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Abstract

Valuation tasks are a workhorse method for testing theories of individual preferences.
However, a body of evidence suggests that complexity produces systematic measurement
error in valuations, which raises the question of how researchers should interpret and uti-
lize valuation data. To formally study this issue, we develop a model of complexity-driven
noise in the valuation of risky prospects, in which the difficulty of comparing options to
prices produces systematic noise in their valuations. We show how this model of noise can
explain a number of documented valuation patterns that are difficult to rationalize under
prevailing theories of risk preferences, as well as novel experimental evidence of systematic
inconsistencies across valuation formats. We then characterize which valuation-based tests
of preferences are robust to complexity in our model. While complexity distorts the levels
of valuations in our model, differences between valuations can be informative, so long as
complexity is held fixed across valuation tasks. We provide a formal criterion for robustness

and apply it to valuation designs in the literature.

Keywords: Complexity, choice under risk, experiments

*Shubatt: Department of Economics, Harvard University. cshubatt@g.harvard.edu. Yang: Department of Eco-
nomics, University of California, Santa Barbara. jeffrey.yang97@gmail.com. We thank Benjamin Enke, Erik Eyster,
David Laibson, Daniel Martin, Joshua Schwartzstein, and Jason Somerville for helpful comments and suggestions.



1 Introduction

Valuation tasks are a workhorse method for measuring preferences and testing theories of in-
dividual decision-making. Valuations have played a central role in testing and developing the-
ories of choice under risk (Tversky and Kahneman, 1992; Holt and Laury, 2002; Andersen et
al., 2008; Andreoni and Sprenger, 2011; Bernheim and Sprenger, 2020), among other choice
domains, and they are heavily featured in recent experimental methodologies used to study
preferences (McGranaghan et al., 2024a,b). Outside the laboratory, valuation data are com-
monly collected in applied work, where they are used to measure willingness to pay, estimate
preference parameters, and evaluate interventions in field and development settings (see Jack
et al., 2022, for a review).

At the same time, a body of evidence suggests that elicited valuations are subject to system-
atic measurement error that complicates their interpretation (Harrison et al., 2005; Andersen
et al., 2006; Beauchamp et al., 2020; Freeman and Mayraz, 2019; Freeman et al., 2019; Jack
et al., 2022; Holden et al., 2025). Implicit in many of these accounts is the idea that these dis-
tortions arise due to subjects’ uncertainty over or difficulty with forming valuations, consistent
with models of how cognitive frictions produce forms of systematic noise in valuations (Enke
and Graeber, 2023; Frydman and Jin, 2025; Shubatt and Yang, 2024). Notably, recent work
has argued that the canonical fourfold pattern in the valuation of risky prospects is driven by
complexity-driven noise as opposed to underlying preferences (Enke and Graeber, 2023; Oprea,
2024), a possible explanation for why the fourfold pattern is less pronounced in direct choice
between prospects than in valuations (Bouchouicha et al., 2024; Imai et al., 2025).

This raises several questions. Which empirical patterns in valuations should be interpreted
as reflecting preferences as opposed to artifacts of complexity? Which experimental tests in-
volving valuation data are valid in the face of complexity-driven noise? More generally, how
should valuation-based tests be designed if the goal is to learn about underlying risk prefer-
ences? Without precise formal structure on how complexity can distort valuations, it is difficult
to provide sharp answers to these questions. In this paper, we develop a model of systematic
complexity-driven noise in the valuation of risky prospects, and use it to reconcile documented
puzzles in the extant literature, characterize what valuation data can tell us about preferences,

and derive implications on which valuation tests are robust to complexity-driven noise.

Motivating evidence for systematic noise. To motivate this exercise, we first conduct an exper-
iment designed to demonstrate the importance of systematic noise in valuations. In our exper-
iment, subjects report valuations for the same set of lotteries using four distinct multiple price

list variants over which the numeraire good varies. Under any account of stable preferences and



unbiased noise in valuations, the preference ordering implied by subjects’ valuations of these
lotteries should be invariant across these alternative valuation modes. We strongly reject this
implication. Each of the four valuation modes produces a distinct modal preference ordering
over the same set of lotteries. Our data are difficult to reconcile with the assumption of mean-
zero noise in valuations, even under flexible assumptions on heterogeneity in preferences and
decision noise. These results strongly suggest that noise in valuations is systematically biased,
and motivate models that put quantitative structure on this bias.

Modeling valuations under tradeoff complexity. We model a decision-maker who values a
lottery x against a price, or numeraire good—formally, an ordered continuum of numeraire
lotteries Z—on the basis of potentially imprecise comparisons between x and prices in Z. For-
mally, the DM learns about the valuation of x through a noisy signal of how x ranks against
prices in Z, which are less precise for prices that are harder to compare to x. This process re-
sults in a posterior range of uncertainty over x’s valuation in terms of Z, which is more likely
to include prices that are hard to compare to x.

To put structure on the ease of comparison, we adapt the measure of tradeoff complexity
developed in Shubatt and Yang (2024), in which the difficulty of comparing lotteries increases
as the DM faces greater tradeoffs across their distributions. Our resulting model predicts sys-
tematic noise that compresses valuations toward the range of prices that are hard to compare
to the lottery. This straightforwardly explains the pattern of valuation inconsistencies we docu-
ment in our experiment, as well as related inconsistencies, such as the reversal of the fourfold
pattern under alternative valuation methods (Feldman and Ferraro, 2024; Shubatt and Yang,
2024).1

Reconciling valuation patterns. We then confront our model with a set of valuation patterns
documented in the extant literature that are difficult to rationalize under prevailing theories of
risk preferences. Our model can rationalize 1) inverse-S weighting in certainty equivalents and
the absence of an aggregate common ratio effect in compounded certainty equivalents in Mc-
Granaghan et al. (2024b); 2) the presence of non-linear probability weighting and the absence
of rank-dependence in the tests of Bernheim and Sprenger (2020); 3) inverse-S weighting in
certainty equivalents and the absence of independence violations away from certainty in un-
certainty equivalents in Andreoni and Sprenger (2011); and 4) boundary effects in certainty

equivalents documented in Kontek (2018). Whereas leading theories of risk preferences, such

1Shubatt and Yang (2024) show that this pattern can be rationalized in a discrete model of valuations in which
the DM chooses in a multiple price list based on noisy signals of value comparisons. Our model can be derived as
a limit case of this model under an alternative signal structure.
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as expected utility theory and rank-dependent utility, would require substantive modifications
to accommodate these valuation patterns under standard assumptions on noise, we show that

under expected utility, our specification of noise can rationalize key features of these patterns.

Implications for valuation-based tests of preferences. In the exercise above, there are fea-
tures of the data that cannot be rationalized by our model of expected utility preferences and
complexity-driven noise, which highlights areas in which our assumed theory of expected util-
ity may be inadequate. Motivated by this, we use our model to derive implications for what can
be learned about preferences from valuation data in the presence of complexity-driven noise,
and for which valuation-based tests of preferences are robust to this form of noise.

Our model implies that while the levels of valuations are in general distorted by system-
atic noise, and should therefore be interpreted with caution, differences between valuations
can be informative about underlying preferences, so long as tradeoff difficulty is held constant
across valuation tasks—since this ensures complexity-driven noise is held fixed across tasks,
differences in valuations are informative of preferences. We show that many common uses of
valuation tasks do not satisfy this criterion and are thus subject to complexity-driven confounds,
such as the use of certainty equivalents to estimate risk aversion or measure the fourfold pat-
tern. At the same time, a number of recently proposed valuation methodologies satisfy this
criterion, such as the paired valuation tasks in McGranaghan et al. (2024b,a) used to test for
common ratio, common consequence, and mixture preferences, the test for rank-dependence
in Bernheim and Sprenger (2020), and the uncertainty equivalents method in Andreoni and

Sprenger (2011) used to test for independence violations.

Contributions and related literature. Our paper relates to a longstanding literature that uses
valuation data to study risk preferences (e.g. Tversky and Kahneman, 1992; Holt and Laury,
2002; Andersen et al., 2008; Andreoni and Sprenger, 2011; Bernheim and Sprenger, 2020;
McGranaghan et al., 2024a,b). The predominant approach in this literature has been to in-
terpret elicited valuations under the assumption of unbiased noise, and to use the resulting
valuation data to inform and modify theories of preferences. Our paper takes a complemen-
tary approach: we revisit standard assumptions on noise in valuations, and focus on modeling
systematic, complexity-driven noise. In doing so, we show that a number of puzzling valuation
patterns in the literature can be rationalized by our model of noise, assuming standard risk
preferences, and derive implications for which valuation-based tests of preferences are robust
to complexity-driven noise.

In characterizing complexity-robust valuation designs, our paper relates to a broader method-

ological discussion on measurement error in valuation elicitations. A body of work has shown



that elicited valuations are subject to various forms of systematic measurement error, such as
pull-to-center biases and range effects (Harrison et al., 2005; Andersen et al., 2006; Beauchamp
et al., 2020; Freeman and Mayraz, 2019; Freeman et al., 2019; Jack et al., 2022). To deal with
these concerns, past work can be broadly categorized into two approaches. The first approach
corrects for systematic errors at the “analysis stage”, assuming a parametric structure on these
distortions and uses econometric corrections to recover latent preferences from valuations (e.g.
Andersen et al., 2006; Beauchamp et al., 2020; Jack et al., 2022). The second approach seeks
to control for these errors at the “implementation stage”, comparing and developing methods
of eliciting a given valuation so as to reduce the influence of subject confusion (e.g. Andersen
et al., 2006, 2008; Bruner, 2011; Hardisty et al., 2013; Cason and Plott, 2014; Holden et al.,
2025), as well as studying the theoretical properties of elicitation methods (e.g. Karni and Safra,
1987; Azrieli et al., 2018).

Our paper takes a third approach: we seek to address systematic noise at the “design stage”,
using our model to provide guidance on which valuations to elicit in the face of complexity-
driven noise. We view this approach as complementary. Relative to the first approach, our re-
sults on robust valuation designs do not rely on specific parametric assumptions but instead
only the general structure of our noise specification, at the cost of exact preference recovery.
Relative to the second approach, we abstract from differences in framing and subject confusion
across different methods of implementing a valuation task, and instead focus on modeling an
underlying source of difficulty in forming valuations—tradeoffs in comparing options against
prices—that likely applies across different implementations.2

Finally, our paper relates to a broader literature studying the implications of noise for the de-
sign and interpretation of revealed preference measures in experiments (Harless and Camerer,
1994; Ballinger and Wilcox, 1997; Loomes and Sugden, 1998; McGranaghan et al., 2024b;
Echenique and Tserenjigmid, 2026), which has considered a broader set of revealed preference
measures beyond valuations, such as direct choice.3 Our focus on modeling noise in valuations
is motivated by their wide use in experimental research, as well as their appealing properties
for testing preference theories (see e.g. Bernheim and Sprenger, 2020; McGranaghan et al.,
2024a; O'Donoghue and Somerville, 2026).

