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Abstract

Past research highlights failures of “procedural invariance” when measuring
economic preferences using choices versus valuations. We reassess these failures
by examining theoretical connections between choices and valuations when
preferences are stable but measurements are noisy and individuals are hetero-
geneous. Even under strong assumptions governing noise and heterogeneity,
stability does not generally imply identical measurements. We develop new
tests of stable preferences in conjunction with various ancillary assumptions
about heterogeneity and noise. We implement these tests using existing data to
understand if, in the domain of risk preferences, choices and valuations truly
differ and to provide quantitative assessments of any deviations. Limiting to
the types of data used in the prior literature, we rarely reject the null of stable
preferences. With richer data linking individual choices and valuations and
structural assumptions, we find evidence of instability which differs qualitatively
from the received wisdom that choices implicate greater risk aversion than
valuations.
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1 Introduction

Since the original economic experiment of Thurstone (1931), researchers have been
interested in using behavioral measurement to assess individual preferences, evaluate
adherence to underlying axioms, and develop predictions based on models fit to
measurement data. To date, there exists no consensus on how such measurement
should be conducted—that is, on what type of elicitation technique to use—with
different researchers advocating for different methods.

Two prominent elicitation techniques are choices and valuations: On one hand, we
could ask people to make binary choices between options; on the other hand, we could
ask people to provide valuations of options using some index of value. Ideally, these
two elicitation techniques would yield measurements that are consistent with each
other, as they are both meant to measure the same underlying preferences. However,
the literature suggests that they do not. Lichtenstein and Slovic’s (1971) famous
“preference reversals” in risk preferences, popularized in economics by Grether and
Plott (1979), suggest apparent inconsistencies between choices versus valuations: The
proportion of subjects choosing a safer over a riskier alternative is frequently found to
exceed the proportion of subjects whose valuations are higher for the safer alternative,
suggesting greater risk aversion in choices. More recently, an experimental-economics
literature (see, e.g., Brown and Healy, 2018; Freeman et al., 2019; Freeman and
Mayraz, 2019) documents similar apparent inconsistencies when comparing choices
versus multiple price lists (MPLs), which are a type of valuation.

Researchers have interpreted these failures of “procedural invariance” in (at least)
two ways. The preference-reversals literature typically interprets the evidence as
suggesting there do not exist stable economic primitives like preferences in the first
place, with preferences constructed contextually in each environment (Tversky and
Thaler, 1990; Slovic, 1995; Lichtenstein and Slovic, 2006). The choices-versus-MPLs
literature interprets the evidence as suggesting that valuations, choices, or both fail to
credibly measure the preferences of interest.1

In this paper, we assess these claims. We develop a model of how people respond
in choice tasks and valuation tasks. Inspired by the literature above, we frame this
model in terms of elicitations of risk preferences, but we highlight in our concluding

1For example, (Freeman et al., 2019) argue in favor of choices as the “gold standard” for mea-
surement, and thus argue that, given the inconsistencies between measures, MPLs must be yielding
biased measurement.
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section how our theoretical insights apply to other domains. We use our model to
investigate the conditions under which one would expect no apparent inconsistencies,
and more generally to develop tests of the null of stable preferences in conjunction
with various ancillary assumptions. We then implement these new tests using existing
data to understand if, in the domain of risk preferences, choices and valuations truly
differ and, if so, to provide quantitative assessments of any deviations.2

Our exercise begins with three basic observations. First, economic measurement
of preferences—like all scientific measurement—is inherently noisy.3 Second, there
is no a priori reason to expect that different elicitation techniques are subject to
identical noise, and so we do not impose this assumption (and indeed our empirical
analysis seems to contradict it). Third, most experiments study aggregate data across
individuals, and thus we must account for the fact that individuals are fundamentally
heterogeneous in their underlying preferences and possibly also in their decision noise.

With these preliminaries in hand, we provide three groups of theoretical results.
First, we derive predictions for the empirical objects used in the prior literature: When
subjects are asked to compare a safer option to a riskier option, we can study the
proportion of subjects who choose the safer option (which we denote by P̂c(safe)), or
the proportion of subjects whose valuations indicate a preference for the safer option
(which we denote by P̂v(safe)). The prior literature tests the null hypothesis of stable
preferences by examining whether P̂c(safe) = P̂v(safe), and the common finding is
P̂c(safe) > P̂v(safe). We highlight that, even under the stable-preference null, our
model need not predict that Pc(safe) = Pv(safe).4

2A more recent literature provides cognitive accounts for violations of procedural invariance under
the maintained hypothesis of stable preferences—e.g., Bouchouicha et al. (2026) for choices presented
independently versus in list form, and Shubatt and Yang (2026) for different types of valuation
tasks. Within these frameworks, noisy coding of value (in the spirit of e.g., Khaw et al. (2021))
interacts with the differential demands of different procedures to generate apparent inconsistencies.
Bouchouicha et al. (2026) and Shubatt and Yang (2026) both provide experimental evidence of
apparent inconsistencies that are in line with their proposed cognitive accounts. The fundamental
distinction with our own work is that we develop formal tests of stable preferences across unbiased
measurements while assuming symmetric noise, while they develop potential theories for how cognitive
noise can generate differentially biased measurements and thus lead to distinct measures under stable
preferences.

3This observation is most often attributed to Mosteller and Nogee (1951), though even Thurstone
(1931) carries some recognition of noise in measurement. In the domain of economics experiments, it
is natural to interpret noise in measurement as decision noise, where people’s decisions reflect a noisy
instantiation of their underlying preferences; we often use the terms measurement noise and decision
noise interchangeably.

4Throughout, we use P̂c(safe) and P̂v(safe) to denote empirical objects, and Pc(safe) and Pv(safe)

3



Hence, we derive the attainable set for (Pc(safe),Pv(safe))—that is, combinations
consistent with our model—under the assumption of stable preferences combined
with different sets of assumptions about heterogeneity and noise. Under our most
basic set of assumptions about noise at the level of individual subjects, the decision
probabilities for each subject must satisfy the simple consistency condition of being
on the same side of 1

2 (i.e., Pci(safe) and Pvi(safe) both greater than 1
2 or both less

than 1
2). Aggregating across subjects with our weakest assumptions on heterogeneity

in preferences and noise—which permit arbitrary combinations of individuals each
satisfying the consistency condition above—generates an attainable set that encom-
passes much of the (Pc(safe),Pv(safe)) unit square. Stronger assumptions shrink the
attainable set, but even under our strongest set of assumptions about heterogeneity
and noise, the attainable set still encompasses half the unit square. These theoretical
results motivate new tests of the null of stable preferences in which one compares
an observed combination (P̂c(safe), P̂v(safe)) to null attainable regions instead of the
traditional test of identical measurements.

Our second group of theoretical results demonstrates how richer data can permit
additional tests. If, in addition to (P̂c(safe), P̂v(safe)), the data also provide information
on the mean preference within the population, we can develop predictions for Pc(safe)
conditional on the mean preference. Similarly, if we have access to within-subject data
on both choices and valuations, we can develop subject-level predictions for Pc(safe)
conditional on both the mean preference and their own stated valuation.

Our third group of theoretical results highlights what one can do if one has within-
subject data on both choices and valuations and is willing to take a more structural
approach by imposing functional assumptions on preference heterogeneity and noise.
We focus on one example in which we assume that preference heterogeneity and noise
are jointly normal and independent. We derive how this structure naturally leads to
probit and maximum likelihood estimators that can be used both for testing the null
of stable preferences and, when stability is rejected, for estimating the magnitude of
deviations from stability.

Motivated by our theoretical development, we conduct empirical analyses that
implement our new tests. We use two datasets constructed from existing data. First, we
assemble a dataset of prior experiments from the preference-reversal and choices-versus-
MPLs literatures (323 experiments in total), where we observe P̂c(safe) and P̂v(safe)

to denote theoretical predictions for those objects.
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for each experiment. Second, we pull data from two recent papers (McGranaghan
et al., 2024, 2026) that collect choices and valuations for the same subjects (424
experiments in total).5

We document that, when approached from the perspective of the prior literature,
both datasets are consistent with the received wisdom that people are more likely to
choose a safer option than valuations would imply: across these datasets, approximately
70-80% of experiments indicate P̂c(safe) > P̂v(safe). However, when comparing
(P̂c(safe), P̂v(safe)) to the attainable sets that we derive under our various sets of
assumptions, we cannot reject the null of stable preferences for the majority of
experiments. For instance, even under our strongest set of assumptions, only 45% of
the prior literature’s experiments and 23% of the McGranaghan et al. (2024, 2026)
experiments lie outside of the attainable region for stable preferences. Moreover,
even fewer (20% and 12%) can be statistically differentiated from the attainable
regions—that is, across the two datasets, 80-90% of experiments are consistent with
stable preferences.

Because the McGranaghan et al. (2024, 2026) dataset contains within-subject data
on both choices and valuations, we can use it to assess our conditional predictions. Here,
we see more mixed evidence. When conditioning on an estimate for the mean preference
within the population, P̂c(safe) looks largely consistent with stable preferences. In
contrast, when conditioning on both the mean preference and a subject’s own stated
valuation, P̂c(safe) often looks inconsistent with stable preferences.

Finally, we can also use the McGranaghan et al. (2024, 2026) dataset to pursue
our more structural approach. The data contain 84 distinct groupings on which we
can conduct our analysis (see Section 4 for details). Under the maintained assumption
of joint normality, we are remarkably well-powered, and we reject the null of stable
preferences in roughly 80% of the 84 groupings. That said, when we study the nature
of these deviations, the message differs from the received wisdom that choices induce
greater risk aversion than valuations. In fact, overall, there appears to be no systematic
direction to violations: The estimates indicate that choices induce greater risk aversion
in roughly half of groupings, whereas valuations induce greater risk aversion in the
other half. Perhaps more interesting, different types of experiments reveal different
directional deviations. For decisions between a certain amount and a binary lottery,

5McGranaghan et al. (2024, 2026) collect this data for different purposes from ours, and neither
directly compares choices and valuations in the way that we do here.

5



the estimates indicate that choices tend to induce more risk aversion; for decisions
between a certain amount and a trinary lottery, the estimates indicate that valuations
tend to induce more risk aversion; and for decisions between two binary lotteries, the
estimates indicate no systematic deviation.

Our analysis has three important implications for the central question of whether
there is preference stability across measurement techniques. First, and most impor-
tantly, prima facie inconsistencies across measurement techniques do not necessarily
imply a failure of stable preferences. Our analysis highlights how, to formally test
for preference stability, the analyst must specify assumptions about heterogeneity
and noise so as to identify the appropriate prediction to test. Our analysis further
highlights that, for any test, rejection could mean a rejection of stable preferences but
also could be a rejection of those ancillary assumptions.

Second, we provide guidance for experiments designed to assess preference stability.
In particular, our analysis highlights the value of collecting within-subject data on both
choices and valuations so as to conduct more powerful tests. One interpretation of our
analysis is that tests based on whether observed combinations of (P̂c(safe), P̂v(safe))
fall within some acceptable range have low power to detect deviations from stability
relative to our tests based on richer data. Indeed, under our strongest assumptions of
full joint normality, we infrequently reject the null of stable preferences when using
tests based on observed combinations of (P̂c(safe), P̂v(safe)), whereas with the same
data we frequently reject the null of stable preferences when we use the connections
in the data to study richer empirical objects.

Third, our empirical analysis that implements our tests suggest a very different
message from the received wisdom that choices induce greater risk aversion than
valuations. Our results add nuance to a literature that often draws broad conclusions
about the robustness and directionality of preference reversals. Further work with
purpose-built experiments would be valuable for assessing whether our nuanced findings
are robust and for investigating their source.

This manuscript proceeds as follows: Section 2 reviews prior work evaluating
procedural invariance and testing for preference stability; Section 3 presents our
theoretical framework for evaluating the relationship between choices and valuations
under various assumptions about heterogeneity and noise and develops our new tests;
Section 4 reports on our empirical implementation of our new tests; and Section 5
provides a discussion drawing out implications for the empirical literature on procedural
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invariance, and concludes.

2 Prior Evidence on Choices versus Valuations

While our theoretical insights can be applied more broadly (as we discuss in Section
5), we focus on apparent inconsistencies between two elicitation procedures: choices
versus valuations. In this section, we clarify exactly what we mean by inconsistencies
between these two procedures, and then provide an overview of prior evidence.

2.1 Choices and Valuations

Consider two types of tasks:

• Choice task: We ask a person to make a binary choice between two options.

• Valuation task: We ask a person to state a scalar value yi that makes two
options of equal value.

While choice tasks are straightforward, valuation tasks require additional descrip-
tion. In the domain of choice between lotteries, there are a variety of scalar values
that we could elicit. Here are four examples:6

Valuation Task A: State a yi such that (yi, 1) is of equal value to (30, 0.6).

Valuation Task B: State a yi such that (20, 1) is of equal value to (yi, 0.2; 20, 0.3).

Valuation Task C: State a yi such that (yi, 0.4) is of equal value to (30, 0.2).

Valuation Task D: State a yi such that (20, yi) is of equal value to (30, 0.6).

The simplest form for a valuation task is when we ask a person to state a certainty
equivalent for a lottery (as in Valuation Task A). But valuation tasks can come in
many other forms depending on which value is elicited. For instance, even when
comparing a certain amount to a lottery, rather than elicit the sure amount, we could
elicit one of the amounts in the lottery (as in Valuation Task B). Alternatively, we
might compare two lotteries, in which case we could elicit one of the amounts in one of

6To simplify notation, whenever we use lottery notation, we suppress zero outcomes. Hence,
(30, 0.6) represents a lottery to yields 30 with probability 0.6 and 0 with probability 0.4.
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the lotteries (as in Valuation Task C) or one of the probabilities in one of the lotteries
(as in Valuation Task D). In our language, all of these fall in the broad category of
valuation tasks.

For any specific valuation task, there are multiple ways to elicit a scalar indifference
value. For instance, we might simply ask a person to state a value (i.e., fill in the
blank) or make a bid in the Becker-DeGroot-Marschak random second-price auction
mechanism. Alternatively, we might use a multiple price list (MPL)—that is, a
sequence of binary choices presented in list form where only the value of interest
changes across rows.

2.2 Apparent Inconsistencies Between Choices and Valuations

Suppose we want to measure a person’s preference between two lotteries. One way to
measure that preference is to use a choice task that asks the person to select between
the two lotteries. A second way to measure that preference is through a valuation task
(or tasks) such that the stated value (or values) convey information on the preference
between the two lotteries.7

Our interest is studying apparent inconsistencies between these two approaches.
Hence, for our purposes, an experiment fixes a pair of lotteries, and then one treatment
asks subjects to make a binary choice between the two lotteries, while a second
treatment (within- or between-subjects) elicits a valuation (or valuations) that suggests
a preference between the two lotteries. In all experiments we consider, one lottery can
clearly be labeled the safer lottery, and the empirical quantities (at least initially) are
the proportion of subjects who choose the safer option in the choice task, which we
denote by P̂c(safe), and the proportion of subjects whose valuation(s) suggests they
prefer the safer option, which we denote by P̂v(safe). In line with the prior literature,
we say there are apparent inconsistencies when these empirical quantities differ.

2.3 Prior Evidence

The earliest comparison of choices versus valuations (at least in the domain of risk)
comes from the literature on “preference reversals” initially developed by Lichtenstein

7For instance, suppose the two lotteries of interest are (14, 1) versus (30, 1
2 ). If we use a valuation

task in which we ask the person to state a yi such that (yi, 1) is of equal value to (30, 1
2 ), then a

stated yi < 14 suggests a preference for (14, 1) over (30, 1
2 ), whereas a stated yi > 14 suggests a

preference for (30, 1
2 ) over (14, 1).
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and Slovic (1971) and later popularized in economics by Grether and Plott (1979).
In a typical experiment, subjects are asked to compare two lotteries, one with a high
chance of a moderate prize (called a P -bet) and one with a low chance of a high prize
(called a $-bet); note that the P -bet is the safer option. First, subjects are presented
with both bets and asked to make a choice. Second, subjects are asked to state a
reservation value (i.e., a certainty equivalent) for each lottery independently. The
researchers then compare (i) the proportion of subjects who choose the safer option
but state a higher valuation for the riskier option to (ii) the proportion of subjects who
choose the riskier option but state a higher valuation for the safer option. The typical
finding is that the former substantially exceeds the latter. This finding is formally
equivalent to P̂c(safe) > P̂v(safe), that is, that people appear more risk averse when
making choices than they do when providing valuations.8

More recently, a small literature has investigated whether people behave consistently
when making a binary choice versus when that binary choice is part of an MPL (Brown
and Healy, 2018; Freeman et al., 2019; Freeman and Mayraz, 2019). This literature
uses a between-subjects design with two treatments. In the choice treatment, subjects
are asked to make a choice between two lotteries. In the MPL treatment, subjects
are asked to complete an MPL in which one of the rows is the binary choice from
the choice treatment. The researchers then compare the proportion of subjects who
choose the safer option in the choice treatment versus the proportion of subjects who
choose the safer option in the focal row in the MPL treatment. Again, the common
empirical finding is that P̂c(safe) > P̂v(safe), that is, that people appear more risk
averse when making choices than they do when providing valuations.

Most recently, McGranaghan et al. (2024, 2026) conduct experiments in which they
collect choices and valuations from the same subjects. Their goal was not to compare
choices versus valuations; rather, their focus was comparing pairs of valuations to
study the phenomena of the common ratio effect, the common consequence effect,
and preferences for probabilistic mixtures. They collected data on corresponding
pairs of choices to illustrate an inference problem that arises when studying paired-
choice tasks (in McGranaghan et al. (2024)) and to show that paired choices and
paired valuations can yield similar conclusions in some instances (in McGranaghan

8To see this equivalence, let (a, b) denote the pattern choosing option a ∈ {safe, risky} and stating
a higher valuation for option b ∈ {safe, risky}. Then P̂c(safe) = P̂(safe, safe) + P̂(safe, risky) while
P̂v(safe) = P̂(safe, safe) + P̂(risky, safe), and thus P̂c(safe) > P̂v(safe) if and only if P̂(safe, risky) >

P̂(risky, safe).
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et al. (2026)). However, their data provide a convenience dataset that we can use
for the purposes of this paper. When we reanalyze their data to directly compare
individual choices versus valuations, again it turns out that the vast majority (80%)
of comparisons exhibit P̂c(safe) > P̂v(safe).

