Proposition C2c establishes conditions under which paired choice tasks yield biased tests of the null

of �˚
Z

“ 0, Z P tCR,CC,MXu.

Proposition C2c (Paired Choice Tasks Can Yield Biased Tests): Consider a person who has

h
˚
AB

“ h
˚
AB1 “ h

˚
CD

” h
˚ and thus �˚

CR
“ �˚

CC
“ �˚

MX
“ 0. Suppose that "AB

d“ kAB"CD

and "AB1
d“ kAB1"CD for some kAB ° 0 and kAB1 ° 0, and define � ” Prp"AB † 0q “ Prp"AB1 † 0q “

Prp"CD † 0q.

(1) If h˚ ´ H ° 0 and thus the person has A ° B, A ° B
1, and C ° D, then:

(a) kAB † 1 implies PrpA|ABq ° PrpC|CDq ° � (CRE); kAB ° 1 implies PrpC|CDq °
PrpA|ABq ° � (RCRE); and kAB “ 1 implies PrpA|ABq “ PrpC|CDq “ � (CRE);

(b) kAB1 † 1 implies PrpA|AB1q ° PrpC|CDq ° � (CCE); kAB1 ° 1 implies PrpC|CDq °
PrpA|AB1q ° � (RCCE); and kAB1 “ 1 implies PrpA|AB1q “ PrpC|CDq “ � (CCE);

and

(c) kAB † kAB1 implies PrpA|ABq ° PrpA|AB1q ° � (MXE); kAB ° kAB1 implies PrpA|AB
1q °

PrpA|ABq ° � (RMXE); and kAB “ kAB1 implies PrpA|ABq “ PrpA|AB1q “ � (MXE).

(2) If h˚ ´ H † 0 and thus the person has B ° A, B1 ° A, and D ° C, then:

(a) kAB † 1 implies PrpA|ABq † PrpC|CDq † � (RCRE); kAB ° 1 implies PrpC|CDq †
PrpA|ABq † � (CRE); and kAB “ 1 implies PrpA|ABq “ PrpC|CDq “ � (CRE);

(b) kAB1 † 1 implies PrpA|AB1q † PrpC|CDq † � (RCCE); kAB1 ° 1 implies PrpC|CDq †
PrpA|AB1q † � (CCE); and kAB1 “ 1 implies PrpA|AB1q “ PrpC|CDq “ � (CCE); and

(c) kAB † kAB1 implies PrpA|ABq † PrpA|AB1q † � (RMXE); kAB ° kAB1 implies PrpA|AB1q †
PrpA|ABq † � (MXE); and kAB “ kAB1 implies PrpA|ABq “ PrpA|AB1q “ � (MXE).

(3) If h˚ ´H “ 0 and thus the person has A „ B „ B
1 and C „ D, then PrpA|ABq “ PrpA|AB1q “

PrpC|CDq “ � for all kAB and kAB1 .
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Again, the proof and intuition for Proposition C2c are virtually the same as the proof and

intuition for Proposition 1 in McGranaghan et al. (2024), and thus we omit them here. Also, note

that Proposition C2c holds under Assumption C2b, and it would also hold under Assumption C2a

if in addition to Ep"ABq “ Ep"AB1q “ Ep"CDq “ 0 we also have "AB

d“ kAB"CD and "AB1
d“ kAB1"CD

for some kAB ° 0 and kAB1 ° 0. Hence, paralleling Corollary 1 in McGranaghan et al., paired

choice tasks can yield biased tests while paired valuation tasks yield unbiased tests under the same

assumptions about noise.

Beyond replicating the CRE result from Proposition 1 in McGranaghan et al. (2024) and extending

it the CCE and MXE experiments, Proposition C2c also illustrates that the potential for misleading

conclusions is even greater when attempting to identify preference patterns by comparing behavior

across three binary choices. In particular, even when the true underlying preferences involve CRP,

CCP, and MXP, many di↵erent patterns can emerge across the three choice tasks depending

on the values for kAB and kAB1 and the experimenter-chosen parameter H. For instance, if kAB1 †
kAB † 1, then H † h

˚ would lead to pattern CRE-CCE-RMXE, while H ° h
˚ would lead to pattern

RCRE-RCCE-MXE. Alternatively, if kAB † 1 † kAB1 , then H † h
˚ would lead to pattern CRE-

RCCE-MXE, while H ° h
˚ would lead to pattern RCRE-CCE-RMXE. Many other patterns are

possible, and the only cases where the prediction would be the pattern CRE-CCE-MXE that

corresponds to underlying preferences are the knife-edge cases where either distance to indi↵erence

is zero, h˚ ´ H “ 0, or di↵erential noise is absent, kAB “ kAB1 “ 1.

Proposition C2c establishes that choice tasks can yield a wide set of patterns when the true un-

derlying preferences are CRP-CCP-MXP. The same can hold even when people have di↵erent

underlying preferences. To illustrate, consider behavior under Assumption C2a with the additional

assumption of "AB

d“ kAB"CD and "AB1
d“ kAB1"CD for some kAB ° 0 and kAB1 ° 0. Under these

assumptions, we can write the choice proportions as follows:

PrpA|ABq “ PrpH † h
˚
AB

` "ABq “ Pr
´

´"CD † 1
kAB

ph˚
AB

´ Hq
¯

PrpA|AB1q “ PrpH † h
˚
AB1 ` "AB1q “ Pr

´
´"CD † 1

k
AB1 ph˚

AB1 ´ Hq
¯

PrpC|CDq “ PrpH † h
˚
CD

` "CDq “ Pr p´"CD † h
˚
CD

´ Hq

We next define h̄
˚
CR

” ph˚
AB

` h
˚
CD

q{2, h̄˚
CC

” ph˚
AB1 ` h

˚
CD

q{2, and h̄
˚
MX

” ph˚
AB

` h
˚
AB1q{2, which

are the average indi↵erence values for the three paired valuations. Using these, and recalling for

choices that CRE ´ RCRE “ PrpA|ABq ´ PrpC|CDq, CCE ´ RCCE “ PrpA|AB1q ´ PrpC|CDq,
and MXE ´ RMXE “ PrpA|ABq ´ PrpA|AB1q, we can derive predicted behavior in choice tasks:

CRE ´ RCRE “ Pr p´"CD † h
˚
CD

´ H ` CRq ´ Pr p´"CD † h
˚
CD

´ Hq
CCE ´ RCCE “ Pr p´"CD † h

˚
CD

´ H ` CCq ´ Pr p´"CD † h
˚
CD

´ Hq
MXE ´ RMXE “ Pr

`
´"AB1 † h

˚
AB1 ´ H ` MX

˘
´ Pr

`
´"AB1 † h

˚
AB1 ´ H

˘
(C.1)
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where
 CR “ 0.5

´
1

kAB

` 1
¯
�˚

CR
`

´
1

kAB

´ 1
¯

ph̄˚
CR

´ Hq
 CC “ 0.5

´
1

k
AB1 ` 1

¯
�˚

CC
`

´
1

k
AB1 ´ 1

¯
ph̄˚

CC
´ Hq

 MX “ 0.5
´
k
AB1
kAB

` 1
¯
�˚

MX
`

´
k
AB1
kAB

´ 1
¯

ph̄˚
MX

´ Hq
(C.2)

Hence, whether one’s choices exhibit a CRE, CCE, or MXE depends on whether  CR,  CC , or

 MX are positive or negative. In the the knife-edge cases where h̄
˚
Z

´H “ 0 for Z P tCR,CC,MXu
or kAB “ kAB1 “ 1,  CR9�˚

CR
,  CC9�˚

CC
, and  MX9�˚

MX
. Generalizing our earlier conclusion,

in these knife-edge cases, choices will reveal the qualitative direction of underlying preferences.

In contrast, when h̄
˚
Z

´ H ‰ 0 for Z P tCR,CC,MXu and kAB and kAB1 are not equal to

one, then we have di↵erential noise, and whether one exhibits a CRE, CCE, or MXE also depends

on the relevant distance to indi↵erence, i.e., h̄˚
CR

´ H, h̄˚
CC

´ H, or h̄
˚
MX

´ H. Indeed, if we fix

the experimental parameters pM,p, rq and the associated underlying preferences ph˚
AB

, h
˚
AB1 , h˚

CD
q,

we can use equation (C.2) to derive predicted behavior as a function of the experimenter-chosen

parameter H:

CRE ´ RCRE ° 0 ô  CR ° 0 ô

$
’’’’&

’’’’%

H ° h̄
˚
CR

´ kAB ` 1

2pkAB ´ 1q�
˚
CR

if kAB ° 1

H † h̄
˚
CR

` kAB ` 1

2p1 ´ kABq�
˚
CR

if kAB † 1

�˚
CR

° 0 if kAB “ 1

CCE ´ RCCE ° 0 ô  CC ° 0 ô

$
’’’’&

’’’’%

H ° h̄
˚
CC

´ kAB1 ` 1

2pkAB1 ´ 1q�
˚
CC

if kAB1 ° 1

H † h̄
˚
CC

` kAB1 ` 1

2p1 ´ kAB1q�
˚
CC

if kAB1 † 1

�˚
CC

° 0 if kAB1 “ 1

MXE ´ RMXE ° 0 ô  MX ° 0 ô

$
’’’’&

’’’’%

H † h̄
˚
MX

` kAB1 ` kAB

2pkAB1 ´ kABq�
˚
MX

if kAB † kAB1

H ° h̄
˚
MX

´ kAB1 ` kAB

2pkAB ´ kAB1q�
˚
MX

if kAB ° kAB1

�˚
MX

° 0 if kAB “ kAB1

Note that if the experimenter chooses H “ h̄
˚
CR

, then participants’ CRE ´ RCRE will reveal the

sign of their underlying �˚
CR

. An analogous point holds when the experimenter chooses H “ h̄
˚
CC

or H “ h̄
˚
MX

. However, without observing valuations, it is hard for the experimenter to select these

H’s. Moreover, if the experimenter is trying to use choices to identify patterns across the three

preferences, a single H may not be su�cient to accurately infer all three preferences.

Finally, we highlight how, as the experimenter varies the experimental parameter H, a variety

of biased patterns can emerge. For example, suppose h
˚
AB

“ 36, h
˚
AB1 “ 34, and h

˚
CD

“ 30, in

which case underlying preferences have the pattern CRP, CCP, MXP. If in addition kAB “ 0.5 while
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kAB1 “ 1.5, participants would exhibit a CRE for H † 42, a CCE for H ° 22, and an MXE for

H † 37. Hence, for H P p22, 37q, participants would exhibit the CRE-CCE-MXE pattern consistent

with their underlying preferences. However, for H outside of this range we might observe the patterns

CRE-RCCE-MXE, CRE-CCE-RMXE, or RCRE-CCE-RMXE.

The message is clear: If one wants to learn about patterns of CR-CC-MX preferences so as to be

able to assess models of risk preferences, then using choice tasks will be problematic. In contrast,

under the same assumptions as the analysis here, valuation tasks can be used to get unbiased measures

of the underlying preferences �˚
CR

, �˚
CC

, and �˚
MX

.

C.3 Connecting Stage 1 Valuations and Stage 2 Choices

Our discussion in Appendix C.1 and C.2 assumes that the same underlying preferences drive behavior

for both valuation tasks and choice tasks, and thus there should be a strong connection between the

two. In Section 4.5 of the main paper, we provide some evidence on that connection. Here, we provide

the underlying theory on which that evidence is based. Again, this follows a similar treatment in

McGranaghan et al. (2024).

Specifically, we consider Assumption C2a with the additional assumptions that "AB

d“ kAB"CD

and "AB1
d“ kAB1"CD for some kAB ° 0 and kAB1 ° 0. In this case, equations C.1 and C.2 characterize

the predictions for stage 2 choices as a function of underlying indi↵erence values h˚
AB

, h˚
AB1 , and h

˚
CD

.

At the same time, Proposition C1v part 1 establishes that a participant’s stage 1 valuations hAB,

hAB1 , and hCD are unbiased measures of those underlying indi↵erence values.

Hence, we conduct the following empirical analyses. First, we either (i) use each participant’s

stage 1 stated valuations hAB, hAB1 , and hCD to directly generate (noisy) empirical measures �CR,

�CC , �MX , h̄CR, h̄CC , and h̄MX , or (ii) use each participant’s stage 1 stated valuations hAB, hAB1 ,

and hCD combined with our decomposition from Section 4.4 to generate posterior measures of an in-

dividual’s underlying preferences Er�˚
CR

|stage1s, Er�˚
CC

|stage1s, Er�˚
MX

|stage1s, Erh̄˚
CR

|stage 1s,
Erh̄˚

CC
|stage 1s, and Erh̄˚

MX
|stage 1s (see Appendix D.4 for details). We then test the following

predictions from equations C.1 and C.2:

(1) A person’s observed CRE ´ RCRE, CCE ´ RCCE, and MXE ´ RMXE at stage 2 should

depend positively on their associated stage 1 value di↵erence �CR, �CC , �MX .

(2) With one caveat, a person’s observed CRE ´RCRE, CCE ´RCCE, and MXE ´RMXE at

stage 2 should depend positively on their associated distance to indi↵erence h̄CR ´H, h̄CC ´H,

h̄MX ´H when the noise is more impactful for the second choice (the CD choice for CRE and

CCE, the AB
1 choice for MXE), and should depend negatively on their associated distance to

indi↵erence when the noise is more impactful for the first choice. The caveat is that, while this
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prediction holds when the magnitude of the relevant distance to indi↵erence is not too large,

when that magnitude gets large enough (positive or negative), the relationship reverses because

Pr p´"Z † h
˚
Z

´ Hq approaches zero (as in Figure 7 of McGranaghan et al. (2024)).

When we test these predictions, we increase power by combining data across di↵erent combi-

nations of pp, rq. Because for each preference the impact of the value di↵erence or the distance to

indi↵erence is larger for larger p, in our empirical analyses we multiply these terms by p to make

them more comparable across di↵erent values for p.

We visually assess prediction (1) in Figure 7 and we visually assess prediction (2) in Appendix

Figure C.1. Panels A-C of Appendix Table C.1 provide corresponding formal tests via regressions of

CRE´RCRE, CCE´RCCE, and MXE´RMXE from stage 2 on the corresponding values of �Z

and h̄Z ´H from stage 1 (in both cases normalized by p). In each panel, four di↵erent specifications

are provided: (1) ordinary least squares using the full sample of 8408 stage 2 observations; (2)

ordinary least squares using samples of 4204 stage 2 observations for which multiple elicitations of

relevant h valuations were conducted at stage 1; (3) two-stage least squares using samples of 4204

stage 2 observations for which multiple elicitations of relevant h valuations were conducted at stage

1 and instrumenting for �Z and h̄Z ´ H with the alternate elicitation’s values, which accounts for

potential measurement error in �Z and h̄Z ´ H; (4) ordinary least squares using the full sample of

8408 stage 2 observations, but replacing �Z and h̄Z ´H with the posterior expectations of preference

given stage 1 behavior (i.e., Er�˚
Z

|stage 1s Erh̄˚
Z

´ H|stage 1s.
Figure 7 and Appendix Table C.1 show substantial support for prediction (1) with significant

linkages between values of �Z and corresponding di↵erences in choice probabilities for CR, CC,

and MX problems across all specifications. Appendix Figure C.1 and Appendix Table C.1 also

document the relevance of prediction (2) for all three problems. For CR problems, the data show

a significant positive relationship between h̄CR ´ H and CRE ´ RCRE across all specifications,

indicating that noise is more impactful for the CD choice than the AB choice. For CC problems the

data using raw valuations in columns (1) through (3) show limited relationship between h̄CC ´ H

and CCE ´ RCCE. However, when using the posterior expectation of preferences in column (4),

the data show a significant negative relationship between Erh̄˚
CC

|stage 1s ´ H and CCE ´ RCCE,

indicating that noise is more impactful for the AB
1 choice than the CD choice. For MX problems

the data show a significant positive relationship between h̄MX ´ H and MXE ´ RMXE across all

specifications, indicating that noise is more impactful for the AB
1 choice than the AB choice. All

three problems show the hallmarks of di↵erential noise and the combined data suggest that noise has

the most impact on AB
1 choices, followed by CD choices, followed by AB choices.