This paper proceeds as follows. Section 2 presents motivating evidence for systematic noise

2For instance, (Enke and Graeber, 2023) document that subjects’ subjective uncertainty over their valuations
of lotteries predict a stronger pull-to-center effect in both stated valuations and multiple price lists. Likewise,
preference reversals between valuation and direct choice in lottery choice, which Shubatt and Yang (2024) show
can be attributed to tradeoff complexity, have been documented in valuations elicited both using the Becker-
deGroot-Marschak mechanism and multiple price lists.

3See McGranaghan et al. (2024a) and Echenique and Tserenjigmid (2026) for a recent discussion of the
implications of noise for valuation- and choice-based preference tests
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in valuations. Section 3 develops our model of complexity-driven noise in valuations. Section
4 applies the model to explain documented patterns in the valuation literature, and Section
5 develops implications for the design of complexity-robust valuation-based tests. Section 6

concludes. Proofs are relegated to the Appendix.

2 Evidence for Systematic Noise in Valuations

When interpreting valuation data, a standard assumption is that noise in valuations is unbi-
ased. We conduct an experiment to demonstrate the presence and quantitative importance of
systematic noise in valuations.

To fix ideas, consider the following measurement framework. Denote by v-(x) a decision-
maker’s true valuation of a lottery x against the price structure Z. Here, Z describes the nu-
meraire against which x is valued, i.e. whether x is valued in terms of certain payments or
probability equivalents. We assume that true valuations are consistent across price structures,
i.e. vz(x) > vz(y) implies vz (x) > vz (y).*

Let V;(x) denote the experimenter’s measurement of v;(x), and let € z(x) = Vz(x)—vz(x)
denote the valuation error. A standard assumption is that these errors are unbiased, so that
comparisons of elicited valuations are informative of an individual’s true valuations. We consider

two forms of this unbiased noise assumption:
Al. Forall x,y, Z, E[Vz(x)] > E[V:(y)] < vz(x)>v:(¥).
A2. Forall x,y, Z, P(Vz(x) > Vz(y)) > 0.5 < vz(x)>v:(y).

These assumptions are implied by familiar error specifications. For instance, mean-zero errors
imply Al, median-zero differences €;(x) — e-(y) imply A2, and mean-zero and symmetric
errors imply both.

An immediate implication of unbiased noise is that a decision-maker’s valuations must be

consistent across price structures. A1 and A2 imply, respectively,
Implication 1. E[V;(x)] > E[V;(y)] < E[Vz(x)] > E[V.(y)]
Implication 2. P(Vz(x) > V;(y))> 0.5 < P(V.(x)> Vz(y))> 0.5

We now discuss an experiment that tests for this consistency.

4In our formal treatment of valuation tasks in Section 3, we show that this form of consistency across price
formats must hold if underlying preferences are monotonic.
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2.1 Design

Subjects value four pairs of risky prospects that pay an amount of money with some probability.
Each pair consists of lotteries with the same expected value; one lottery (the Risky lottery,
denoted () is a mean-preserving spread of the other (the Safe lottery, denoted {g). Each pair
is identified by a value p € {0.1,0.2,0.8,0.9}: the Risky lottery pays $30 with 20 - p% chance,
and the Safe lottery pays $30 - p with 20% chance.

For each pair, we elicit subjects’ valuations of the lotteries using four valuation modes:
1. Money equivalents a) (M-a): value options against $m with 20% chance
2. Money equivalents b) (M-b): value options against $m with 50% chance
3. Probability equivalents a) (P-a): value options against r% chance of $30
4. Probability equivalents b) (P-b): value options against r% chance of $40

Notice that if the subjects have monotonic preferences over lotteries, their true valuations over
lottery pairs should be ordinally consistent across these valuation modes. We are interested in
assessing whether observed valuations satisfy this consistency.

Since the M-a valuations of the Safe lotteries and likewise the P-a valuations of the Risky
lotteries are trivial, we infer subjects’ valuations in those cases, rather than elicit them directly.
That is, we assume that subjects’ M-a valuation of $y with 20% chance is equal to y, and
likewise that subjects’ P-a valuation of $30 with g% chance is equal to g.

In our experiment, we elicit these valuations using a multiple price list (MPL) elicitation.
Subjects completed money-equivalent and probability-equivalent valuation tasks in separate
blocks, with both the order of price lists within each block and the order of blocks randomized.
Each subject had a 1/5 chance for their decisions to be incentivized; if this occurred, we ran-
domly selected a single price list in the experiment, and their bonus was determined by the
lottery they chose in a randomly selected row of that price list. See Appendix C for more design

details and screenshots of the experimental interface.

2.2 Results

252 subjects were recruited on Prolific to complete the study. The study took 23.2 minutes on
average. Subjects earned a show-up payment of $3.50, and an average bonus of $0.87.

Figure 1, which plots the mean lottery valuations in each pair under each of our four modes
of valuation, reveals clear aggregate differences across the modes of valuation. Panel a) shows

that in M-a valuations, subjects on average value ¢, above (¢ for p € {0.1,0.2}, and value {,
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Figure 1: Valuation levels. Whiskers plot 95% confidence intervals.

below £ for p € {0.8,0.9}. That is, M-a valuations are on average risk-seeking for low p, and
risk-seeking for high p. This is consistent with McGranaghan et al. (2024), who document the
same pattern of aggregate valuations in similar MPL valuation tasks.

Turning to panel b), however, we see the opposite pattern in P-a valuations. Subjects on
average value the £, below £ for p € {0.1,0.2}, and value £, above £ for p € {0.8,0.9}. That is,
P-a valuations are on average risk-averse for low p, and risk-seeking for high p. Panels c) and
d) show M-b and P-b additionally exhibit inconsistent aggregate patterns: M-b valuations are
weakly risk-seeking for all p, and P-b valuations are weakly risk-averse for all p. In sum, each
of our four valuation modes leads to different conclusions about the average ranking between
the paired lotteries.

We can more directly study apparent inconsistencies in risk preferences across our four val-
uation modes by examining, for each lottery pair, the proportion of subjects whose valuations

indicate a preference for the Risky vs. Safe lottery (that is, the proportion of risk-seeking valu-
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Figure 2: Proportion of risk-seeking valuations. Whiskers plot 95% confidence intervals.

ations) under each valuation mode.

Figure 2 plots these proportions. The patterns that emerge are largely consistent with Fig-
ure 1. When lotteries are valued under M-a, the majority prefers £, (risk-seeking) for low p and
prefers £ (risk-averse) for high p. When the same lotteries are valued under P-a, we observe
the opposite modal preference: the majority prefers ¢ (risk-averse) for low p and prefers £,
(risk-seeking) for high p. Similarly, under M-b valuations, the majority prefers {5 (risk-seeking)
for all p, and under P-b valuations, the majority prefers {5 (risk-averse) for all p. Table 1 sum-
marizes the aggregate valuation patterns.

These aggregate results are inconsistent with Implications 1 and 2 of unbiased noise, assum-
ing the data are generated by a representative agent. However, these results could be explained
under unbiased noise if we allow for heterogeneity in preferences and valuation noise across

individuals, under certain forms of correlations between preferences and noise.> As such, we

5See (McGranaghan et al., 2024b) for a discussion of how heterogeneity can lead to apparent inconsistencies
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Table 1: Summary of aggregate valuation patterns.

p €{0.1,0.2} p €{0.8,0.9}

M-a valuations: | {; > £ (risk-seeking) | £z < (g (risk-averse)
P-a valuations: | { < {4 (risk-averse) | £ > £ (risk-seeking)
M-b valuations: | £y > £ (risk-seeking) | £y > £ (risk-seeking)
P-b valuations: lp < U (risk-averse) | f£p < {g (risk-averse)

turn to within-subjects evidence of inconsistencies across valuation modes. Column (1) of Table
2 reports, for each pair of valuation modes and lottery pair, the proportion of subjects who ex-
hibit inconsistent valuations across the two modes. In every comparison for which we observe
an aggregate reversal, the majority of subjects make inconsistent valuations: each of these in-
consistency rates are weakly greater than 50%, and we can reject the null of equality in half of
the relevant comparisons. This is inconsistent with Implication 2 of unbiased noise under any
specification of heterogeneity in preferences and valuation noise across individuals, so long as
noise is independent across valuations.®

These within-subject reversals are not only prevalent in our sample, but are also systematic
in nature. Column (2) of Table 2 reports the proportion of subjects who exhibit an inconsistency
in the direction that coheres with the aggregate patterns summarized in Table 1. For instance,
in the comparison of M-a and P-a valuations, an inconsistency that coheres with the aggregate
pattern would assign a higher valuation to £; under M-a and a higher valuation to {5 under
P-a for p € {0.1,0.2}, and vice versa for p € {0.8,0.9}. A comparison of columns (1) and (2)
reveals that for each relevant comparison, the majority of inconsistencies directionally cohere

with the aggregate patterns.

2.3 Interpretation and Discussion

In our experiment, valuations exhibit markedly different patterns across multiple ordinally
equivalent valuation formats. Under the maintained assumption that underlying preferences
are consistent across valuation formats, these results strongly reject the assumption of unbi-
ased noise in valuations.

To account for these results, one must either relax the assumption that preferences are con-
sistent across valuation formats, or relax the assumption of unbiased noise. While past work has
taken the former approach, showing that models of reference-dependent preferences (Sprenger,

2015; Feldman and Ferraro, 2024) and salience (Bordalo et al., 2012) can explain certain in-

in aggregated preferences under unbiased noise.
6To see this, note that under Implication 2, the probability that an individual makes an inconsistent valuation
takes the form (1 —p,)pg + (1 — pp)pa, where py, pg = 0.5; this probability is weakly less than 0.5.
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Table 2: Individual-Level Valuation Inconsistencies

Pr(Incons.)> 0.5

Pr(Incons.) Pr(Incons.) Predicted (¢-statistic)

1) (2) 3)
Panel A. M-a vs. P-a
p=0.1 0.66 0.63 5.30***
p=0.2 0.59 0.56 2.81*
p=0.8 0.57 0.44 2.16*
p=0.9 0.58 0.44 2.68**
Panel B. M-b vs. P-b
p=0.1 0.73 0.69 9.67%
p=0.2 0.70 0.66 7.94"*
p=0.8 0.54 0.43 1.41
p=0.9 0.53 0.35 1.18
Panel c. M-a vs. M-b
p=0.8 0.53 0.41 1.03
p=09 0.53 0.38 1.22
Panel d. P-a vs. P-b
p=20.8 0.54 0.44 1.32
p=0.9 0.54 0.38 1.28

Column (1) reports the proportion of valuations for each {, {5 pair that are inconsistent across valuation formats. Col-
umn (2) reports the proportion of valuations for each £y, £ pair that are inconsistent and that coheres with the aggregate
patterns summarized in Table 1. Column (3) reports t-statistics for a two-sided bootstrapped t-test. Stars indicate signif-
icance level of the test. ***p < 0.001; **p < 0.01; *p < 0.05.

consistencies across valuation formats, these models cannot account for the patterns of incon-
sistencies that we document, as we discuss in Appendix A.6.