In Section 4, we provide more details on the literatures above and their data, and
we then use that data for our empirical application. But first we turn to our main
research question: What exactly can we infer when we observe apparent inconsistencies
of the form described above?

3 Theoretical Analysis of Choices versus Valuations

Apparent inconsistencies between choices and valuations have been interpreted in
two primary ways. On one hand, the preference-reversals literature uses apparent
inconsistencies to suggest that there do not exist stable underlying preferences. On
the other hand, the choices-versus-MPLs literature uses apparent inconsistencies to
suggest that one or both elicitation procedures are generating biased measures of
underlying preferences. Our goal is to assess these claims by developing a theoretical
model that makes predictions for observed behavior under each elicitation procedure.

To simplify our exposition, our analysis in the text focuses on the simple case
where we want person i to compare a lottery X to a sure payment of amount y.
However, the main results and intuitions generalize to the case where a person makes
lottery-versus-lottery comparisons, and they also generalize to the paradigm from the
preference-reversals literature where a person chooses between two lotteries X and Z

and also provides certainty equivalents for both (see Appendix C).
There are two ways in which we can ask a person to make a comparison between a

lottery X and a sure payment of amount y:

• Choice task: We ask person i to make a binary choice between X and y.

• Valuation task: We ask person i to state the value yi that is of equal value to
them as the lottery X.

As described in Section 2, the prior literature compares two quantities: P̂c(y),
the empirical choice frequency of y over X, and P̂v(y), the empirical proportion
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of individuals who exhibit a valuation for X that is lower than the given y.9 In
experimental data, P̂c(y) and P̂v(y) depend on a combination of underlying population
values Pc(y) and Pv(y) and sampling variation due to having finite experimental
samples. We address the latter in Section 4; in this section, we develop a theoretical
model of the underlying population values Pc(y) and Pv(y).

The underlying population values Pc(y) and Pv(y) will reflect a combination of
noise at the individual level and heterogeneity in preferences at the aggregate level.
Hence, in building a stochastic model to make predictions for these quantities, we
start with a model of stochastic behavior at the individual level (in Section 3.1), and
we then incorporate heterogeneity in preferences to generate stochastic behavior at
the aggregate level (in Section 3.2).

3.1 Individual Behavior

We begin with a model of individual-level behavior, and in particular how underlying
preferences combine with noise to generate stochastic behavior at the individual level.
Throughout, we assume:

• For a choice task between X and y, individual i’s underlying preferences involve
an indifference value y∗

ci such that y∗
ci ∼ci X.10 For their actual choice, individual

i chooses y over X when y is larger than yci ≡ y∗
ci + εc, where choice noise εc

has CDF Fc. Individual i thus chooses y with probability Pci(y) = P(y∗
ci + εc ≤

y) = Fc(y − y∗
ci).

• Likewise, for a valuation task, individual i’s underlying preferences involve an
indifference value y∗

vi such that y∗
vi ∼vi X. For their actual valuation, individual

i reports valuation yvi = y∗
vi + εv, where valuation noise εv has CDF Fv. Thus,

the probability that individual i states a valuation for X that is lower than y is
Pvi(y) = P(y∗

vi + εv ≤ y) = Fv(y − y∗
vi).

• We assume that εc and εv are mean zero.
9For a comparison between a lottery X and a sure amount y, the latter is clearly the safer option,

and thus P̂c(y) and P̂v(y) correspond to P̂c(safe) and P̂v(safe) from Section 2.
10We use ∼ci, ≺ci, and ≻ci to denote underlying preferences for choice tasks, and ∼vi, ≺vi, and

≻vi to denote underlying preferences for valuation tasks. Under the null of stable preferences across
the two tasks, we instead use ∼i, ≺i, and ≻i for both.
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The key null hypothesis that we assess in this paper is whether each individual
has a stable underlying preference that is used for both choice tasks and valuation
tasks. We state this formally as Assumption 0:

Assumption 0 (stable preferences). Each individual i has a stable indifference value;
in other words, each individual i has y∗

ci = y∗
vi ≡ y∗

i .

With stable preferences, the two key equations are:

Pci(y) = P(εc ≤ y−y∗
i ) = Fc(y−y∗

i ) and Pvi(y) = P(εv ≤ y−y∗
i ) = Fv(y−y∗

i ). (1)

This formulation assumes that decision noise enters at the level of the response
variable—that is, for the response variable y, a person has an underlying value y∗

i that
reflects their preferences, but their behavior is influenced by an additive distortion to
y∗

i . In many analyses, it is assumed instead that decision noise enters at the level of
utility—for instance, researchers often assume that decisions under risk are determined
from expected utility preferences combined with an additive distortion to utility. In
Appendix C, we demonstrate that most of the results below remain unchanged with
that formulation.

We are interested in developing predictions for what combinations of individual-level
decision probabilities (Pci(y),Pvi(y)) are possible under stable preferences combined
with various ancillary assumptions. Specifically, we focus on the following notion of
attainability:

Definition 1. Given a set of assumptions on the distribution over (εc, εv), the at-
tainable set Ai is the set of all (a, b) ∈ [0, 1]2 such that Pci(y) = Fc(y − y∗

i ) = a

and Pvi(y) = Fv(y − y∗
i ) = b for some y∗

i and some distribution over (εc, εv) that is
consistent with the assumptions.

In this framework, choices and valuations are both noisy measures of underlying
preferences. The individual decision probabilities Pci(y) and Pvi(y) depend on a
combination of (i) how the offered y compares to the individual’s underlying preference
y∗

i and (ii) how the person’s behavior is impacted by choice noise versus valuation
noise. To build intuition, we consider a few examples.

First, note that if the choice noise and the valuation noise are identical (i.e.,
Fc(x) = Fv(x) for all x), then

Pci(y) = Fc(y − y∗
i ) = Fv(y − y∗

i ) = Pvi(y).

12



Hence:

Remark 1. If noise is identical for choices and valuations, then Ai = {(a, b)|a = b}.

Thus, one way to justify the simple null of Pci(y) = Pvi(y) is to assume that noise
is identical for choices and valuations. Without supporting evidence, however, this
seems a very strong assumption, and indeed for our structural analysis in Section 4.5,
if we were to assume stable preferences, we would conclude that choices are noisier
than valuations. Once we permit differential noise for choices versus valuations, the
attainable set can expand considerably. Indeed, Example 1 highlights that, if the only
restriction on choice and valuation noise is that they both must be mean zero, any
pattern is possible for Pci(y) and Pvi(y).

Example 1: For any y and any (a, b) ∈ (0, 1)2, one can find a y∗
i and mean-zero Fc

and Fv such that Pci(y) = Fc(y − y∗
i ) = a and Pvi(y) = Fv(y − y∗

i ) = b. For instance,
given a y, choose a y∗

i < y and a δ > y − y∗
i , and then assume

εc =
 δ with probability 1 − a

−(1−a)δ
a

with probability a
εv =

 δ with probability 1 − b
−(1−b)δ

b
with probability b.

By construction, a person with this y∗
i and these noise distributions would have

Pci(y) = a and Pvi(y) = b.

Example 1 highlights that, if we want to have any hope of rejecting the null of
stable preferences, we must impose restrictions on the nature of noise. One common
restriction in applications is that noise is symmetric about its mean of zero.11

Assumption 1 (symmetric noises). The distributions of choice noise and valuation
noise are both continuous and symmetric, i.e., Fc and Fv are both continuous with
Fc(x) = 1 − Fc(−x) and Fv(x) = 1 − Fv(−x) for all x.

Figure 1 illustrates what the attainable set Ai might look like under some known
distributions for εc and εv that are consistent with symmetric noise. The curve in
panel A depicts a generic Ai for fixed Fc and Fv that are symmetric and continuous
with the same convex support. In general, once we fix an Fc, an Fv, and a y—so the

11To simplify the exposition, whenever we assume a distribution is symmetric, we also assume it is
continuous; however, except for a few minor details, continuity can be relaxed without affecting our
results.
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Figure 1: Individual Choice and Valuation Probabilities with Known Noise

Notes: Figure presents possible (Pci(y),Pvi(y)) combinations given fixed choice and valuation noise
distributions Fc and Fv. Panel A depicts possible combinations for generic Fc and Fv that are
symmetric and continuous with the same convex support; any such curve must be contained in
regions SX and Sy. Panel B depicts possible combinations when Fc and Fv are both mean-zero
normal distributions with k ≡ σ2

c

σ2
v

∈ {4, 2, 1
2 , 1

4 }; bold line corresponds to k = 2. When k > 1 (choices
noisier than valuations), curve must be contained in regions CX and Cy; when k < 1 (valuations
noisier than choices), curve must be contained in regions VX and Vy.

only unknown is where y∗
i falls in relation to that y—the set of possible (Pci(y),Pvi(y))

will be a weakly increasing curve, where different points on the curve correspond to
different y∗

i (i.e., a smaller y∗
i implies a larger y − y∗

i and thus both Pci(y) and Pvi(y)
must be weakly larger). If Fc and Fv are symmetric, then this curve must pass through
(1

2 ,
1
2) and be symmetric around (1

2 ,
1
2). Finally, if Fc and Fv have the same convex

support, this curve must be strictly increasing from (0, 0) to (1, 1), as depicted by the
curve in panel A.

Any weakly increasing curve that passes through (1
2 ,

1
2) must be contained within

the two shaded regions in panel A denoted Sy and SX . Since these will appear in our
results, we provide formal definitions:

Sy ≡
[1
2 , 1

]2
and SX ≡

[
0, 1

2

]2
.

The labels reflect that, with symmetric noises, the outcome for individual i will be in
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Sy when y ≻i X and in SX when X ≻i y.
Panel B of Figure 1 depicts the case where Fc and Fv are both known mean-zero

normal distributions with variances σ2
c and σ2

v . The four curves reflect four different
values of k ≡ σ2

c/σ
2
v . When the ratio of the variances is larger than one, which

means that choices are noisier than valuations, within Sy the curve must lie above
the 45-degree line in the region labeled Cy, whereas within SX the curve must lie
below the 45-degree line in the region labeled CX . Intuitively, when choices are noisier
than valuations, Pci(y) will be closer to 1

2 (which reflects random choice), while Pvi(y)
will be closer to 0 or 1 (which reflects implementing one’s underlying preference).
Analogously, when the ratio of the variances is smaller than one, which means that
valuations are noisier than choices, within Sy the curve must lie below the 45-degree
line in the region labeled Vy, whereas within SX the curve must lie above the 45-degree
line in the region labeled VX . Finally, the further is the ratio of variances from one,
the more the curve deviates from the 45-degree line.

Again, the curves in Figure 1 reflect the attainable set for known noise distributions.
When analyzing experimental data, however, one won’t know the specific noise
distributions, and thus we want to identify the attainable set when we permit all
possible noise distributions that satisfy a set of assumptions. From Figure 1, one can
see that under symmetric normal-normal noise, if we have the flexibility to choose
any σ2

c and σ2
v , we can produce a curve that goes through any point strictly in the

interior of Sy ∪ SX . Lemma 1 establishes that under more general symmetric noise,
the conclusion is much the same except we can generate outcomes along the edges as
well.12

Lemma 1. Under symmetric noises:

1. Ai = Sy ∪ SX ;

2. If y > y∗
i , (Pci(y),Pvi(y)) ∈ Sy, and if y < y∗

i , (Pci(y),Pvi(y)) ∈ SX ; and

3. If y = y∗
i , then (Pci(y),Pvi(y)) =

(
1
2 ,

1
2

)
.

The intuition for Lemma 1 is exactly as already expressed above. Whenever
y ≥ y∗

i and thus y ≿i X in terms of underlying preferences, symmetric noise implies
Pci(y) ≥ 1

2 and Pvi(y) ≥ 1
2 (because Pci(y) = Fc(y − y∗

i ) ≥ Fc(0) = 1
2 and Pvi(y) =

12The proof for Lemma 1 and all propositions are collected in Appendix B.
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Fv(y − y∗
i ) ≥ Fv(0) = 1

2). An analogous intuition holds whenever y ≤ y∗
i and thus

y ≾i X in terms of underlying preferences.13

The symmetric normal-normal case in Figure 1 also illustrates the impact of choices
being noisier than valuations versus valuations being noisier than choices. We first
formalize the regions in panel B of Figure 1:

Cy ≡ Sy ∩ {(a, b) | b ≥ a} and CX ≡ SX ∩ {(a, b) | b ≤ a},

and
Vy ≡ Sy ∩ {(a, b) | b ≤ a} and VX ≡ SX ∩ {(a, b) | b ≥ a}.

In the normal-normal case, when choices are noisier than valuations (i.e., σ2
c > σ2

v),
the outcome must lie in Cy ∪ CX , whereas when valuations are noisier than choices
(i.e., σ2

v > σ2
c ), the outcome must lie in Vy ∪ VX . This conclusion generalizes to

a more general definition of the noises being ordered (which we introduce later as
Assumption 5). However, since one could easily imagine noises not being ordered or
being ordered in different ways for different people, and since one cannot easily assess
whether the noises are ordered without assuming additional structure, we do not yet
make any assumptions on this dimension.

One might wonder whether additional restrictions on noise at the individual level
could shrink Ai to something smaller than Sy ∪ SX . However, because the normal-
normal case can attain any point in the interior of Sy ∪ SX , any such additional
restriction would need to be something that excludes the normal-normal case. Since
this seems unappealing from an applied perspective, we impose no further restrictions.

Lemma 1 characterizes the attainable set at the individual level under stable
preferences and symmetric noises. If we had many repeated observations of choices
and valuations at the individual level so that we could measure Pci(y) and Pvi(y),
we could assess the null of stable preferences combined with symmetric noises at the
individual level. However, in experiments, we virtually always observe aggregate data
from a heterogeneous population. Hence, before we can develop tests of the null of
stable preferences, we need to build a model of aggregate behavior.

13Note that Assumption 1 is sufficient but not necessary for Lemma 1. All that is required is
that Fc and Fv have the same median, in which case y − y∗

i larger than that median must yield an
outcome in Sy and y − y∗

i smaller than that median must yield an outcome in SX . Also note that
part (3) of Lemma 1 is a detail that relies on continuity of Fc and Fv; without continuity, y = y∗

i

implies (Pci(y),Pvi(y)) ∈ Sy.
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3.2 Aggregate Behavior

To specify a model of stochastic behavior at the aggregate level, we need to introduce
heterogeneity in preferences and heterogeneity in decision noise. To do so, we use the
following structure:

• Heterogeneity in preferences: Individual preferences are realizations of a random
variable y∗

i = µ+ η, where µ ∈ R is the population mean preference, and η is a
mean-zero random variable with CDF H. Under Assumption 0, each individual
gets a single draw of η (and thus a single y∗

i ) that applies for both choices and
valuations.

• Heterogeneity in decision noise: The additive noise shocks εc and εv can be
correlated with η.

With this structure, the aggregate decision probabilities are:

Pc(y) = P(y∗
i + εc ≤ y) = P(µ+ η + εc ≤ y);

Pv(y) = P(y∗
i + εv ≤ y) = P(µ+ η + εv ≤ y).

We are now interested in the attainable set A for the population proportions
(Pc(y),Pv(y)), which we define analogously to the attainable set Ai for (Pci(y),Pvi(y)).

Definition 2. Given a set of assumptions on the distribution over (η, εc, εv), the
attainable set A is the set of all (a, b) ∈ [0, 1]2 such that Pc(y) = a and Pv(y) = b for
some µ and some distribution over (η, εc, εv) that is consistent with the assumptions.

We first note that if we make no assumptions beyond symmetry of each individual’s
noises, that is, symmetry of εc|η and εv|η, then the attainable set at the population
level is the convex hull of Sy ∪ SX .

Proposition 1. Under stable preferences and (conditionally) symmetric noises, A =
conv(Sy ∪ SX).

Panel A in Figure 2 depicts the attainable set from Proposition 1. The intuition is
straightforward. Lemma 1 establishes that for any point in Sy ∪SX , an individual could
exhibit those decision probabilities. If we then put no restrictions on the distribution
of preferences and permit people with different y∗

i to have different noise distributions,
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Figure 2: Attainable Sets from Propositions 1 and 2

Notes: Figure presents possible (Pc(y),Pv(y)) combinations given unknown choice and valuation
noise that satisfy assumptions of Propositions 1 and 2. Panel A depicts possible combinations under
unknown noise that is only symmetric (Assumption 1), with attainable set A = conv(Sy ∪ SX). Panel
B depicts possible combinations under unknown noise that is both symmetric and independent of
preferences (Assumptions 1 and 2), with attainable set A = conv(Cy ∪ CX) ∪ conv(Vy ∪ VX).

we can create a population that consists of any distribution across points in Sy ∪ SX .
It immediately follows that we can get average behavior anywhere in conv(Sy ∪ SX).

Proposition 1 suggests a possible test of the null of stable preferences: If we want
to assume very little—specifically, only that everyone has symmetric noises—then
to reject the null of stable preferences, we would need to reject that an experiment
lies in conv(Sy ∪ SX). As we will see, nearly the entirety of the preference-reversals
literature lies within this set. Thus, one might be interested in imposing additional
assumptions to gain restrictions on the set of attainable outcomes.

A natural next step to restrict the attainable set is to assume that preferences and
decision noise are independent from each other:

Assumption 2 (preferences independent of noise). (εc, εv) is independent of η, and
thus all individuals have the same CDF Fc for εc, and all individuals have the same
CDF Fv for εv.