Interestingly, these conclusions di↵er from the predictions of EU with additive i.i.d utility noise.

In particular, Example 1 from Appendix C.1 derives that, under EU with additive i.i.d. utility noise,
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"AB “ r"CD and "AB1 “ "CD. In words, under EU with additive i.i.d utility noise, the impact of

noise on the AB
1 and CD choices should be the same, and both should be larger than the impact of

noise on the AB choice.
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Figure C.1: Predicting Stage 2 Results using Stage 1 Distance to Indi↵erence

Panel A: CRE ´ RCRE

 -
50

-4
0

-3
0

-2
0

-1
0

0
10

20
30

40
50

 
C

R
E 

– 
R

C
R

E

 -30 -20 -10 0 10 20 30  
Stage 1 Distance to Indifference: p(hC̅R – H)

Panel D: CRE ´ RCRE
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Decomposed Preferences: p(E[h*̅CR|stage 1] – H)

Panel B: CCE ´ RCCE

 -
50

-4
0

-3
0

-2
0

-1
0

0
10

20
30

40
50

 
C

C
E 

– 
R

C
C

E
 -30 -20 -10 0 10 20 30  
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Panel E: CCE ´ RCCE
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Decomposed Preferences: p(E[h*̅CC|stage 1] – H)

Panel C: MXE ´ RMXE
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Panel F: MXE ´ RMXE
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Notes: Figure relates individual stage 1 measures of h̄CR ´ H, h̄CC ´ H, and h̄MX ´ H to stage 2 measures of
CRE ´ RCRE, CCE ´ RCCE, and MXE ´ RMXE, respectively. Panels A-C use raw stage 1 responses. Panels
D-F use the estimated population distribution of preferences from the decomposition in Section 4.4 combined with
a participant’s raw stage 1 valuations to generate posterior preference measures Erh̄˚

CR
|stage 1s, Erh̄˚

CC
|stage 1s, and

Erh̄˚
MX

|stage 1s for that participant. For each x-axis, one hundred equally sized bins are constructed with approximately
84 observations per bin for the CR and CC panels and approximately 42 observations for the MX panels. Within each
bin, the value of stage 2 choice di↵erences is calculated to construct the y-axes. Due to a large of observations at some
values, there are 94, 93, and 91 unique bins in panels A, B, and C, respectively. To make valuations comparable across
pp, rq, all stage 1 measures are scaled by p to control for the fact that a fixed value of the measure is predicted to yield
a larger stage 2 e↵ect the larger is p (see Appendix C.3 for details).
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Table C.1: Regressions Predicting Stage 2 Binary Choices Using Stage 1 Valuations

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

Full Sample
Multiple

Observations
Available

2SLS
Decomposed
Preferences

Panel A. CRE ´ RCRE P t´1, 0, 1u

p�CR 1.07 1.08 2.60 2.77
(0.07) (0.09) (0.26) (0.16)

pph̄CR ´ Hq 0.40 0.30 0.20 0.32
(0.07) (0.09) (0.12) (0.08)

Outcome Mean 10.45 10.04 10.04 10.45

Panel B. CCE ´ RCCE P t´1, 0, 1u

p�CC 0.96 0.87 2.92 3.26
(0.07) (0.09) (0.36) (0.18)

pph̄CC ´ Hq ´0.03 ´0.01 ´0.16 ´0.46
(0.07) (0.09) (0.14) (0.08)

Outcome Mean ´5.77 ´4.69 ´4.69 ´5.77

Panel C. MXE ´ RMXE P t´1, 0, 1u

p�MX 0.80 0.93 3.17 3.00
(0.07) (0.10) (0.44) (0.23)

pph̄MX ´ Hq 0.39 0.43 0.62 0.65
(0.06) (0.07) (0.11) (0.07)

Outcome Mean 16.00 15.91 15.91 16.00

Individuals 2102 1051 1051 2102
Observations 8,408 4,204 4,204 8,408

Notes: Table presents linear regressions of individuals’ stage 2 decisions on stage 1 measures of their�Z and h̄Z´H

for Z P tCR,CC,MXu. Panel A presents results for CR experiments, where the outcome is 1 if the participant
chose A and D (CRE), ´1 if they chose B and C (RCRE), and zero otherwise. Panel B presents results for CC
experiments, where the outcome is 1 if the participant chose A and D (CCE), ´1 if they chose B

1 and C (RCRE),
and zero otherwise. Panel C presents results for MX experiments, where the outcome is 1 if the participant chose A
and B

1 (MXE), ´1 if they chose B and A (RMXE), and zero otherwise. Columns (1)-(3) use raw stage 1 responses.
Column (1) presents the full sample results for all four pp, rq combinations that participants saw. For panel C, we
use the valuations h

1
AB or h

1
AB1 for the half of pp, rq that they exist for, and hAB or hAB1 otherwise. Column (2)

restricts the sample to only the half of pp, rq conditions for which which we have multiple measures of all three
valuations. Column (3) leverages these multiple observations to implement instrumental variable regressions using
two-stage least squares, where we instrument for p� and pph̄´Hq with their duplicate measures. For Column (4),
we use the estimated population distribution of preferences from the decomposition in Section 4.4 combined with
a participant’s raw stage 1 valuations to generate posterior preference measures Er�˚

Z
|stage 1s and Erh̄˚

Z
|stage 1s.

To make valuations comparable across pp, rq, all stage 1 measures are scaled by p to control for the fact that a fixed
value of the measure is predicted to yield a larger stage 2 e↵ect the larger is p (see Appendix C.3 for details).
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D Further Details on Decomposing Preference and Noise

In this appendix, we provide further details for the decomposition exercise in Section 4.4. In this

exercise, we derive an estimate for the population distribution of underlying preferences along with

the magnitude of decision noise. We then use these estimates for three purposes. First, we assess

how much of the variability in our data is due to heterogeneity in preferences versus noise. Second,

we derive what the histogram of response patterns from Figure 5 would look like if we were to remove

the decision noise. Third, we construct refined measures of individual preferences that attempt to

remove some of the noise.

D.1 Underlying Model and Estimating Its Parameters

For a fixed pp, r,Mq, let h˚ ” ph˚
AB

, h
˚
AB1 , h˚

CD
q be a vector of underlying indi↵erence values. The pop-

ulation distribution of h˚ has expectation Eph˚q ” pµ˚
AB

, µ
˚
AB1 , µ˚

CD
q ” µ˚ and variance-covariance

matrix

V

¨

˚̊
˝

h
˚
AB

h
˚
AB1

h
˚
CD

˛

‹‹‚”

¨

˚̊
˝

✓
2
AB

✓AB,AB1 ✓AB,CD

✓AB,AB1 ✓
2
AB1 ✓AB1,CD

✓AB,CD ✓AB1,CD ✓
2
CD

˛

‹‹‚” ⌃˚
. (D.1)

For XY P tAB,AB
1
, CDu, we assume a person’s two elicited XY valuations are

hXY “ h
˚
XY

` "XY and h
1
XY

“ h
˚
XY

` "
1
XY

,

where Ep"XY q “ Ep"1
XY

q “ 0, varp"XY q “ varp"1
XY

q “ �
2
XY

, and "XY and "
1
XY

are independent

of each other, of the underlying preferences, and of all other noise draws. Note that this model has

twelve parameters: three µ
˚
XY

terms, three ✓
2
XY

terms, three ✓XY,WZ terms, and three �
2
XY

terms.

Now let h ” phAB, hAB1 , hCD, h
1
AB

, h
1
AB1 , h1

CD
q denote a vector of observed valuations. Under

these assumptions, we can derive the predicted mean and variance-covariance matrix for the observed

h as a function of the 12 parameters of the underlying model:

Ephq “ pµ˚
AB, µ

˚
AB1 , µ˚

CD, µ
˚
AB, µ

˚
AB1 , µ˚

CDq ” µ
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Vphq “

¨

˚̊
˚̊
˚̊
˚̊
˚̊
˚̋

✓
2
AB

` �
2
AB

✓AB,AB1 ✓AB,CD ✓
2
AB

✓AB,AB1 ✓AB,CD

✓AB,AB1 ✓
2
AB1 ` �

2
AB1 ✓AB1,CD ✓AB,AB1 ✓

2
AB1 ✓AB1,CD

✓AB,CD ✓AB1,CD ✓
2
CD

` �
2
CD

✓AB,CD ✓AB1,CD ✓
2
CD

✓
2
AB

✓AB,AB1 ✓AB,CD ✓
2
AB

` �
2
AB

✓AB,AB1 ✓AB,CD

✓AB,AB1 ✓
2
AB1 ✓AB1,CD ✓AB,AB1 ✓

2
AB1 ` �

2
AB1 ✓AB1,CD

✓AB,CD ✓AB1,CD ✓
2
CD

✓AB,CD ✓AB1,CD ✓
2
CD

` �
2
CD

˛

‹‹‹‹‹‹‹‹‹‹‹‚

” ⌃

Each entry in Vphq is a theoretical prediction for an empirical moment. For instance, varphABq “
✓
2
AB

` �
2
AB

, and covphAB, h
1
AB

q “ ✓
2
AB

. Hence, we can obtain estimates for the 12 model parameters

by calculating the relevant sample moments or combination of sample moments. Specifically, using

“hats” to denote estimates and the subscript s to denote sample moments, we can derive estimates

for the model’s 12 parameters using:

pµ˚
XY

“ EsphXY q
p✓2
XY

“ covsphXY , h
1
XY

q
p✓XY,WZ “ covsphXY , hWZq

p�2
XY

“ varsphXY q ´ covsphXY , h
1
XY

q

To calculate the sample moments, we proceed as follows. Recall that roughly 420 participants

provide valuations for each pp, rq, but only half of those (roughly 210) provide all six valuations

phAB, hAB1 , hCD, h
1
AB

, h
1
AB1 , h1

CD
q, while the other half (again roughly 210) provide only four valua-

tions phAB, hAB1 , hCD, h
1
CD

q. Given this, for each pp, rq:

• To calculate EsphXY q and varsphXY q, we include all observations of hXY including repeats.

Hence, for XY P tAB,AB
1u, these moments are calculated using roughly 630 observations, and

for XY P tCDu, these moments are calculated using roughly 840 observations.

• To calculate covsphXY , h
1
XY

q, we include all pairs that we have (which is always 0 or 1 per

participant who faced that pp, rq). Hence, for XY P tAB,AB
1u, this moment is calculated

using roughly 210 observations, and for XY P tCDu, this moment is calculated using roughly

420 observations.

• To calculate covsphXY , hWZq, we include all phXY , hWZq pairs (which we have for every par-

ticipant who faced that pp, rq), and we also include the ph1
XY

, h
1
WZ

q pairs for the participants

who provided all six valuations for that pp, rq. Hence, all three of these moments are calculated

using roughly 630 observations.

41



Using this approach to calculate the sample moments, Appendix Table A.7 reports estimates for

the model’s 12 parameters for each of the 20 pp, rq combinations.

Appendix D.5 describes a more sophisticated estimation approach using MLE. Because that

approach requires additional distributional assumptions, is more time-consuming, and is sensitive

to starting values and other estimation details, we prefer the approach described here. We note,

however, that the MLE approach yields very similar estimates.

D.2 Assessing the Role of Heterogeneity versus Noise

Given these estimates, we can assess how much of the variability in our data is due to heterogeneity

in preferences versus noise. Consider first variability in the elicited indi↵erence values hAB, hAB1 , and

hCD. The last three columns of Appendix Table A.7 report the estimated proportion of the variability

for each elicited indi↵erence value that is due to preferences—i.e., the ratio yvarph˚
XY

q{yvarphXY q “
✓̂
2
XY

{p✓̂2
XY

` �̂
2
XY

q for each XY P tAB,AB
1
, CDu. Averaging across the 20 pp, rq combinations,

preference heterogeneity accounts for 61 percent of the variation in hAB, 58 percent of the variation

in hAB1 , and 48 percent of the variation in hCD.

Next consider variability in the preference measures �CR, �CC , and �MX . For �CR ” hAB ´
hCD, it is straightforward to derive that

varp�CRq “ varp�˚
CR

q ` �
2
AB

` �
2
CD

and varp�˚
CR

q “ ✓
2
AB

` ✓
2
CD

´ 2✓AB,CD.

One can perform analogous derivations for �CC and �MX . Appendix Table A.8 uses the estimates

in Appendix Table A.7 to calculate these six variances for each pp, rq combination.59 The last three

columns of Appendix Table A.8 report the proportion of the variability for each preference measure

that is due to preferences—i.e., the ratio yvarp�˚
Z

q{yvarp�Zq for each Z P tCR,CC,MXu. Averaging
across the 20 pp, rq combinations, preference heterogeneity accounts for 31 percent of the variation

in �CR, 31 percent of the variation in �CC , and 25 percent of the variation in �MX .

D.3 Simulating Preference Patterns

We next investigate what the histogram of response patterns from Figure 5 would look like if we

were to remove the decision noise. To do so, we make the additional assumption that the underlying

preferences have a joint normal distribution:

h˚ „ N pµ˚
,⌃˚q .

59When calculating things in this way, nothing guarantees that the calculated varp�˚
Z

q ° 0, and indeed there is one
instance where this problem arises (for �MX when pp, rq “ p0.3, 0.5q). We ignore this case and focus on the other 59
cases.
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For each pp, rq combination, we use the estimated parameters in Appendix Table A.7 to generate

100,000 draws from a joint normal distribution for h˚. We then convert each h
˚
XY

draw into the

midpoint of its two closest integers (e.g., any draw strictly between $2 and $3 is converted to $2.50).

This approach is consistent with the valuations response scales in our experiment, since the switching

rows for anyone with an underlying h
˚
XY

strictly between $2 and $3 would be the $2 and $3 rows, in

which case we would assign them a valuation of $2.50. We then use these converted h
˚
XY

terms to

generate the �˚
Z
terms.60 Figure 6 presents the distribution of preference patterns when we aggregate

across all 20 pp, rq combinations.

Note that this approach permits null preference patterns, including EU consistency. However,

it does not permit preference patterns which would imply intransitivities between h
˚
AB

, h˚
AB1 , and

h
˚
CD

. Of the 27 possible preference patterns in Figures 5 and 6, only 13 can therefore emerge from

our simulation of preferences. The remaining 14 patterns can still emerge in the data due to decision

noise (and the fact that we have independent measures of the three preferences).

D.4 Using the Decomposition to Refine Measures of Individual Preferences

In Section 4.5 and Appendix C.3, we link an individual’s stage 1 valuations to their stage 2 choices.

Specifically, we create measures of individual preferences using stage 1 valuations, and then use those

measures to predict stage 2 choice patterns. The simplest way to create measures of individual pref-

erences is to take their stage 1 valuations at face value; for example, a measure of their underlying

�˚
CR

is simply �CR “ hAB ´hCD. An alternative approach is to combine a participant’s stage 1 valu-

ations with our decomposition estimates to generate refined measures of their individual preferences.

Intuitively, the decomposition provides us with a prior for each participant’s ph˚
AB

, h
˚
AB1 , h˚

CD
q, and

a participant’s valuations provide a signal that we can use to generate the corresponding posterior.