We take the complementary approach of assuming stable preferences, and instead focus on
the possibility of systematic noise in valuations. In tandem with a body of existing work arguing
that complexity produces systematic errors in valuations, this raises a basic question: which
valuation patterns are attributable to underlying preferences, as opposed to systematic noise?
Addressing this question requires a model of stochastic valuations that is more descriptive than

unbiased noise. We develop one such model below.
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3 Modeling Systematic Noise in Valuations

3.1 Valuation Framework

Let X denote the set of finite monetary lotteries, where each x € X is described by a probability
mass function f, : R — [0, 1] where f, (w) > 0 for finitely many w; let F! denote the associated
quantile function. Let >, denote the first-order stochastic dominance relation on X . Consider
a decision-maker (DM) tasked with valuing lotteries. The DM’s preferences are described by a
continuous weak order > on X that is monotonic, i.e. x >po5p ¥ = Xx > y; say that > is
proper if it satisfies these properties.

We formalize valuation tasks as follows. For B C R, let Z(B) denote the set of all non-
degenerate sub-intervals of B. For W € Z(R), a price structure is a family of lotteries Z =
{z,,}wen Where z,, <posp 2, if and only if w < w’, and the mapping w — z,, is continuous.
The index set W has the interpretation of the numeraire value, i.e. the monetary amount in a
certainty equivalents task or the payout probability in a probability equivalents task.

Avaluation task (x, Z) is a pairing of a lottery x and price structure Z such thatz < x < 2’ for
some z,z’ € Z. By continuity and monotonicity of >, this implies that there exists a unique z € Z
that is indifferent to x; denote by v:(x) the index of this lottery, which has the interpretation
of the DM’s true valuation of x in terms of Z. Denote by w_(x) = inf{lw € W : 2, £rosp X}
and wz(x) =sup{w € W : z,, #r0sp X} the endpoints of the range of undominated prices in W,

and call a valuation task (x, Z) bounded if 2 <posp X <posp 2’ for some 2,2’ € Z.

Example 1. (Examples of Valuation Tasks). Here, let (a,b,..,c;p,q,...,r) denote the lottery
that pays out a, b, ..., ¢ # 0 with probabilities p, g, ..., r, respectively, and 0 otherwise.

* Certainty equivalents. Here, the DM values x against certain payments. This is described
by (x, Z), where Z = {(w; 1)},,cg-

* Probability equivalents. Here, the DM assesses the payoff probability p that makes (m; p)
indifferent to x, where m is weakly greater than the upper bound of the support of x.
This is described by (x, Z), where Z = {(m; w)},,0.1-

* Money equivalents. Here, the DM states the monetary m amount that would make (m; p)
indifferent to x. This is described by (x, Z), where Z = {(w; p)}, er-

* Equalizing reductions. Given a lottery x = (a, b,c; p,q,1—p—q), the DM states the reduc-
tion in payoff ¢ that would be needed to compensate a given increase k in payoff b. This

is described by (x, Z), where Z ={(a,b+k,c—w;p,q,1 —p —q@)},er-
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3.2 Modeling Complexity Driven Noise

Rather than assuming the DM has perfect access to her preferences and therefore her valua-
tions, we model a DM who values options on the basis of imprecise comparisons between x
and the numeraire, motivated by the idea that decision-makers may find some options more
difficult to compare than others (Natenzon, 2019; Shubatt and Yang, 2024). For instance, in
assessing the certainty equivalent of x = ($10;0.3), the DM presumably understands that x
should be valued less than $10 but may have an imprecise understanding of how x should be
valued above or below $2. We formalize how such imprecision produces systematic noise in val-
uation in the case of bounded valuation tasks, and later extend the model to general valuation

tasks.

Signal structure. Consider a DM who faces a bounded valuation task (x, Z). Rather than di-
rectly observing her true valuation v;(x), the DM learns about it through a set of noisy local
comparisons between x and the prices in Z. Formally, we model valuations as the outcome
of Bayesian learning. The DM begins with uncertainty over v;(x), with priors uniformly dis-
tributed on W. She receives a signal s € S = {—1,0,+1}" that summarizes a collection of local
comparisons between x and prices in Z, forms a posterior belief over v;(x), and then reports
her posterior expectation V;(x). The likelihood function 7(s|v), which describes the distribu-
tion of signals conditional on the true valuation v € W is characterized by two properties.
First, for each price w € W, the local signal s(w) € {—1,0, +1} either reveals that x is worth
less than z,, (s(w) = —1), that x is worth more than z,, (s(w) = +1), or is uninformative about

the comparison (s(w) = 0):
1. t({seS:Iw<vst.s(w)=1}v)=n({s€S:Iw>vs.t.s(w)=—1}v)=0.

Second, the arrival of information about the comparison between x and each z,, is independent
across w, and informative local signals arrive more frequently in regions of prices that are easier

to compare to Xx:

2. Let N(I;s) =Y., Is(w)| count the number of informative local signals produced by s in

an interval I € Z(W). Under 7t(s|v), N(I;s) is a Poisson process with the rate function

1

= ™

-In(1 —7(x,2,)),

where 7 : X x X — [0,1] is a comparability function, which satisfies, for all x,y € X,

T(x,y)=1(y,x), T(x,y) =0 whenever x ~ y, and 7(x, y) = 1 whenever x >pqsp V.
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Here, 7(-,-) describes the ease of comparing lotteries: if 7(x,z,) = 1 for a neighborhood of
prices, the DM perfectly learns how x compares against that neighborhood; if instead 7(x, 2,,) =
0, the DM receives no information on the comparison. The arrival rate of local signals is normal-
ized by the range of undominated prices w;(x) —w_(x). This amounts to assuming that the
DM dedicates a fixed amount of attention to the range of prices relevant to the valuation of x
regardless of its “size”, and ensures that valuations are invariant to affine reparameterizations
of the price structure, i.e. denominating certainty equivalents in terms of dollars vs. cents.

This model describes a process where the DM narrows down her valuation of x by querying
whether x is worth more or less than different prices in Z, where queries are less likely to
be informative when they involve less comparable prices. This leaves the DM with a range of
uncertainty over x’s valuation that is more likely to include harder-to-compare prices.

Let V;(x) denote the DM’s valuation. It can be shown that V;(x) is distributed according to

V() =v,00)+ 3 (300 -8.(),

where 6 .(x) and & -(x) are independent and are distributed, respectively, according to

FE(6) = 1—exp (—JO Az (vz(x)— r)dr) t <vz(x)—w,(x)

1 otherwise

— 1—exp (—J Az(vz(x)+T) dr) t <wz(x)—vz(x)
F (t)= 0

1 otherwise

Importantly, the error % (gz(x) -0 Z(x)) can be systematically biased as we show later in this

section.

Unbounded valuation tasks. In some applications of interest, the valuation task (x, Z) does
not contain dominance boundaries. To model these situations, we restrict our attention to val-
uation tasks where the range of prices is bounded so that [w(x),wz(x)] is an interval, where
w_(x),wz(x) are defined as above. This is a feature of standard elicitation schemes such as
the multiple price list, which restrict the range of prices subjects face by design; in practice,
this range is typically specified so that it contains the set of “reasonable” valuations.” Here, the

signal process can be defined exactly as above.

7For instance, when eliciting the valuation of x = ($6, 1) against z,, = ($w, 0.2) in a multiple price list, which is
not unbounded by dominance from above, McGranaghan et al. (2024b) restrict the range of price list to [$6, $36].
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Microfoundation of signal structure. This signal structure can be microfounded as a limit
case of Shubatt and Yang (2024), who develop and apply a model of choice under imprecise
comparisons to study valuations elicited from a multiple price list. In their framework, the
DM completes a multiple price list on the basis of noisy pairwise comparisons between the
option being valued and the prices in the list, which leads to patterns of systematic noise in
valuations governed by the options’ comparability to prices. By putting structure on the ease of
comparison—an approach we follow below—Shubatt and Yang (2024) show how their model
can explain a range of empirical regularities spanning valuation and choice. In Appendix A.1,
we show that our signal structure can be derived as a limit case of a version of their model
in which the price list becomes arbitrarily fine-grained. In this sense, our model captures the
same predictions and underlying psychology as Shubatt and Yang (2024) while providing a

more tractable representation.

3.3 Specifying Comparison Difficulty

The inputs to the model are the DM’s preference > and the comparability function 7(:,-). In

this paper, we will focus on expected utility as our main specification for >, and follow Shubatt

and Yang (2024) in specifying 7(-,-) as being governed by the difficulty of making tradeoffs.
Suppose that > has an expected utility (EU) representation given by the strictly increasing

Bernoulli utility function u : R — R. Our main specification of 7(-,-) takes the following form:

Definition 1. A comparability function T has a CDF-complexity representation (u,H) if there

exists strictly increasing u such that for all x # y,

IEU(X)—EU(J/)I)

v, y) :H( dcpr(x,y)

for H strictly increasing with H(0) = 0, H(1) = 1, where EU(x) = Y. u(w)f,.(w) and

1
depr(x,y) = J u(F () — u(F, (9))l dg.
0

|EU()—EU(y)|
depr(x,y)
tures the severity of tradeoffs in the comparison between x and y. Intuitively, holding fixed the

Here, comparability is increasing in the CDF ratio ropp(x,y) = . This ratio cap-

utility difference of x and y, as their payoff distributions become more dissimilar—that is, as

dcpr(x,y) grows—the DM faces greater tradeoffs across lottery outcomes, and so the ease of
comparison decreases under rqpp(x, y).
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This comparability function satisfies several intuitive properties. First, it satisfies dominance:
7(x, y) takes on its maximal value of 1 if and only if x and y have a dominance relationship. It
also satisfies monotonicity: if x > y, then x’ >psp x implies T(x’, y) > t(x,y) and y >rosp ¥’
implies 7(x,y) < 7(x, y’). As such, the measure can be interpreted as capturing the “distance
to dominance” in a comparison. The function additionally satisfies linearity: t(x,y) = T(Ax +
(1—A)z,Ay +(1—A)z) for all A € (0, 1), an analog of Independence.