Under Assumption 2, for any fixed Fc and Fv that are symmetric and the same for
everyone, the set of (Pci(y),Pvi(y)) that could emerge across different y∗

i must be a
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weakly increasing curve that is symmetric around (1
2 ,

1
2) (as in Figure 1). Without

any restrictions on the distribution of η, we could then attain any (Pc(y),Pv(y)) in
the convex hull of that curve. Because we can choose any symmetric Fc and Fv that
we want, it follows that a point is in the attainable set A if it is part of the convex
hull of any weakly increasing curve that is symmetric around (1

2 ,
1
2). Applying this

insight yields Proposition 2.

Proposition 2. Under stable preferences and symmetric noises, if preferences are
independent of noise, then A = conv(Cy ∪ CX) ∪ conv(Vy ∪ VX).

To provide some intuition for Proposition 2, consider the restriction of the attainable
set relative to Proposition 1. Specific values of (Pc(y),Pv(y)) are eliminated; these
values correspond to combinations of correlated types (e.g., combining individuals
exhibiting y∗

i > y and valuations noisier than choices with those exhibiting y∗
i < y and

choices noisier than valuations). With preferences independent of noise, (Pc(y),Pv(y))
values attainable by relying on such correlation are no longer permissible.

Proposition 2 suggests another possible test of the null of stable preferences: If
we are willing to assume that everyone has symmetric noises and that preferences
and noise are independent, then to reject the null of stable preferences we would need
to reject that an experiment lies in conv(Cy ∪ CX) ∪ conv(Vy ∪ VX). This region is
illustrated in panel B of Figure 2. Notably, whether preferences are required to be
independent of noise makes relatively little difference to the set of attainable outcomes,
such that many studies (as we will see) will lie within the attainable regions for both
Proposition 1 and 2.

Hence, further assumptions are required to more meaningfully restrict the set of
attainable outcomes. Propositions 1 and 2 rely on the freedom to use any distribution
of preferences. We next restrict preferences to be symmetric.

Assumption 3 (symmetric preferences). The distribution of preferences is continuous
and symmetric, i.e., H is continuous with H(x) = 1 −H(−x) for all x.

Under Assumptions 1, 2, and 3, it is natural to define the random variables yc and
yv as

yc ≡ y∗
i + εc = µ+ η + εc = µ+ νc

and
yv ≡ y∗

i + εv = µ+ η + εv = µ+ νv
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where νc = η + εc and νv = η + εv. Note that νc and νv are both sums of independent
symmetric mean-zero random variables and thus are themselves symmetric mean-zero
random variables. Letting Gc and Gv denote the CDFs for νc and νv, we can write
the aggregate decision probabilities as:

Pc(y) = P(y ≥ µ+ νc) = Gc(y − µ) and Pv(y) = P(y ≥ µ+ νv) = Gv(y − µ). (2)

Comparing (1) and (2), we have:

Remark 2. In terms of the attainable set, an aggregate-level model with symmetric
noise and symmetric preferences with mean µ that are independent of noise is observa-
tionally equivalent to an individual-level model with y∗

i = µ and symmetric mean-zero
noise.

Remark 2 immediately leads to Proposition 3, which is the analogue of Lemma 1:

Proposition 3. Under stable preferences and symmetric noises, if preferences are
symmetric and independent of noise, then:

1. A = Sy ∪ SX ;

2. If y > µ, (Pc(y),Pv(y)) ∈ Sy, and if y < µ, (Pc(y),Pv(y)) ∈ SX ; and

3. If y = µ, then (Pc(y),Pv(y)) =
(

1
2 ,

1
2

)
.

Part 1 of Proposition 3 provides another test of the null of stable preferences
when comparing aggregate shares in an experiment. If we are willing to make the
ancillary assumptions that noise is symmetric and that preferences are symmetric
and independent of noise, then we can test the null of stable preferences by assessing
whether an experiment lies outside of Sy ∪ SX . Stated differently, Proposition 3(1)
requires congruence between the signs of Pc(y) − 1

2 and Pv(y) − 1
2 .14

While Proposition 3 permits Pc(y) = Pv(y), it does not provide conditions under
which we would predict Pc(y) = Pv(y), which would then reflect conditions under
which standard tests are valid. It turns out that, under two further assumptions, we
would predict Pc(y) = Pv(y) only in one special case.

14Analogous to part (3) of Lemma 1, part (3) or Proposition 3 is a detail that relies on continuity
of Fc and Fv; without continuity, y = µ implies (Pc(y),Pv(y)) ∈ Sy.
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Assumption 4 (unimodal preferences). H has a strictly unimodal density h on a
convex support S. That is, for any x1 > x2 ≥ 0, h(x1) ≤ h(x2) and h(−x1) ≤ h(−x2),
where both inequalities are strict when x1 ∈ S.

Assumption 5 (ordered noise). At least one of the following holds:

1. Choices are noisier than valuations: Fv(z) < Fc(z) whenever z < 0 and Fv(z) > 0,
and Fv(z) > Fc(z) whenever z > 0 and Fv(z) < 1.

2. Valuations are noisier than choices: Fc(z) < Fv(z) whenever z < 0 and Fc(z) > 0,
and Fc(z) > Fv(z) whenever z > 0 and Fc(z) < 1.

The assumption of unimodal preferences is strong, but it is commonly used (e.g.,
if preferences are normally distributed). The assumption of ordered noise generalizes
what we saw for the normal-normal case in Figure 1, where σ2

c/σ
2
v greater or less than

one determined whether choices or valuations are noisier.

Proposition 4. Under stable preferences and symmetric and ordered noises, if
preferences are symmetric, unimodal, and independent of noise, then Pc(y) = Pv(y) ∈
(0, 1) if and only if y = µ, in which case Pc(y) = Pv(y) = 1

2 .

Proposition 4 highlights a different problem with the typical approach of testing
whether the aggregate shares are the same. Up to now, we have emphasized that a
simple test of the null Pc(y) = Pv(y) is not enough to test the null of stable preferences
unless one is willing to make very strong ancillary assumptions (e.g., that the choice
noise and the valuation noise are identical). In Proposition 4, we see a second problem:
Under the types of regularity assumptions frequently made in economics—symmetric
continuous noise and symmetric unimodal preferences—stable preferences combined
with differential noise across elicitation techniques would in fact yield Pc(y) = Pv(y)
only if we happen to be conducting the experiment at y = µ. Since the population mean
preference is typically something one would not know when designing an experiment,
a strong interpretation is that, in fact, under stable preferences, we should not expect
to see Pc(y) = Pv(y) in any experiments.

3.3 Leveraging Richer Data for Additional Tests

In line with the prior literatures on preference reversals and on comparing choices versus
valuations, Section 3.2 focused on predictions for Pc(y) and Pv(y). However, the null of
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stable preferences combined with various ancillary assumptions also makes qualitative
predictions for other objects. In this section, we highlight two such predictions, where
each takes advantage of richer data structures (if they are available).

3.3.1 Using Quantitative Information on Mean Preferences from Valua-
tions

Part 2 of Proposition 3 suggests another test of stable preferences (combined with
Assumptions 1–3): If y > µ, then Pc(y) ≥ 1

2 , and if y < µ, then Pc(y) ≤ 1
2 . Testing

this prediction requires knowledge of µ. While we cannot observe µ, if a dataset
contains the full distribution of yvi in the valuation task, we can obtain an estimate
of µ. We can then evaluate Proposition 3(2) using that empirical analog of µ. We
describe one such implementation in Section 4.3.

3.3.2 Analyzing Conditional Choices

If one has linked data at the individual level—that is, for each individual we observe
both their choice between y and X and their stated valuation yvi for X—additional
tests become possible.

Consider the following natural conjecture: Because it is true under symmetric
noise that

Pc(y|y = y∗
i ) = 1

2
and that E[yvi] = y∗

i , one might conjecture that15

Pc(y|y = yvi) = 1
2 .

It turns out that this property is unlikely to hold even in the types of symmetric,
smooth, and independent environments often used in economics. In particular, suppose
we assume symmetric noises and stable preferences that are symmetric, unimodal,
and independent of noise. In addition, assume:

Assumption 6 (independent noise). εc and εv are independent.

15While the conditioning event is null, this is formally a regular conditional probability distribution,
which is uniquely defined up to a null set. Also note that we can observe Pc(y|y = yvi) only if yvi − µ
is in the support of η + εv; hence, everything below makes this assumption.
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Assumption 7 (positive densities). εc and εv have densities fc and fv, respectively,
that are positive on an open interval containing zero.

The following proposition establishes that, under these conditions, this conjecture
holds only if y is equal to the mean preference.

Proposition 5. Under stable preferences and symmetric noises, if preferences are
symmetric, unimodal, and independent of noise, and the noise is independent with
positive densities, then Pc(y | y = yvi) = 1

2 if and only if y = µ. Moreover, if y > µ

then Pc(y | y = yvi) > 1
2 , and if y < µ then Pc(y | y = yvi) < 1

2 .

The intuition for Proposition 5 is easy to see when the noise is also unimodal.
Consider an experiment with y > µ. When we observe that a person reports a valuation
yvi = y, it need not be the case that E[y∗

i |yvi = y] = y; indeed, with symmetric and
unimodal preferences and symmetric and unimodal noise, it must be that E[y∗

i |yvi = y]
is in between µ and y. Hence, for this person, y will be relatively attractive, and thus
it leads to a conditional choice probability greater than 1

2 . An analogous argument
holds for an experiment with y < µ, leading to a conditional choice probability less
than 1

2 .
On one hand, this result is a point of caution. It is tempting to think that one way

to test for stable preferences is to test whether P(y|yvi = y) = 1
2 . Analogous to our

discussion after Proposition 4, however, such a test is valid only if we are confident
that we are conducting an experiment precisely at y = µ.

On the other hand, Proposition 5 suggests another test of stable preferences
(combined with Assumptions 1-4 and 6-7): If y > µ then Pc(y|yvi = y) > 1

2 , and
if y < µ then Pc(y|yvi = y) < 1

2 . As for the prediction in Section 3.3.1, testing
this prediction requires knowledge of µ. Again, if a linked dataset contains the full
distribution of yvi in the valuation task, we can obtain an estimate of µ and conduct
the exercise with the empirical analog of µ. We describe one such implementation in
Section 4.4.

3.4 Tests Based on Estimates of Structural Parameters

Up to now, our assumptions have involved qualitative features of the distributions
of noise and preferences and have led to assessments of stability free from precise
distributional assumptions. If one is willing to make structural assumptions about the
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distributions, and if one has the appropriate variation in one’s data, one can develop
tests based on estimates of structural parameters. Moreover, with such estimates,
one can also obtain quantitative estimates of the magnitudes of instability. In this
section, we present an example of such a structural approach in which we assume all
distributions are normal.

3.4.1 Underlying Structural Assumptions

Suppose that the population distribution of underlying preferences is given byy∗
ci

y∗
vi

 ∼ N

µc

µv

 ,

γ2
c γcv

γcv γ2
v

 .

With this structure, the null of stable preferences would mean that µc = µv and
γ2

c = γ2
v = γcv (which together imply that every individual has y∗

ci = y∗
vi). Because the

approaches below do not provide direct estimates for γ2
c and γ2

v , we focus our analysis
on testing the null of µc = µv, that is, of stable mean preferences.

We assume that noise is independent of preferences, and we further assume that εc

and εv both have mean-zero normal distributions with variances σ2
c and σ2

v , respectively.
Finally, we assume the two types of noise are independent of each other.16

Recall that a person chooses y over X when y is larger than yci ≡ y∗
ci + εc, and the

person reports valuation for X of yvi ≡ y∗
vi + εv. Under the assumptions above, the

joint distribution of yci and yvi is bivariate normal:yci

yvi

 ∼ N

µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 . (3)

Equation (3) can be used to generate structural predictions from which one can
base additional tests of stable preferences and quantification of deviations therefrom.

3.4.2 Probit Formulation

If one collects within-subjects responses for both choices and valuations, this framework
generates a prediction for Pc(y|yvi). In particular, because yci and yvi are joint normal,

16Note that this structure satisfies all of Assumptions 1-7, unless σ2
c = σ2

v , in which case ordered
noise only weakly holds.
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the conditional distribution of yci given a specific valuation of yvi is normal.17 From
that conditional distribution one can derive that

Pc(y|yvi) = Φ
µv − µc

V
+

(
1 − γcv

σ2
v+γ2

v

)
V

(y − µv) +
γcv

σ2
v+γ2

v

V
(y − yvi)


where V 2 ≡ σ2

c + γ2
c − (γcv)2

σ2
v+γ2

v
and Φ is the CDF for a standard normal distribution.

Replacing y−µv with its sample analog from valuations, y−yvi, yields a simple probit
regression:

Pc(y|yvi) = Φ (α + β1(y − yvi) + β2(y − yvi)) , (4)

where α = µv−µc

V
, β1 =

(
1− γcv

σ2
v+γ2

v

)
V

β2 =
γcv

σ2
v+γ2

v

V
, and β1 + β2 = 1

V
. Hence, if one has

“groupings” of experiments (i.e., multiple values of y for a fixed X such that there is
variation in y − yvi), one can obtain estimates for α, β1, and β2.18

With these estimates in hand, one can test the null of stable mean preferences.
Specifically, an estimate for µv − µc can be derived from combining regression coeffi-
cients,

µ̂v − µc = α̂

β̂1 + β̂2
,

with standard error derived from the delta method. We can then conduct a formal
test of the null of µv − µc = 0.

The probit estimates can also be used to quantify the behavioral impact of devia-
tions from stable preferences. The quantity Pc(µv|yvi = µv) is the choice probability in
the idealized experiment where we are able to select y = µv and in addition focus on
participants who state a valuation equal to that µv. Under joint normality and stable
preferences, this quantity would be 1

2 . Within our probit structure, Φ(α̂) represents
an estimate of Pc(µv|yvi = µv).

3.4.3 MLE Formulation

The probit estimator of equation (4) relies on replacing y − µv with its sample
analog y − yvi. This introduces the possible challenge of measurement error biasing
corresponding estimates. Attenuation bias could naturally lead to measures of α

17Specifically, yci|yvi ∼ N
(

µc + γcv

σ2
v+γ2

v
(yvi − µv), V 2

)
, where V 2 ≡ σ2

c + γ2
c − (γcv)2

σ2
v+γ2

v
.

18The key challenge is obtaining enough variation in y − yvi to separately identify α and β1 since
y − yvi will vary only across experiments through variation in y.
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closer to zero, working against finding evidence of preference instability. A natural
alternative is to estimate mean preferences alongside the other variables of interest by
pursuing a maximum likelihood approach.

For such an approach, one again needs within-subjects responses for both choices
and valuations. For an MLE approach, it is also natural to account for the interval
nature of most valuations data. In particular, imagine a person provides a valuation
in the region (yL, yH) (e.g., the interval that corresponds to the switching point in
a MPL eliciting yvi), and that when offered a choice between X and y, they choose
y. The likelihood of such an observation is the probability of (yci, yvi) falling within
the rectangle (−∞, y) × (yL, yH). Under the normal-normal-normal specification here,
it is straightforward to calculate this probability given the joint normal distribution
in equation (3). Maximizing the log likelihood of observations with respect to the
parameters µc, µv, (σ2

c + γ2
c ), (σ2

v + γ2
v), and γcv yields estimates of the corresponding

parameters using conventional techniques. See Appendix E for details.
Because the MLE approach yields estimates for both µ̂c and µ̂v, we can directly

test the null of µv − µc = 0. In addition, under the MLE approach, we obtain an
estimate of Pc(µv|yvi = µv), which again provides a sense of the behavioral impact of
deviations from stable preferences, using Φ

(
µ̂v−µc

V̂

)
.19

4 Empirical Application

Our theoretical analysis in Section 3 provides multiple ways to test the null of stable
preferences; we summarize these tests in Table 1. Note that each test is in fact a joint
test of stable preferences combined with some combination of ancillary assumptions.
In this section, we conduct an empirical implementation of these tests.

4.1 Dataset Construction

We begin by constructing two datasets. The first is constructed using data from the
prior literature on preference reversals and the prior literature on choices-versus-MPLs.
The second is constructed using data from two recent studies by McGranaghan et al.
(2024, 2026) that are well-suited for the present paper.

Data from Prior Literature: To construct a dataset based on the preference-
19V̂ is the estimate for V , the conditional standard deviation for yci|yvi

; see footnote 17.
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Table 1: Summary of Tests of Stable Preferences

Result Assumptions Prediction to Test

Panel A: Simple Qualitative Tests

Remark 1 Stable preferences plus identical noise Pc(y) = Pv(y)
Proposition 1 Stable preferences plus symmetric noise (Pc(y),Pv(y)) ∈ conv(Sy ∪ SX)
Proposition 2 Stable preferences plus symmetric noise

that is independent of preferences
(Pc(y),Pv(y)) ∈

conv(Cy ∪ CX) ∪ conv(Vy ∪ VX)
Proposition 3(1) Stable preferences plus symmetric

preferences and symmetric noise that
is independent of preferences

(Pc(y),Pv(y)) ∈ Sy ∪ SX

Panel B: Qualitative Tests Using Valuations to Estimate µ

Proposition 3(2) Stable preferences plus symmetric
preferences and symmetric noise that
is independent of preferences

If y > µ, Pc(y) > 1
2 ; if y < µ, Pc(y) < 1

2

Proposition 5 Stable preferences plus symmetric
unimodal preferences and symmetric
independent noise with positive
densities that is independent of
preferences

If y > µ, Pc(y|yvi = y) > 1
2 ; if y < µ,

Pc(y|yvi = y) < 1
2

Panel C: Structural Tests Using Linked Choices and Valuations(
y∗

ci

y∗
vi

)
∼ N

((
µc

µv

)
,

(
γ2

c γcv

γcv γ2
v

))
,

εc ∼ N(0, σ2
c ), and εv ∼ N(0, σ2

v), all
three independent

Structural (Probit or MLE) estimates
for evaluation of µc = µv

reversal literature, we draw from a recent meta-analysis by Lu (2026). In Table 2 from
Lu’s Online Supplementary Material, there are 462 experiments from 54 studies for
which one could calculate the empirical quantities (P̂c(y), P̂v(y)). A research assistant
attempted to collect the 54 original studies to verify (and, in very few instances,
adjust) the numbers. The research assistant was able to confirm the numbers for 314
experiments from 42 studies, and that is the data that we use here. See Appendix D.1
for details.20

To construct data based on the choices-versus-MPLs literature, we pull the needed
data ourselves from the three key studies in this literature (Brown and Healy, 2018;

20A number of the original studies, including the seminal work of Grether and Plott (1979), report
only combined numbers across multiple conditions—i.e., across multiple “experiments”. Rather than
exclude these, we chose to consider the combined numbers to be one experiment. See Appendix D.1
for more details.
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Freeman et al., 2019; Freeman and Mayraz, 2019). Specifically, we identify nine
experiments in these studies; see Appendix D.2 for details.