If h˚, the "XY terms, and the "
1
XY

terms are all jointly normally distributed, then ph˚
,h) is also

jointly normally distributed, specifically:

¨

˝h˚

h

˛

‚„ N

¨

˝

¨

˝µ˚

µ

˛

‚,

¨

˝ ⌃˚ ⌃12

⌃21 ⌃

˛

‚

˛

‚,

where

⌃12 “

¨

˚̊
˝

✓
2
AB

✓AB,AB1 ✓AB,CD ✓
2
AB

✓AB,AB1 ✓AB,CD

✓AB,AB1 ✓
2
AB1 ✓AB1,CD ✓AB,AB1 ✓

2
AB1 ✓AB1,CD

✓AB,CD ✓AB1,CD ✓
2
CD

✓AB,CD ✓AB1,CD ✓
2
CD

˛

‹‹‚.

60When carrying out this exercise, we do not impose the upper and lower bounds of our experimental price lists.
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Hence, if participant i provides a set of valuations hi, the conditional distribution of h˚ given h “ hi

is h˚|h“hi
„ Npµ˚

post,⌃
˚
postq where

µ˚
post “ µ˚ ` ⌃12⌃

´1phi ´ µq
⌃˚

post “ ⌃˚ ´ ⌃12⌃
´1⌃21.

Again, our goal is to obtain more precise measures of a participant’s �˚
Z

terms (for Figure 7)

and h̄
˚
Z

terms (for Appendix Figure C.1). It is straightforward to use the parameter estimates in

Appendix Table A.7 to generate µ˚
post for each participant.61 We denote the components of µ˚

post by

Erh˚
AB

|stage 1s, Erh˚
AB1 |stage 1s, and Erh˚

CD
|stage 1s. These represent our more refined measure of

the participant’s h˚ terms. We then use these define the following more refined measures for the �˚
Z

terms and h̄
˚
XY

terms.

Er�˚
CR

|stage 1s ” Erh˚
AB

|stage 1s ´ Erh˚
CD

|stage 1s
Er�˚

CC
|stage 1s ” Erh˚

AB1 |stage 1s ´ Erh˚
CD

|stage 1s
Er�˚

MX
|stage 1s ” Erh˚

AB
|stage 1s ´ Erh˚

AB1 |stage 1s
Erh̄˚

CR
|stage 1s ” pErh˚

AB
|stage 1s ` Erh˚

CD
|stage 1sq{2

Erh̄˚
CC

|stage 1s ” pErh˚
AB1 |stage 1s ` Erh˚

CD
|stage 1sq{2

Erh̄˚
MX

|stage 1s ” pErh˚
AB

|stage 1s ` Erh˚
AB1 |stage 1sq{2

The refined measures Erh˚
AB

|stage 1s, Erh˚
AB1 |stage 1s, and Erh˚

CD
|stage 1s are all tightly corre-

lated with their respective raw measures hAB, hAB1 , and hCD, with correlations of 0.89, 0.88, 0.83,

respectively. Similarly, Er�˚
CR

|stage 1s, Er�˚
CC

|stage 1s, and Er�˚
MX

|stage 1s are tightly correlated

with�CR,�CC , and�MX , with correlations of 0.79, 0.79, 0.69, respectively. Finally, Erh̄˚
CR

|stage 1s,
Erh̄˚

CC
|stage 1s, and Erh̄˚

MX
|stage 1s are tightly correlated with h̄CR, h̄CC , and h̄MX , with corre-

lations of 0.91, 0.91, 0.92, respectively. In Figure 7 and Appendix Figure C.1, we predict stage 2

choices using both the raw measures and the refined measures. The qualitative conclusions are much

the same, although the refined measures make the link between stages more precise.

D.5 Decomposition Using MLE

Our analysis in Appendix D.1 through D.4 estimates the model parameters using the relevant sample

moments or combination of sample moments. The advantage of this approach is that it requires

fewer distributional assumptions and implementation assumptions. For example, our assessment of

the relative contributions of preference heterogeneity versus noise in Appendix D.2 does not require

61Recall that each participant provides all six valuations for two of their pp, rq combinations, but only four valuations
for their remaining two pp, rq combinations. For the latter instances, everything above is adjusted appropriately.
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any distributional assumptions.

Here we describe an alternative approach to estimate the parameters via MLE. We assume as

in Appendix D.4 that h˚, the "XY terms, and the "
1
XY

terms are all jointly normally distributed,

and therefore, h „ N pµ,⌃q. Recognizing the interval nature of our valuation tasks, an observation

provides both a lower bound (⇣) and an upper bound (�) on the participant’s h valuations:

⇣phq “

¨

˚̊
˚̊
˚̊
˚̊
˚̊
˚̋

⇣phABq
⇣phAB1q
⇣phCDq
⇣ph1

AB
q

⇣ph1
AB1q

⇣ph1
CD

q

˛

‹‹‹‹‹‹‹‹‹‹‹‚

and �phq “

¨

˚̊
˚̊
˚̊
˚̊
˚̊
˚̋

�phABq
�phAB1q
�phCDq
�ph1

AB
q

�ph1
AB1q

�ph1
CD

q

˛

‹‹‹‹‹‹‹‹‹‹‹‚

.

For instance, if for an hXY valuation task the person switches between the row with H “ $32 and

H “ $33, then ⇣phXY q “ 32 and �phXY q “ 33. For observations censored at the lower bound (i.e.,

the person always chooses the right-hand option, even when H “ p ¨ $30), we set ⇣phXY q “ ´8
and �phXY q “ p ¨ $30, whereas for observations censored at the upper bound (i.e., the person always

chooses the left-hand option even when H “ p ¨ $30 ` $50), we set ⇣phXY q “ p ¨ $30 ` $50 and

�phXY q “ 8. Finally, recall that we only collect h1
AB

and h
1
AB1 for half of observations; all missing

valuations are treated as uninformative and assigned ⇣phXY q “ ´8 and �phXY q “ 8. Missing

valuations therefore play no role in the estimation of the parameters as they have a likelihood of 1

(and log-likelihood zero) for all pµ,⌃q.
Given a participant’s observed ⇣phq and �phq, the model-implied likelihood of that observation as

a function of the parameters in pµ,⌃q is F p�phq;µ,⌃q ´F p⇣phq;µ,⌃q, where F p¨;µ,⌃q is the CDF

for h given parameters pµ,⌃q. From here, it is straightforward to set up the sample log-likelihood

summing over all participants.

We run this estimation separately for each of the 20 pp, rq combinations. Appendix Tables D.1

and D.2 provide MLE results analogous to those of Appendix Tables A.7 and A.8, where Appendix

Table D.2 is constructed from Appendix Table D.1 in exactly the same way that Appendix Table

A.8 is constructed from Appendix Table A.7 (see Appendix D.2).

The message from the MLE estimation is much the same as that for our simpler estimation based

on sample moments. Appendix Figure D.1 compares the MLE estimates from Appendix Table D.1

to the estimates from Appendix Table A.7. For the most part, the estimated parameters are close to

each other, although the MLE approach yields slightly more variability for both noise and preference

heterogeneity, which reflects that the MLE approach recognizes the interval nature of the data and

the noise implications of censoring. The central conclusion that preference heterogeneity accounts for
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roughly half of the variation in the hXY measures and one third of the variation in the �Z measures

remains the same.
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Figure D.1: Comparison of Decomposition Results (Direct Calculation vs. MLE)

Notes: Figure relates calculated quantities from Table A.7 to MLE estimates from Appendix Table D.1. Correlation

reported for all observations in each panel.
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E Upside-Potential Model: Analysis

E.1 Main Predictions of the Upside-Potential Model

In this section, we provide proofs for Propositions 1 and 2 from Section 5.1 of the main text. For

completeness, we replicate the model assumptions here.

Suppose that a person has in mind a set W of outcomes that they consider “winning” outcomes,

and then that person evaluates a lottery X ” px1, q1; ...;xN , qN q as

UpXq “
˜

Nÿ

i“1

qiupxiq
¸

`
˜

Nÿ

j“1

qjIpxj P W q
¸ ˜

Nÿ

k“1

qkIpxk P W qpxkq
¸
. (E.1)

To ensure that the model is well-behaved, we assume that u and  are both strictly increasing in x,

and that pxq • 0 for all x P W .

It will be useful for intuitions and proofs to define EfpXq ” ∞
N

i“1 qifpxiq, which is an expected

utility from lottery X given utility function f . If we then define vpxq ” Ipx P W q and wpxq ” Ipx P
W qpxq, we can rewrite UpXq as

UpXq “ EupXq ` pEvpXqq pEwpXqq .

We first note that, as long as the winning set W satisfies x P W implies x
1 P W for all x1 ° x,

the UP model respects first-order stochastic dominance: If lottery X
1 FOSD lottery X, standard

results imply EupX 1q ° EupXq, EvpX 1q • EvpXq • 0, and EwpX 1q • EwpXq • 0, from which it

immediately follows that UpX 1q ° UpXq.1

Before we can derive predictions for the upside potential model in equation (E.1), we must make

an assumption on what outcomes are included in the set W of winning outcomes. For our experiment

in which people face only binary and trinary lotteries that yield either zero or a positive amount, a

natural assumption is that all positive outcomes are included in the set of winning outcomes while

zero is not (again, we discuss this assumption more in Section 5.3). We apply this assumption

throughout the analysis below.

For parameters pM,p, rq, lotteries A ” pM, 1q and C ” pM, rq are independent of h, but lotteries

Bphq ” ph, pq, B1phq ” ph, pr;M, 1 ´ rq, and Dphq ” ph, prq are functions of h. Note that C “ rA

and thus EupCq “ rEupAq, Dphq “ rBphq and thus EupDphqq “ rEupBphqq for any h, and B
1phq “

p1 ´ rqA ` rB and thus EupB1phqq “ p1 ´ rqEupAq ` rEupBphqq for any h.

It is straightforward to show that, in the UP model, UpBphqq, UpB1phqq, and UpDphqq are all

continuous and increasing in h for all h • M , which implies that h˚
AB

, h˚
AB1 , and h

˚
CD

all exist and

1The inequalities EvpX 1q • EvpXq and EwpX 1q • EwpXq are weak because it could be that both X
1 and X contain

no outcomes in the winning set W , in which case EvpX 1q “ EvpXq “ 0, and EwpX 1q “ EwpXq “ 0.
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are unique. The value h
˚
AB

satisfies UpAq “ UpBph˚
AB

qq, which we can write as

EupAq ` pMq “ EupBph˚
ABqq ` p

2
ph˚

ABq. (E.2)

The value h
˚
AB1 satisfies UpAq “ UpB1ph˚

AB1qq, which we can write as

EupAq ` pMq “ EupB1ph˚
AB1qq ` ppr ` 1 ´ rq rprph˚

AB1q ` p1 ´ rqpMqs . (E.3)

The value h
˚
CD

satisfies UpCq “ UpDph˚
CD

qq, which we can write as

EupCq ` r
2
pMq “ EupDph˚

CDqq ` pprq2ph˚
CDq. (E.4)

Proposition A1 derives predictions from these equations (Part 1 is Proposition 1 in the text):

Proposition A1. Suppose that ph˚
AB

, h
˚
AB1 , h˚

CD
q is derived from equations (E.2), (E.3), and (E.4).

For any upxq that is strictly increasing in x and pxq that is strictly increasing in x and has pxq • 0

for all x ° 0:

(1) A person must exhibit one of the following seven patterns of behavior:

P1: 0 ° �˚
CR

° �˚
CC

and �˚
MX

° 0 (RCRP´RCCP´MXP)

P12: 0 “ �˚
CR

° �˚
CC

and �˚
MX

° 0 (CRP´RCCP´MXP)

P2: �˚
CR

° 0 ° �˚
CC

and �˚
MX

° 0 (CRP´RCCP´MXP)

P23: �˚
CR

° �˚
CC

“ 0 and �˚
MX

° 0 (CRP´CCP´MXP)

P3: �˚
CR

° �˚
CC

° 0 and �˚
MX

° 0 (CRP´CCP´MXP)

P34: �˚
CR

“ �˚
CC

° 0 and �˚
MX

“ 0 (CRP´CCP´ MXP)

P4: �˚
CC

° �˚
CR

° 0 and �˚
MX

† 0 (CRP´CCP´RMXP).

(2) More precisely:

(a) Whether a person exhibits a CRP, CRP, or an RCRP depends on whether h˚
AB

is such

that pMq is greater than, equal to, or less than p
2
ph˚

AB
q, or equivalently on whether

EupBph˚
AB

qq is greater than, equal to, or less than EupAq.

(b) Whether a person exhibits an MXP, MXP, or an RMXP depends on whether h
˚
AB

is

such that pMq is less than, equal to, or greater than pph˚
AB

q.

(c) Whether a person exhibits a CCP, a CCP, or an RCCP depends on whether h
˚
AB1 is

such that pMq is greater than, equal to, or less than
´

p

2´p

¯
ph˚

AB1q.

(d) If h˚
AB

is such that pMq † p
2
ph˚

AB
q and thus the person has an RCRP, then the person

must also exhibit an MXP and an RCCP. Hence, the person must exhibit pattern P1.
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(e) If h˚
AB

is such that pMq “ p
2
ph˚

AB
q and thus the person has CRP, then the person

must also exhibit an MXP and an RCCP. Hence, the person must exhibit pattern P12.

(f) If h˚
AB

is such that pMq ° p
2
ph˚

AB
q and thus the person has CRP, then the person

could exhibit an MXP, MXP, or an RMXP. If the person exhibits either MXP or

an RMXP, then they must exhibit CCP; otherwise, they could have CCP, CCP, or an

RCCP. Hence, the person must exhibit one of patterns P2, P23, P3, P34, or P4.

Proof: The statement in part (1) follows directly from parts (2d), (2e), and (2f), so we only need

to prove each of the statements in part (2).

Proof of part (2a): We can rewrite equation (E.2) as

pMq ´ p
2
ph˚

ABq “ EupBph˚
ABqq ´ EupAq.

Hence, whether h˚
AB

is such that pMq is greater than, equal to, or less than p
2
ph˚

AB
q is equivalent

to whether EupBph˚
AB

qq is greater than, equal to, or less than EupAq.
Because EupCq “ rEupAq and EupDphqq “ rEupBphqq for all h, the comparison between UpCq

and UpDph˚
AB

qq can be written as

EupCq ` r
2
pMq : EupDph˚

ABqq ` pprq2ph˚
ABq

rEupAq ` r
2
pMq : rEupBph˚

ABqq ` pprq2ph˚
ABq

rppMq ´ p
2
ph˚

ABqq : EupBph˚
ABqq ´ EupAq

If h˚
AB

is such that pMq ° p
2
ph˚

AB
q, which implies pMq ´ p

2
ph˚

AB
q “ EupBph˚

AB
qq ´EupAq ° 0,

then rppMq ´ p
2
ph˚

AB
qq † EupBph˚

AB
qq ´ EupAq. It follows that UpCq † UpDph˚

AB
qq and thus

h
˚
CD

† h
˚
AB

, that is, CRP. Analogously, if h˚
AB

is such that pMq † p
2
ph˚

AB
q, then the person

exhibits RCRP, and if h˚
AB

is such that pMq “ p
2
ph˚

AB
q, then the person exhibits CRP.

Proof of part (2b): Because, for any h, EupB1phqq “ p1 ´ rqEupAq ` rEupBphqq, we have

UpB1phqq “ p1 ´ rqEupAq ` rEupBphqq ` p1 ´ r ` prqpp1 ´ rqpMq ` prphqq.