Shubatt and Yang (2024) provide formal foundations for this complexity measure, and show
that, when embedded in a model of choice under imprecise comparisons, it can rationalize be-
havioral regularities such as inverse-S probability weighting in certainty equivalents, preference
reversals between valuation and choice, and the instability of probability weighting across val-
uation formats. Empirically, the measure is highly predictive of the difficulty of binary lottery
choice as measured by choice inconsistency and reported subjective uncertainty (Enke and Shu-
batt, 2023; Shubatt and Yang, 2024).

Parameterizing the model. When deriving numerical predictions from our model, we will use
the parameterization H(r) = 1—(1—r)", where v > 0 determines the rate at which comparison
difficulty increases away from dominance.® Under this parameterization, given the Bernoulli
utility function u, a standard preference object, our specification of noise is entirely pinned

down by the single additional scalar parameter y.

Relaxing EU preferences. Our specification of tradeoff-driven noise is defined for a DM with
EU preferences. In Appendix A.3, we show how this specification can be extended to rank-
dependent utility (Kahneman and Tversky, 1979), a prominent theory of non-EU preferences.

It is worth emphasizing that in assuming EU preferences, our goal is not to argue that non-
standard risk preferences do not exist or are quantitatively unimportant. Rather, one of our
goals will be to investigate the extent to which documented valuation patterns, many of which
challenge both expected utility and canonical non-EU risk preferences under non-systematic
noise, can be rationalized by EU preferences and our account of tradeoff-driven noise. As dis-
cussed in Section 4, we find that while our model can explain first-order features of these
patterns, they contain certain features that the model cannot rationalize, which highlights ar-
eas in which our assumed theory of preferences (EU) may be inadequate. In Section 5, we build
on this idea and develop a framework to speak to which kinds of valuation data are informative

about underlying preferences, in the presence of tradeoff-driven noise.

8Shubatt and Yang (2024) use an analogous parameterization in their specification of comparison precision.
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Figure 3: Predicted certainty equivalents E[Vz_ (¢)] (panel a) and probability equivalents E[Vz, (c)]
(panel b). Preferences are given by u(w) = w*, and the comparability function v has a CDF-complexity
representation (u, H) with H(r) =1—(1—r)", for y = 2.5.

3.4 Noise and Systematic Compression

A key feature of our model of noise is that it predicts systematic noise in valuation in the form of
a compression effect: when tradeoffs make x hard to compare to a range of prices, its valuation
is pulled toward the center of that range. Intuitively, this is because the DM’s posterior range
of uncertainty over x’s valuation is more likely to contain prices that are difficult to compare.

To illustrate, we consider two standard valuation paradigms from the literature.

Certainty equivalents. The DM values a binary lottery £ = (m; p) against money Z.; = {(w; 1),,cr}-
As the lottery’s payoff probability p departs from the boundaries of 0 and 1, risk/return trade-
offs make £ difficult to compare to an increasingly wider range of prices in [0, m]. This com-
presses its valuation toward the center of that range, as illustrated in Figure 3a, which plots
average normalized valuations E[V;_ (£)]/m predicted by our model as a function of p. No-
tice two key features of valuation noise. First, compression leads to systematic distortions in
levels: low probability lotteries are overvalued and high probability lotteries are undervalued.
Second, compression generates attenuation (Enke et al., 2024): for interior p, valuations are
insufficiently sensitive to variation in p. As such, our model of noise can produce apparent
inverse-S probability weighting in valuations without appealing to non-standard preferences,
and coheres with prior work providing complexity-based foundations for probability weighting
(Enke and Graeber, 2023; Shubatt and Yang, 2024; Frydman and Jin, 2025; Oprea, 2024).

Probability equivalents. The DM values a certain payment ¢ = (m; 1) against a yardstick lottery

Zpp = {(m; w)},c[0.17- Here, the difficulty of making risk/return tradeoffs again leads to system-
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atic compression. This is illustrated in Figure 3b, which plots E[V;, (c)] (x-axis) as a function of
m/m (y-axis): low certain payments are overvalued and high certain payments are undervalued,
leading to a reversal of inverse-S probability weighting (Feldman and Ferraro, 2024; Shubatt
and Yang, 2024). This highlights a key feature of our model: since noise depends on the trade-
offs in comparing the option to the numeraire, it can manifest differently across valuation tasks.

Relationship to naive compression. Compression effects in valuations can be explained by
other accounts of noise, such as a model in which valuations are mechanically biased toward the
“middle” of the price list, or a model in which a proportion of subjects state valuations uniformly
at random in a fixed range. Unlike these accounts of naive compression, however, our model
makes predictions about structure of compression effects. For instance, let x = ($30;0.79).
While we might expect compression in the valuation of x against {($w; 1)}, cg, We should expect
little noise or compression in the valuation of x against {($w; 0.80)},,cg, as here x has a near-
dominance relationship with most of the prices. Likewise, while we might expect compression
in both the valuation of x = ($30;0.79) and y = ($5;0.79) against {($w; 1)},,cg, we should not
expect the valuations of x and y to be compressed toward the same “intermediate” value. By
putting structure on the likely range of uncertain valuations over which compression occurs, our
model naturally captures these regularities. As the next section illustrates, this added structure
will be key to rationalizing valuation inconsistencies we document, as well as a set of patterns

from the extant literature.

4 Explaining Valuation Patterns

We show how our model of EU preferences and tradeoff-driven noise can rationalize a range
of documented patterns that are difficult to rationalize under prevailing theories of risk prefer-

ences under standard assumptions on noise. We begin with our own experimental results.

4.1 Motivating Evidence

The experiment in Section 2 considered the valuation of the two lotteries £ = (30;0.2 - p),

fs = (30 p;0.2) against four price structures:

Zya = {(w;0.2)}er Zyp = {(w;0.5)},er
Zpo = {(30; W)},er0.1] Zpp = {(40; W)}yero.1

Our noise specification rationalizes the inconsistencies we document as a result of tradeoff-

driven compression.
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First, consider M-a valuations. Here, the difficulty of comparing ¢; to the prices in Z,,,
results in compression effects similar to those discussed in Section 3.4, which cause ¢ to be
overvalued for low p and undervalued for high p. On the other hand, £ is trivial to compare to
prices, resulting in no distortions. As the numerical results in Figure 4a illustrate, for a range of
true underlying risk preferences, this results in valuations that are risk-seeking for low p, and
risk-averse for high p.

Now consider P-a valuations. Here, the situation is exactly reversed relative to M-a valua-
tions. £y is now trivial to compare to prices, whereas tradeoffs generate compression effects in
the valuation of ¢, which as a result is overvalued (undervalued) for low (high) p. As shown
in Figure 4b, valuations here are risk-averse for low p and risk-seeking for high p.

Now consider M-b valuations. Here, the DM faces tradeoffs in comparing both £ and ¢, to
the prices in Z,, ;. Here, as p decreases, the resulting compression causes valuations of £ to be

insufficiently sensitive to the resulting decrease in its payoff probability, whereas the valuations

(@) Predicted M-a valuations (b) Predicted P-a valuations
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Figure 4: Predicted valuations of {5 (in red) and ¢¢ (in blue) against Zy;.,, Zp.q, Zum.p> Zp-p- Preferences
are given by u(w) = w%, and the comparability function T has a CDF-complexity representation (u, H)
with H(r)=1—(1—r)", for y = 2.5.
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of {5 remain more sensitive to the resulting decrease in its payoff amount, which governs the
range of prices that are undominated with respect to £4.° As a result, valuations increasingly
favor £ as p decreases, which as the numerical results in Figure 4c show, can cause valuations
to be risk-seeking for the range of p we consider in our experiment.

Finally, consider P-b valuations. Again, the DM faces tradeoffs in comparing both ¢; and
£ to prices. In this case, however, compression instead causes valuations to be insensitive to
variation in payoffs, rather than probabilities. This generates the opposite pattern as in the case
of M-b valuations: valuations increasingly favor ¢y over £ as p decreases, which can cause
valuations to be risk-averse over the relevant range of p, as Figure 4d shows.

Figure 4 shows that our model of noise can explain the inconsistencies we observe in our
experiment. In Appendix A.7, we provide formal and numerical results demonstrating that our
model is restrictive, in that it rules out the counterfactual inconsistencies that we do not observe

in our experiment.

4.2 Compounded Valuation Tasks

Consider the following valuation tasks:

CEs: {(p) = (m, p) valued against Z = {(w, 1)},,cg
Compounded CEs: {.(p) = (m,rp) valued against Z, = {(w, )},,cr

where the compounded CE task is obtained by scaling down the payoff probabilities of all the
options in the CE task by a common factor r € [0, 1].

McGranaghan et al. (2024b) elicit valuations using both tasks as a test of common ratio pref-
erences. They find that certainty equivalents exhibit the standard pattern of apparent inverse-S
probability weighting: valuations are risk-seeking for low probabilities and risk-averse for high
probabilities; at the same time, they find no aggregate effect of compounding: in their data,
E[V;({(p))] ~ E[V; ({,(p))] for all £, r. That is, both CEs and the compounded version of the
task exhibit the same inverse-S pattern.

As McGranaghan et al. (2024b) note, their results are puzzling from the perspective of
prevailing models of risk preferences. The inverse-S pattern in certainty equivalents is difficult
to reconcile with standard parameterizations of expected utility, and indeed, is often taken as
motivating evidence against expected utility in favor of models of non-EU preferences.10 At

the same time, the most commonly cited explanation for this pattern—non-linear probability

9This can be seen as a formalization of the “compatibility effect” discussed in (Tversky et al., 1990), who
posited that judgments are more responsive to variation in features that are more congruent with the response
scale.

10Caveat: While EU preferences can explain this inverse-S pattern through specifications of utility curvature...
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Figure 5: Predicted compounded certainty equivalents under CPT. Lines plot predicted valuations
vgp T(¢.(p)) of a CPT model estimated on the certainty equivalents data from McGranaghan et al.
(2624b), under the parameterization u(x) = x, ©(q) = xq”/(xq” + (1 —q)”). Points plot observed
valuations E[V ({,(p))] in McGranaghan et al. (2024b).

weighting in cumulative prospect theory (Tversky and Kahneman, 1992)—is inconsistent with
the invariance of CEs to compounding.

To see this, consider the predicted valuations of cumulative prospect theory (CPT), in which
the utility of a binary lottery (m;q) is given by m(q)u(w) for a strictly increasing weighting
function 7 : [0,1] — [0, 1] satisfying 7(0) = 0, (1) = 1 and strictly increasing u. Under CPT,
the DM’s valuation of [.(p) is given by

L) =0t (SR um ).