On net, then, our prior-literature dataset consists of 323 experiments. For each
experiment, we identify the safer and riskier lotteries, and we harmonize the data such
that P̂c(y) corresponds to the proportion of subjects choosing the safer alternative
and P̂v(y) corresponds to the proportion of subjects stating a higher valuation for
the safer alternative (in the case of a preference-reversal experiment) or having a
valuation that would indicate a preference for the safer alternative (in the case of a
choices-versus-MPLS experiment). Hence, for each experiment, the data include P̂c(y),
P̂v(y), and the number of participants for each. Across all 323 experiments, valuations
are provided by an average of 101 subjects and choices are provided by an average of
96 subjects, yielding 32,695 total valuations and 30,949 total choices.

Data from McGranaghan et al. (2024, 2026): These studies collect choices
and valuations from the same subjects. For each study, the goal was not to compare
choices versus valuations; rather, their focus was comparing pairs of valuations to
study the phenomena of the common ratio effect, the common consequence effect, and
preferences for probabilistic mixtures. They collected data on corresponding pairs
of choices to illustrate an inference problem that arises when studying paired choice
tasks (in McGranaghan et al. (2024)) and to show that paired choices and paired
valuations can yield similar conclusions in some instances (in McGranaghan et al.
(2026)). However, their data provide a convenience dataset that we can use for the
purposes of this paper.

In McGranaghan et al. (2024), there are 160 experiments—that is, 160 cases where
a set of subjects make a binary choice and also provide a valuation linked to that binary
choice. In McGranaghan et al. (2026), there are another 264 experiments. For each of
these 424 experiments, we identify the safer and riskier lotteries, and we harmonize
the data such that P̂c(y) corresponds to the proportion of subjects choosing the safer
alternative and P̂v(y) corresponds to the proportion of subjects having a valuation that
would indicate a preference for the safer alternative. Hence, for each experiment, the
data include P̂c(y), P̂v(y), and the number of participants. Across all 424 experiments,
there are 68,448 observations for both choices and valuations, and thus an average of
161 subjects per experiment (again, each experiment is within-subject).

These two studies have two additional advantages. First, the data contain each
individual valuation, and thus we can calculate the average valuation (i.e., yvi) as
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a proxy for mean preferences for different samples. Second, the experiments come
in precisely the “groupings” needed to conduct the structural tests from Section 3.4.
Specifically, a grouping consists of a set of experiments that all use the same valuation
task for a specific lottery X, but which differ in y.21 In McGranaghan et al. (2024),
there are 40 different groupings (40 different X’s and corresponding valuation tasks),
where each grouping contains four different experiments (4 different values for y). In
McGranaghan et al. (2026), there are 44 different groupings, where each grouping
contains six different experiments. On net, there are 84 groupings, with an average of
815 subjects in each grouping (i.e., completing each of the 84 valuation tasks across
the two studies).

There are some differences across the 424 experiments and across the 84 groupings—
see Appendix D.3 for more details. While most of those details are unimportant for
our analysis in this paper, we do highlight one detail that turns out to be important.
Across the two studies, subjects are asked to make three kinds of comparisons: (i) a
comparison between a certain amount and a binary lottery (which they label an AB

decision), (ii) a comparison between a certain amount and a trinary lottery (an AB′

decision), and (iii) a comparison between two binary lotteries (a CD decision).22

4.2 The Standard Test from the Prior Literature

Using our collected datasets, we first conduct the standard test used in the prior
literature on preference reversals and the prior literature on choices-vs-MPLs—that is,
we test the null of Pc(y) = Pv(y).

In Figure 3, we plot for each experiment the observed values of P̂c(y) and P̂v(y)
with reference to the 45-degree line of equality. In panel A, we present the data for the
prior literature; in panel B, we present the data from McGranaghan et al. (2024, 2026).
Within the prior literature, 232 of 323 experiments (72%) exhibit P̂c(y) > P̂v(y), and
within the McGranaghan et al. (2024, 2026) data 341 of 424 experiments (80%) exhibit
P̂c(y) > P̂v(y). Hence, both datasets are consistent with the received wisdom that
people are more likely to choose a safer option than valuations would imply.

21This variation in y for a fixed valuation task yields variation in y−yvi, which is key to identification
in our structural approaches (see footnote 18).

22For certain-vs.-binary comparisons, there are 64 experiments (on average, 403 subjects per
experiment) across 14 groupings (on average, 1844 subjects per grouping). For certain-vs.-trinary
comparisons, there are 120 experiments (140 subjects per experiment) across 20 groupings (840
subjects per grouping). And for binary-vs.-binary comparisons, there are 240 experiments (107
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Figure 3: Applying the Standard Test of Stable Preferences

Notes: Figure presents observed aggregate choice and valuation proportions, P̂c(y) and P̂v(y), for 323
experiments from prior literature (panel A) and 424 experiments from McGranaghan et al. (2024,
2026) (panel B). Data harmonized such that greater probability corresponds to greater likelihood of
preferring safer alternative. Each circle reflects one experiment, size corresponds to experimental
sample size. Shading reflects application of standard test of stable preferences: solid circles correspond
to experiments for which we reject the null of Pc(y) = Pv(y) at the 5% level in a one-sided test.

Of course, merely observing P̂c(y) ̸= P̂v(y) is not sufficient to statistically reject
the null of Pc(y) = Pv(y) because even under the null we could observe different
proportions due to sampling variation. To assess statistical significance, we use a
standard test of proportions under the assumption of independence. Specifically, for
each experiment, we calculate the z-score

z = P̂c(y) − P̂v(y)√
P̂c(y)(1−P̂c(y))

Nc
+ P̂v(y)(1−P̂v(y))

Nv

,

where Nc and Nv refer to the number of subjects completing choices and valuations,
respectively. If we think a two-sided test is appropriate, we reject the null of Pc(y) =
Pv(y) if |z| > 1.96 (i.e., we impose a two-sided threshold of 0.05). Under a two-
sided test, 67% of prior experiments and 55% of McGranaghan et al. (2024, 2026)
experiments reject the null hypothesis of Pc(y) = Pv(y). Given the received wisdom
from the prior literature that people are more risk averse for choices than for valuations,
we might instead reject the null of Pc(y) = Pv(y) in favor of Pc(y) > Pv(y) if z > 1.645

subjects per experiment) across 50 groupings (516 subjects per grouping).
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(i.e., we impose a one-sided threshold of 0.05). Under this one-sided test, 56% of
prior experiments and 56% of McGranaghan et al. (2024, 2026) experiments reject
the null hypothesis of Pc(y) = Pv(y). Figure 3 illustrates significance under the latter,
one-sided test as shaded points.23

Hence, if one uses the standard approach of testing the null of Pc(y) = Pv(y),
one indeed finds frequent rejections of the null in both datasets, and support for the
received wisdom that people are more risk averse for choices than for valuations. As
Table 1 highlights, however, rejecting the null of Pc(y) = Pv(y) could reflect a failure
of stable preferences, but it also could reflect a failure of identical noise. Because
identical noise is a strong assumption to make without supporting evidence, we now
turn to our new tests based on weaker assumptions regarding noise.

4.3 Statistical Tests Based on Weaker Assumptions

Propositions 1, 2, and 3(1) provide the basis for tests of stable preferences based on
weaker assumptions, as summarized in Table 1. Each test relies on assessing whether
observed values for P̂c(y) and P̂v(y) could come from some null region of attainable
(Pc(y),Pv(y)) combinations derived in each proposition. In Figure 4, we again plot
observed values of P̂c(y) and P̂v(y), but now with reference to the three attainable
regions from Propositions 1-3.

Under our strongest set of assumptions—when noise is symmetric and independent
of preferences and preferences are symmetric as well—Proposition 3 establishes that
the attainable set is SX ∪ Sy. Within the prior literature, 45% of observations lie
outside of this region, and within the McGranaghan et al. (2024, 2026) datasets, 23%
of observations lie outside of this region.

To formally assess whether we can reject the null that an observation came from
SX ∪ Sy, we deploy the test recommended by Miller et al. (2026) for sign congruence
between two estimators.24 Proposition 3(1) requires Pc(y) − 0.5 and Pv(y) − 0.5 to
be sign-congruent such that (Pc(y) − 0.5)(Pv(y) − 0.5) ≥ 0. The test is based on two

23Within the paired data of McGranaghan et al. (2024, 2026), we can also evaluate the test of
proportions accounting for the correlation between choices and valuations, adjusting the z-score.
With this adjustment, 61% of McGranaghan et al. (2024, 2026) experiments exhibit z > 1.645,
rejecting the null hypothesis of Pc(y) = Pv(y) in a one-sided test.

24This test was originally proposed in the statistics literature by Russek-Cohen and Simon (1993).
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Figure 4: Applying Tests Based on Propositions 1, 2, and 3(1)

Notes: Figure presents observed aggregate choice and valuation proportions, P̂c(y) and P̂v(y), for 323
experiments from prior literature (panel A) and 424 experiments from McGranaghan et al. (2024,
2026) (panel B). Data harmonized such that greater probability corresponds to greater likelihood of
preferring safer alternative. Each circle reflects one experiment, size corresponds to experimental
sample size. Gray regions correspond to attainable sets (i.e., null hypotheses to test) under stable
preferences and assumptions of Propositions 1, 2, and 3(1).

relevant z-scores:

zc = P̂c(y) − 0.5√
P̂c(y)(1−P̂c(y))

Nc

and zv = P̂v(y) − 0.5√
P̂v(y)(1−P̂v(y))

Nv

.

The test rejects the null hypothesis of sign congruence if both (P̂c(y) − 0.5)(P̂v(y) −
0.5) < 0 and min(|zc|, |zv|) > zα. The threshold zα is set to a critical value Φ−1(1 −α),
and we select α = 0.05 such that zα = 1.645. For details see Appendix G.25 Deploying
this test, we reject the null that an observation came from SX ∪ Sy for only 20%
of experiments from the prior literature and only 12% of experiments from the
McGranaghan et al. (2024, 2026) datasets. In other words, even under our strongest set
of assumptions, roughly 80-90% of experiments across the two datasets are consistent

25If Pc(y) and Pv(y) are known to be highly negatively correlated (i.e., a correlation smaller than
around −0.8) an adjustment to zα is required, and when the correlation is −1, the threshold value
for α = 0.05 is actually zα = 1.96. Russek-Cohen and Simon (1993) Table 2 provides a tabulation of
the relevant threshold for α = 0.05 depending on the correlation. For testing Proposition 3(1), the
issue of negative correlation is largely irrelevant as Pc(y) and Pv(y) should generally be positively
correlated; indeed, within the McGranaghan et al. (2024, 2026) datasets 414 of 424 experiments have
a positive correlation and the smallest correlation is −0.19.
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with stable preferences.
Moving to weaker sets of assumptions, even more experiments become consistent

with stable preferences. If we only assume that noise is symmetric and independent
of preferences, Proposition 2 establishes that the attainable set is conv(Cy ∪ CX) ∪
conv(Vy ∪ VX). Within the prior literature, only 16% of observations lie outside of
this region, and within the McGranaghan et al. (2024, 2026) datasets, only 4% of
observations lie outside of this region. Deploying a modified version of the sign-
congruence test, we reject the null that an observation came from conv(Cy ∪ CX) ∪
conv(Vy ∪ VX) for only 9% of experiments from the prior literature and only 0.5% of
experiments from the McGranaghan et al. (2024, 2026) datasets.26

Finally, under our weakest set of assumptions, where we assume only that the noise
is symmetric, Proposition 1 establishes that the attainable set is conv(Sy ∪ SX). Only
11% of experiments from the prior literature and only 1% of experiments from the
McGranaghan et al. (2024, 2026) datasets lie outside of this region; and we can reject
the null that an observation came from conv(Sy ∪ SX) for only 3% of experiments
from the prior literature and for no experiments from the McGranaghan et al. (2024,
2026) datasets.27

4.4 Using Information on Mean Preferences

Because the McGranaghan et al. (2024, 2026) dataset contains within-subject data
on both choices and valuations, we can use it to assess our conditional predictions
from Propositions 3(2) and 5. Formal tests of these predictions are challenging as
we have only an estimate, rather than a perfect measure, of the conditioning events
y > µ and y < µ, and thus we pursue a more qualitative analysis. At the same time,

26As suggested by Miller et al. (2026), we implement a base change corresponding to the linear
restrictions of the boundaries for conv(Cy ∪ CX) ∪ conv(Vy ∪ VX), after which we can apply the
sign-congruence test. Notably, the base change induces negative correlation that requires adjustment
of the threshold value zα, which we implement in our analysis. For details see Appendix G.

27To develop a statistical test, we use the linear restrictions imposed by the lower and upper
boundaries of conv(Sy ∪ SX), L : Pv = Pc − 0.5 and U : Pv = Pc + 0.5. The associated z-scores for
testing these linear restrictions are

zL = P̂v(y) − P̂c(y) + 0.5√
P̂v(y)(1−P̂v(y))

Nv
+ P̂c(y)(1−P̂c(y))

Nc

and zU = P̂v(y) − P̂c(y) − 0.5√
P̂v(y)(1−P̂v(y))

Nv
+ P̂c(y)(1−P̂c(y))

Nc

.

We reject the null that an observation came from conv(Sy ∪ SX) if either (i) P̂v(y) < P̂c(y) and
zL < −1.645 or (ii) P̂v(y) > P̂c(y) and zU > 1.645.
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these predictions more naturally lend themselves to aggregating observations across
experiments.

When noise is symmetric and independent of preferences and preferences are
symmetric as well, an implication of Proposition 3(2) is that Pc(y) > 1

2 when y > µ

and Pc(y) < 1
2 when y < µ.28 To assess this prediction, we need an estimate for µ;

we use the average valuation yvi calculated for each of the 84 groupings.29 We then
analyze how P̂c(y) varies with y − yvi, where a more positive (negative) y − yvi is a
stronger signal that y > µ (y < µ).

Panel A of Figure 5 plots P̂c(y) by y − yvi in a bin-scatter. Consistent with the
prediction, there is a tight connection between distance to average valuation and
choice proportions. The correlation between binned values is 0.896, and 95% of binned
combinations (38 of 40) lie within the prediction region for Proposition 3(2). In
addition, overall average behavior is also consistent with Proposition 3(2): For the
47,748 observations with y − yvi < 0, the average choice proportion is 0.364, whereas
for the 20,700 observations with y − yvi > 0, the average choice proportion is 0.645.

When we make additional assumptions that preferences are unimodal and that
the choice and valuation noise are independent and both have positive densities, an
implication of Proposition 5 is that Pc(y|yvi = y) > 1

2 when y > µ and Pc(y|yvi = y) <
1
2 when y < µ. To assess this prediction, we use y − yvi as above, but now we restrict
attention to individuals where yvi ≈ y, specifically |y − yvi| ≤ 1 (i.e., whose valuation
price list switch points are within 1 row of the choice experimental value of y). Of
68,448 individual observations, 3,280 satisfy this criterion.

Panel B of Figure 5 plots P̂c(y|yvi ≈ y) by y − yvi in a bin-scatter. Here, the
evidence looks inconsistent with stable preferences. While there is a positive correlation
of 0.485 between binned values, only 55% of binned combinations (22 of 40) lie within
the prediction region for Proposition 5. In terms of overall average behavior, for the
the 1532 observations with y − yvi > 0, the average choice proportion of 0.634 is
consistent with Proposition 5, however, for the 1748 observations with y − yvi < 0,
the average choice proportion 0.551 is inconsistent with Proposition 5.30

28Additionally, if the distributions of heterogeneity (i.e., of η) and noise (i.e., of εc and εv) are
comparable across experiments, then the model would predict a positive relationship between P̂c(y)
and y − yvi.

29Again, a grouping is a set of experiments that all use the same valuation task for a specific lottery
X, but which differ in y. On average, there are 815 subjects per grouping.

30While panel B of Figure 5 is inconsistent with the predictions of Proposition 5, and this
inconsistency could be due to a failure of stable preferences, it could also be due to a failure of
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Figure 5: Evaluating Conditional Predictions from Propositions 3(2) and 5

Notes: Figure presents observed choice proportions P̂c(y) (panel A) and conditional choice proportions
P̂c(y|y ≈ yvi) (panel B) against distance to mean valuation (y − yvi), where light gray regions
correspond to predicted behavior. Panel A uses all 68,448 observations from the McGranaghan et al.
(2024, 2026) datasets. We first calculate yvi for each of the 84 groupings and then calculate y − yvi

for each of the 68,448 observations. We bin x-axis into 40 approximately equally sized bins of y − yvi,
and for each bin panel A plots the proportion P̂c(y) choosing safer option against average value of
y − yvi, where circle size corresponds to number of observations in a bin. Panel B presents the same
exercise except, after calculating y − yvi for all observations, we restrict data to the 3280 observations
with |y − yvi| ≤ 1; thus, proportion choosing safer option in each bin is interpreted as P̂c(y|y ≈ yvi).
In both panels, black circles correspond to overall averages when y − yvi < 0 versus when y − yvi > 0.