Since EupAq and EupBphqq are independent of r,

drUpB1phqqs
dr

“ EupBphqq ´EupAq ` p´p1´ pqqpp1´ rqpMq ` prphqq ` p1´ r ` prqppphq ´ pMqq

and thus
d
2rUpB1phqqs

dr2
“ ´2p1 ´ pqppphq ´ pMqq.
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If h
˚
AB

is such that pMq † pph˚
AB

q, then d
2rUpB1phqqs

dr2
† 0 for all r P r0, 1s. Because UpAq “

UpBph˚
AB

qq (by the definition of h˚
AB

), d
2rUpB1phqqs

dr2
† 0 implies UpB1ph˚

AB
qq ° UpAq “ UpBph˚

AB
qq for

any r P p0, 1q, and thus h˚
AB1 † h

˚
AB

, that is the person exhibits a MXP. Analogously, if h˚
AB

is such

that pMq ° pph˚
AB

q, then the person exhibits RMXP, and if h˚
AB

is such that pMq “ pph˚
AB

q,
then the person exhibits MXP.

Proof of part (2c): Because, for any h, EupB1phqq “ p1 ´ rqEupAq ` rEupBphqq, we can rewrite

equation E.3 as

rEupAq ` pMq “ rEupBph˚
AB1qq ` ppr ` 1 ´ rq rprph˚

AB1q ` p1 ´ rqpMqs .

Substituting EupCq “ rEupAq and EupDph˚
AB1qq “ rEupBph˚

AB1qq and rearranging the other terms,

this becomes

EupCq ` r
2
pMq “ EupDph˚

AB1qq ` pprq2ph˚
AB1q ` p1 ´ rqr ppph˚

AB1q ´ p2 ´ pqpMqq .

If h
˚
AB1 is such that pMq °

´
p

2´p

¯
ph˚

AB1q, it follows that EupCq ` r
2
pMq † EupDph˚

AB1qq `
pprq2ph˚

AB1q, and thus h
˚
CD

† h
˚
AB1 , that is the person exhibits a CCP. Analogously, if h

˚
AB1 is

such that pMq †
´

p

2´p

¯
ph˚

AB1q, then the person exhibits RCCP, and if h˚
AB1 is such that pMq “

´
p

2´p

¯
ph˚

AB1q, then the person exhibits CCP.

Proof of parts (2d) and (2e): If h˚
AB

is such that pMq § p
2
ph˚

AB
q, so that the person exhibits

RCRP or CRP, then we must have pMq † pph˚
AB

q. Thus from part (2b) the person must exhibit

an MXP. Finally, because �˚
CC

“ �˚
CR

´�˚
MX

, the combination of �˚
CR

§ 0 and �˚
MX

° 0 implies

�˚
CC

† 0, that is, an RCCP.

Proof of part (2f): If h˚
AB

is such that pMq ° p
2
ph˚

AB
q, so that the person exhibits CRP, it is

possible that pMq is less than, greater than, or equal to pph˚
AB

q, and thus from part (2b) the person

could exhibit an MXP, MXP, or an RMXP. If the person exhibits either MXP or an RMXP,

because �˚
CC

“ �˚
CR

´�˚
MX

, the combination of �˚
CR

° 0 and �˚
MX

§ 0 implies �˚
CC

° 0, that is,

a CCP. Finally, if the person exhibits CRP and MXP, it is straightforward to generate examples in

which the person exhibits CCP, CCP, or RCCP.

⌅
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Proposition A2, which is equivalent to Proposition 2 in the text, considers the special cases

upxq “ x and possibly also pxq “ �x for some � ° 0.

Proposition A2. Suppose that ph˚
AB

, h
˚
AB1 , h˚

CD
q is derived from equations (E.2), (E.3), and (E.4).

If upxq “ x, then:

(1) If pxq is strictly increasing in x and has pxq • 0 for all x ° 0, then:

(a) If ph˚
AB

° M (i.e., if the person is risk averse in the AB decision), then �˚
CR

° 0 and thus

the person must exhibit one of patterns P2, P23, P3, P34, or P4.

(b) If ph˚
AB

“ M (i.e., if the person is risk neutral in the AB decision), then �˚
CR

“ 0 and thus

the person must exhibit pattern P12.

(c) If ph˚
AB

† M (i.e., if the person is risk loving in the AB decision), then then �˚
CR

° 0 and

thus the person must exhibit pattern P1.

(2) If pxq “ �x for some � ° 0, then ph
˚
AB

° M (i.e., the person is risk averse in the AB

decision), �˚
CR

° 0, and �˚
MX

° 0, and thus the person must exhibit one of patterns P2, P23, or P3.

Proof: Proof of part (1): When upxq “ x, whether EupBph˚
AB

qq is greater than, equal to, or less

than EupAq is equivalent to whether ph
˚
AB

is greater than, equal to, or less than M . In addition,

from the proof of Proposition A1 part (2a), whether EupBph˚
AB

qq is greater than, equal to, or less

than EupAq is equivalent to whether h
˚
AB

is such that pMq is greater than, equal to, or less than

p
2
ph˚

AB
q.

It follows that ph˚
AB

° M implies EupBph˚
AB

qq ° EupAq and thus pMq ° p
2
ph˚

AB
q, and then

part (2f) from Proposition A1 implies that the person must exhibit one of patterns P2, P23, P3, P34,

or P4. Analogously, ph˚
AB

“ M implies pMq “ p
2
ph˚

AB
q, and thus part (2e) from Proposition A1

implies that the person must exhibit pattern P12; and ph
˚
AB

† M implies pMq † p
2
ph˚

AB
q, and

thus part (2d) from Proposition A1 implies that the person must exhibit pattern P1.

Proof of part (2): When upxq “ x and pxq “ �x, equation (E.2) becomes M ` �M “ ph
˚
AB

`
p
2
�h

˚
AB

or �pM ´ p
2
h

˚
AB

q “ ph
˚
AB

´ M . Because ph
˚
AB

° p
2
h

˚
AB

, this condition can hold only

if ph
˚
AB

° M ° p
2
h

˚
AB

, and thus pph˚
AB

q ° pMq ° p
2
ph˚

AB
q (since pxq “ �x). Applying

the conditions from parts (2a) and (2b) of Proposition A1, pMq ° p
2
ph˚

AB
q implies CRP, while

pMq † pph˚
AB

q implies MXP. It is straightforward to generate examples in which the person

exhibits CCP, CCP, or RCCP, and thus patterns P2, P23, and P3 are all possible.

⌅
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E.2 Relationship to Quadratic Utility

The material in this section draws heavily from Chew et al. (1991), where we present everything

in terms of discrete lotteries of the form X ” px1, q1; ...;xN , qN q. We begin with the definition of

quadratic utility (Machina, 1982; Chew et al., 1991):

Definition: A person has quadratic utility if their utility functional U can be expressed as

UpXq “
Nÿ

i“1

Nÿ

j“1

�pxi, xjqqiqj

for some symmetric function �.

Quadratic utility is a broad class that includes a number of sub-cases—indeed, it includes standard

expected utility as a special case: �px, yq “ pupxq ` upyqq{2 yields UpXq “ ∞
N

i“1 upxiqqi.
The UP model in equation (E.1) is also a special case of quadratic utility. In particular, if

�px, yq “ pupxq ` upyqq{2 ` pvpxqwpyq ` vpyqwpxqq{2, quadratic utility yields the functional

UpXq “
˜

Nÿ

i“1

qiupxiq
¸

`
˜

Nÿ

j“1

qjvpxjq
¸ ˜

Nÿ

k“1

qkwpxkq
¸
. (E.5)

If we further use vpzq “ Ipz P W q and wpzq “ Ipz P W qpzq, then we obtain equation (E.1). While

this sub-case of quadratic utility has not been studied before (to the best of our knowledge), it in

fact combines together two sub-cases that have been studied before but neither of which can explain

well our empirical patterns.

Machina (1982) studies the utility functional

UpXq “
˜

Nÿ

i“1

qiupxiq
¸

`
˜

Nÿ

j“1

qjvpxjq
¸2

. (E.6)

This functional is the sum of an expected-utility functional and a second expected-utility functional

squared, where vpxq • 0 for all x to keep the model well behaved.2 This functional corresponds

to quadratic utility with �px, yq “ pupxq ` upyqq{2 ` vpxqvpyq. Machina (1982) highlights how this

functional can generate a CRP and a CCP. However, it also generates preferences with an aversion to

mixtures of any two lotteries, as pointed out by Chew et al. (1991), and thus a global RMXP in our

context (except for two knife-edge cases). Hence, it will be not able to accommodate the dominant

patterns in our data that involve an MXP.

2In particular, if vpxq † 0 for some range of x, then pvpxqq2 would be decreasing in x over that range, and thus the
model could generate violations of monotonicity.
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To be more precise, Proposition A3 in Section E.2.1 fully characterizes the implications of the

Machina functional in equation (E.6) for the patterns that could emerge in our context. If vpxq is

a positive a�ne transformation of upxq, then this functional is equivalent to expected utility with

utility function upxq, and thus the person exhibits CRP-CCP-MXP. In addition, even if vpxq
reflects di↵erent expected-utility preferences from upxq, there could be a knife-edge case in which the

h̄ that makes upMq “ puph̄q ` p1 ´ pqup0q just happens to also make vpMq “ pvph̄q ` p1 ´ pqvp0q, in
which case again the person exhibits CRP-CCP-MXP. Otherwise, the person must exhibit one

of four patterns: CRP-CCP-RMXP, RCRP-CCP-RMXP, RCRP-CCP-RMXP, or RCRP-RCCP-

RMXP. The first of these is a pattern that could emerge from the UP model that we labeled P4. The

remaining three are patterns that cannot emerge from the UP model, and that also show up with

limited frequency in our data.

Chew et al. (1991) discuss several sub-cases of quadratic utility, for each highlighting the connec-

tion between a utility functional and a specific � function. In addition to the expected-utility and the

Machina cases described above, they also discuss the case where �px, yq “ pvpxqwpyq ` vpyqwpxqq{2,
which leads to the utility functional

UpXq “
˜

Nÿ

i“1

qivpxiq
¸ ˜

Nÿ

j“1

qjwpxjq
¸
. (E.7)

This functional is the product of two expected-utility functionals, where vpxq • 0 and wpxq • 0 for

all x to keep the model well behaved. Chew et al. point out how this case generates preferences with

an attraction to mixtures of any two lotteries, and thus a global MXP in our context (except for two

knife-edge cases). However, it also generates a global CRP and RCCP and thus also will not work

for our purposes.

To be more precise, Proposition A4 in Section E.2.1 fully characterizes the implications of the

Chew et al. functional in equation (E.7) for the patterns that could emerge in our context. Much as

for the Machina functional, if wpxq is a positive a�ne transformation of vpxq, then this functional is

equivalent to expected utility with utility function vpxq, and even if wpxq reflects di↵erent expected-

utility preferences from vpxq, there could be a knife-edge case in which the h̄ that makes vpMq “
pvph̄q ` p1 ´ pqvp0q just happens to also make wpMq “ pwph̄q ` p1 ´ pqwp0q, in which case again

the person exhibits CRP-CCP-MXP. Otherwise, the person must exhibit the pattern CRP-

RCCP-MXP. This is a pattern that could emerge from the UP model that we labeled P12. However,

because much of our data cover other patterns, this case is too restrictive for our purposes.

Finally, note that the utility functional in equation (E.5) reflects a combination of the utility

functionals in equations (E.6) and (E.7). However, without any further assumptions on u, v, or w,

equation (E.5) would be overly permissive—e.g., by continuity as w approaches v, it would permit

the three additional patterns that can emerge from the Machina specification but not from the UP
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model. Hence, the additional assumptions that vpxq “ Ipx P W q and wpxq “ Ipx P W qpxq have

bite in that they shrink the set of permitted patterns down to the seven patterns in Proposition 1,

which again are the more prominent patterns in our data.

E.2.1 Propositions and Proofs for Other Quadratic Utility Specifications

In this section, we present the propositions referenced in Section E.2 along with their proofs. We

again use the notation from Section E.1. We define EupXq ” ∞
N

i“1 qiupxiq, and define EvpXq and

EwpXq analogously. And for parameters pM,p, rq, we define lotteries A ” pM, 1q, Bphq ” ph, pq,
B

1phq ” ph, pr;M, 1 ´ rq, C ” pM, rq, and Dphq ” ph, prq.

Proposition A3: Suppose a person evaluates lotteries according to the Machina functional in equa-

tion (E.6). Then:

(1) If there exists h̄ such that both upMq “ puph̄q ` p1 ´ pqup0q and vpMq “ pvph̄q ` p1 ´ pqvp0q,
then h

˚
AB

“ h
˚
AB1 “ h

˚
CD

“ h̄ and thus the person will have CRP-CCP-MXP.

(2) Otherwise, the person must have RMXP combined with either CRP-CCP, RCRP-CCP, RCRP-

CCP, or RCRP-RCCP. More precisely:

(a) The person must exhibit an RMXP.

(b) Whether a person exhibits a CRP or an RCRP depends on whether h
˚
AB

is such that

puph˚
AB

q`p1´pqup0q is greater than or less than upMq. (If puph˚
AB

q`p1´pqup0q “ upMq,
the condition in part 1 must hold and the person will have CRP-CCP-MXP.)

(c) Suppose h
˚
AB

is such that puph˚
AB

q ` p1 ´ pqup0q ° upMq and thus the person has CRP.

The combination of CRP and RMXP implies CCP, and thus the person will exhibit CRP-

CCP-RMXP.

(d) Suppose h
˚
AB

is such that puph˚
AB

q ` p1 ´ pqup0q † upMq and thus the person has RCRP.

The combination of RCRP and RMXP permits any CCP preference, and thus the person

could exhibit RCRP-CCP, RCRP-CCP, or RCRP-RCCP.

Proof: For any h, UpB1phqq “ EupB1phqq ` pEvpB1phqqq2. Because B
1phq “ p1 ´ rqA ` rBphq, we

can rewrite this as

UpB1phqq “ rp1 ´ rqEupAq ` rEupBphqqs ` rp1 ´ rqEvpAq ` rEvpBphqqs2.

57



Since EupAq, EupBphqq, EvpAq, and EvpBphqq are all independent of r, it is straightforward to

derive that for all h

dUpB1phqq
dr

“ EupBphqq ´ EupAq ` 2rp1 ´ rqEvpAq ` rEvpBphqqsrEvpBphqq ´ EvpAqs

and
d
2
UpB1phqq
dr2

“ 2rEvpBphqq ´ EvpAqs2.

Proof of part (1): Suppose there exists h̄ such that both upMq “ puph̄q ` p1 ´ pqup0q and

vpMq “ pvph̄q ` p1´ pqvp0q, which is necessarily true if v is a positive a�ne transformation of u, and

could happen to be true even if u and v reflect di↵erent expected-utility preferences. Because these

are equivalent to EupAq “ EupBph̄qq and EvpAq “ EvpBph̄qq, it immediately follows that h˚
AB

“ h̄.

In addition, these conditions also imply that rEupAq “ rEupBph̄qq and r
2
EvpAq “ r

2
EvpBph̄qq, from

which it immediately follows that h˚
CD

“ h̄. Finally, these conditions further imply that dUpB1ph̄qq
dr

“ 0,

which implies h˚
AB1 “ h̄. The result follows.

Proof of part (2): The statement in part (2) follows directly from parts (2c) and (2d), so we

merely prove each of the parts.