This implies that valuations will be invariant to compounding r if and only if 7 is linear, i.e.
the DM has EU preferences. Figure 5 illustrates: calibrating CPT to the certainty equivalents
data from McGranaghan et al. (2024b) (dashed blue curve), CPT predicts a markedly different
pattern in compounded valuations (red dashed/dotted curves). In contrast, McGranaghan et al.
(2024b) find that in the aggregate, compounded valuations exhibit virtually the same pattern.

Our model can rationalize these patterns as a result of tradeoff-driven noise, under expected
utility preferences. Intuitively, our model generates apparent inverse-S probability weighting as
a consequence of the difficulty of trading off probabilities and payouts in certainty equivalent
tasks, a difficulty that remains even when the prospects in the task are compounded. Indeed,
our model predicts no effect of compounding:

Proposition 1. Suppose > has an EU representation u and 7 (-, ) has a CDF-complexity represen-
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tation (u, H). For £.(p) and 2, as defined above, for all p, E[V; (£,(p))] is constant in r € (0,1].

This is because under CDF-complexity, the comparability between [.(p) and each price in
Z, is invariant to r. At the same time, however, compression effects in our model can generate
apparent inverse-S probability weighting, as Section 3.4 illustrates. Our model can therefore
rationalize the simultaneous presence of apparent non-linear probability-weighting in certainty
equivalents, as well as its invariance to compounding.

Importantly, while McGranaghan et al. (2024b) find no aggregate effect of compounding,
they find stable responses to compounding on the individual level, which they interpret as
reflecting non-EU preferences; McGranaghan et al. (2024a) also find evidence of systematic
responses to compounding in a variation of their paired valuation paradigm consistent with
an aggregate common ratio preference. Our model of tradeoff-driven noise rules out these pat-
terns under EU preferences, suggesting that they may be informative about underlying non-EU

preferences. We return to this point in Section 5.

4.3 Equalizing Reductions and Rank-Independence

Bernheim and Sprenger (2020) introduce the equalizing reductions (ER) paradigm to test a key
implication of cumulative prospect theory: that if preferences exhibit non-linear probability

weighting, they must also exhibit rank-dependence. Under CPT, the utility of a lottery x =
(a,b,¢;p,q,1—p—q) is given by

Ucpr(x) = wau(a) + wyu(b) +w.u(c)

CPT predicts that if the decision weights (w,, w,,w,_) exhibit non-linear probability weighting,
then they must depend on the ranks of the payoffs (a, b, c¢). The equalizing reductions paradigm
is designed to test this prediction.

In the equalizing reductions task, the subject reports the reduction in payoff ¢ required to

offset a fixed increase in the payoff b. That is, for w > 0, the DM values

x =(a,b,c;p,q,1—p—q) against Zzz = {(a,b+m,c—w;p,q,1—p —Q},erom-

For small m, the normalized equalizing reduction v;_(x)/m identifies the relative decision
weights w, /w. up to a scaling constant. Bernheim and Sprenger (2020) exploit this observation
in two ways. First, by varying p and g, they test for non-linear probability weighting: for m small,
Vg, (x)/m is linear in q/(1 — p — q) under EU, and so any non-linearities in the relationship
are indicative of non-linear probability weighting. Second, by varying a, they change the rank
ordering of payoffs and thereby test the rank-dependence implication of CPT, which predicts
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thatv;_(x)/m should change discontinuously with the rank ordering of payoffs so long as there
is non-linear probability weighting.

They document two key findings: 1) the observed equalizing reductions E[V;_(x)]/m ex-
hibit diminishing sensitivity with respect to /(1 — p —q), indicative of pronounced non-linear
probability weighting; and 2) E[V;_(x)]/m is essentially unresponsive to variation in the rank
ordering of payoffs triggered by variation in a, which strongly rejects rank-dependence. Taken
at face value, these valuation behaviors are inconsistent with both expected utility, which can-
not explain 1), and cumulative prospect theory, which cannot explain both 1) and 2).

Our model of EU preferences and tradeoff-driven noise can jointly explain these patterns.
First, our model delivers the sharp prediction that equalizing reductions are rank-independent,

and in particular are invariant to variation in the common payoff a:

Proposition 2. Suppose > has an EU representation u and t(-,-) has a CDF-complexity represen-
tation (u,H). For x = (Cl, b7 ¢;p;4q, 1 —-p _q) and ZER = {(a) b+ m,c—Ww;p,q, 1 —-p _q)}WE[O,W]

for any w >0, E[V;_(x)]is constant in a.

The intuition is as follows: under CDF complexity, the comparability function 7 satisfies a
cancellation property: the ease of comparison between two lotteries is invariant to common
consequences that the lotteries share. As a result, varying the common consequence a changes
neither the true equalizing v;_ (x) reduction under EU preferences nor the ease of comparing
x to the prices in Zgg, and so valuations exhibit rank-independence.

At the same time, our specification of noise can generate apparent non-linear probability
weighting in how equalizing reductions vary with q/(1 —p —q), even if underlying preferences
are EU. Intuitively, as q/(1 — p — q) increases away from 0, where the valuation problem is
trivial, the DM faces increasingly difficult tradeoffs in comparing x to prices in Zgz, expanding
the range of uncertainty of x’s valuation; this in turn leads to greater compression effects and
so produces diminishing sensitivity of equalizing reductions to q/(1 —p —q).

As the calibration exercise in Figure 6 shows, this force can quantitatively explain the
observed diminishing sensitivity of equalizing reductions to probabilities observed in Bern-
heim and Sprenger (2020). Here, we calibrate the parameters of our model against certainty
equivalents data from Bernheim and Sprenger (2020), in which £ = (m; p) is valued against
Zop = (w; 1),er, and assess the resulting out-of-sample predictions of our model to the equal-
izing reductions data that the authors collect in the same sample. Panel a) plots the in-sample
predictions of our model to certainty equivalents, and Panel b) plots the out-of-sample predic-
tions for equalizing reductions; here, we see that our model predicts the diminishing sensitivity
of equalizing reductions to payoff probabilities that Bernheim and Sprenger (2020) document.

In summary, we show that a standard account of risk preferences can account for puzzling
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Figure 6: In-sample model predictions for certainty equivalents (Panel a) and out-of-sample predic-
tions for equalizing reductions (Panel b) in the data of Bernheim and Sprenger (2020). For cer-
tainty equivalents, { = (25;p) is valued against Z.; = {(w;1)},er. For equalizing reductions, x =
(a,24,18;p,q,1—p—q) is valued against Zgg = {(a, 24 +m, 18 —w)},,¢[0,16], Pooling valuations across
a € {23,21,19}. Preferences are given by u(w) = w®, and 7 has a CDF-complexity representation (u, H)
with H(r) = 1—(1—r)". Parameter values (a, y) = (0.85,5.5) are calibrated to the certainty equivalents
data of Bernheim and Sprenger (2020).

patterns in equalizing reductions—rank independence in response to variation in common pay-
offs and non-linear probability weighting in response to variation in probabilities—under our

specification of systematic, complexity-driven noise.!?

4.4 Uncertainty Equivalents

Andreoni and Sprenger (2011) devise a test of independence using the uncertainty equivalents

(UE) valuation paradigm, where given positive payouts m;, my with m; < my, the lottery
t(p) = (p,1—p;m;, my) is valued against Z = {(my; w)},ef01)-

Here, the DM provides the probability q that makes the binary lottery (q; wy) indifferent to £ ,.

Andreoni and Sprenger (2011) show that eliciting uncertainty equivalents across the range
of p € [0,1], allows for a test of the independence axiom: under EU preferences, g should
be linear in p, whereas a class of non-EU risk preferences, such as forms of non-linear prob-

ability weighting and disappointment aversion (Bell, 1985; Loomes and Sugden, 1986; Gul,

11Bernheim and Sprenger (2020) also document a form of complexity aversion in certainty equivalents, where
the valuation of a lottery decreases sharply when a payoff outcome is split into two outcomes, e.g. 60% of receiving
$20 is split into 30% of receiving $20 + ¢ and 30% of receiving $20 — €. As they discuss, this complexity aversion
implies dominance violations in certainty equivalents. As valuations in our model respect a form of dominance (see
Appendix A.2), our model cannot easily rationalize these findings, consistent with the interpretation in Bernheim
and Sprenger (2020) that these patterns reflect an underlying non-EU preference for simplicity.
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(a) CPT predictions, CEs (b) CPT predictions, UEs
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Figure 7: CPT-predicted certainty equivalents and uncertainty equivalents. CPT is parameterized by
u(x) = x* n(q) = q”/(@" + (1 —q)”), with a = 0.85, v € {0.4,0.55,0.7,1}. For certainty equiva-
lents, £-x(p) = (30;p) is valued against Z-r = {(w;1)},,er. For uncertainty equivalents, £;z(p) =
(10,30; p, 1 —p) is valued against 2,z = {(30; W)},e[0,11-

1991), predict a non-linear relationship between q and p. To illustrate, Figure 7 plots the uncer-
tainty equivalents predicted by various parameterizations of CPT, alongside the corresponding
predictions for standard certainty equivalents. The figure makes clear that these predictions
are linked: parameterizations that generate the classic inverse-S pattern in CEs also imply a
markedly non-linear relationship between valuations and p in UEs. Thus, under CPT, the same
probability-weighting mechanism used to explain inverse-S curvature in certainty equivalents
necessarily predicts substantial curvature in uncertainty equivalents.

In contrast, Andreoni and Sprenger (2011) find that along nearly the full range of p €
[0,1], uncertainty equivalent valuations are essentially linear in p, despite the fact that the
certainty equivalents in the same experiment exhibit the standard inverse-S weighting pattern.
Taken at face value, these results are puzzling both from the perspective of expected utility and
prevailing non-EU preferences.

Our specification of tradeoff-driven noise and EU preferences can account for these patterns.
While our model predicts apparent inverse-S weighting in certainty equivalents due to noise-
driven compression, it simultaneously makes the sharp prediction that uncertainty equivalents

are linear in p:

Proposition 3. Suppose > has an EU representation u and 7(-,) has a CDF-complexity represen-
tation (u,H). For £(p) and Z as defined above, 1 —E[V;(£(p))] are linear in p.

Intuitively, even though tradeoff-driven compression systematically distorts the uncertainty
equivalents of £(p) for any given p, these distortions scale proportionally with p under CDF
complexity so as to maintain linearity. Our model therefore implies that a key feature of un-
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certainty equivalents—linearity under EU preferences—is preserved even in the presence of
tradeoff-driven noise.