4.5 Structured Empirical Analysis

When one has one has within-subject data on both choices and valuations (as in
the McGranaghan et al. (2024, 2026) dataset), and one is willing to make structural
assumptions about the distributions of preference heterogeneity and noise, then one
can develop a structural test for the null of stable mean preferences and, when stability
is rejected, one can estimate the magnitude of deviations from stability. In this
section, we implement the two methods described in Section 3.4 that are built on an
assumption that heterogeneity and noise are joint normally distributed.

For each of the 84 groupings in the McGranaghan et al. (2024, 2026) data, we use
the probit specification in equation (4) from Section 3.4.2 to obtain estimates for α,
β1, and β2. The left-hand top panel of Table 2 summarizes the results by presenting

ancillary assumptions. In fact, Appendix Figure A.1 assesses the symmetry assumptions by presenting
a histogram of yvi − yvi across all 68,448 observations. While the mean value of yvi − yvi is 0 by
construction, the median value is $2.77 indicating a failure of symmetry.
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the sample-weighted mean and median of each regression coefficient along with the
sample-weighted 25th-75th percentiles. For each of the 84 groupings, we also conduct
the MLE approach described in Section 3.4.3 (also see Appendix E). This approach
yields, for each grouping, estimates of the structural parameters in equation (3): µv,
µc,

√
σ2

v + γ2
v ,

√
σ2

c + γ2
c , and γcv. The right-hand top panel of Table 2 summarizes

the results in an analogous way.
The null of stable preferences requires µv − µc = 0, which we can test using either

approach. For the probit estimation, the structure implies µv −µc = α
β1+β2

(see Section
3.4.2); hence, we can transform the estimated probit coefficients into an estimate for
µv − µc. For the MLE, it is straightforward to transform the estimated µv and µc

into an estimate for µv − µc. These estimates are summarized in the bottom panel of
Table 2. Both approaches are well-powered, and we reject the null of µv − µc = 0 in
65 groupings (77%) under the probit approach and in 69 groupings (82%) under the
MLE approach. Thus, with the additional structure of joint-normality, we frequently
reject the null hypothesis of stability.

That said, when we study the nature of deviations from µv − µc = 0, the message
differs from the received wisdom that choices induce greater risk aversion than val-
uations. Overall, there appears to be no systematic direction. The mean estimate
µ̂v − µc is −$0.11 under probit and −$2.20 under MLE (and normalizing the estimates
to expected-value units yields means of $0.47 and −$0.21). The estimates indicate that
choices induce greater risk aversion in 54% of groupings under probit and 48% under
MLE, whereas the estimates indicate that valuations induce greater risk aversion in
46% of groupings under probit and 52% under MLE.

In terms of the behavioral impact of these differences, it is useful to quantify
P(µv|yvi = µv), which is the choice probability in the idealized experiment where we
are able to select y = µv and in addition focus on participants who state a valuation
equal to that µv. Under joint normality and stable preferences, this quantity would
be 1

2 . To obtain an estimate for this quantity, we can use Φ(α̂) under probit, and we
can use Φ

(
µ̂v−µc

V̂

)
under MLE. Estimates for these objects are also summarized in the

bottom panel of Table 2.
Figure 6 provides a visual depiction of our estimates for both µv −µc and P(µv|yvi =

µv) for both the probit approach (in panel A) and the MLE approach (in panel B).
For each panel, a point reflects one of the 84 groupings, and solid points reflect the
groupings for which we reject the null of µv − µc = 0. The two panels both highlight
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Table 2: Summary of Structural Estimation

(1) (2)
Probit MLE

Constant (α̂) 0.13/0.14 µ̂v 32.04/35.4

[-0.26,0.47] [28.71,37.77]

y − yvi (β̂1) 0.03/0.01 µ̂c 29.44/30.75
[0.00,0.03] [20.56,41.4]

y − yvi (β̂2) 0.03/0.03
√
σ̂2

v + γ2
v 12.94/13.79

[0.03,0.04] [9.36,15.27]√
σ̂2

c + γ2
c 28.32/23.87

[17.26,37.25]
√
γ̂cv 10.99/9.88

[8.67,15.7]

# Observations 68448 # Observations 68448
# Groupings 84 # Groupings 84

µ̂v − µc = α̂
β̂1+β̂2

-0.11/1.97 µ̂v − µc -2.2/-1.58
[-4.86,6.44] [-9.15,5.52]

(µ̂v − µc)norm 0.47/0.60 (µ̂v − µc)norm -0.21/-0.21
[-1.76,2.96] [-2.23,2.12]

Φ(α̂) 0.54/0.56 Φ
(

µ̂v−µc

V̂

)
0.51/0.48

[0.40,0.68] [0.38,0.62]
γ̂cv√

σ̂2
v+γ2

v

√
σ̂2

c +γ2
c

0.36/0.38
[0.31,0.42]

Notes: Upper panel presents summary of raw coefficient estimates for 84 separate probit regressions
in column (1) and raw parameter estimates for 84 separate maximum likelihood estimations (MLE)
in column (2). For each coefficient or parameter, table presents sample-weighted mean/median
along with sample-weighted 25th and 75th percentiles in brackets. Lower panel uses raw estimates
to provide estimates of other objects. Estimated preference difference µ̂v − µc calculated as α̂

β̂1+β̂2
for probit and directly from parameter estimates with sign adjustments as appropriate for MLE
(see Appendix E); for both, µ̂v − µc > 0 indicates greater risk aversion in choices. (µ̂v − µc)norm

expresses mean preference difference in expected value units: if elicited value occurs with probability q,
(µ̂v − µc)norm = q(µ̂v − µc). Estimated P(µv|yvi = µv) calculated as Φ(α̂) in probit and Φ

(
µ̂v−µc

V̂

)
in MLE, where Φ is standard normal CDF and V̂ =

√
σ̂2

c + γ2
c − γ̂cv

2

σ̂2
v+γ2

v

. In MLE, γ̂cv√
σ̂2

v+γ2
v

√
σ̂2

c +γ2
c

provides lower bound on correlation between choice and valuation preferences.
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Figure 6: Visual Depiction of Probit and MLE Estimates

Notes: Figure presents estimates of µ̂v − µc (preference difference) against estimates of ̂P(µv|yvi = µv)
(choice probability in idealized experiment) for each of 84 separate probit estimates in panel A and 84
separate MLE estimates in panel B. In each panel, each circle corresponds to one estimation; circle
size corresponds to number of observations in grouping used for that estimation; and filled circles
represent groupings for which the null hypothesis of stable mean preferences (H0 : µv − µc = 0)
is rejected at the 5% level in a two-sided test. Estimates from the two approaches are strongly
correlated: estimates for µv − µc are correlated 0.92; estimates for Φ(·) are correlated 0.97.

how we frequently reject the null, and that the magnitude of the deviations can be
large in terms of either the magnitude of µ̂v − µc or the deviation of ̂P(µv|yvi = µv)
from 1

2 . At the same time, neither panel suggests a systematic overall trend toward
more risk aversion in choices (i.e., µ̂v − µc > 0 and ̂P(µv|yvi = µv) > 1

2) or more risk
aversion in valuations (i.e., µ̂v − µc < 0 and ̂P(µv|yvi = µv) < 1

2).
Beyond testing the null of µv − µc = 0, our structural approaches yields further

insights. First, because they provide a measure of the magnitudes of deviations, they
permit us to study differences across different types of problems. For instance, as
described in Section 4.1, in the McGranaghan et al. (2024, 2026) data, subjects make
three types of comparisons: (i) a comparison between a certain amount and a binary
lottery (which they label an AB decision), (ii) a comparison between a certain amount
and a trinary lottery (an AB′ decision), and (iii) a comparison between two binary
lotteries (a CD decision). Figure 6 uses different colors to denote the different types
of comparisons (see also Appendix Table A.1 for a summary analogous to Table 2
for each type of comparison), and a clear pattern emerges: For certain vs. binary
comparisons, the estimates indicate that choices tend to induce more risk aversion
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(i.e., a trend toward µ̂v − µc > 0 and ̂P(µv|yvi = µv) > 1
2); for certain vs. trinary

comparisons, the estimates indicate that valuations tend to induce more risk aversion
(i.e., a trend toward µ̂v − µc < 0 and ̂P(µv|yvi = µv) < 1

2); and for binary vs. binary
comparisons, the estimates indicate no systematic deviation.31,32

Our MLE approach also provides evidence on the nature of heterogeneity and noise.
For instance, our theoretical analysis highlights the importance of whether decision
noise has a larger impact on choices versus valuations. Table 2 provides a summary
of estimates for

√
γ2

c + σ2
c and

√
γ2

v + σ2
v . In standard deviation units, choices are

roughly twice as variable as valuations. Because under the null of stable preferences
γ2

c = γ2
v , these estimates suggest substantially greater decision noise for choices than

for valuations.
Finally, given the structure that we have assumed, another feature of stable

preferences is that y∗
ci should equal y∗

vi at the individual level, and thus corr(y∗
ci, y

∗
vi) = 1.

Using the MLE estimates, Table 2 provides a summary of estimates for the quantity
γcv√

γ2
c +σ2

c

√
γ2

v+σ2
v

, which reflects a lower bound on the correlation in preferences (since
σ2

c ≥ 0 and σ2
v ≥ 0). Interestingly, these lower-bound correlations are relatively high,

with an inter-quartile range of 0.31 to 0.42. These correspond favorably to correlations
discussed in the psychology literature on stability of personality traits and correlations
discussed in the economics literature on test-retest stability in preference measurements
over time (for discussion on the relationship between stability in economic preference
measurements and psychological personality traits, see Meier and Sprenger, 2015).

5 Discussion

Measurement of economic preferences requires confidence in our measurement or
elicitation techniques. In this paper, we make both theoretical and empirical contribu-
tions to the study of preference stability in the domain of risk preferences across two
elicitation techniques: choices versus valuations.

31Freeman et al. (2019) contrast certain vs. binary and binary vs. binary comparisons. They
show significant deviations between P̂c(y) and P̂v(y) when considering ($3, 1) vs. ($4, .8) using
the traditional test of equality; and they show insignificant deviations when considering ($3, .5) vs.
($4, .4). The statistical differences between one safe alternative and one risky alternative as opposed
to two risky alternatives resonates with our own findings.

32The McGranaghan et al. (2024, 2026) data also includes variation in the probabilities used in
lotteries, and in Appendix F we document some systematic patterns in how µ̂v − µc varies with those
probabilities.
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Theoretically, we highlight that the null of stable preferences can be assessed only
in conjunction with ancillary assumptions about preference heterogeneity and noise,
and how it is important to make these ancillary assumptions explicit. We derive a
series of predictions under varying ancillary assumptions, motivating new tests of the
null of stable preferences in which one compares an observed combination (Pc(y),Pv(y))
to null attainable regions instead of the traditional test of identical measurements. We
also develop more structured approaches to testing for stability if the analyst is willing
to make functional assumptions for preference heterogeneity and noise. Critically,
rejection in any of our tests may reflect a failure of stability or may reflect a failure of
ancillary assumptions.

Empirically, we implement tests of the various predictions that we derive so as to
obtain an updated sense of the extent to which the evidence is consistent with stable
preferences. When we restrict ourselves to tests based on only Pc(y) and Pv(y), the
message that emerges is that the vast majority of experiments from the prior literature
and from the recent convenience dataset from McGranaghan et al. (2024, 2026) are
consistent with stable preferences. When we instead use tests based on richer empirical
objects, we start to see some evidence that is inconsistent with stable preferences
(and/or our ancillary assumptions). However, the nature of these deviations is not in
line with the received wisdom that choices induce more risk aversion than valuations.
In fact, overall, we see no systematic directional pattern, although we do see some
systematic variation with problem types that could be explored in future work.

We conclude by discussing some broader messages from our analysis. Our analysis
highlights the value of focusing on richer empirical objects than traditional choice
and valuation proportions. In our domain, if we limit attention to predictions for
Pc(y) and Pv(y), then even under our strongest assumptions of full joint normality,
the prediction is merely that (Pc(y),Pv(y)) is in Sy ∪ SX (minus the extreme edges).
However, under the same assumptions, if the data contain information on both choices
and valuations for the same subjects, we can use this more detailed data to implement
our structural approaches. For the data we study—and under the same assumptions
of full joint normality—when using data on only Pc(y) and Pv(y), we find substantial
consistency with stable preferences, while when using richer data, we find substantial
inconsistency.

Important considerations emerge from our development for researchers linking
models of decision making to data. First, it is critical to pay careful attention to
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heterogeneity and to make one’s assumptions explicit. For instance, it is tempting to
conjecture that if the average preference in the population is for y over X, then the
aggregate population averages for Pc(y) and Pv(y) ought to lie in Sy. Our analysis
highlights that this conjecture is not generally correct, and holds only under certain
assumptions on the nature of heterogeneity and noise. Second, when assessing whether
data is consistent with a theoretical prediction, sampling variation must be accounted
for given (typically small) experimental samples. Our results show the importance of
developing appropriate statistical tests, as we document sizable differences between the
proportion of experiments that are outside our attainable regions and the proportion
that are significantly outside our attainable regions.

We also provide some guidance to experimentalists deciding which elicitation tech-
niques to use (even when they are not interested per se in the stability of preferences).
In the data we study, it turns out that choice data and valuations data seem to be
highly correlated, and thus it is not clear that either yields less biased measures of
preferences. At the same time, our structural analysis suggests that, at least under the
null of stable preferences, valuations yield more precise measurements than choices.
While one might be tempted to conclude, then, that valuations are better to use, we
add two caveats. First, we suspect both techniques can be subject to bias due to
framing effects, and such effects are not part of our analysis in this paper. Second,
and more important, our analysis—especially our structural analysis—highlights the
value of collecting both (and more generally of using multiple elicitation techniques).
Doing so can provide a richer picture of preferences, and can permit one to assess
the existence of inconsistencies, and possibly to correct for the impact of elicitation
procedures on behavior.

Finally, while we have framed our theoretical analysis in the domain of risk
preferences, it can be applied more broadly. Whenever one is interested in measuring
preferences between some generic options A and B, one could do so via binary choices
or via valuations, and all of our results apply to any such generic comparison (see
the general version of our model in Appendix C). Moreover, our key intuitions clearly
extend to other assessments of procedural invariance. For example, a substantial debate
continues on appropriate payment mechanisms in experimental protocols depending
on whether subjects “isolate” each experimental choice (see, e.g., Holt, 1986; Starmer
and Sugden, 1991; Harrison and Swarthout, 2014; Cox et al., 2015). This debate
revolves around evidence of inconsistencies between choice proportions depending
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on whether only a single choice is made or the same choice is embedded in a larger
experiment. Our analysis extends naturally to such comparisons and implies that a
simple comparison of choice proportions is perhaps not appropriate. The techniques
that we develop in this paper could thus prove useful in this and many other domains.
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Notes: Figure presents histogram of yvi − yvi for 68,448 observations in McGranaghan et al. (2024,
2026) (gray bars). Solid black line corresponds to symmetrized distribution constructed from a
combined dataset of yvi − yvi and yvi − yvi. Median of yvi − yvi is 2.77.
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Table A.1: Summary of Structural Estimation Separated by Problem Type

Sample: AB AB′ CD Sample: AB AB′ CD
Certain vs. Certain vs. Binary vs. Certain vs. Certain vs. Binary vs.

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

Probit MLE

Constant (α̂) 0.35/0.34 -0.22/-0.38 0.12/0.03 µ̂v 33.28/37.67 32.97/33.98 30.21/33.9

[0.14,0.61] [-0.44,-0.1] [-0.29,0.47] [30.36,39.35] [28.71,37.79] [28.95,35.64]

y − yvi (β̂1) 0.04/0.03 0/-0.01 0.04/0.02 µ̂c 37.49/41.69 16.83/20 29.62/30.65
[0.01,0.04] [-0.01,0] [0.01,0.03] [36.88,44.71] [6.89,24.45] [25.3,37.93]

y − yvi (β̂2) 0.04/0.04 0.03/0.03 0.03/0.03
√
σ̂2

v + γ2
v 12.14/13.53 15.4/15.29 12.14/12.84

[0.03,0.05] [0.03,0.03] [0.02,0.03] [8.5,14.64] [14.93,15.99] [8.22,14.94]√
σ̂2

c + γ2
c 18.35/17.26 50.74/47.89 23.69/22.23

[15.72,22.98] [41.93,62.44] [19.6,29.47
√
γ̂cv 8.92/9.58 17.59/17.41 8.75/9.16

[7.88,12.02] [16.26,19.17] [6.39,11.62]

# Observations 25816 16816 25816 # Observations 25816 16816 25816
# Groupings 14 20 50 # Groupings 14 20 50

µ̂v − µc = α̂
β̂1+β̂2

5.51/4.93 -11.46/-11.7 1.68/1.12 µ̂v − µc 5.28/4.85 -16.14/-15.87 -0.59/-1.97
[1.8,8.69] [-17.34,-2.52] [-4.52,8.28] [1.8,8.69] [-20.5,-9.46] [-5.49,5.29]

(µ̂v − µc)norm 2.14/2.83 -1.63/-2.25 0.17/0.03 (µ̂v − µc)norm 2.03/2.73 -3.27/-2.69 -0.45/-0.21
[1,4.35] [-2.95,-0.23] [-0.83,1.66] [1.12,4.35] [-4.58,-1.28] [-1.41,0.92]

Φ(α̂) 0.63/0.63 0.42/0.35 0.54/0.51 Φ
(

µ̂v−µc

V̂

)
0.62/0.62 0.37/0.35 0.5/0.47

[0.56,0.73] [0.33,0.46] [0.39,0.68] [0.55,0.72] [0.32,0.4] [0.38,0.6]
γ̂cv√

σ̂2
v+γ2

v

√
σ̂2

c +γ2
c

0.4/0.4 0.41/0.41 0.3/0.3
[0.35,0.45] [0.38,0.43] [0.27,0.35]

Notes: Upper panel presents summary of raw coefficient estimates for 84 separate probit regressions in
columns (1)-(3) and raw parameter estimates for 84 separate maximum likelihood estimations (MLE)
in column (4)-(6). For each coefficient or parameter, table presents sample-weighted mean/median
along with sample-weighted 25th and 75th percentiles in brackets. Lower panel uses raw estimates
to provide estimates of other objects. Estimated preference difference µ̂v − µc calculated as α̂

β̂1+β̂2
for probit and directly from parameter estimates with sign adjustments as appropriate for MLE
(see Appendix E); for both, µ̂v − µc > 0 indicates greater risk aversion in choices. (µ̂v − µc)norm

expresses mean preference difference in expected value units: if elicited value occurs with probability q,
(µ̂v − µc)norm = q(µ̂v − µc). Estimated P(µv|yvi = µv) calculated as Φ(α̂) in probit and Φ

(
µ̂v−µc

V̂

)
in MLE, where Φ is standard normal CDF and V̂ =

√
σ̂2

c + γ2
c − γ̂cv

2

σ̂2
v+γ2

v

. In MLE, γ̂cv√
σ̂2

v+γ2
v

√
σ̂2

c +γ2
c

provides lower bound on correlation between choice and valuation preferences.