Proof of part (2a): If there does not exist h̄ such that both upMq “ puph̄q ` p1 ´ pqup0q
and vpMq “ pvph̄q ` p1 ´ pqvp0q, then h

˚
AB

must be such that either EupAq ° EupBph˚
AB

qq and

pEvpAqq2 † pEvpBph˚
AB

qqq2 or EupAq † EupBph˚
AB

qq and pEvpAqq2 ° pEvpBph˚
AB

qqq2. For ei-

ther case, EvpBph˚
AB

qq ´ EvpAq is not equal to zero and thus
d
2
UpB1ph˚

AB
qq

dr2
° 0. Because UpAq “

UpBph˚
AB

qq (by the definition of h˚
AB

),
d
2
UpB1ph˚

AB
qq

dr2
° 0 implies UpB1ph˚

AB
qq † UpAq “ UpBph˚

AB
q

for any r P p0, 1q, and thus h˚
AB1 ° h

˚
AB

, that is, the person exhibits a RMXP.

Proof of part (2b): First note that the critical condition can be rewritten as whether h˚
AB

is such

that EupBph˚
AB

qq is greater than or less than EupAq. Next note that the comparison between UpCq
and UpDph˚

AB
qq can be written as

EupCq ` pEvpCqq2 : EupDph˚
ABqq ` pEvpDph˚

ABqqq2

rEupAq ` prEvpAqq2 : rEupBph˚
ABqq ` prEvpBph˚

ABqqq2

EupAq ´ EupBph˚
ABqq : rrpEvpBph˚

ABqqq2 ´ pEvpAqq2s

Because h
˚
AB

must be such that

EupAq ` pEvpAqq2 “ EupBph˚
ABqq ` pEvpBph˚

ABqqq2,

we must have

EupAq ´ EupBph˚
ABqq “ pEvpBph˚

ABqqq2 ´ pEvpAqq2.
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Hence, if h˚
AB

is such that EupBph˚
AB

qq ° EupAq, then

EupAq ´ EupBph˚
ABqq † rrpEvpBph˚

ABqqq2 ´ pEvpAqq2s † 0

and thus UpCq † UpDph˚
AB

qq. Thus, h˚
CD

† h
˚
AB

, that is, the person exhibits a CRP. Analogously,

if h˚
AB

is such that EupBph˚
AB

qq † EupAq, the person exhibits an RCRP.

Proof of part (2c) and (2d): These follow directly from parts (2a) and (2b) combined with the

fact that �˚
CC

“ �˚
CR

´�˚
MX

.

⌅

Proposition A4: Suppose a person evaluates lotteries according to the Chew et al. functional in

equation (E.7). Then:

(1) If there exists h̄ such that both vpMq “ pvph̄q ` p1´pqvp0q and wpMq “ pwph̄q ` p1´pqwp0q,
then h

˚
AB

“ h
˚
AB1 “ h

˚
CD

“ h̄ and thus the person will have CRP-CCP-MXP.

(2) Otherwise, the person must exhibit the pattern CRP-RCCP-MXP.

Proof: For any h, UpB1phqq “ EvpB1phqqEwpB1phqq. Because B1phq “ p1´rqA`rB, we can rewrite

this as

UpB1phqq “ rp1 ´ rqEvpAq ` rEvpBphqqsrp1 ´ rqEwpAq ` rEwpBphqqs.

Since EvpAq, EvpBphqq, EwpAq, and EwpBphqq are all independent of r,

dUpB1phqq
dr

“ rEvpBphqq´EvpAqsrp1´rqEwpAq`rEwpBphqqs`rp1´rqEvpAq`rEvpBphqqsrEwpBphqq´EwpAqs

and
d
2
UpB1phqq
dr2

“ 2rEvpBphqq ´ EvpAqsrEwpBphqq ´ EwpAqs.

Proof of part (1): Suppose there exists h̄ such that both vpMq “ pvph̄q ` p1´pqvp0q and wpMq “
pwph̄q ` p1´pqwp0q. Because these are equivalent to EvpAq “ EvpBph̄qq and EwpAq “ EwpBph̄qq, it
immediately follows that h˚

AB
“ h̄. In addition, these conditions also imply that rEvpAq “ rEvpBph̄qq

and rEwpAq “ rEwpBph̄qq, from which it follows that h
˚
CD

“ h̄. Finally, these conditions further

imply that dUpB1ph̄qq
dr

“ 0, which implies h˚
AB1 “ h̄. The result follows.

Proof of part (2): h˚
AB

must satisfy EvpAqEwpAq “ EvpBph˚
AB

qqEwpBph˚
AB

qq. Because EvpCq “
rEvpAq, EwpCq “ rEwpAq, EvpDph˚

AB
qq “ rEvpBph˚

AB
qq, and EwpDph˚

AB
qq “ rEwpBph˚

AB
qq, it

follows that h˚
CD

“ h
˚
AB

and thus the person exhibits CRP.
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Given vpxq • 0 and wpxq • 0 for all x, the h
˚
AB

condition can be rewritten as

EvpAq
EvpBph˚

AB
qq “ EwpBph˚

AB
qq

EwpAq .

If there does not exist h̄ such that EvpAq “ EvpBph̄qq and EwpAq “ EwpBph̄qq, then either
EvpAq

EvpBph˚
AB

qq “ EwpBph˚
AB

qq
EwpAq ° 1 or 1 ° EvpAq

EvpBph˚
AB

qq “ EwpBph˚
AB

qq
EwpAq ° 0. In the former case, rEvpBph˚

AB
qq´

EvpAqs † 0 while rEwpBph˚
AB

qq ´ EwpAqs ° 0, and thus d
2
UpB1phqq
dr2

† 0. In the latter case,

rEvpBph˚
AB

qq ´ EvpAqs ° 0 while rEwpBph˚
AB

qq ´ EwpAqs † 0, and thus again d
2
UpB1phqq
dr2

† 0.

Because UpAq “ UpBph˚
AB

qq (by the definition of h˚
AB

),
d
2
UpB1ph˚

AB
qq

dr2
† 0 implies UpB1ph˚

AB
qq °

UpAq “ UpBph˚
AB

qq for any r P p0, 1q, and thus h˚
AB1 † h

˚
AB

, that is, the person exhibit an MXP.

Finally, because �˚
CC

“ �˚
CR

´�˚
MX

, the combination of CRP and MXP implies RCCP.

⌅

E.3 Implications for Indi↵erence Curves in a Marschak-Machina Triangle

In Section 5.3, we describe some implications of the UP model for indi↵erence curves in a Marschak-

Machina triangle. In this subsection, we derive those implications. A Marschak-Machina triangle

reflects preferences over lotteries of the form pH, qH ;M, qM ; 0, qLq for fixed amounts M ° 0 and

H ° M . To simplify notation, we sometimes denote this lottery by pqL, qM , qHq.
Below, we prove the following proposition:3

Proposition A5: Suppose a person behaves according to the utility functional in equation (E.1).

For any Marschak-Machina triangle, indi↵erence curves must show one of the following five patterns:

I1: Exactly one indi↵erence curve is linear, with convex (mixture-loving) indi↵erence curves to the

left and concave (mixture-averse) indi↵erence curves to the right of the linear indi↵erence curve,

and global fanning out of average slopes.

I2: All indi↵erence curves are concave (mixture-averse), with global fanning out of average slopes.

I3: All indi↵erence curves are convex (mixture-loving), with global fanning out of average slopes.

3Chew et al. (1991) describe how quadratic utility can generate three regions of indi↵erence curves, which they label
regions I, II, and III. Proposition A5 characterizes the specific ways in which these regions can appear in the UP model,
which again is a special case of quadratic utility. Proposition A5 further characterizes how, under the UP model, the
average slopes of indi↵erence curves change as we move through a Marschak-Machina triangle (where average slopes
are defined below between Lemmas C2 and C3).
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I4: All indi↵erence curves are convex (mixture-loving), with fanning out of average slopes to the

left and constant average slopes to the right of the indi↵erence curve that contains lottery

A ” p0, 1, 0q.

I5: All indi↵erence curves are convex (mixture-loving), with fanning out of average slopes to the

left and fanning in of average slopes to the right of the indi↵erence curve that contains lottery

A ” p0, 1, 0q (which thus has the flattest average slope).

Figure 9 in Section 5.3 depicts these five patterns of indi↵erence curves. To help connect these

five patterns of indi↵erence curves to the seven possible patterns of behavior in Proposition 1, each

panel in Figure 9 depicts the five points from our experiment (A, B, B1, C, and D), where we have

chosen B such that A „ B. For indi↵erence-curve patterns I2, I4, and I5, the behavioral patterns are

clear from Figure 9: I2 must yield CRP-CCP-RMXP (P4), I4 must yield CRP-RCCP-MXP (P12),

and I5 must yield RCRP-RCCP-MXP (P1). For indi↵erence-curve pattern I3, it is clear that the

person must have CRP and MXP, but any CC preference is possible (so behavioral patterns P2, P23,

and P3 are possible). For indi↵erence-pattern I1, the person must have CRP; but any MX preference

is possible depending on whether the linear indi↵erence curve is to the right of (as shown), is to the

left of, or is the indi↵erence containing A; and when the person has CRP and MXP (as shown), any

CC preference is possible (so all behavioral patterns are possible except P1 and P12).

We prove Proposition A5 through a series of lemmas. Lemma A1 establishes that, for the more

general functional in equation (E.5) for which the UP model is a special case, each indi↵erence curve

in a Marschak-Machina triangle must be linear, concave, or convex (although this lemma does not

say that that all indi↵erence curves within a given triangle must have the same shape).4

Lemma A1: Suppose a person behaves according to the utility functional in equation (E.5). Then

each indi↵erence curve must be linear, concave, or convex.

Proof: Suppose that X and Y are two lotteries that satisfy UpXq “ UpY q, and consider lottery

Z ” p1 ´ ↵qX ` ↵Y . Note that ↵ P p0, 1q would make Z yield a point on the line segment XY ,

whereas ↵ † 0 or ↵ ° 1 would make Z a point on the line that contains X and Y but outside the

line segment XY .

Given UpZq “ EupZq ` pEvpZqqpEwpZqq, applying usual rules for expected-utility functionals,

4We label an indi↵erence curve as convex versus concave based on its shape in a Marschak-Machina triangle with
qL and qH on the axes; given this labeling, convex (concave) indi↵erence curves are associated with preferences being
locally quasi-concave (quasi-convex). Lemma A1 is analogous to Lemma A2.1 in Chew et al. (1991).
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we can rewrite this as

UpZq “ rp1 ´ ↵qEupXq ` ↵EupY qs ` rp1 ´ ↵qEvpXq ` ↵EvpY qsrp1 ´ ↵qEwpXq ` ↵EwpY qs.

Di↵erentiating this twice with respect to ↵ yields

d
2rUpZqs
d↵2

“ 2rEvpY q ´ EvpXqsrEwpY q ´ EwpXqs.

Note that d
2rUpZqs
d↵2 is independent of ↵, and thus there are three cases: (i) It could be that d

2rUpZqs
d↵2 “ 0,

in which case UpZq “ UpXq “ UpY q for all ↵. (ii) It could be that d
2rUpZqs
d↵2 † 0, in which case

UpZq ° UpXq “ UpY q for all ↵ P p0, 1q and UpZq † UpXq “ UpY q for all ↵ † 0 and ↵ ° 1.

(iii) It could be that d
2rUpZqs
d↵2 ° 0, in which case UpZq † UpXq “ UpY q for all ↵ P p0, 1q and

UpZq ° UpXq “ UpY q for all ↵ † 0 and ↵ ° 1.

If case (i) holds, it immediately follows that the indi↵erence curve containing X and Y is linear.

Moreover, from case (i), it also follows that if an indi↵erence curve is anywhere linear, then it must

be everywhere linear. Given this latter point, the combination of cases (ii) and (iii) imply that all

nonlinear indi↵erence curves must be concave or convex. To see this, note that if an indi↵erence

curve had both convex and concave regions, then there must be an X and Y that does not satisfy

any of cases (i), (ii), and (iii) (given that indi↵erence curves are continuous), which would be a

contradiction.

While the above completes the proof of Lemma A1, note that it further follows that if an X and

Y satisfy case (i), then the indi↵erence curve that contains X and Y is linear; if an X and Y satisfy

case (ii), then the indi↵erence curve that contains X and Y is convex; and (iii) if an X and Y satisfy

case (iii), then the indi↵erence curve that contains X and Y is concave.

⌅

Lemma A2 establishes that for the UP model in equation (E.1), there is a simple condition to

check the shape of an indi↵erence curve:

Lemma A2: Suppose a person behaves according to the utility functional in equation (E.1). If

lottery X ” pqL, qM , qHq and lottery Y ” ppL, pM , pHq have UpXq “ UpY q, pH ° qH and qM ` qH °
pM ` pH ,5 then:

(1) If
pMq
pHq “ pH ´ qH

qM ´ pM
, the indi↵erence curve through X and Y is linear.

5Note that UpXq “ UpY q and pH ° qH together imply qM ` qH ° pM ` pH , because otherwise X would FOSD Y ,
and the UP model respects FOSD.
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(2) If
pMq
pHq † pH ´ qH

qM ´ pM
, the indi↵erence curve through X and Y is convex.

(3) If
pMq
pHq ° pH ´ qH

qM ´ pM
, the indi↵erence curve through X and Y is concave.

Proof: If vpxq “ Ipx ° 0q and wpxq “ Ipx ° 0qpxq, then EvpXq “ qM ` qH , EvpY q “ pM ` pH ,

EwpXq “ qMpMq ` qHpHq, and EwpY q “ pMpMq ` pHpHq. Applying the equation from the

proof of Lemma A1,

d
2rUpZqs
d↵2

“ 2rEvpY q ´ EvpXqsrEwpY q ´ EwpXqs
“ 2rppM ` pHq ´ pqM ` qHqsrppM ´ qM qpMq ` ppH ´ qHqpHqs.

Because rppM `pHq ´ pqM `qHqs † 0, pH ° qH , and qM ° pM , it follows that the sign of d
2rUpZqs
d↵2 ° 0

depends on how pMq
pHq compares to pH´qH

qM´pM
. Specifically:

- If pMq
pHq “ pH´qH

qM´pM
, then d

2rUpZqs
d↵2 “ 0 and we are in case (i) from the proof of Lemma A1, and

thus the indi↵erence curve through X and Y is linear.

- If pMq
pHq † pH´qH

qM´pM
, then d

2rUpZqs
d↵2 † 0 and we are in case (ii) from the proof of Lemma A1, and

thus the indi↵erence curve through X and Y is convex.

- If pMq
pHq ° pH´qH

qM´pM
, then d

2rUpZqs
d↵2 ° 0 and we are in case (iii) from the proof of Lemma A1, and

thus the indi↵erence curve through X and Y is concave.

⌅

We next introduce notation to talk about the slope of the line segment that connects two lotteries

in a Marschak-Machina triangle, which will be useful for evaluating the criterion in Lemma A2, and

also for evaluating whether the average slopes of indi↵erence curves are fanning in versus fanning

out.

Consider two lotteries X ” pqL, qM , qHq and Y ” ppL, pM , pHq with pH ° qH and qM ` qH °
pM ` pH (and thus qM ° pM and pL ° qL). Denote the slope of the line segment XY by mpXY q,
and note that

mpXY q “ pH ´ qH

pL ´ qL
“ pH ´ qH

pqM ´ pM q ´ ppH ´ qHq .

The critical value in Lemma A2 can then be written as ppH ´qHq{pqM ´pM q “ mpXY q{pmpXY q`1q,
which is increasing in mpXY q. It follows that the steeper (flatter) the line segment XY , the more

likely it is that the indi↵erence curve containing X and Y is convex (concave).