While Andreoni and Sprenger (2011) find that probability equivalents are linear in p along
nearly the entire unit interval, they do document one instance of non-linearity: valuations of [,
exhibit a slight upward deviation from this linear relationship for p close to 1. They interpret
this “certainty premium” pattern as evidence for a systematic preference for certainty (Neilson,
1992; Schmidt, 1998; Diecidue et al., 2004), in which the DM attaches a premium to near-
riskless lotteries. Our theory of noise rules out these non-linearities under EU preferences, and
is thus consistent with the conclusion that this feature of the data reflects underlying non-EU

preferences. We return to this point in Section 5.

4.5 Boundary Effects in Valuations

Kontek (2018) documents “boundary effects” in the certainty equivalents of lotteries taking
the form ¢ = (m,, m,, ms; p;, P2, P3), Where m; < m, < mg, visualized in Figure 8: holding
fixed p,, certainty equivalents exhibit a sharp drop when the probability of the low payout p,
increases above 0; conversely, holding fixed p,, certainty equivalents exhibit a sharp rise when
the probability of the high payout p, increases above 0.

These boundary effects imply that indifference curves on the Marschak-Machina simplex
exhibit sharp jumps in slope at the boundaries corresponding to p; = 0 and p; = 0 toward the
origin, where p; = p; = 0. These jumps are inconsistent with EU, which predicts linear and
parallel indifference curves on the Marschak-Machina simplex, as well as CPT, which predicts

smooth indifference curves. Kontek (2018) shows that while these canonical models of risk

(a) Average CEs, p; held fixed

(b) Average CEs, p5 held fixed
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Figure 8: Average certainty equivalents for the lottery £ = (m,, my, ms3; py, P2, p3) from Kontek (2018).
Here m; = 0,m, = 150, m3 = 300 in terms of Polish zloty.
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Figure 9: Model-predicted average certainty equivalents E[ V3 (¢)] for £ = (m, my, m3; py, P2, p3) valued
against Z = {(w, 1)},,er, where m; = 0, m, = 150, m5 = 300. Preferences are given by u(w) = w%, and
7 has a CDF-complexity representation (u, H) with H(r) =1— (1 —r)", with (a,y) = (1, 2).

preferences cannot explain these boundary effects, they can be rationalized by a model of range-
dependent risk preferences (Kontek and Lewandowski, 2018).

Our model of noise provides an alternative explanation for these boundary effects. To see
why, consider the lotteries

(m15m2) mB;OJ 08: 02) y
x’ (m,, m,,m4;0.01,0.79,0.2) y’

(ml) mZJ m3; 029 08: 0)
(my,m,,m5;0.2,0.79,0.01).

First, consider the valuation of x,x’ in terms of certainty equivalents, i.e. Z = {(w;1)},cg-
In the valuation of x, the range of undominated prices is given by [m,, m5], whereas in the
valuation of x’ this range extends downward to [m;, m5]. As such, the compression effects in
our model, which pull valuations to the middle of the range of uncertainty, will penalize the
valuation of x’ relative to x. The analogous logic predicts a boost in valuations moving from y
to y’, as here the range of undominated prices extends upward from [m,, m,] to [m;, m5].

Figure 9 shows that our parameterized model can generate boundary effects that qualita-
tively match the patterns documented in Kontek (2018).

5 Complexity-Robust Valuation Designs

In this section, we use our model to derive implications for what can be learned about prefer-
ences from valuation data in the presence of complexity-driven noise. The key implication of
our model here is that while the levels of valuations are in general distorted by systematic noise,

and should therefore be interpreted with caution, differences between valuations can be infor-
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mative about underlying preferences. Below, we characterize which of these valuation tests are

robust to our specification of noise.

5.1 Valuation Paradigms

Given two valuation tasks (x, Z), (x’, Z’) and an affine function ¢, suppose the analyst is in-
terested in testing whether underlying preferences satisfy the relationship vz(x) = ¢(vz(x")).
We will refer to ((x, 2), (x’, Z), ¢) as a valuation paradigm. Below, we motivate this framework

with examples of valuation paradigms from the literature.
Example 2. (Examples of Valuation Paradigms).

* CE Risk Attitudes. x = (m;p), x’ = (m-p;1), Z = Z' = {(w; 1)},,er, ¢(v) = v. This
corresponds to the common practice of using certainty equivalents to assess whether the
DM is risk averse/risk tolerant, by testing whether the certainty equivalent of a lottery is

less than/greater than the lottery’s expected value.

» Paired CRP Test. x = (7 p), x' = (M rp), Z = {(w; Dhyegs 2 = {3 D hyegr 9(v) = v,
This corresponds to the test for common ratio preferences developed in McGranaghan et

al. (2024b). Here, vz(x) > v (x’) is indicative of a common ratio preference.

* Equalizing Reductions: Test of Rank Dependence.

x =(30,24,18;p,q,1—p—q), x'=(21,24,18;p,q,1—p—q)
2={(30,24+m,18 —w;p,q,1 —p — q)}wefo,m)
2'={(21,24+m,18 = w;p,q, 1 —p — Q}uefom

p(v)=v

This is the test of rank dependence from Bernheim and Sprenger (2020), where the goal
is to test whether a change in the rank order of payoffs induced by a variation in the first

payoff affects the equalizing reductions between the other two payoffs.

* Equalizing Reductions: Test of Probability Weighting.

x =(30,24,18;p,q,1—p—q), x'=(30,24,18;p’,q',1—p’'—q’)
2={(30,24+m,18 —w;p,q,1 —p —Q}ueiom
2'={(30,24+m,18 —w;p’,q', 1 —p’ — qV}uerom
g 1 —p’/—q’ o

P—q q

(V) =1—
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This is the equalizing reductions test for non-linear probability weighting from Bernheim

and Sprenger (2020). The goal is to test whether equalizing reduction w is linear in the

q
1-p—q-

relative probabilities Assuming that the equalizing reduction is O when ¢ = 0,

linearity holds only if v;(x) = ¢(vz(x')).

* Uncertainty Equivalents Test. For 0 < m; < my:

x =(my,my;p,1—p), x'=(m;,my;p’,1—p")
Z2=2'= {(my; W)}we[o,l]
p(r)=1—-25-(1-v)

This is the uncertainty equivalents test from Andreoni and Sprenger (2011), where the
goal is to test whether uncertainty equivalents of (m;, my; p, 1—p) is linear in p; violations
of linearity are indicative of violations of Independence. Assuming that g = 1 when p =0,
linearity holds only if vz (x) = ¢(vz(x')).

We are interested in whether in the face of noise, a given valuation paradigm provides a
valid test of the underlying preference relationship of interest.

Definition 2. Say that a valuation paradigm ((x, Z),(x’, Z’), ¢) is valid if whenever vz(x) =
e(vz/(x1), E[Vz(x)] =E[¢o(Vz(x))].

In words, a valuation paradigm is valid if whenever the relationship of interest holds for the
underlying valuations—that is, if we “assume the null hypothesis”—a comparison of means of
the observed valuations provides a valid test of the hypothesis.

Two remarks on this notion of validity are in order. First, note that our definition of validity
has a flavor of a frequentist test, in the following sense. Suppose that a paradigm is valid, and the
analyst observes the data E[Vz(x)] = E[¢(Vz(x"))]; it does not follow that the null hypothesis
vz(x) = p(vz(x")) holds. Instead, the analyst can only conclude that the data “fail to reject”
the null hypothesis. On the other hand, if E[V;(x)] # E[¢(Vz(x"))], then it cannot be the case
that the null hypothesis holds; the analyst can reject the null hypothesis. Second, our validity
notion corresponds to a test of valuation means. In Appendix A.4, we show that our results

straightforwardly extend to a validity notion that corresponds to a sign test.

5.2 Complexity-Robust Paradigms

The following proposition gives a sufficient criterion for validity of a valuation paradigm.

Proposition 4. Consider a valuation paradigm P = ((x, Z),(x’, 2'), ¢), where ¢(w_,(x")) =
w_(x) and p(Wz/(x")) = Wz(x). Denoting Z = {2,,},,ey and 2’ = {2, },,en If T(X,2,5)) =
T(x’, 2] ) for all w € W', then P is valid.
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Intuitively, so long as complexity is “held fixed” across the two valuation tasks, the valuation
paradigm is valid—even if the levels of valuations are distorted by systematic noise. Our speci-
fication of complexity 7 yields sharp implications for when a given valuation paradigm satisfies
this criterion. Below, we apply this criterion to the paradigms discussed in Example 2.

In what follows, suppose that > has an EU representation u and 7(:, -) has a CDF-complexity

representation (u, H).

CE Risk Attitudes. This paradigm does not satisfy the criterion. Complexity is not held fixed
across the valuation tasks: under CDF-complexity, valuing a lottery x = (m, p) against money
is difficult for interior p whereas valuing its expected value x’ = (m - p, 1) is trivial, and so com-
pression effects in the valuation of x can therefore bias this test of risk neutrality. Intuitively, as
this test fundamentally relies on the levels of the valuation of x, it is not robust to systematic

complexity-driven noise.

Paired CRP Test. It can be shown that this paradigm satisfies the criterion, and is therefore
valid under CDF complexity. The intuition mirrors that of the invariance results in Proposition
1: under CDF complexity, the difficulty of valuing x = (m, p) against z,, = (w, 1) is invariant
to compounding x and prices by a common factor r, and so complexity is held fixed across
(x, Z) and (x’, Z’). As such, the paired valuation test of common ratio preferences proposed
in McGranaghan et al. (2024b) is not only robust to the specifications of unbiased noise they
consider, but also to our specification of complexity-driven noise.'2 Importantly, while the com-
parisons of paired valuations are valid under our model, it predicts that the levels of the valu-
ations themselves—in particular, the inverse-S pattern McGranaghan et al. (2024b) document
in both certainty equivalents and compounded certainty equivalents—may be confounded by
complexity-driven noise.

Building on the tests of common ratio preferences in McGranaghan et al. (2024b), Mc-
Granaghan et al. (2024a) propose paired-valuation tests for common-consequence and mixture
preferences, and document a range of aggregate violations of EU. In Appendix A.5, we show

that these tests are also valid under CDF complexity.

Equalizing Reductions Tests. The equalizing reductions test of rank-dependence proposed in
Bernheim and Sprenger (2020) satisfies the criterion, and so is valid in our framework. The

intuition follows that of Proposition 2: under CDF complexity, the difficulty of valuing x =

12McGranaghan et al. (2024b) also show that their test of CRP is robust to systematic noise in valuations, under
the assumption that the systematic component of noise is the same across paired valuation tasks. Our specification
of noise provides foundations for this assumption.
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(a,b,c;p,q,1—p—q) toz, =(a,b+m,c—w;p,q,1—p—q) is invariant to the common payoff
a; as such, complexity is held fixed across (x, Z) and (x’, Z).