2



B Proofs

B.1 Proof of Lemma 1

Proof of Lemma 1. Recall that Sy = [1
2 , 1]2 and SX = [0, 1

2 ]2. To establish Ai =
Sy ∪ SX , we first prove that Ai ⊆ Sy ∪ SX , and then prove that Sy ∪ SX ⊆ Ai.

The former is straightforward. Fc and Fv both symmetric and mean zero implies:
(i) if y > y∗

i then Pci(y) = Fc(y − y∗
i ) ≥ 1

2 and Pvi(y) = Fv(y − y∗
i ) ≥ 1

2 , and thus
(Pci(y),Pvi(y)) ∈ Sy; (ii) if y < y∗

i then Pci(y) = Fc(y − y∗
i ) ≤ 1

2 and Pvi(y) =
Fv(y − y∗

i ) ≤ 1
2 , and thus (Pci(y),Pvi(y)) ∈ SX ; (iii) if y = y∗

i then Pci(y) = Fc(0) = 1
2

and Pvi(y) = Fv(0) = 1
2 , and thus (Pci(y),Pvi(y)) =

(
1
2 ,

1
2

)
. Note that parts (2)

and (3) follow from these statements, and it further follows that if (a, b) ∈ Ai, then
(a, b) ∈ Sy ∪ SX .33

We prove Sy ∪ SX ⊆ Ai by construction; many are possible, we use a construction
that follows the narrative in the text. First, suppose Fc is the CDF of N(0, σ2

c ) and
Fv is the CDF of N(0, σ2

v). Note that, for any a ∈ (0, 1
2) and z < 0, there exists a σ2

c

such that Fc(z) = a; and for any a ∈ (1
2 , 1) and z > 0, there exists a σ2

c such that
Fc(z) = a. Analogous properties hold for Fv. Hence, for any (a, b) in the interior of
SX , if we select a y∗

i > y, there exists a σ2
c such that Fc(y − y∗

i ) = a and a σ2
v such

that Fv(y − y∗
i ) = b; thus any (a, b) in the interior of SX is also in Ai. Analogously,

for any (a, b) in the interior of Sy, if we select a y∗
i < y, there exists a σ2

c such that
Fc(y − y∗

i ) = a and a σ2
v such that Fv(y − y∗

i ) = b; thus any (a, b) in the interior of Sy

is also in Ai.
It remains to prove that the edges of SX and Sy are in Ai. Suppose that for each

k ∈ {c, v}, there exists x′′
k > x′

k ≥ 0 such that the εk is uniformly distributed on
[−x′′

k,−x′
k] ∪ [x′

k, x
′′
k]. Note that εk is symmetric about zero with CDF

Fk(x) =



0 x ≤ −x′′
k

1
2(x′′

k
−x′

k
)(x− (−x′′

k)) −x′′
k ≤ x ≤ −x′

k

1
2 −x′

k ≤ x ≤ x′
k

1
2 + 1

2(x′′
k

−x′
k

)(x− x′
k) x′

k ≤ x ≤ x′′
k

1 x ≥ x′′
k.

(B.1)

33Note that the same conclusion holds if we relax the symmetry assumption, requiring only that
εc and εv have a median of zero.
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Consider first the case where x′
c ≥ x′′

v. If we set y∗
i such that y − y∗

i ∈ [−x′′
v, x

′′
v],

we can select all (a, b) on the edge with a = 1
2 and b ∈ [0, 1]. If we set y∗

i such that
y − y∗

i ∈ [x′
c, x

′′
c ], we can select all (a, b) on the edge with a ∈ [1

2 , 1] and b = 1. And
if we set y∗

i such that y − y∗
i ∈ [−x′′

c ,−x′
c], we can select all (a, b) on the edge with

a ∈ [0, 1
2 ] and b = 0. If we instead consider the case where x′

v ≥ x′′
c , we can attain all

(a, b) on the remaining three edges, completing the proof.34

B.2 Proof of Proposition 1

Proof of Proposition 1. A ⊆ conv(Sy ∪ SX) follows directly from Lemma 1 because
the aggregate probabilities are expectations of individual probabilities lying in Sy ∪SX .
We prove conv(Sy ∪ SX) ⊆ A by construction. Suppose a population consists of two
groups: Group 1 has η1 such that y∗

1 < y; Group 2 has η2 such that y∗
2 > y; and the

population shares are π1 and π2 such that π1 + π2 = 1. By Lemma 1, because Group 1
has y − y∗

1 > 0, and because there are no restrictions on their noise beyond symmetry,
their decision probabilities could be any (a, b) ∈ Sy. Analogously, because Group
2 has y − y∗

1 < 0, and because there are also no restrictions on their noise beyond
symmetry—including no requirement that their noise be the same as that for Group
1—their decision probabilities could be any (a, b) ∈ SX . Finally, because there are
no restrictions on the population proportions π1 and π2, it follows that the aggregate
decision probabilities can be any mixture of any point in Sy with any point in SX ,
and thus conv(Sy ∪ SX) ⊆ A.

B.3 Proof of Proposition 2

Proof of Proposition 2. Define M ≡ conv(Cy ∪CX)∪conv(Vy ∪VX), M̂ = M−
(

1
2 ,

1
2

)
,

and Â = A −
(

1
2 ,

1
2

)
, so the goal is to prove that Â = M̂ . Note that

M̂ =
{

(a, b) ∈
[
−1

2 ,
1
2

]2
: |b− 2a| ≤ 1

2

}
∪

{
(a, b) ∈

[
−1

2 ,
1
2

]2
: |2b− a| ≤ 1

2

}
. (B.2)

34To parallel the text, we used a normal-normal construction to prove that all points in the interior
of Sy ∪ SX are attainable; however, we could have also used the construction in (B.1) for that as
well. Again, many different constructions are possible.
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Since preferences are independent of noise, (a, b) ∈ Â if and only if there exist Fc

and Fv that are symmetric such that (a, b) ∈ conv(K), where

K ≡
{(
Fc(x) − 1

2 , Fv(x) − 1
2

) ∣∣∣∣ x ∈ R
}

⊆
[
−1

2 ,
1
2

]2
.

We first prove A ⊆ M , or equivalently, Â ⊆ M̂ . To this end, we fix Fc and Fv

and show that conv(K) ⊆ M̂ . Since Fc and Fv are CDFs, K is weakly increasing,
i.e., for any two points (x1, y1), (x2, y2) ∈ K, either (x1, y1) ≥ (x2, y2) or (x1, y1) ≤
(x2, y2). Moreover, since Fc and Fv are symmetric, K = −K, i.e., if (x, y) ∈ K, then
(−x,−y) ∈ K. Thus, every point of K lies in one of the two diagonal orthants, since
otherwise a point and its negative would violate monotonicity. Hence, if we define
K+ ≡ K ∩

[
0, 1

2

]2
, then K = K+ ∪ (−K+).

By Fenchel’s refinement of Carathéodory’s theorem for connected sets,35 if (a, b) ∈
conv(K), then (a, b) is a convex combination of two points in K. Suppose, toward a
contradiction, that (a, b) /∈ M̂ . Since a · b < 0, (a, b) must be a convex combination of
a point in K+ and a point in K−. Since K = −K, there exist (x1, y1), (x2, y2) ∈ K+

such that

(a, b) = τ+(x1, y1) + τ−(−x2,−y2)
= (τ+x1 − τ−x2, τ

+y1 − τ−y2)

for some τ+, τ− ∈ [0, 1] and τ+ + τ− = 1.
Then by (B.2),

|b− 2a| > 1
2 and |2b− a| > 1

2 . (B.3)

We consider first the case that b− 2a > 1
2 and 2b− a > 1

2 . Define

ΨC(x1, y1, x2, y2) := τ+(y1 − 2x1) − τ−(y2 − 2x2),
ΨV (x1, y1, x2, y2) := τ+(2y1 − x1) − τ−(2y2 − x2),

so that
ΨC(x1, y1, x2, y2) = b− 2a, ΨV (x1, y1, x2, y2) = 2b− a.

35Note that K is connected since Fc and Fv are continuous. The theorem states that for a connected
set A ⊆ Rn, any point in conv(A) is a convex combination of at most n points in A. Proposition 2
holds without continuity of Fc and Fv with a slightly longer proof.
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Suppose first that τ+ ≥ τ−, and note that either (x1, y1) ≤ (x2, y2) or (x1, y1) ≥
(x2, y2). If (x1, y1) ≤ (x2, y2) and thus y1 ≤ y2, then

ΨC(x1, y1, x2, y2) ≤ (τ+ − τ−)y1 − 2τ+x1 + 2τ−x2 ≤ τ+ − τ−

2 + τ− = 1
2 ,

where the second inequality follows because (x1, y1), (x2, y2) ∈ K+ implies boundary
conditions y1 ≤ 1

2 , x1 ≥ 0, x2 ≤ 1
2 . Similarly, if (x1, y1) ≥ (x2, y2) and thus x2 ≤ x1,

then
ΨC(x1, y1, x2, y2) ≤ τ+y1 − τ−y2 − 2(τ+ − τ−)x2 ≤ τ+

2 ≤ 1
2 ,

applying the boundary conditions y1 ≤ 1
2 , y2 ≥ 0, and x2 ≥ 0. Thus, if τ+ ≥ τ−

then ΨC(x1, y1, x2, y2) ≤ 1
2 , contradicting (B.3). An analogous argument implies that

ΨV (x1, y1, x2, y2) ≤ 1
2 when τ+ ≤ τ−, also contradicting (B.3). The case of b−2a < −1

2

and 2b − a < −1
2 follows a symmetric argument. The other two cases lie outside[

−1
2 ,

1
2

]2
. Therefore conv(K) ⊆ M̂ .

We next show M ⊆ A. We prove this by construction. Suppose Fc and Fv are as
in (B.1) from the proof of Lemma 1, which again satisfies Assumption 1. Applying
the logic there, when x′

c ≥ x′′
v, the resulting curve will include both the edge where

b = 0 and a ∈ [0, 1
2 ] and the edge where b = 1 and a ∈ [1

2 , 1]. Because we can choose
any population distribution we want over this curve, we can attain any point in the
convex hull of these two line segments, which is just conv(Cy ∪ CX). Analogously,
when x′

v ≥ x′′
c , the resulting curve will include both the edge where a = 0 and b ∈ [0, 1

2 ]
and the edge where a = 1 and b ∈ [1

2 , 1], from which we can attain any point in
conv(Vy ∪ VX).

B.4 Proof of Proposition 3

Proof of Proposition 3. From the text, the aggregate choice proportions are:

Pc(y) = Gc(y − µ) and Pv(y) = Gv(y − µ)

where Gc is the CDF for random variable νc = η + εc and Gv is the CDF for random
variable νv = η + εv. Since η, εc, and εv are symmetric about zero and η ⊥ (εc, εv), νc

and νv are both symmetric about zero.
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Given that νc and νv are both symmetric about zero, the proof that A ⊆ Sy ∪ SX

is exactly analogous to the proof that Ai ⊆ Sy ∪ SX for Lemma 1. In addition, letting
η = 0 degenerately, Sy ∪ SX ⊆ A follows from Lemma 1.

B.5 Proof of Proposition 4

Proof of Proposition 4. As in the proof of Proposition 3, the aggregate choice propor-
tions are:

Pc(y) = Gc(y − µ) and Pv(y) = Gv(y − µ)

where Gc is the CDF for random variable νc = η + εc and Gv is the CDF for random
variable νv = η + εv. Since η, εc, and εv are symmetric about zero and η ⊥ (εc, εv), νc

and νv are both symmetric about zero.
When y = µ, Pc(y) = Gc(0),Pv(y) = Gv(0), which equal 1

2 since νc and νv are
symmetric and continuous. Letting t = y − µ, it remains to show Gc(t) ̸= Gv(t) for
all t ̸= 0.

Because η has a density by Assumption 4 and η ⊥ (εc, εv), we have

Gv(t) −Gc(t) =
∫ ∞

−∞
(Fv(t− η) − Fc(t− η))h(η)dη.

Setting s = t− η, we have

Gv(t) −Gc(t) =
∫ ∞

−∞
(Fv(s) − Fc(s))h(t− s)ds.

Define D(s) ≡ Fv(s) − Fc(s), and note that, because Fv and Fc are both symmetric,
D is odd, i.e., D(s) = −D(−s) for all s. We now have

Gv(t) −Gc(t) =
∫ ∞

−∞
D(s)h(t− s)ds =

∫ 0

−∞
D(s)h(t− s)ds+

∫ ∞

0
D(s)h(t− s)ds.

We can rewrite the first integral as
∫ 0

−∞
D(s)h(t− s)ds =

∫ ∞

0
D(−s)h(t+ s)ds =

∫ ∞

0
−D(s)h(t+ s)ds,

where the first equality follows from substituting −s for s and the second equality
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applies that D is odd. Hence, we have

Gv(t) −Gc(t) =
∫ ∞

0
D(s)(h(t− s) − h(t+ s))ds.

Suppose t > 0. For any s > 0, symmetry and unimodality of h imply h(t− s) −
h(t + s) ≥ 0 because |t − s| < t + s. Moreover, the inequality is strict whenever
t − s lies in the interior of the support of h. Without loss of generality, we assume
choices are noisier (Assumption 5). Then, for all s > 0, we have D(s) ≥ 0 with
strict inequality whenever Fv(s) < 1. Thus the integrand is non-negative. We now
show that D(s)(h(t − s) − h(t + s)) > 0 on some interval of s. To this end, let
η̄ = ess sup(η) and let ε̄v = ess sup(εv). Note that if s ∈ (0, ε̄v), then D(s) > 0 and
if |t − s| < η̄, or equivalently, s ∈ (t − η̄, t + η̄), then h(t − s) − h(t + s) > 0. Since
Gv(t) = Pv(y) ∈ (0, 1) by assumption and since η and εv are independent, t < ε̄v + η̄.
It follows that (t− η̄, t+ η̄) ∩ (0, ε̄v) is a non-empty interval on which the integrand is
positive. An analogous argument applies when t < 0, where h(t− s) − h(t+ s) ≤ 0.
Thus, integrating over s, we have Gv(t) −Gc(t) ̸= 0, or equivalently, Pc(y) ̸= Pv(y),
whenever y ̸= µ and Pc(y),Pv(y) ∈ (0, 1).

B.6 Proof of Proposition 5

Proof of Proposition 5. By independence of the choice and valuation noises, whenever
the conditional probability is defined and since η and εv have densities by Assumption 4
and Assumption 7, we have

Pc[y | yvi = y] =
∫
Fc(y − µ− η)fv(y − µ− η)h(η) dη∫

fv(y − µ− η)h(η) dη (B.4)

= 1
2 +

∫
Oc(y − µ− η)fv(y − µ− η)h(η) dη∫

fv(y − µ− η)h(η) dη , (B.5)

where Oc(x) = Fc(x) − 1
2 , which is odd by the symmetric noises assumption.

Thus at y = µ, we have

Pc[µ | yvi = µ] = 1
2 +

∫
Oc(−η)fv(−η)h(η) dη∫

fv(−η)h(η) dη = 1
2 ,

since the numerator of the second term is zero as Oc is odd, fv is even by symmetric
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noises, and h is even by symmetric preferences.
We next show that Pc[y | yvi = y] = 1

2 only at µ. Define t = y − µ and z = t− η.
With this change of variables, we have

Pc[y | yvi = y] − 1
2 =

∫
Oc(z)fv(z)h(t− z) dz∫
fv(z)h(t− z) dz . (B.6)

By symmetry, Oc is odd and fv is even. Pairing z and −z, the numerator becomes
∫ ∞

0
Oc(z)fv(z)

[
h(t− z) − h(t+ z)

]
dz. (B.7)

Suppose first that t > 0. Symmetry and unimodality of h imply

h(t− z) ≥ h(t+ z) for every z > 0,

since |t − z| < t + z. Moreover, the inequality is strict whenever either term is
positive. Positive noise density around zero together with symmetry of noise imply
that Oc(z) > 0 for all z > 0. Hence the integrand in (B.7) is nonnegative.