Hence, a natural way to characterize the shape of indi↵erence curves as we move through a

Marschak-Machina triangle is to evaluate the slopes of line segments connecting indi↵erent points on
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the edges of the triangle, which reflect the average slopes of indi↵erence curves. Hence, we introduce

notation for such lotteries. For a fixed M and H (i.e., for a particular Marschak-Machina triangle):

• Define A ” p0, 1, 0q, and then define p0 and B such that B “ p1 ´ p0, 0, p0q and B „ A. In

other words, A is the vertex, and B is the indi↵erent point on the hypotenuse.

• For any s P r0, 1s, define Cpsq ” p1 ´ s, s, 0q, and then define p1psq and Dpsq such that

Dpsq “ p1 ´ p1psq, 0, p1psqq and Dpsq „ Cpsq. In other words, Cpsq is a point on the x-

axis, and Dpsq is the indi↵erent point on the hypotenuse. Note that for s “ 1, Cpsq “ A and

thus Dpsq “ B, and as s Ñ 0, both Cpsq Ñ p1, 0, 0q and Dpsq Ñ p1, 0, 0q.

• For any s P r0, 1s, define Epsq ” p0, s, 1 ´ sq, and then define p2psq and F psq such that F psq ”
p1 ´ p2psq, 0, p2psqq and F psq „ Epsq. In other words, Epsq is a point on the y-axis, and F psq
is the indi↵erent point on the hypotenuse. Note that for s “ 1, Epsq “ A and thus F psq “ B,

and as s Ñ 0, both Epsq Ñ p0, 0, 1q and F psq Ñ p0, 0, 1q.

Using this notation, Lemma A3 characterizes the slopes of line segments connecting indi↵erent

points on the edges of the triangle.

Lemma A3: Suppose a person behaves according to the utility functional in equation (E.1). Then:

(1) For any s
1 † s § 1:

(a) If pMq ° pp0q2pHq, then for any s
1 † s § 1, mpCps1qDps1qq † mpCpsqDpsqq, that is,

indi↵erence curves fan out as we move through the triangle from AB toward the lower

right.

(b) If pMq “ pp0q2pHq, then for any s
1 † s § 1, mpCps1qDps1qq “ mpCpsqDpsqq, that is,

indi↵erence curves have the same average slope as we move through the triangle from AB

toward the lower right.

(c) If pMq † pp0q2pHq, then for any s
1 † s § 1, mpCps1qDps1qq ° mpCpsqDpsqq, that is,

indi↵erence curves fan in as we move through the triangle from AB toward the lower right.

(2) For any s
1 † s § 1, mpEps1qF ps1qq ° mpEpsqF psqq, that is, indi↵erence curves fan out as we

move through the triangle from AB toward the upper left.

Proof:

Proof of Part (1): Fix an s P p0, 1s, and recall that p1psq is the p in lottery Dpsq. Under the UP

model, Cpsq „ Dpsq implies EupCpsqq ` s
2
pMq “ EupDpsqq ` pp1psqq2pHq or

EupCpsqq ´ EupDpsqq “ pp1psqq2pHq ´ s
2
pMq.
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Define ↵ “ s
1{s so that Cps1q “ ↵Cpsq ` p1 ´ ↵qp1, 0, 0q “ p1 ´ ↵s,↵s, 0q. Also define D̃ps1|sq “

↵Dpsq ` p1 ´ ↵qp1, 0, 0q “ p1 ´ ↵p1psq, 0,↵p1psqq, which is the point on the hypotenuse such that

mpCps1qD̃ps1|sqq “ mpCpsqDpsqq. Hence, if Cps1q ° D̃ps1|sq, then Dps1q must be up the hy-

potenuse from D̃ps1|sq, and thus mpCps1qDps1qq ° mpCpsqDpsqq. Analogously, Cps1q † D̃ps1|sq
implies mpCps1qDps1qq † mpCpsqDpsqq, and Cps1q „ D̃ps1|sq implies mpCps1qDps1qq “ mpCpsqDpsqq.
The comparison between Cps1q and D̃ps1|sq is

EupCps1qq ` p↵sq2pMq : EupD̃ps1|sqq ` p↵p1psqq2pHq
EupCps1qq ´ EupD̃ps1|sqq : ↵

2rpp1psqq2pHq ´ s
2
pMqs

EupCpsqq ´ EupDpsqq : ↵rpp1psqq2pHq ´ s
2
pMqs (E.8)

where the last step follows from EupCps1qq ´ EupD̃ps1|sqq “ ↵rEupCpsqq ´ EupDpsqqs.
Proof of part (1a): Suppose pMq ° pp0q2pHq. Then A „ B implies

EupAq ´ EupBq “ pp0q2pHq ´ pMq † 0.

Applying condition (E.8) for s “ 1 and thus p1psq “ p0 and ↵ “ s
1, and recalling Cp1q “ A and

Dp1q “ B, for any s
1 P p0, 1q, the comparison between Cps1q and D̃ps1|1q is

EupAq ´ EupBq : s1rpp0q2pHq ´ pMqs.

Because EupAq ´ EupBq “ pp0q2pHq ´ pMq † 0, s1 P p0, 1q implies Cps1q † D̃ps1|1q and thus

mpCps1qDps1qq † mpABq. Also, because the probability of the high outcome in D̃ps1|1q is s
1
p0, the

combination of equation (E.4) and Cps1q † D̃ps1|1q implies

EupCps1qq ´ EupD̃ps1|1qq † ps1
p0q2pHq ´ ps1q2pMq † 0,

where the first inequality follows from Cps1q † D̃ps1|1q and the second follows from pp0q2pHq ´
pMq † 0. Because it further must be that p1ps1q † s

1
p0 in order to make Dps1q „ Cps1q, it must

also be that pp1ps1qq2pHq ´ ps1q2pMq † 0. It follows that for any s
1 P p0, 1q,

EupCps1qq ´ EupDps1qq “ pp1ps1qq2pHq ´ ps1q2pMq † 0.

Finally, swapping s
1 for s in the prior statement, given that each of these terms is negative, the result

follows directly from applying condition (E.8) to any pair s P p0, 1s and s
1 P p0, sq.

Proof of part (1b): If pMq “ pp0q2pHq, then EupAq´EupBq “ pp0q2pHq´pMq “ 0. Because

A “ Cp1q and B “ Dp1q, condition (E.8) implies that, for any s
1 P p0, 1q, we have Cps1q „ D̃ps1|1q,
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and thus mpCps1qDps1qq “ mpABq. The result follows.

Proof of part (1c): The proof is analogous to the proof for part (1a). Specifically, pMq †
pp0q2pHq implies that EupAq ´ EupBq “ pp0q2pHq ´ pMq ° 0, which in turn implies that, for all

s
1 P p0, 1q, we must have mpCps1qDps1qq ° mpABq and also EupCps1qq´EupDps1qq “ pp1ps1qq2pHq´

ps1q2pMq ° 0. Finally, given that each of these terms is positive, the result follows directly from

applying condition (E.8) to any pair s P p0, 1s and s
1 P p0, sq.

Proof of part (2): Fix an s P p0, 1s, and recall that p2psq is the p in lottery F psq. Under the UP

model, Epsq „ F psq implies EupEpsqq ` p1qpspMq ` p1 ´ sqpHqq “ EupF psqq ` pp2psqq2pHq or

EupEpsqq ´ EupF psqq “ pp2psqq2pHq ´ spMq ´ p1 ´ sqpHq.

Define ↵ “ s
1{s so that Eps1q “ ↵Epsq ` p1 ´ ↵qp0, 0, 1q “ p0,↵s,↵p1 ´ sq ` p1 ´ ↵qq. Also define

F̃ ps1|sq “ ↵F psq ` p1 ´ ↵qp0, 0, 1q “ p↵p1 ´ p2psqq, 0,↵p2psq ` p1 ´ ↵qq, which is the point on the

hypotenuse such that mpEps1qF̃ ps1|sqq “ mpEpsqF psqq. Hence, if Eps1q ° F̃ ps1|sq, then F ps1q must

be up the hypotenuse from F̃ ps1|sq, and thus mpEps1qF ps1qq ° mpEpsqF psqq. We have

UpEps1qq “ ↵EupEpsqq ` p1 ´ ↵qupHq ` ↵spMq ` ↵p1 ´ sqpHq ` p1 ´ ↵qpHq
UpF̃ ps1|sqq “ ↵EupF psqq ` p1 ´ ↵qupHq ` p↵p2psq ` p1 ´ ↵qq2pHq

Hence, substituting ↵rEupEpsqq ´ EupF psqqs “ ↵rpp2psqq2pHq ´ spMq ´ p1 ´ sqpHqs,

UpEps1qq ´ UpF̃ ps1|sqq “ p1 ´ ↵qpHq ´ p↵p2psq ` p1 ´ ↵qq2pHq ` ↵pp2psqq2pHq
“ r1 ´ ↵ ´ ↵

2pp2psqq2 ´ 2↵p2psqp1 ´ ↵q ´ p1 ´ ↵q2 ` ↵pp2psqq2spHq
“ p1 ´ ↵q↵p1 ´ p2psqq2 ° 0.

Hence, for any s
1 † s § 1, Eps1q ° F̃ ps1|sq, and thus mpEps1qF ps1qq ° mpEpsqF psqq.

⌅

Finally, we can put it all together to prove Proposition A5:

Proof of Proposition A5: For a fixed pM,Hq (i.e., for a specific Marschak-Machina triangle), find

p0 such that A ” pM, 1q „ B ” pH, p0q.
If pMq ° pp0q2pHq, then by Lemma A3 the average slopes of the indi↵erence curves globally fan

out, that is, get steeper as we move from the lower right to the upper left. If any indi↵erence curve

has average slope m such that m{pm` 1q “ pMq{pHq, then applying Lemma A2, that indi↵erence

curve is linear, while every indi↵erence curve to its left must be convex and every indi↵erence curve
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to its right must be concave (pattern I1). Alternatively, if all indi↵erence curves have slopes such

that m{pm ` 1q † pMq{pHq, then by Lemma A2 all indi↵erence curves are concave (pattern I2);

and if all indi↵erence curves have slopes such that m{pm ` 1q ° pMq{pHq, then by Lemma A2 all

indi↵erence curves are convex (pattern I3).

If instead pMq “ pp0q2pHq, then by Lemma A3 average slopes of the indi↵erence curves fan out

to the left and are constant to the right of the indi↵erence curve that contains lottery A. Moreover,

because pMq “ pp0q2pHq implies pMq † p0pHq, it follows from Proposition A1 part (2b) that

the indi↵erence curve that contains lottery A is convex. Since all other indi↵erence curves have

average slopes that are at least as large as that for this indi↵erence curve, and by Lemma A2 steeper

average slopes are more likely to be convex, it follows that every indi↵erence curve must be convex.

Finally, pMq † pp0q2pHq, then by Lemma A3 average slopes of the indi↵erence curves fan

out to the left and are fan in to the right of the indi↵erence curve that contains lottery A, and

thus this indi↵erence curve has the flattest slope. Moreover, because pMq † pp0q2pHq implies

pMq † p0pHq, it follows from Proposition A1 part (2b) that the indi↵erence curve that contains

lottery A is convex. Since all other indi↵erence curves with larger average slopes, it again follows

from Lemma A2 that every indi↵erence curve must be convex.

⌅

E.4 Explaining Certainty Equivalents for Binary Gambles

A reliable empirical finding in the experimental literature on risky choice is that, when eliciting

certainty equivalents for binary lotteries—i.e., an m such that pm, 1q „ pH, pq—mean certainty

equivalents indicate risk aversion (m † pH) for larger p but risk tolerance (m ° pH) for smaller p

(see, e.g., Tversky and Kahneman, 1992). In this appendix, we demonstrate that the UP model with

an S-shaped  function similar to the one we estimate can naturally generate this pattern.6

Under equation (2) with upxq “ x, the certainty equivalent C for a binary lottery pX, qq solves

C ` pCq “ qX ` q
2
pXq.

6Note that our experiment did not consider probabilities below 0.3, which is the typical domain in which risk
seeking is observed. Indeed, none of our aggregate results for a given pp, rq combination show risk tolerance. As a
result, the specific estimates of our  functions are not calibrated to capture the changing pattern of risk attitudes
across probabilities that is typically observed in the literature. Instead, we consider whether functions with similar
shapes could generate the behavioral patterns generally.
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Figure E.1: Comparing pqXq to q
2
pXq

0 7q 1

q

5(X)

5(qX) < q25(X)

) C > qX

5(qX) > q25(X)

) C < qX

5(qX)

q25(X)

Notes: Figure plots pqXq and q
2
pXq as a function of q (for a fixed X) given an S-shaped upside potential function

pxq for which the initial slope of pqXq is flatter than that of q2pXq. Under the UP model, the certainty equivalent
C will exhibit risk tolerance (C ° qX) when pqXq † q

2
pXq, which occurs for probabilities q † q, and risk aversion

(C † qX) when pqXq ° q
2
pXq, which occurs for probabilities q ° q.

Thus, an individual will be risk tolerant, C ° qX, if and only if7

pqXq † q
2
pXq.

If  is S-shaped, with initial convexity followed by concavity, and if the initial slope is flatter than that

of q2pXq, there can naturally emerge a q̄ such that pqXq † q
2
pXq for q † q̄, and pqXq ° q

2
pXq

for q ° q̄ (as illustrated in Figure E.1). If so, then the model would indeed generate risk tolerance for

small q (q † q̄) and risk aversion for large q (q ° q̄). Therefore, an S-shaped  function as suggested

by Figure 8 can naturally generate the changing patterns of risk tolerance in certainty equivalents

across the probability spectrum.

E.5 CRE and Equal-Expected-Value Lotteries

In Section 5.3, we describe how the UP model can generate a (noise-free) CRE for equal-expected-

value lotteries only if the EU utility function u within the UP model is convex, which runs counter

7If pqXq † q
2
pXq then qX ` pqXq † qX ` q

2
pXq, and thus C must be larger than qX. The only-if argument

is analogous.
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to usual assumptions on u. Here, we provide a proof of that result.

For any pp, r,Mq, if we create a CR paired-choice-task problem using H “ M{p, then lotteries A

and B have the same expected value (M), and lotteries C and D also have the same expected value

(rM). A person would exhibit a (noise-free) CRE in that problem when, for that pp, r,Mq, their
h

˚
AB

° M{p (so they prefer lottery A over lottery B) and their h
˚
CD

† M{p (so they prefer lottery

D over lottery C).

The following proposition establishes that, in order for a person to have h
˚
AB

° M

p
° h

˚
CD

, their

function u must be locally convex.

Proposition A6. Suppose that h
˚
AB

and h
˚
CD

are derived from equations (E.2) and (E.4); that

upxq is strictly increasing in x; and that pxq is strictly increasing in x and has pxq • 0 for

all x ° 0. If h
˚
AB

° M

p
° h

˚
CD

, then u must be locally convex, and specifically must satisfy

ppupM{pq ´ up0qq ° upMq ´ up0q.

Proof: From the proof of Proposition A.1, the h
˚
AB

condition in equation (E.2) can be rewritten as

pMq ´ p
2
ph˚

ABq “ EupBph˚
ABqq ´ EupAq.

Analogously, the h
˚
CD

condition in equation (E.4) can be rewritten as

r
2

`
pMq ´ p

2
ph˚

CDq
˘

“ EupDph˚
CDqq ´ EupCq.

If h˚
AB

° M

p
° h

˚
CD

, the person exhibits a CRP (i.e., h˚
AB

° h
˚
CD

), and thus by Proposition A1

pMq ° p
2
ph˚

AB
q. Because  is increasing, h

˚
AB

° h
˚
CD

implies pMq ° p
2
ph˚

CD
q, and thus

EupDph˚
CD

qq ° EupCq. Writing out these expected utilities yields pruph˚
CD

q ` p1 ´ prqup0q °
rUpMq`p1´rqup0q. Because u is increasing and M

p
° h

˚
CD

, it follows that prupM{pq`p1´prqup0q °
rUpMq ` p1 ´ rqup0q, and rearranging yields ppupM{pq ´ up0qq ° upMq ´ up0q.