On the other hand, the equalizing reductions test of probability weighting proposed in the
same paper does not satisfy the criterion. Here, the difficulty of valuing x = (a, b,c;p,q,1 —
p—q)togz, =(ab+m,c—w;p,q,1—p—q) will in general vary with p and q under CDF-
complexity; as discussed in Section 4.3, the resulting complexity-driven noise can lead to ap-
parent non-linear probability weighting even under EU preferences.

Uncertainty Equivalents Test. The uncertainty equivalents paradigm satisfies the criterion, and
so is a valid test of Independence under our framework. Intuitively, this is because the difficulty
of valuing x = (m;, my; p, 1 — p) against z,, = (m;; w) scales proportionally with p under CDF
complexity. As a result, systematic noise induced by tradeoff-driven noise preserves the linear
benchmark implied by EU, as shown in Proposition 3.

Andreoni and Sprenger (2011) provide a methodological argument for using uncertainty
equivalents rather than certainty equivalents to study non-linear probability weighting: whereas
inverse-S patterns in certainty equivalents may be hard to interpret, since under EU they can
be confounded by exotic utility curvature, uncertainty equivalents provide a test of Indepen-
dence that is robust to utility curvature. Our framework provides a complementary justifica-
tion: complexity-driven noise can confound tests of inverse-S weighting under certainty equiv-
alents, but it does not confound tests of Independence using uncertainty equivalents. In this
sense, the uncertainty equivalents test is robust to both utility curvature and our specification
of complexity-driven noise.

Using this valuation paradigm, Andreoni and Sprenger (2011) document violations of lin-
earity near-certainty: in particular, for p’ close to 1, they find that E[¢(Vz(x"))] > V;(x). Be-
cause the uncertainty equivalents paradigm is valid in our framework, this pattern cannot be
attributed to complexity-driven noise under EU, and instead points to a non-EU “certainty pre-
mium,” consistent with the conclusions of Andreoni and Sprenger (2011).

6 Discussion

Motivated by evidence of systematic noise in valuations, this paper uses a formal model of
complexity-driven noise to make progress on two methodological questions: how existing valu-
ation data should be interpreted, and how valuation-based tests of preferences can be designed
to mitigate the confound of complexity. While the focus of this paper is on the measurement of
risk preferences, our modeling framework can be applied to other choice domains, such as the

valuation of intertemporal prospects or multi-attribute goods, using the measures of tradeoff
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complexity developed for these domains in Shubatt and Yang (2024). As these measures quan-
tify when complexity is held fixed across valuation tasks, our approach to complexity-robust

valuation design can be similarly applied to motivate tests of preferences in these domains.
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APPENDIX

A Additional Theoretical Results

A.1 Microfoundation of Signal Structure

We show that our model of complexity-driven noise in valuations can be microfounded as a
limit case of the choice model of imprecise comparisons developed in Shubatt and Yang (2024)
when applied to multiple price list valuations.

Valuations in a multiple price list. In this model, the DM has continuous, iid priors with distri-
bution Q over the utility of each lottery in x € X, denoted u,, where u, is assumed to represent
a proper preference . In the simplest form of the model, the DM is faced with a finite menu of
options A, receives signals for s, on each ordinal value comparison between options x, y € A4,
integrates these signals using Bayes’ rule, and then chooses the option with highest posterior
expected value (randomizing in the case of ties). We consider signals of the following form:
Syy = sign(u, —u, )€, ,,

€y ~ Bernoulli(7(x, y))

where 7(-,-) is a comparability function, and the €,, are independent. That is, the signal is
fully revealing of the ordinal value comparison between x and y (if there is a strict preference)
with probability 7(x, y), and is uninformative otherwise.3 In this model, a DM is represented
by (u, 7,Q).

Shubatt and Yang (2024) apply the model to multiple price list valuations as follows. For
a finite set of numeraire amounts W C R, a price list is a family of lotteries indexed by W,
Z = {2, }wew, Where 2, <posp 2, if and only if w < w’. We will enumerate the elements of W
in increasing order by {w,,w,,...,w,}. An MPL valuation task (x,Z) is a pairing of a lottery x
and price list Z, where there exist 2,2’ € Z such that u, < u, < u,.

When faced with an MPL valuation task (x, Z), the DM receives signals s, for each pairwise
comparison in {x} U Z, integrates these signals using Bayes’ rule, and then chooses the option
with the highest posterior expected value from each binary menu ({x,2,}),cy (@gain random-
izing in the case of ties). Under any signal realization, these decisions induce a switching point
R € {1,...,n— 1}, where she chooses x € {x,z,,} for k <R and z,, € {x,z,, } for k > R. The

13Shubatt and Yang (2024) consider ordinal signals with a continuous error structure. It can be shown that all
formal and numerical results therein have direct analogs under the error structure we consider here.
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model makes predictions about the distribution of switching points, denoted R,(x).1* Associate
each switching point R with the valuation %(WR +Wwg, 1), i.e. the midpoint of the adjacent prices;

let V,(x) denote the distribution over these valuations induced by R, (x).15

Limit result. Our model of valuations in a price structure (x, Z) can be derived as the limit case
of such valuations from a price list (x, Z) as the list becomes increasingly fine-grained.

For simplicity, we derive this limit result in the case of a bounded valuation task (x, Z).
Define as before w_(x) = inf{w € W : 2, £rosp x} and wz(x) = sup{w € W : 2, Frosp X}
the range of undominated prices. For n > 2, let Z" = {z,, , ..., ,, } denote the adapted price list,
which satisfies w; = w_(x), w, = w_(x), and w;,, —w, constant in k. That is, an adapted price

list Z" consists of evenly-spaced prices in [w_(x), wz(x)].

Proposition 5. Let V;(x) denote the valuation associated with proper preference > and compa-
rability function T, where t — In(1 — 7(x,2,))? is integrable on [w,W]. Let V,.(x) denote the
multiple price list valuation of a DM with (u, ",Q), where t"(-,-) =1—(1—7(, )Y® Y and u

represents >. If Q is uniform, then V,.(x) EN Vz(x).

In words, as the price list becomes increasingly fine-grained, and as the informativeness of
any individual comparison (x, z,,) is scaled down commensurately, multiple price list valuations
converge to the error structure we consider in the main text.

A.2 Monotonicity in Valuations

Recall that a comparability function 7 is monotone if x > y, then x’ > ¢, x implies T(x’, y) >
T(x,y) and y >posp ¥’ implies 7(x,y) < 7(x,y’). The comparability functions we consider
in this paper, such as CDF-complexity, satisfy monotonicity. The result below states that mono-

tonicity in T (as well as underlying preferences) implies a form of monotonicity in valuations.

Proposition 6. Suppose preferences > are proper and the comparability function T is monotone.
Then, for valuation tasks (x, Z) and (x’, Z) where x" >ppsp x and Wz (x") —w_(x") = wz(x) —

w_(x), we have Vz(x") >posp Vz(x).

Notice that in addition to monotonicity of T, we also require w;(x") —w_(x") = wz(x) —
w(x) to ensure that valuations respect monotonicity. This is because we normalize the rate

functions A% (w), Ag (w) by the range of undominated prices; wz(x") —w (x") = wz(x) —

14Signals may lead to ties, where there exists some R € {1, ...,n} such that the DM chooses x € {x,z,, } for all
k <R and z,, € {x,z,,} for all k > R, and randomizes between {x,z,, }. In this case, we define the switching
point as this R.

151f the switching point R arises from a tie, we instead define the valuation to be wg.
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w(x) ensures that A% (w), A’g (w) employ the same normalization, and so monotonicity in T
guarantees monotonicity in the rate functions.

A.3 Extension to Rank-Dependent Preferences

A probability weighting function is a function 7 : [0,1] — [0, 1] that is weakly increasing, con-
tinuous, and satisfies 7(0) = 0 and (1) = 1. In rank-dependent utility, the utility of a lottery
X is given by

1

RDU(x) = f u(F,(q))d#(q)
0
where u : R — R is a strictly increasing function and 7(q) = 1 — n(1 —q), for © a probability
weighting function. Say that > has a rank-dependent utility (RDU) representation (u, i) if it
is represented by the utility function above. We extend the CDF-complexity measure to such
preferences.

Definition 3. A comparability function T has a generalized CDF-complexity representation (u, v, H)

if there exists strictly increasing u and probability weighting function 7 such that for all x # y,

[IRDU(x)—RDU(y)| )

T(X,y)ZH( dcpr(x,y)

for H strictly increasing with H(0) = 0,H(1) = 1, where RDU(x) = fol u(Fx_l(q))dﬁ(q) for
i(q) =1—n(1—q) and

depr(x,y) = J u(F (@) —u(F, (@)l d#(g).
0

This definition is identical to the standard CDF-complexity measure in Definition 1, except
the quantile functions in the numerator and denominator are integrated over using a non-
uniform measure determined by the probability weighting function 7; when 7 is linear, the
representation reduces to Definition 1. Notice that this generalization shares several core prop-

erties with CDF-complexity, chiefly dominance and monotonicity, but relaxes linearity.

A.4 Validity for Sign Tests

Consider an alternative definition of validity that corresponds to a sign test.

Definition 4. Say that a valuation paradigm ((x, Z),(x’, Z"), ) is sign-valid if whenever v(x) =
p(vz/(x)), Med(Vz(x)) = Med(p(Vz/(x))).
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Proposition 4 gives sufficient conditions for a valuation paradigm to be valid if the analyst is

interested in testing a comparison of means. The exact same conditions guarantee sign-validity.

Proposition 7. Consider a valuation paradigm P = ((x, Z),(x’, Z'), ¢), where ¢(w_,(x")) =
w(x) and p(Wz(x")) = wz(x). Denoting Z = {z,,},,eny and 2’ = {2, },en If T(X,250)) =

t(x’,2] ) for all w € W, then P is sign-valid.

A.5 Additional Paired Valuation Tests

McGranaghan et al. (2024a) develop a framework for testing common-ratio preferences, common-
consequence preferences, and mixture preferences using paired valuation tests. Fixing m > 0,

p,r €(0,1), consider the following valuation paradigms:

* Paired CRP Test - Alternative: x = (m; 1), Z = {(w; P)}yepmmp X' = (m; 1), 2" = {(W; rp) }eimi»

¢(v) =v. Here, vz(x) > vz (x’) is indicative of a common ratio preference.

* Paired CCP Test: x = (m; 1), Z = {(w,m; rp, 1=1)},cpmmyy X = (5 1), 2" = {(W; rp)}oeimm>

¢(v) =v. Here, vz(x) > v (x’) is indicative of a common consequence preference.