The denominator in (B.6) is positive (which follows from Pc[y | yvi = y] being
well-defined), so fv(z)h(t − z) > 0 for a positive-measure set of z. If this occurs
on a positive-measure set of z > 0, then the inequality h(t − z) > h(t + z) is strict
there. If instead it occurs on a positive-measure set of z < 0, symmetry of fv implies
that on this same set fv(−z)h(t− z) > 0. Reflecting this set, we conclude that for a
positive-measure set of z > 0, fv(z)h(t+z) > 0, which again implies h(t−z) > h(t+z).
Thus the integrand in (B.7) is strictly positive on a set of positive measure. Therefore

Pc[y | yvi = y] > 1
2 .

A symmetric argument applies in the case that t < 0, demonstrating that

Pc[y | yvi = y] < 1
2 .
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C General Version of Model

In this appendix, we develop a general version of our model that accommodates
lottery-lottery comparisons, the preference-reversal paradigm, and measurement noise
added to utility rather than the response variable.

Suppose we want a person to compare two lotteries, X and Y . When these lotteries
can be ranked in terms of risk, we let Y denote the safer lottery, but they need not
be rankable.36 Individual i has a metric Ωti for comparing lotteries in task type
t ∈ {c, v}—that is, if Ωti(W ) > Ωti(W ′), then W ≻ti W

′. This metric could be a
certainty equivalent, a more general form of valuation (e.g., ψ such that (ψ, p) ∼ti W ),
an expected utility, or some other form of utility; we do assume that this metric
respects first-order stochastic dominance (i.e., if W FOSD W ′ then Ωti(W ) > Ωti(W ′)).
Importantly, decision noise will enter at the level of this metric.

For the choice task between X and Y , we assume that individual i chooses Y
when Ωci(Y ) + εc(Y ) ≥ Ωci(X) + εc(X) for some shocks εc(X) and εc(Y ). Defining
εc ≡ εc(X) − εc(Y ), we have Pci(Y ) = P(εc ≤ Ωci(Y ) − Ωci(X)).

To represent a generalized version of a valuation task, we introduce a parameterized
lottery Z(ψ), where ψ ∈ R and ψ > ψ′ implies Z(ψ) FOSD Z(ψ′). One example is
Z(ψ) ≡ (ψ, p). Given a Z(ψ), a valuation task for lottery W asks person i to state the
value ψW i such that Z(ψW i) is of equal value to them as lottery W . For such tasks,
we assume the person states the value ψW i such that Ωvi(Z(ψW i)) = Ωvi(W ) + εv(W )
(which is unique because Ωi respects first-order stochastic dominance). We also
define ψ∗

W i such that Ωvi(Z(ψ∗
W i)) = Ωvi(W ), which is the person’s indifference value

according to their underlying preferences (analogous to y∗
i in Section 3).

Across our data sources, there are three relevant types of valuation tasks:

• X Valuation Task: The parameterized lottery Z(ψ) is such that Z(ψY ) = Y for
some ψY , and we elicit ψXi such that Z(ψXi) is of equal value as X. For this
type, Pvi(Y ) = P(ψXi ≤ ψY ) = P(Ωvi(X) + εv(X) ≤ Ωvi(Z(ψY ))) = P(εv(X) ≤
Ωvi(Y ) − Ωvi(X)).

• Y Valuation Task: The parameterized lottery Z(ψ) is such that Z(ψX) = X for
some ψX , and we elicit ψY i such that Z(ψY i) is of equal value as Y . For this

36In fact, none of what follows requires the structure of lotteries. We focus on lotteries rather than
abstract alternatives because they are the subject of our data.
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type, Pvi(Y ) = P(ψY i ≥ ψX) = P(Ωvi(Y )+εv(Y ) ≥ Ωvi(Z(ψX))) = P(−εv(Y ) ≤
Ωvi(Y ) − Ωvi(X)).

• XY Valuation Task: Given a parameterized lottery Z(ψ), we elicit both the
ψXi such that Z(ψXi) is of equal value as X and the ψY i such that Z(ψY i) is of
equal value as Y . For this type, Pvi(Y ) = P(ψY i ≥ ψXi) = P(Ωvi(Y ) + εv(Y ) ≥
Ωvi(X) + εv(X)) = P(εv(X) − εv(Y ) ≤ Ωvi(Y ) − Ωvi(X)).

For all three types, Pvi(Y ) = P(εv ≤ Ωvi(Y ) − Ωvi(X)) for some appropriately
defined εv. Hence, when we apply the null of stable preferences—that is, that
Ωci(W ) = Ωvi(W ) = Ωi(W ) for all W—the two key equations are:

Pci(Y ) = P(εc ≤ Ωi(Y ) − Ωi(X)) and Pvi(Y ) = P(εv ≤ Ωi(Y ) − Ωi(X)). (C.1)

Note that (C.1) takes the same form as (1) except that Ωi(Y ) − Ωi(X) replaces
y − y∗

i . Assumptions about decision noise have the same meaning as in the text, and
the two main individual results go through as follows.37

Remark C1. If noise is identical for choices and valuations, then Ai = {(a, b)|a = b}.

Lemma C1. Under symmetric noises:

1. Ai = Sy ∪ SX ; and

2. If Ωi(Y ) > Ωi(X), then (Pci(Y ),Pvi(Y )) ∈ Sy, and if Ωi(Y ) < Ωi(X), then
(Pci(Y ),Pvi(Y )) ∈ SX ; and

3. If Ωi(Y ) = Ωi(X), then (Pci(Y ),Pvi(Y )) =
(

1
2 ,

1
2

)
.

To model heterogeneity in preferences, we use the following structure:

• Heterogeneity in preferences: Ωi(Y ) − Ωi(X) = ∆ − η, where ∆ ∈ R is the
population mean preference, and η is a mean-zero random variable with CDF
H.38

• Heterogeneity in decision noise: The additive noise shocks εc and εv can be
correlated with η.

37The proofs for all results for the general model are essentially the same as the proofs for the
special case considered in the text, and thus are omitted.

38We assume that η enters negatively so that, as in the main text, a larger η implies a stronger
preference for the riskier lottery X.
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This structure is identical to the structure in the text except that ∆ replaces y − µ.
Assumptions about the distribution of preferences have the same meaning as in the
text, and the main aggregate results go through as follows.

Proposition C1. Under stable preferences and (conditionally) symmetric noises,
A = conv(Sy ∪ SX).

Proposition C2. Under stable preferences and symmetric noises, if preferences are
independent of noise, then A = conv(Cy ∪ CX) ∪ conv(Vy ∪ VX).

Proposition C3. Under stable preferences and symmetric noises, if preferences are
symmetric and independent of noise, then:

1. A = Sy ∪ SX ; and

2. If ∆ > 0, (Pc(Y ),Pv(Y )) ∈ Sy, and if ∆ < 0, (Pc(Y ),Pv(Y )) ∈ SX ; and

3. If ∆ = 0, then (Pci(Y ),Pvi(Y )) =
(

1
2 ,

1
2

)
.

Proposition C4. Under stable preferences and symmetric and ordered noises, if
preferences are symmetric, unimodal, and independent of noise, then Pc(y) = Pv(y) ∈
(0, 1) if and only if ∆ = 0, in which case Pc(y) = Pv(y) = 1

2 .

For an analogue to Proposition 5, we need a way of expressing that a person’s
response(s) on a valuation task suggest that X and Y are of equal value to them. If
we define ψY i ≡ ψY for X valuation tasks and ψXi ≡ ψX for Y valuation tasks, then
for all three types of valuation tasks, the needed condition is ψY i = ψXi.

Proposition C5. Under stable preferences and symmetric noises, if preferences are
symmetric, unimodal, and independent of noise, and the noise is independent with
positive densities, then Pc(Y | ψY i = ψXi) = 1

2 if and only if ∆ = 0. Moreover, if
∆ > 0 then Pc(Y | ψY i = ψXi) > 1

2 , and if ∆ < 0 then Pc(Y | ψY i = ψXi) < 1
2 .

Finally, for our structural assessments of stability, we can do analogous assessments
based on the following population distribution of underlying preferences:Ωci(Y ) − Ωci(X)

Ωvi(Y ) − Ωvi(X)

 ∼ N

∆c

∆v

 ,

γ2
c γcv

γcv γ2
v

 .
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C.1 Translation to Specific Cases

Given the general version of the model, we can now discuss translations to specific
cases, along with a few comments where relevant.

Lottery vs. certain amount, noise at level of certainty equivalents: This is
the case from the main text where we assume Y = (y, 1) and use X valuations. If the
metric Ωi is the certainty equivalent of a lottery, then clearly Ωi(Y ) = y. If we further
define y∗

i to be the certainty equivalent for X, then Ωi(Y ) − Ωi(X) = y− y∗
i , and then

the general results above translate directly to the results in the main text.

Lottery vs. lottery, noise at the level of valuations response variable: Two
types of lottery-lottery comparisons appear in our data sources.

First, we might compare lotteries X and Y using X valuations. If the metric Ωi is
in terms of the valuation response variable ψXi, then Ωi(X) = ψ∗

Xi and Ωi(Y ) = ψY .
If we then define y = ψY and y∗

i = ψ∗
Xi, then Ωi(Y ) − Ωi(X) = y − y∗

i .
Second, we might compare lotteries X and Y using Y valuations. If the metric Ωi

is in terms of the valuation response variable ψY i, then Ωi(X) = ψX and Ωi(Y ) = ψ∗
Y i.

If we then define y = −ψX and y∗
i = −ψ∗

Y i, then Ωi(Y ) − Ωi(X) = y − y∗
i .

In either case, the general results above translate directly to the results in the main
text. We note that this formulation is consistent with how we analyze lottery-lottery
comparisons in Section 4.

Preference-reversal paradigm, noise at level of certainty equivalents: In the
preference-reversals paradigm, we compare lotteries X and Y using XY valuations.
Suppose the metric Ωi is in terms of the certainty equivalent of a lottery, where we
use CEi(W ) to denote i’s certainty equivalent of lottery W . Then Ωi(Y ) − Ωi(X) =
CEi(Y ) − CEi(X). Hence, the general results hold with CEi(Y ) − CEi(X) in place of
Ωi(Y ) − Ωi(X).

Lottery vs. lottery, noise at level of expected utility: Suppose the metric
Ωi is in terms of an expected-utility functional, where we use EUi(W ) to denote i’s
expected utility from lottery W . Because Ωi(Y ) − Ωi(X) = EUi(Y ) − EUi(X), the
general results hold with EUi(Y ) − EUi(X) in place of Ωi(Y ) − Ωi(X).39

39If individuals use some other form of utility functional (e.g., the cumulative prospect theory
functional from Tversky and Kahneman (1992)), things would be analogous.
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When decision noise enters at the level of expected utility, the assumption of
symmetric preferences—that is, that the population distribution of EUi(Y ) − EUi(X)
is symmetric—may be less appealing. In particular, a more natural assumption is
symmetry on some underlying preference parameter, for instance, an assumption
that u(z; η) = z∆+η with η symmetric and mean-zero. However, such an assumption
would not generate symmetry in EUi(Y ) − EUi(X), and indeed the following example
demonstrates that Proposition 3 does not hold.

Example: Suppose X ≡ (100, 0.3) and Y = (12, 1). Suppose ∆ = 0.5, in which case
a person with the mean preference prefers Y to X. Suppose η is equally likely to be
−0.2, −0.1, 0.1, and 0.2. Then:

• For η = −0.2, EU(Y ; η) − EU(X; η) = 120.3 − (0.3)1000.3 = 0.91

• For η = −0.1, EU(Y ; η) − EU(X; η) = 120.4 − (0.3)1000.4 = 0.81.

• For η = 0.1, EU(Y ; η) − EU(X; η) = 120.6 − (0.3)1000.6 = −0.31.

• For η = 0.2, EU(Y ; η) − EU(X; η) = 120.7 − (0.3)1000.7 = −1.84.

Now suppose Fc is 50-50 c̄ and −c̄, and Fv is 50-50 v̄ and −v̄. If c̄ ∈ (0.31, 0.81), then
the choice probabilities for the four types are 1, 1, 1

2 , and 0, yielding an average of
Pc(y) = 5/8. If at the same time v̄ ∈ (0.91, 1.84), then the valuation probabilities
for the four types are 1

2 , 1
2 , 1

2 , and 0, yielding an average of Pv(y) = 3/8. Hence,
(Pc(y),Pv(y)) = (5/8, 3/8), which is outside Sy ∪ SX .

D Details of Dataset Construction (for Section 4.1)

D.1 Data from the Preference-Reversal Literature

To construct a dataset based on preference-reversal literature, we draw from a recent
meta-analysis by Lu (2026). In Table 2 from the Online Supplementary Material,
there are 462 experiments from 54 studies for which one could calculate the empirical
quantities (P̂c(y), P̂v(y)).40

40Note that Lu (2026)’s Table 2 also includes a number of additional entries for studies that report
only the proportions of the two types of preference reversals. Because it is not possible to construct
(P̂c(y), P̂v(y)) from only these proportions, we do not consider these studies.
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We then hired a research assistant to reconstruct the data ourselves. Specifically,
the research assistant collected the 54 original studies. There were three outcomes:

• For 33 studies, the research assistant was able to confirm the numbers from Lu
(2026).

• For 9 studies, the research assistant found discrepancies between the numbers
from Lu (2026) and the numbers in the original study; for our dataset, we use
the corrected numbers.

• For 12 studies, the research assistant was unable to construct the needed numbers
from the original study; for our dataset, we excluded these studies.41

In the end, our final dataset consists of 314 experiments from 42 studies, and that
is the data that we use here. In line with the literature, for each experiment, we take
the P -bet to be the safer option. We highlight three further details.

First, a number of the original studies report only the combined numbers across
multiple conditions—i.e., across multiple “experiments”. For instance, in the seminal
work of Grether and Plott (1979), each experiment covers six different pairs of bets
(summarized in their Table 2), but they report decisions across all six pairs (in their
Tables 5, 6, 8, and 9). Rather than exclude these, we chose to consider the combined
numbers to be one experiment.

Second, for a number of the original studies, there is some ambiguity in how
to define an experiment. So as not to give ourselves extra flexibility, we use the
decisions from Lu (2026). As an example, Experiment 1 from Grether and Plott (1979)
splits subjects into one group that does not have incentives and a second group that
does have incentives. In principle, one could consider the two groups to be different
experiments, or one could combine the behavior of the two groups into one experiment.
Lu (2026) chose to do the former, and thus so do we.

Third, some studies permit participants to report indifference. For such studies,
we include responses of indifference in the total count of observations when calculating
P̂c(y) or P̂v(y). For instance, if in a choice task, 30 choose the safe option, 10 choose
the risky option, and 10 express indifference, we would calculate P̂c(y) = 0.60.

41Lu (2026) comments that some numbers were obtained from personal correspondence with the
original authors.

15



D.2 Data from the Choices-versus-MPLs Literature

To construct data based on the choices-versus-MPLs literature, we pull the needed
data ourselves from the three key studies in this literature (Brown and Healy, 2018;
Freeman et al., 2019; Freeman and Mayraz, 2019). Specifically:

• Brown and Healy (2018): In this study, we identified 1 experiment. Specifically,
we use the results reported in their Table 3 for their Experiment 1, where we
use O-14 as the choice treatment and L-RPS as the valuations treatment. For
the choice experiment, N = 61 and P̂c(y) = 0.44; for the valuation experiment,
N = 60 and P̂v(y) = 0.48. Their Experiment 2 does not include a choice
treatment, and thus it does not yield an experiment for us.

• Freeman et al. (2019): In this study, we identified 2 experiments. The study
includes some minor treatment differences in terms of number of questions
asked and how payments are made. However, since the authors ignore these
differences in presenting their headline results in their Figure 1, we focus on
the two experiments represented in that figure. For the Q1 experiment, the
choice treatment has N = 81 and P̂c(y) = 0.77, while the valuation treatment
has N = 355 and P̂v(y) = 0.55. For the Q2 experiment, the choice treatment
has N = 83 and P̂c(y) = 0.70, while the valuation treatment has N = 354 and
P̂v(y) = 0.62.

• Freeman and Mayraz (2019): In this study, we identified 6 experiments, one
associated with each of the six different single-choice treatments (SC-Q95, SC-
Q90, SC-Q85, SC-Q80, SC-Q75, and SC-Allais). For the valuations treatment,
we chose to use the combined R-List treatments. We then pull the proportions
from their Table 3—e.g., for Q85, P̂c(y) = 0.77 and P̂v(y) = 0.59 (because the
table reports the proportion choosing risky, these are one minus the numbers
reported in the table). The paper does not report precise sample sizes for each
of the thirteen treatments, but each has an average of 120. Hence, roughly, each
choice experiment has N = 120, one valuation experiment (R-List Allais) has
N = 120, and the other five valuation experiments each have N = 360 (as each
combines three treatments).

For all three studies, we follow the authors’ labels for which lottery is riskier.
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D.3 Data from McGranaghan et al. (2024, 2026)

D.3.1 Overview of Studies

The primary focus of McGranaghan et al. (2024) and McGranaghan et al. (2026) is
to better understand how people react to variants of the common-ratio (CR) and
common-consequence (CC) manipulations proposed by Allais (1953). McGranaghan
et al. (2024) highlight an inference problem when using paired-choice tasks to study CR
problems, and propose using paired-valuation tasks instead to overcome this problem.
McGranaghan et al. (2026) highlight how there has been limited exploration of the
parameter space for both CR and CC problems, and they conduct such exploration
using both paired-valuation tasks and paired-choice tasks. While neither study focuses
directly on comparing decisions for choices versus valuations, it turns out their data is
ideally situated for doing so.