⌅

E.6 Event Splitting

In Section 6, we discuss the implications of our model for event splits—that is, how people feel when

choosing between a lottery pH, pq versus a lottery pH`z, p{2;H´z, p{2q. Note that the second lottery

is obtained from the first by splitting the “event” of a probability p of winning H into two “events”,

each with probability p{2, that maintain the expected value of the lottery. Several recent papers
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(e.g., Bernheim and Sprenger (2020)) have found evidence that people dislike such splits, and one

might wonder whether such evidence is inconsistent with our finding of mixture-loving preferences.

In our model, a person’s preferences for or against event splitting can be determined separately

from their preferences for or against mixtures. In particular, Proposition 2 demonstrated that an

MXP emerges in our model due to the way that probabilities enter our model. In contrast, the

following proposition establishes that preferences for or against event splitting depend on the local

curvature of the function .

Proposition A7. Suppose a person is presented with a choice between lottery pH, pq and lottery

pH ` z, p{2;H ´ z, p{2q, and the person chooses based on the decision utility in equation (E.1) with

upxq “ x. For any pp, rq P p0, 1q2:

(1) If  is linear on domain rH ´ z,H ` zs, then pH, pq „ pH ` z, p{2;H ´ z, p{2q;

(2) If  is concave on domain rH ´ z,H ` zs, then pH, pq ° pH ` z, p{2;H ´ z, p{2q; and

(3) If  is convex on domain rH ´ z,H ` zs, then pH, pq † pH ` z, p{2;H ´ z, p{2q.

Proof: Applying equation (E.1) with upxq “ x, the decision-utility comparison is

pH ` p
2
pHq :

p

2
pH ` zq ` p

2
pH ´ zq ` p

”
p

2
pH ` zq ` p

2
pH ´ zq

ı

or

pH ` p
2 rpHqs : pH ` p

2

„
1

2
pH ` zq ` 1

2
pH ´ zq

⇢

or

pHq :
1

2
pH ` zq ` 1

2
pH ´ zq.

The result follows directly.

⌅
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F Upside Potential Model: Estimation

This appendix presents the details of the structural estimation described in Section 5.2 for the UP

model. For comparison, Appendix G.1 provides estimates of several prospect-theory specifications.

F.1 Data and General Approach

We evaluate how well alternative models can explain the observed preference patterns and their

sensitivity to experimental parameters pp, r,Mq. As described in Section 5.2, the estimation sample

contains 60 aggregate valuations: the mean responses for hAB, hAB1 , and hCD for each of 20 pp, rq
cells (see the first three columns of Appendix Table A.2). We parameterize  as px;✓q and estimate

✓ by nonlinear least squares using the 60 observations in the data. For each XY P tAB,AB
1
, CDu

and each pp, r,Mq experimental parameterization, the model yields h˚
XY

pp, r,M ;✓q, and we then use

non-linear least squares to estimate

hXY “ h
˚
XY pp, r,M ;✓q ` ".

We assess the performance of each model using (i) its mean-squared error (MSE), (ii) its internal R2,

(iii) the correlation between the model-predicted h
˚
XY

and the observed hXY , and (iv) the correlation

between the model-predicted �˚ and the observed �.

F.2 Estimating the Upside-Potential Model

We estimate the UP model in equation (2), where the model-implied valuations h˚
AB

, h˚
AB1 , and h

˚
CD

are defined by equations (3), (4), and (5) in the main text. To isolate the role of UP, we set upxq “ x,

making the  function the only object to estimate.8

Lacking an a priori sense of the shape of , we begin with a flexible functional form. In our experi-

ment, M P t9, 15, 24, 27u, and the observed means h range from 23.83 to 42.56 (Appendix Table A.2).

Hence, we use a continuous piecewise-linear form with parameter vector ✓ ” p✓1, ✓2, ✓3, ✓4, ✓5, ✓6q:

px;✓q ”

$
’’’’’’’’’’’&

’’’’’’’’’’’%

✓1x if x P r0, 9s
p9;✓q ` ✓2px ´ 9q if x P r9, 15s

p15;✓q ` ✓3px ´ 15q if x P r15, 24s
p24;✓q ` ✓4px ´ 24q if x P r24, 27s
p27;✓q ` ✓5px ´ 27q if x P r27, 36s
p36;✓q ` ✓6px ´ 36q if x • 36

8As noted in Section 5.2, the UP model is post hoc and the experiment was not designed to identify . Therefore,
identification relies on limited variation in pp, rq over a narrow support of values, and we urge caution in interpreting
these estimates.
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In our data,  is evaluated at x P t9, 15, 24, 27u exactly 15 times each (i.e., for each of the four

values of M). In contrast, the mean valuations we observe contain no observations in p0, 9q or p9, 15q,
only one in p15, 24q and one in p24, 27q, and the remaining 58 in p27, 43q. Thus ✓1 ´ ✓4 primarily pin

down p9q, p15q, p24q, and p27q. For x • 27, we permit  to be either linear (i.e., ✓5 “ ✓6) or

two-part-linear with a kink at x “ 36, where this point was chosen to roughly balance observations

above and below the kink.

Appendix Table F.1 reports these two specifications: Column (1) allows a two-segment linear 

for x • 27, while column (2) imposes a single linear segment over this range. Appendix Figures F.1

and F.2 show, for each specification, (i) the estimated  function, (ii) observed versus fitted hXY ,

and (iii) observed versus fitted �.

Both the six- and five-parameter  specifications fit the data well in-sample, with R
2 values above

0.75, correlations between predicted and actual hXY valuations around 0.9, and correlations between

predicted and actual�measures also around 0.9. Though the six-parameter model provides a slightly

better in-sample fit for the levels of response, the five-parameter model performs slightly better in

terms of correlation with the key preference measures, �CR,�CC , and �MX . The six-parameter

model also exhibits a slight non-monotonicity between 27 and 36 (i.e., ✓̂5 † 0), which we suspect is

due to overfitting given limited variation across hXY in this region. As Panel B of Figure F.1 shows,

most observations over the range x P p27, 36q are hCD responses, while for x ° 36 we also observe

hAB and hAB1 . The six-parameter model can thus dedicate a parameter to fit a single type of data

in the x P p27, 36q region, yielding a slightly better fit of the levels at the expense of di↵erences. Due

to this possibility of overfitting, we adopt the five-parameter model as our preferred specification.

Motivated by the S-shape in Panel A of Figure F.2, we set out to find a parsimonious and

analytically tractable three-parameter functional form that could capture this essential feature of

the  function. Of those, the best-fitting version we found was the following three-parameter scaled

logistic,9 px;✓q with ✓ “ p✓1, ✓2, ✓3q:

px;✓q “ ✓1

„
1

1 ` expp´✓2px ´ ✓3qq

⇢
, ✓1, ✓2, ✓3 ° 0. (F.1)

The term in brackets represents a classic two-parameter sigmoid function that goes from zero (as

x Ñ ´8) to 1 (as x Ñ 8). ✓2 controls the steepness and ✓3 determines the inflection point, such

that px;✓q will be convex for any x † ✓3 and concave for any x ° ✓3. Finally, ✓1 is a scale term

that sets the upper asymptote.

Column (3) of Table F.1 reports estimates for the logistic specification in (F.1), while Appendix

9In addition to the cases described in the main text, we also explored several simple alternatives: (i) a log-over-linear
shape ✓1 x logp1`✓2xq{p1`✓3xq; (ii) a simple log form ✓1 log

`
1`px{✓2q✓3˘

; (iii) a ratio of powers p✓1 x✓3 ` 1q{p✓✓32 `x
✓3q;

and (iv) a double log ✓1 log
`
1 ` logp1 ` px{✓2q✓3q˘

. While these alternatives can capture an S-shape, they produced a
worse model fit.
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Table F.1: Upside Potential Estimates

(1) (2) (3) (4) (5)
Flexible 1 Flexible 2 Parametric 1 Parametric 2 Parametric 3

✓1 1.58 1.75 106.53 105.16 135.30
(0.26) (0.32) (22.62) (32.52) (37.58)

✓2 3.73 4.40 0.20 0.20 0.19
(0.67) (0.88) (0.00) (0.00) (0.00)

✓3 6.43 6.85 19.35 19.30 19.36
(1.04) (1.36) (0.35) (0.73) (0.39)

✓4 6.68 7.70 0.01
(1.63) (1.63) (0.11)

✓5 -0.25 1.72
(0.41) (0.54)

✓6 6.95
(1.68)

Observations 60 60 60 60 60
Degrees of Freedom 54 55 57 56 57
MSE – hXY levels 2.71 3.53 6.99 6.99 7.72
R

2 – hXY levels 0.82 0.76 0.52 0.52 0.47

⇢phXY , ĥXY q 0.92 0.91 0.84 0.84 0.83

MSE – � Di↵erences 6.15 7.58 8.20 8.15 7.51
R

2 – � Di↵erences 0.66 0.58 0.55 0.55 0.59

⇢p�, �̂q – � Di↵erences 0.88 0.90 0.87 0.87 0.89

Notes: Non-linear least squares regressions using 60 mean values of hAB , hAB1 , hCD as observations. Standard
errors in parentheses. Flexible 1 is a continuous six-parameter piecewise-linear  with knots at x P t9, 15, 24, 27, 36u.
Flexible 2 is the five-parameter version with a single linear segment for x • 27 (knots at 9, 15, 24, 27). Parametric

1 is the three-parameter scaled logistic px;✓q “ ✓1

“
1` expt´✓2px´ ✓3qu‰´1

. Parametric 2 augments Parametric 1

with a multiplicative term x
✓4 , yielding an unbounded specification with p0q “ 0. Parametric 3 is a zero-anchored

logistic that subtracts the value at x “ 0 so that p0q “ 0. R
2 values calculated as 1 ´ RSS{TSS, where TSS is

sum of squared deviations to the average value among the 60 observations, and RSS is the sum of squared residuals
between the estimated model and the data. MSE values, R2 values, and correlation between predicted and actual
values, ⇢, provided for both valuation levels (h terms) and di↵erences (� terms).

Figure F.3 illustrates in-sample fit. The estimates imply substantial nonlinearity in the  function

with this simple parametric form and a reasonable overall fit (MSE = 6.99, R2 = 0.52). However,

imposing this functional form leads to a reduction in explanatory power for the levels of hXY relative

to the five-parameter piecewise model. In contrast, the correlation for the di↵erence terms is com-

parable to the five-parameter model and exceeds those of the six-parameter alternative. Panel C of

Figure F.3 shows that the three-parameter model tracks �CR, �CC , and �MX closely across all 60

di↵erences.

A drawback of the three-parameter scaled logistic in (F.1) is that it is bounded above by ✓1,

which makes it ill-suited for global predictions and inconsistent with our non-parametric estimates.
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To address this, we consider an unbounded four-parameter alternative with ✓ ” p✓1, ✓2, ✓3, ✓4q:

px;✓q “ ✓1

„
x
✓4

1 ` expp´✓2px ´ ✓3qq

⇢
, ✓1, ✓2, ✓3, ✓4 ° 0.

The multiplicative term x
✓4 ensures pxq Ñ 8 as x Ñ 8 and implies p0q “ 0. The parameter ✓4

governs the asymptotic growth rate in the limit. We present the estimates of this specification in

column (4). Despite permitting  to be unbounded, we estimate ✓4 « 0, which collapses to the prior

specification in column (3). In other words, allowing for this additional flexibility does not improve

the model fit.10

We also consider a zero-anchored  function that sets p0q “ 0. This specification captures the

intuition that, in the limit, a person may regard a very small prize as e↵ectively equivalent to no

prize:

px;✓q “ ✓1

„
1

1 ` expt´✓2px ´ ✓3qu

⇢
´ ✓1

„
1

1 ` expt´✓2p0 ´ ✓3qu

⇢
.

In this formulation, the first bracketed term is our specification from column (3). The second

term subtracts o↵ the value of the first term when it is evaluated at x “ 0 to ensure that p0q “ 0.

Column (5) of Appendix Table F.1 presents estimates for this functional form, while Appendix

Figure F.3 illustrates model fit. While this model performs reasonably well in matching the data, it

underperforms the version in column (3) along all fit dimensions.

10We reiterate that while we find that a bounded function provides the best fit for the narrow domain that our data
cover, it is unlikely to hold out-of-sample.
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Figure F.1: Upside Potential Estimates - Flexible Six Parameter Model
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Figure F.2: Upside Potential Estimates - Flexible Five Parameter Model
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Figure F.3: Upside Potential Estimates - Parametric Functional Form
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G Connections and Comparison to Prospect Theory Probability

Weighting

In this appendix we provide in-sample comparison of the estimated fits between the UP model and

various prospect theory formulations. Appendix G.1 shows that prospect theory fits substantially

worse than upside potential even when endowed with more degrees of freedom. Appendix G.2 provides

theoretical analysis establishing the distinction between the UP model and probability weighting that

generates the di↵erential fit.

G.1 Estimating Prospect-Theory Models

As a benchmark for the UP model, we also estimate several variants of prospect-theory models using

the same 60 observations as used in the estimates of Appendix F.2. As in Appendix B.1, under

original prospect theory (OPT) from Kahneman and Tversky (1979), a person’s valuations are given

by

hAB “ v
´1

ˆ
1

⇡ppqvpMq
˙
, hAB1 “ v

´1

ˆ
1 ´ ⇡p1 ´ rq

⇡pprq vpMq
˙
, and hCD “ v

´1

ˆ
⇡prq
⇡pprqvpMq

˙
.

As in Appendix B.2, under cumulative prospect theory (CPT) as in Tversky and Kahneman (1992),

a person’s hAB and hCD valuations are as above, while their hAB1 valuation is:

hAB1 “ v
´1

ˆ
1 ´ p⇡ppr ` 1 ´ rq ´ ⇡pprqq

⇡pprq vpMq
˙
.

For either version, the objects to estimate are the probability weighting function ⇡pqq and the value

function vpxq.
We begin with some canonical functional forms. Specifically, we assume the value function is

vpxq “ x
↵, and we consider both the one-parameter probability weighting function from Tversky and

Kahneman (1992),

⇡pqq “ q
�

rq� ` p1 ´ qq�s1{� ,

and the two-parameter specification from Lattimore et al. (1992),

⇡pqq “ �q
�

�q� ` p1 ´ qq� .

Columns (1) and (2) of Appendix Table G.1 report CPT estimates for these two functional forms

for ⇡pqq, and columns (4) and (5) report the corresponding OPT estimates. Appendix Figures G.1,

G.2, G.4, and G.5 depict for each specification: (i) the estimated probability weighting function; (ii)
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observed versus model-predicted hXY ; and (iii) observed versus model-predicted � .

All four prospect-theory specifications have poor in-sample fit and substantially underperform

the three-parameter UP model. The best fitting variant of prospect theory is CPT with the two-

parameter ⇡pqq which has an MSE of 18.03, an R-squared of ´0.23, a correlation between predicted

and actual hXY valuations of 0.55, and a correlation between predicted and actual � measures of 0.7.

A negative R
2 value implies that predicting the sample mean for every response would outperform

the model.

Although the PT estimates do not fit our data well overall, the estimated parameters for the

one-parameter function are similar to those reported in previous studies. For example, using data

on certainty equivalents for binary lotteries, Tversky and Kahneman (1992) report median estimates

of ↵ “ 0.88 and ✓1 “ 0.61. Likewise, Bernheim and Sprenger (2020) find ↵ “ 0.94 and ✓1 “ 0.72

using similar data. In Appendix Table G.1, our estimates are ↵ “ 0.80 and ✓1 “ 0.84 for CPT, and

↵ “ 0.75 and ✓1 “ 0.79 for OPT.

It is perhaps not surprising that these canonical probability-weighting forms perform poorly

on our data, as they were designed to generate a global CRP and CCP. We therefore assess how

much better CPT and OPT perform with a more flexible specification. Specifically, we consider the

following six-part piecewise-linear functional form for probability weighting:

⇡pq;✓q ”

$
’’’’’’’’’’’’’’’’&

’’’’’’’’’’’’’’’’%

0 if q “ 0

✓0 ` ✓1q if q P p0, q̄1s
⇡pq̄1;✓q ` ✓2pq ´ q̄1q if q P rq̄1, q̄2s
⇡pq̄2;✓q ` ✓3pq ´ q̄2q if q P rq̄2, q̄3s
⇡pq̄3;✓q ` ✓4pq ´ q̄3q if q P rq̄3, q̄4s
⇡pq̄4;✓q ` ✓5pq ´ q̄4q if q P rq̄4, q̄5s
⇡pq̄5;✓q ` ✓6pq ´ q̄5q if q P rq̄5, 1q
1 if q “ 1

To give OPT and CPT additional flexibility, this piecewise-linear function permits (but does not

require) discontinuities at q “ 0 and q “ 1. We select five interior knots tq̄iu5i“1 ex ante at probabilities

where ⇡p¨q is most frequently evaluated, while roughly balancing observations per segment. For OPT

we use pq̄1, . . . , q̄5q “ p0.15, 0.30, 0.50, 0.70, 0.80q and for CPT we use p0.15, 0.30, 0.50, 0.80, 0.90q. This
specification nests EU as a special case ⇡pqq “ q when ✓ “ p0, 1, 1, 1, 1, 1, 1q.

Columns (3) and (6) of Appendix Table G.1 report the flexible CPT and OPT estimates, respec-

tively. Appendix Figures G.3 and G.6 depict the estimated probability weighting function and corre-

sponding fit measures. For OPT, this added flexibility yields little improvement in fit—predicting the

sample for every observation still outperforms the model. For CPT, this added flexibility improves
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Table G.1: CPT and OPT Probability Weighting Estimates

(1) (2) (3) (4) (5) (6)
CPT OPT

Parametric 1 Parametric 2 Flexible Parametric 1 Parametric 2 Flexible

Utility Curvature
↵ 0.80 0.43 0.35 0.75 0.73 0.70

p0.02q p0.05q p0.04q p0.02q p0.03q p0.03q

Weighting
Parameters

✓1 0.84 1.84 0.20 0.79 0.93 0.04
p0.03q p0.22q p0.04q p0.02q p0.02q p0.01q

✓2 0.63 1.85 0.75 1.17
p0.03q p0.13q p0.03q p0.13q

✓3 1.07 0.94
p0.05q p0.06q

✓4 0.62 0.73
p0.07q p0.09q

✓5 0.29 0.51
p0.10q p0.13q

✓6 0.54 1.32
p0.11q p0.21q

✓7 0.69 0.98
p0.16q p0.16q

Observations 60 60 60 60 60 60
Degrees of Freedom 58 57 52 58 57 52
hXY -MSE 33.88 18.03 11.02 26.85 26.17 21.71
hXY -R2 ´1.31 ´0.23 0.25 ´0.83 ´0.78 ´0.48

⇢phXY , ĥXY q ´0.20 0.55 0.71 0.22 0.30 0.45

�-MSE 41.48 24.01 19.92 32.51 31.39 29.30
�-R2 ´1.28 ´0.32 ´0.10 ´0.79 ´0.73 ´0.61

⇢p�, �̂q ´0.51 0.70 0.72 0.22 0.39 0.49

Notes: Non-linear least squares regressions for CPT and OPT using 60 mean values of hAB , hAB1 , hCD. Standard

errors in parentheses. Parametric 1 corresponds to the one-parameter (✓1 “ �) probability-weighting function in

Tversky and Kahneman (1992). Parametric 2 corresponds to the two-parameter (p✓1, ✓2q “ p�, �q) probability-

weighting function in Lattimore et al. (1992). Flexible refers to the six-part piecewise-linear functional form, with

knots at {0.15,0.3,0.5,0.8,0.9} for CPT and {0.15,0.3,0.5,0.7,0.8} for OPT. R2 values calculated as 1 ´ RSS{TSS,
where TSS is sum of squared deviations to the average value among the 60 observations, and RSS is the sum of

squared residuals between the estimated model and the data. Negative values indicate that predicting the mean for

every observation would yield better fit than the estimated model. MSE values, R2 values, and correlation between

predicted and actual values, ⇢, provided for both valuation levels, hXY , and di↵erences, �.

fit, roughly halving the MSE to 11.02 and producing a positive R
2 value. Nonetheless, the MSE for

the best-performing CPT model is still around three times larger than our preferred UP model (which

has three fewer degrees of freedom), while the R
2 is approximately three times smaller. Indeed, its
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MSE is about 60 percent larger and its R
2 is about half as large as even our three-parameter UP

model.
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Figure G.1: CPT Probability Weighting Estimates - Parametric One Parameter Weighting Function
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Figure G.2: CPT Probability Weighting Estimates - Parametric Two Parameter Weighting Function
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Figure G.3: CPT Probability Weighting Estimates - Flexible Functional Form
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Figure G.4: OPT Probability Weighting Estimates - Parametric One Parameter Weighting Function
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Figure G.5: OPT Probability Weighting Estimates - Parametric Two Parameter Weighting Function
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Figure G.6: OPT Probability Weighting Estimates - Flexible Functional Form
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G.2 Distinguishing Upside Potential from Probability Weighting

Through Appendices F and G.1, we show that our model of upside potential provides a substantially

better quantitative fit of our aggregate data than either CPT or OPT even when permitting flexible

functional forms for probability weighting. In this section, we consider what properties of our model

are fundamentally distinct from formulations of probability weighting which permit this improved

fit.11

We focus on the di↵erent ways that probabilities enter into the models. Hence, throughout this

section, we assume a linear  function for our model (i.e., pzq “ �z) and a linear value function for

CPT or OPT (i.e., vpzq “ z).12

We first assess whether either OPT or CPT with a flexible functional form for ⇡ could replicate

the predictions from our UP model. Under OPT with a linear value function, the indi↵erence values

ph˚
AB

, h
˚
AB1 , h˚

CD
q are determined from:

M “ ⇡ppqh˚
AB

M “ ⇡pprqh˚
AB1 ` ⇡p1 ´ rqM

⇡prqM “ ⇡pprqh˚
CD

Under CPT with a linear value function, the indi↵erence values are determined from:

M “ ⇡ppqh˚
AB

M “ ⇡pprqh˚
AB1 ` r⇡ppr ` 1 ´ rq ´ ⇡pprqsM

⇡prqM “ ⇡pprqh˚
CD

As discussed above, OPT and CPT coincide for binary lotteries, but not for the trinary lottery B
1.

Under the UP model, when upxq “ x and pzq “ �z, the indi↵erence values are determined from

M “ p ` p
2
�

1 ` �
h

˚
AB (G.2)

M “ pr ` ppr ` 1 ´ rqpprq�
1 ` �

h
˚
AB1 ` p1 ´ rq ` ppr ` 1 ´ rqp1 ´ rq�

1 ` �
M (G.3)

r ` r
2
�

1 ` �
M “ pr ` pprq2�

1 ` �
h

˚
CD (G.4)

If we were making predictions for decisions that involve only sure amounts or binary lotteries

with one winning outcome, then either OPT or CPT with probability weighting function ⇡pqq “
pq ` q

2
�q{p1`�q will generate the same predictions as our UP model. This general point is reflected

in the equations above by the fact that the h
˚
AB

and h
˚
CD

conditions would be the same in all three

11We emphasize that a comparison of prospect theory to our model on our data is apt in the sense that the probability
weighting function in prospect theory was developed specifically to speak to anomalies in CR and CC problems.

12For CPT or OPT, adding a slope parameter to the value function would not change predictions.
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models. Hence, for decisions that involve only sure amounts or binary lotteries with one winning

outcome, our UP model is a special case of either OPT or CPT, and thus if we had data on only

such decisions, our model could not outperform OPT or CPT.

It is for decisions that involve trinary lotteries with two winning outcomes that neither OPT nor

CPT can replicate the predictions of our model. To see this under OPT, note that it would need to

be the case that the weight on h
˚
AB1 in equation (G.3) can be expressed purely as a function of pr,

the weight on M in equation (G.3) can be expressed purely as a function of p1 ´ rq, and those two

functions would need to be the same. Neither of the first two conditions holds, and thus clearly the

third does not as well.

To see this under CPT, note that we can rewrite the CPT condition for h˚
AB1 as

M “ ⇡pprq rh˚
AB1 ´ M s ` ⇡ppr ` 1 ´ rqM

and the UP condition for h˚
AB1 as

M “ pr ` ppr ` 1 ´ rqpprq�
1 ` �

rh˚
AB1 ´ M s ` ppr ` 1 ´ rq ` ppr ` 1 ´ rq2�

1 ` �
M.

Here, we can match the weight on M if we use ⇡pqq “ pq`q
2
�q{p1`�q, but there is no way to express

the weight on ph˚
AB1 ´Mq purely as a function of pr. For decisions that involve trinary lotteries, our

UP model is therefore distinct from OPT and CPT even when we assume a linear  function.

This analysis highlights a key di↵erence between our model and OPT or CPT. For trinary lotteries,

both CPT and OPT require that the weight applied to each outcome depend only on that outcome’s

probability (or cumulative probability in the case of CPT). For lottery B
1 this means the weight on

the highest outcome h
˚
AB1 must be a function solely of that outcome’s probability, in this case pr. In

contrast, under the UP model, the weight applied to outcome h
˚
AB1 is a function both of pr and the

total probability of winning, in this case pr ` 1 ´ r. This fundamental distinction derives from the

central psychology of the upside potential model: that winning probabilities can matter more the

greater is the total chance of winning.

We can obtain further insights on the di↵erences between the models by comparing the qualitative

predictions for our experimental tasks of the UP model to the those of OPT or CPT when we assume

probability weighting function ⇡pqq “ pq ` q
2
�q{p1 ` �q.

Proposition 2 establishes that for linear , the upside potential model predicts both CRP and

MXP, with no prediction for the CC preference. As described above, with probability weighting

function ⇡pqq “ pq ` q
2
�q{p1 ` �q, OPT and CPT both replicate the predictions of the UP model

for the AB and CD tasks and thus both predict a CRP. Proposition A8 below establishes that OPT

and CPT with this weighting function both further predict a CCP and an RMXP. In other words,
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the two models would disagree on the MX preference, and might disagree on the CC preference.

Proposition A8. Suppose that ph˚
AB

, h
˚
AB1 , h˚

CD
q is derived from OPT or CPT with a linear value

function and probability weighting function ⇡pqq “ q`q
2
�

1`�
. For any pp, rq P p0, 1q2, we must have:

(1) �˚
CR

° 0;

(2) �˚
CC

° 0; and

(3) �˚
MX

† 0.

Proof: First note that part (1) follows from part (1) of Proposition 2 combined with the logic in

the text that, when using ⇡pqq “ q`q
2
�

1`�
, both OPT and CPT replicate the predictions from the UP

model for the AB task and the CD task.

Next, note that under both OPT and CPT, the condition for h
˚
AB

is M “ p`p
2
�

1`�
h

˚
AB

, and thus

for any r P p0, 1q,

M “ r

ˆ
p ` p

2
�

1 ` �

˙
h

˚
AB`p1´rqpMq “

ˆ
pr ` p

2
r�

1 ` �

˙
ph˚

AB´Mq`
ˆp1 ´ r ` prq ` p1 ´ r ` p

2
rq�

1 ` �

˙
M.

Consider the condition for h˚
AB1 under OPT. Define fphq ” pr`pprq2�

1`�
h` p1´rq`p1´rq2�

1`�
M , so under

OPT, h˚
AB1 is defined by M “ fph˚

AB1q. Because for any r P p0, 1q, r

´
p`p

2
�

1`�

¯
° pr`pprq2�

1`�
and

p1 ´ rq ° p1´rq`p1´rq2�
1`�

, we must have M ° fph˚
AB

q. Since f is increasing in h, it follows that

h
˚
AB1 ° h

˚
AB

and thus �˚
MX

† 0. Finally, the combination of �˚
CR

° 0 and �˚
MX

† 0 implies

�˚
CC

° 0.

Now consider the condition for h˚
AB1 under CPT. Define

gphq ”
ˆ
pr ` pprq2�

1 ` �

˙
ph ´ Mq `

ˆp1 ´ r ` prq ` p1 ´ r ` prq2�
1 ` �

˙
M,

so under CPT, h˚
AB1 is defined by M “ gph˚

AB1q. Because for any r P p0, 1q,
´
pr`p

2
r�

1`�

¯
° pr`pprq2�

1`�
and

´
p1´r`prq`p1´r`p

2
rq�

1`�

¯
°

´
p1´r`prq`p1´r`prq2�

1`�

¯
, we must have M ° gph˚

AB
q. Since g is increasing

in h, it follows that h
˚
AB1 ° h

˚
AB

and thus �˚
MX

† 0. Finally, the combination of �˚
CR

° 0 and

�˚
MX

† 0 implies �˚
CC

° 0.

⌅

Although it is not relevant for our analysis in this paper, we highlight one further distinction

between our UP model and CPT. Under CPT, the weights attached to outcomes depend on their

relative ranks, whereas under our UP model, they do not. To illustrate, consider a trinary lottery
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px1, q1;x2, q2q. Under CPT, if x1 ° x2 ° 0, this lottery is evaluated using ⇡pq1qx1 ` r⇡pq1 ` q2q ´
⇡pq1qsx2, whereas if x2 ° x1 ° 0, it is evaluated using ⇡pq2qx2 ` r⇡pq1 ` q2q ´ ⇡pq2qsx1. Under

our model with a linear  function, for any x1 ° 0 and x2 ° 0, it is evaluated using r1 ` pq1 `
q2q�sq1x1 ` r1 ` pq1 ` q2q�sq2x2. The weights that are applied to outcomes x1 and x2 under upside

potential are symmetric—depending only on each outcome’s probability and the total probability

of winning—regardless of whether x1 ° x2 or x2 ° x1. This symmetry may be a valuable feature

of the upside potential model given recent evidence of rank-independence in choice (Bernheim and

Sprenger, 2020; Bernheim et al., 2022).
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H Screenshots from the Online Experiment

Figure H.1: Example Price List for Stage 1 AB
1 Valuation Task with p “ 0.8 and r “ 0.1
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Figure H.2: Example Price List for Stage 1 AB Valuation Task with p “ 0.8 and r “ 0.1
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Figure H.3: Example Price List for Stage 1 CD Valuation Task with p “ 0.8 and r “ 0.1
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Figure H.4: Example AB
1 Binary Choice from Stage 2 with p “ 0.8, r “ 0.1, and H “ 39

Figure H.5: Example AB Binary Choice from Stage 2 with p “ 0.8, r “ 0.1, and H “ 49

Figure H.6: Example CD Binary Choice from Stage 2 with p “ 0.8, r “ 0.1, and H “ 49
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Figure H.7: Incentivized Comprehension Check #1
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Figure H.8: Incentivized Comprehension Check #2
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Figure H.9: Example Visual Search Task
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