These studies ask subjects to make three types of comparisons for risky lotteries:

AB Comparison: Safer A ≡ (M, 1) vs. Riskier B ≡ (H, p)

AB′ Comparison: Safer A ≡ (M, 1) vs. Riskier B′ ≡ (H, pr;M, 1 − r)

CD Comparison: Safer C ≡ (M, r) vs. Riskier D ≡ (H, pr)

These studies use two types of valuation tasks that differ in terms of the scalar
value that is elicited (both types are implemented using a multiple-price list). In an
m-valuation, they fix (H, p, r) and ask subjects to state a value mvi that makes two
options of equal value. In an h-valuation, they fix (M, p, r) and ask subjects to state
a value hvi that makes two options of equal value. For instance, for a CD comparison
with p = 0.5 and r = 0.4, the two tasks might be:

m-Valuation: State an mvi such that (mvi, 0.4) is of equal value to (30, 0.2).

h-Valuation: State an hvi such that (15, 0.4) is of equal value to (hvi, 0.2).

As we describe below, across the two studies, h-valuations are used for all three types
of comparisons, while m-valuations are used only for AB and CD comparisons. It
follows that m-valuations always elicit a value within the safer option, and thus are
analogous to the X valuation tasks defined in Appendix C, while h-valuations always
elicit a value within the riskier option, and thus are analogous to the Y valuation
tasks defined in Appendix C.
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These studies also present the same subjects with linked choice tasks. Specifically,
if a subject faces an m-valuation for a particular (H, p, r), then they also face one
choice task that uses that same (H, p, r) along with a specific mc that is randomly
selected from a set of values. Analogously, if a subject faces an h-valuation for a
particular (M, p, r), then they also face one choice task that uses that same (M, p, r)
along with a specific hc that is randomly selected from a set of values. The sets
of values were chosen based on pilot data to (ideally) span both sides of the mean
preference.42

The primary analysis in McGranaghan et al. (2024) studies paired-valuation tasks.
Specifically, they study CR problems by comparing an AB and a CD valuation for the
same (p, r), and they do so using both m-valuations and h-valuations. The primary
analysis in McGranaghan et al. (2026) also studies paired-valuation tasks. Specifically,
they study CR problems by comparing an AB and a CD valuation for the same (p, r),
CC problems by comparing an AB′ and a CD valuation for the same (p, r), and also
preferences for probabilistic mixtures by comparing an AB and a AB′ valuation for
the same (p, r). They do so using only h-valuations. Each study use the data on
choice tasks to support their conclusions.

D.3.2 Construction of Data for Our Purposes

Again, neither study focuses directly on comparing decisions for choices versus valua-
tions, but it turns out their data is ideally situated for doing so.

McGranaghan et al. (2024) collects data on AB and CD decisions for five different
values of p ∈ {0.1, 0.2, 0.5, 0.8, 0.9} and three different values of r ∈ {0.2, 0.4, 0.6} for
both m-valuations and h-valuations. Since r is irrelevant for AB decisions, they collect
a total of 10 AB valuations (five m-valuations and five h-valuations). Since r matters
for CD decisions, they collect a total of 30 CD valuations (15 m-valuations and 15
h-valuations). For each of these 40 valuations, they collect data for linked choices for
four different values of M or H. Hence, this study yields data on 40 groupings with
4 experiments within each group, and thus a total of 160 experiments. For the AB
decisions, there is an average of 225 subjects per experiment and thus 900 subjects
per grouping. For the CD decisions, there is an average of 75 subjects per experiment

42Analogous to the choices-versus-MPLs literature, a choice task corresponds to one row of the
multiple-price list for the linked valuation task. But unlike the choices-versus-MPLs literature, the
comparison can be done within-subjects.
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and thus 300 subjects per grouping.
McGranaghan et al. (2026) collects data on AB, AB′, and CD decisions for four dif-

ferent values of p ∈ {0.3, 0.5, 0.8, 0.9} and five different values of r ∈ {0.1, 0.2, 0.3, 0.5, 0.8}
using only h-valuations. Again, since r is irrelevant for AB decisions, they collect a
total of 4 AB valuations. Since r matters for AB′ and CD decisions, they collect a
total of 20 AB′ valuations and 20 CD valuations. For each of these 44 valuations,
they collect data for linked choices for six different values of H. Hence, this study
yields data on 44 groupings with 6 experiments within each group, and thus a total
of 264 experiments. For the AB decisions, there is an average of 701 subjects per
experiment and thus 4204 subjects per grouping. For the AB′ and CD decisions, there
is an average of 140 subjects per experiment and thus 841 subjects per grouping.

Combining the data from both studies, there is a total of 424 experiments across
84 groupings. In total, there are 68,448 observations for both choices and valuations,
and thus an average of 161 subjects per experiment 815 subjects per grouping.

D.3.3 Harmonizing m-Tasks and h-Tasks

In an m-valuation, a larger mvi reflects a stronger preference for the riskier option,
whereas in an h-valuation, a larger hvi reflects a stronger preference for the safer
option. Analogously, for a choice task linked to an m-valuation, a larger selected value
for M makes the safer option more attractive, whereas for a choice task linked to an
h-valuation, a larger selected value for H makes the riskier option more attractive.
Given this asymmetry, we must code the data in a way that harmonizes m-tasks and
h-tasks.

When calculating P̂c(y) and P̂v(y) for a particular experiment, this harmonization
is straightforward. Throughout, we have defined these as the proportion that select
the safer alternative, and it is clear that the safer alternative is A in an AB task, A
in an AB′ task, and C in a CD task. Hence, for each experiment, we merely define
P̂c(y) to be the proportion of subjects choosing the safer alternative and P̂v(y) to be
to the proportion of subjects having a valuation that would indicate a preference for
the safer alternative.

When using quantitative information on valuations, as needed for the tests from
Sections 3.3 and 3.4, we must be a little more careful. In our theory, a larger yvi means
the person has a stronger preference for the risky option, and a larger y implies the
safer option is more attractive. m-tasks match this logic, and thus we can use data
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from m-tasks at face value. In other words, we can merely set yvi = mvi and y = mc,
because the equations from our theory apply directly when y − yvi = mc −mvi and
y − yvi = mc − mvi. And for the MLE, as in our theory, a person chooses the safer
option when mc is larger than yci.

For h-tasks, however, the logic is inverted, and thus we must correct for this. To
do so, we set y − yvi = hvi − hc and y − yvi = hvi − hc, and then apply the equations
from our theory. And for the MLE, a person chooses the safer option when hc is
smaller than yci.

E Details of Maximum Likelihood Estimation

We conduct our MLE approach on each of the 84 groupings defined in Section 4.1.
However, we must be careful to harmonize the estimation for m-valuations, where a
larger valuation indicates less risk aversion, and h-valuations, where a larger valuation
indicates more risk aversion (see Appendix D.3 for details on these).

For either type of valuation task, we let w denote the object that is elicited (so
w ∈ {m,h}). We then assume, analogous to equation 3, that a person’s choice and
valuation are determined from wci and wvi, wherewci

wvi

 ∼ N

µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 . (E.1)

Within a grouping, each individual faces the valuation task plus one of the (four
or six) choice tasks. Hence, individual i’s data comes in the form (wc, aci, w

L
vi, w

H
vi),

where

• wc is the value randomly assigned to i for their choice task.

• aci ∈ {0, 1} is i’s chosen option in that choice task, where aci = 1 denotes
choosing the safer option and aci = 0 denotes choosing the riskier option.

• wL
vi and wH

vi reflect the values of i’s switching rows in the valuation task—that
is, in the price list, they choose the fixed option for rows with w ≤ wL

vi, and
they choose the varying option for rows with w ≥ wH

vi . Note that if the person
always chooses the varying option, we code wL

vi = −∞; and if the person always
chooses the fixed option, we code wH

vi = ∞.
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Given this structure, it is straightforward to derive an individual’s likelihood
function, although we must do it separately for m versus h valuations. For m

valuations, we use:43

Li(mc, 0,mL
vi,m

H
vi) = N

 mc,∞
mL

vi,m
H
vi

 ;
µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 , and

Li(mc, 1,mL
vi,m

H
vi) = N

−∞,mc

mL
vi,m

H
vi

 ;
µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 .

For h valuations, we instead use:

Li(hc, 0, hL
vi, h

H
vi) = N

−∞, hc

hL
vi, h

H
vi

 ;
µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 , and

Li(hc, 1, hL
vi, h

H
vi) = N

 hc,∞
hL

vi, h
H
vi

 ;
µc

µv

 ,

σ2
c + γ2

c γcv

γcv σ2
v + γ2

v

 .

Combining all individuals in the grouping, the aggregate log likelihood is:

L =
∑

i

logLi(wc, aci, w
L
vi, w

H
vi).

Maximizing the aggregate log likelihood with respect to the parameters µc, µv, (σ2
c +γ2

c ),
(σ2

v + γ2
v), and γcv is a straightforward exercise yielding estimates of the corresponding

parameters using conventional techniques. In our implementation, for each of the 84
groupings, we use the conjoint gradient algorithm with a maximum of 1000 iterations.
If convergence is not achieved within 1000 iterations, we take the final values as our
estimates.44

Note that the raw estimates in Table 2 and Appendix Table A.1 do not distinguish
between m-valuations and h-valuations, and more generally are not really comparable
across groups. In interpreting these estimates, we are more interested in their difference,
as that reflects which elicitation technique is more likely to induce risk aversion. For
that, however, we must account for the fact that larger values have opposite meanings

43The function N represents the CDF for a bivariate normal distribution.
44Of our 84 MLE implementations, only 8 fail to achieve convergence within 1000 iterations.
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for m-valuations versus h-valuations. Given raw estimates µ̂v and µ̂c, we define

µ̂v − µc =

µ̂v − µ̂c if it is an m-valuation

µ̂c − µ̂v if it is an h-valuation

Note that µ̂v − µc is defined such that a positive value means that choices induce more
risk aversion than valuations for either type of valuation task. When describing the
implications of the MLE estimates in the lower panel of Table 2 and Appendix Table
A.1 and in panel B of Figure 6, we report results in terms of µ̂v − µc.

F Problem Parameters and Estimates of Instability

The 84 probit and maximum likelihood estimates presented in Table 2 and Table A.1
reveal that different broad conditions lead to different quantitative estimates of mean
preference instability, µ̂v − µc. For AB problems, the tendency is towards µ̂v − µc > 0
and thus choices yield greater risk aversion; for AB′ problems, the tendency is towards
µ̂v − µc < 0 and thus valuations yield greater risk aversion; and for CD problems,
the tendency is towards µ̂v − µc ≈ 0 (particularly when expressed in expected value
units).

Importantly, there is also substantial heterogeneity within problem types, with
each of AB, AB′, and CD problems indicating some instances of µ̂v − µc > 0 and
some instances of µ̂v − µc < 0. Understanding the drivers of this heterogeneity may
lead to further insights on when preference stability is more or less likely to hold.

To analyze the sources of this within-problem heterogeneity, in Table F.1 we regress
probit estimates and MLE estimates of µ̂v − µc on the probability parameters p and
r controlling for whether the corresponding grouping covers an AB, AB′, or CD
problem, and whether the grouping involves m-valuation tasks or h-valuation tasks.
Columns (1) and (3) examine p effects for all 84 groupings. Because r is not defined
for AB problems, columns (2) and (4) examine r effects for the 70 groupings which
cover AB′ and CD problems. We find that both p and r are highly and differentially
correlated with estimates of instability. Choices yield greater risk aversion than
valuations at low values of p, and less risk aversion than valuations at high values of
p. In contrast, choices yield less risk aversion than valuations at low values of r, and
greater risk aversion than valuations at high values of r.
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Table F.1: Problem Parameters and Estimates of Instability

Probit Estimates MLE Estimates
Dependent Variable : µ̂v − µc Dependent Variable : µ̂v − µc

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

p -21.72 p -20.82

(3.89) (2.61)
r 26.57 r 15.79

(6.24) (4.93)
1(AB′) -16.71 1(AB′) -20.77

(3.64) (2.44)
1(CD) -3.03 14.61 1(CD) -4.48 17.12

(3.04) (3.16) (2.04) (2.50)
1(m-valuation) -4.91 -3.63 1(m-valuation) -3.16 -1.35

(2.73) (3.48) (1.83) (2.75)
Constant 18.91 -21.48 Constant 17.70 -22.08

(3.59) (3.46) (2.41) (2.74)

# Observations 84 70 # Observations 84 70
R2 0.45 0.38 R2 0.69 0.48

Notes: Table presents OLS regressions of either probit or MLE estimated value of µ̂v − µc on problem
parameters p and r controlling additionally for whether the grouping covers an AB, AB′, or CD
decision and whether the grouping’s valuations elicit a middle prize (m-valuation) or a high prize.
Columns (1) and (3) focus on all 84 groupings and examines effect of p; columns (2) and (4) focus on
the 70 groupings for AB′ and CD decisions and examines effect of r. Standard errors in parentheses.

Findings of preference instability may be quite sensitive not only to the type of
lotteries used (e.g., certain vs. binary compared to certain vs. trinary compared
to binary vs binary), but also to the probabilities implemented. Understanding the
deeper reasons for these predictable effects on instability will be a critical path for
future studies.
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G Testing Sign Congruence (Miller et al., 2026)

In Section 4.3, we deploy the test recommended by Miller et al. (2026) for sign
congruence between two estimators.45 In this section, we provide more detail.

Miller et al. (2026) develop a methodology for testing the sign congruence between
two theoretical quantities, µ1 and µ2, that is, for testing the null H0 : µ1 · µ2 ≥ 0. The
test requires estimators µ̂1 and µ̂2 that satisfy the following assumption:

Assumption G1. The estimators µ̂1 and µ̂2 are asymptotically normal

√
n

µ̂1 − µ1

µ̂2 − µ2

 →d N

0
0

 ,

 σ2
1 ρσ1σ2

ρσ1σ2 σ2
2

 ,

with convergent variance-covariance estimates,

σ̂1

σ1
→p 1, σ̂2

σ2
→p 1, ρ̂

ρ
→p 1.

Their recommended test rejects H0 if

µ̂1 · µ̂2 < 0 and min
{

|µ̂1|
σ̂1/

√
n
,

|µ̂2|
σ̂2/

√
n

}
≥ zα.

The critical value is zα = Φ−1(1 − α) when it is known that ρ ≥ 0; otherwise, the
critical value depends on ρ. For α = 0.05, the critical threshold is zα = 1.645 when
ρ ≥ 0; it remains approximately zα = 1.645 until ρ is around −0.8; and then it reaches
zα = 1.96 when ρ = −1. Russek-Cohen and Simon (1993) provide a tabulation of the
relevant thresholds for α = 0.05 depending on the correlation. Where necessary (and
feasible) we use this tabulation to target the threshold for α = 0.05.

Under the assumptions of Proposition 3, the attainable set satisfies (Pc(y) − 0.5) ·
(Pv(y) − 0.5) ≥ 0. We can thus directly apply the Miller et al. (2026) test if we
maintain Assumption G1 for the relevant empirical quantities—that is, for the sample
proportions P̂c(y) and P̂v(y) and for their sample standard errors

√
P̂c(y)(1−P̂c(y))

Nc
and√

P̂v(y)(1−P̂v(y))
Nv

. Because the data from the prior literature do not contain information
on the sample correlation, we apply the test assuming ρ = 0 (and thus use zα = 1.645)

45This test was originally proposed in the statistics literature by Russek-Cohen and Simon (1993).
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for both of our datasets.46

Under the assumptions of Proposition 2, the attainable set is conv(Cy ∪ CX) ∪
conv(Vy ∪ VX). We can test this prediction using an adjustment to the basic test.
Miller et al. (2026) note that more general hypotheses akin to sign congruence can be
tested by considering a change of base. We apply a base change to Pc(y) and Pv(y)
using the cone spanned by the vectors {(4/3, 2/3), (2/3, 4/3)}. Define:

A ≡

4/3 2/3
2/3 4/3

−1

=
 1 −1

2

−1
2 1

 and
ν1

ν2

 ≡ A

µ1

µ2

 =
 µ1 − 1

2µ2

−1
2µ1 + µ2

 .

If µ1 = Pc(y) − 2/3 and µ2 = Pv(y) − 1/3 then, ν1 = Pc(y) − 1
2 − 1

2Pv(y) and
ν2 = −1

2Pc(y) + Pv(y). Thus, ν1 = 0 is equivalent to Pv(y) = 2Pc(y) − 1, the lower
boundary of conv(Cy ∪CX). Similarly, ν2 = 0 is equivalent to Pv(y) = 1

2Pc(y), the lower
boundary of conv(Vy ∪ VX). With such definitions for µ1 and µ2, an observation lies
below both lines if ν1 > 0 and ν2 < 0. Defining µ′

1 = Pc(y) − 1/3 and µ′
2 = Pv(y) − 2/3

with the same A matrix delivers ν ′
1 = 0 and ν ′

2 = 0 being equivalent to the upper
boundaries of conv(Cy ∪CX) and conv(Vy ∪ VX). An observation lies above both lines
if ν ′

1 < 0 and ν ′
2 > 0.

Miller et al. (2026) show that asymptotic normality of (ν1, ν2) with an arbitrary base
change follows from asymptotic normality of (µ1, µ2) and thus the same recommended
test applies. However, in our case the specific change of base induces negative
correlation between ν1 and ν2. Because, again, the data from the prior literature do
not contain information on the sample correlation, we proceed under an assumption
that Pc(y) and Pv(y) are uncorrelated. Under this assumption,

corr(ν1, ν2) = corr(ν ′
1, ν

′
2) = −(σ2

1 + σ2
2)/2√

σ2
1 + 1/4σ2

2

√
1/4σ2

1 + σ2
2

< 0.

This negative correlation can be sufficiently large in magnitude to require adjustment
of the critical value associated with α = 0.05. When we apply this test to assess
whether an observation comes from conv(Cy ∪ CX) ∪ conv(Vy ∪ VX), we calculate the
sample analog for this correlation and use it to identify the corresponding threshold
for zα from Russek-Cohen and Simon (1993) to target α = 0.05.

46This simplification appears largely justified: In the McGranaghan et al. (2024, 2026) data, 414 of
the 424 experiments exhibit positive correlation, and no correlation is smaller than −0.19.
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