* Paired MXP Test: x = (m;1), Z = {(W;P)hemmyp X = (m;1), 2" = {(w,m;pr,1 —

")}wemaw), (V) = v. Here, v;(x) > vz/(x’) is indicative of a preference for mixtures.

It is easy to see that if > is EU and 7 has a CDF-complexity representation, all three of
these valuation paradigms satisfy the criterion in Proposition 4, and are therefore valid. This
is because in all three paradigms, the lotteries in (x’, Z) are obtained by mixing the lotteries
in (x, Z’) with a common payoff, or by removing a common consequence from the lotteries in

(x, Z"); under CDF complexity, this preserves the difficulty of comparing the lottery to prices.

A.6 Context-Dependent Preferences

Our experiment documents apparent inconsistencies in lottery preference across valuation for-
mats. Of course, we are not the first to document and seek to rationalize unstable revealed pref-
erences across experimental paradigms. Past work has proposed theories of context-dependent
preferences, wherein changes in context can explain inconsistencies across experimental paradigms.
Below, we discuss several of the most prominent theories of context-dependent preferences and
explain why they are unable to generate the patterns observed in our experiment.

Salience Theory. In salience theory of choice under risk (Bordalo et al., 2012) the value of a
good is dependent on the menu in which the good is available. For lotteries in particular, the
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menu of choices determines which states of lotteries are most salient, and salient states are
overweighted when assessing value.

Salience offers an explanation for the revealed preference inconsistencies observed in classic
preference reversal experiments (e.g. Tversky and Thaler, 1990; Seidl, 2002) wherein given a
safer lottery ¢, which has a high probability of a low payoff, and a riskier lottery {4 which has
a low probability of a high payoff, subjects favor £, in direct choice between the two, yet tend
to assign higher valuations to £ when valuing the lotteries in terms of certainty equivalents.
Bordalo et al. (2012) explain this finding as follows. In direct choice, where the menu is the
pair of both lotteries, the state in which £ loses and ¢, wins is highly salient, producing a
preference for £,.. When lotteries are instead priced in isolation, the menu is the lottery and the
alternative of having O for sure. Bordalo et al. (2012) show that this alternative reference can
generate a higher value for {4 and a lower value for {,, compared to when in a menu together.

This kind of menu instability cannot explain inconsistencies across valuation tasks, if we
are committed to the paper’s assumption that the appropriate alternative when considering a
lottery in isolation is having zero for sure. This alternative would be the same across each of
the different valuation formats we consider, and so cannot drive inconsistent preferences across
these formats. At the same time, as Shubatt and Yang (2024) show, our model of tradeoff-driven
noise in valuations can explain classic preference reversals, under the simple assumption that

tradeoff difficulty 7(:,-) produces unbiased noise in direct comparisons.

Expectations-Based Reference Dependence. Reference dependence models propose a differ-
ent form of context dependence, where value is assessed relative to some reference point which
may change across contexts. In these models, losses relative to the reference point are weighed
more heavily than gains. Sprenger (2015) and Feldman and Ferraro (2024) show that models
of expectations based reference dependence (EBRD) generate patterns of valuations across cer-
tainty equivalents ({ = (m;p) valued against Z.; = {(w;1),,cg}) and probability equivalents
(c = (m; 1) valued against Z,; = {(m; W)},,(0.17)-

In the formulation of expectations-based reference dependence of Sprenger (2015), the
reference point used in a valuation task is the option being valued: so when a lottery is val-
ued against certain payments, the reference point is the lottery; and when a certain payment
is valued against lotteries, the reference point is the certain payment. Sprenger (2015) shows
formally that under this assumption, EBRD predicts that valuations are more risk-averse in prob-
ability equivalents than in certainty equivalents. This model similarly makes the prediction that
valuations should be more risk averse in our probability equivalent tasks (P-a and P-b) relative
to our money equivalent tasks (M-a and M-b). This rules out several patterns we observe in our

data; for instance, cases where P-a valuations are risk-seeking while M-a valuations are risk-
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averse. Feldman and Ferraro (2024) augment the model of Sprenger (2015) by allowing value
function curvature to depend on the valuation context, and in particular assume greater value
function convexity in money equivalents, where monetary payoffs vary across prices, relative
to probability equivalents, where the monetary payoff is fixed across prices. As with Sprenger

(2015), this model cannot easily account for risk seeking P-a valuations for high values of p.

A.7 Restrictions on Valuation Reversals

Consider the experimental environment in Section 2, where £; = (30;0.2-p), {5 = (30-p;0.2)
are valued against four distinct price structures: Z,,, = {(w;0.2)},,cr, Zy.p = {(W;0.5)},cr>
Zp o ={(80; W)},er0.17> and Zp , = {(40; w)},e(0,1]- For F € {M-a, M-b, P-a, P-b}, let = denote
the modal preference over lotteries under the price structure Z;, where { >, {’ whenever
E[Vz (£)]= E[Vz (¢')], and define the strict modal preference > analogously.

In our experiment, we documented inconsistencies in modal preferences across our four
price strictures, summarized in Table 3. In Figure 4, we showed that our parameterized valua-
tion model, where preferences are given by u(x) = x* and 7(-,-) has a CDF-complexity repre-
sentation (u, H) with H(r) = 1—(1—r)", can rationalize each of these inconsistencies. Here we
provide formal and numerical results to show that the parameterized model is restrictive, in the
sense that for each documented inconsistency our model permits, the opposite inconsistency is
ruled out by the model.

p €{0.1,0.2} p € {0.8,0.9}
br>mals, Lr<pals | lp<mals, Lr>pqls
br>mals, Lr<ppls | lp<mals, Cr>mp¥s
br <pals, Lr>mpls | Lr>pals, Lr<ppls
Cr>=mp lss Cr=<ppls | Lp>mpls, Lr<pypls

Table 3: Modal preference inconsistencies over the safe lottery £, and the risky lottery {; documented in the
experiment.

First, we show formally that the model rules out the opposite inconsistencies between M-a
valuations and both P-a and P-b valuations.

Proposition 8. Suppose > has an EU representation u(x) = x* and (-, -) has a CDF-complexity
representation (u,H) with H(r)=1—(1—r)". Then

@ For p €{0.1,0.2}, £y =y, Ls implies £y <p, Lg, and for p € {0.8,0.9}, £y =,,, L5 implies
ER' >P_a es-

(b) For p €{0.1,0.2}, £g <y.o £s implies £y <pp L
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The following result gives a sufficient condition under which the model rules out the oppo-

site inconsistencies between all other valuation formats.

Proposition 9. Suppose > has an EU representation u(x) = x* and 7(+,-) has a CDF-complexity
representation (u,H) with H(r) =1—(1—r)". If for all y > 0 and p € {0.1,0.2,0.8,0.9}, we
have £y > £s forall a > 1 and £y <. £ for all a < 1, then

@ For p €{0.8,0.9}, €y >, {s implies £p >y Ls.

(b) For p €{0.1,0.2}, £y >=p_, Ls implies £y >p L.

) For p € {0.8,0.9}, £y <, s implies £y <pp L.

(d) For p €{0.1,0.2,0.8,0.9}, £x Xy Ls implies £ <pp L.

We provide numerical evidence for this condition. For p € {0.1,0.2,0.8,0.9}, we compute
Ayo(p) ZELVa, (6]~ ELVa, , (€5)] and Ap ,(p) =E[Vs, , (€)1~ E[Vs, , (£s)] for the param-
eter grid a € {0.01,0.02,...,0.99,1,1/0.99, ...,1/0.02,1/0.01}, y € {0.1,0.2, ..., 19.9, 20}. We
find that for all values of a greater than or equal to 1, the minimum value of A, ,(p) is 0.0962,

and for all values of a less than or equal to 1, the maximum value of A, ,(p) is —0.0006.

B Proofs

It will be useful to observe the following results.

Lemma 1. Consider a valuation paradigm P = ((x, 2), (x’, Z’), ¢), where ¢(w_,(x")) = w_(x)
and (W3 (x')) = wz(x). Denoting Z = {z,,},,epy and 2’ = {2 },.epr: if (X, 2,0)) = T(x,2))
for all w e W, then vz(x) = (v /(x")) implies Vz(x) =p p(Vz(x"))
Proof. Since ¢ is affine, we can represent it as ¢(x) = ax + f. Since by hypothesis w_(x) —
w.(x) = p(Wz(x)) — ¢(w,,(x"), we have a = %ﬁ(&))

Now suppose that vz(x) = ¢(vz(x")). Since V;(x) =vz(x) + (gz(x) —06.(x))/2, we have
eI (Va(x) =va(x) + (gz(x)/a +6 .(x)/a)/2. Note that

P(5-(x)/a<t)= 1—exp(— [, AL(vz(0)+r)dr  at <w;(x)—vs(x)
1 otherwise

1—exp(— [ ALe(z (N +r)dr ¢ <Wa(x)—vz(x')

1 otherwise
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By a change of variables 7 = r/a, we have

t

J Moz (x)) +r)dr = J Ay (p(vz(x) +ar)dr

0

- f (o (v (x) + 1)) dr
0

:J Ag,(vz,(x’)+r)dr
0

Wz (x)—wz(x)

where the final equality follows from the fact that a = o O ) and T(xX,Zy(y, (x)1r)) =
T(x',2,_,(x+r)- This implies that 5.(x)/a =p 6.(x"). An analogous argument shows that
8.(x)/a =p 6.,(x"); independence of gz(x),éz(x) therefore implies that ¢ 1(V.(x)) =p
Vz/(x") as desired. O

For the following result, let V;(x) and v;(x) denote the observed and true valuations of a
DM described by (>, 7(:,-)), and let V (x) and v (x) denote the observed and true valuations
of a DM described by (=, 7/(-,*))

Lemma 2. For a price structure Z = {2,,},,e)y, consider valuation tasks (x, Z) and (x’, Z) satisfy-
ingwz(x)—w;(x) =wz(x)—w, (x"), wz(x") >wz(x), and w(x") > w_ (). If v (x") > vz(x),
v'(x',2,) < 7(x,2,) for all w > V.(x'), and ©'(x’,2,) > 7(x,2,) for all w < vz(x), then

VZ(x") >posp Vz(x).

Proof. For y € {x,x’}, define V.(y) = v4(y) +§Z(y) and V_(y) =vz(y)—98.(y), and define
V() and V,(y) analogously; we have Vz(y) = (V2(y) + V,(3))/2 and V4(y) = (V,,(») +
V. (¥))/2. Since V .(y) E/ll‘ld V .(y) are independent, and V.(y) and V/Z(y) are independent,
it suffices to show that V_(x") >rosp Vz(x) and V' (x") >rosp V o (X).

For y € x,x’, let G, and G, denote the distributions of V _(y) and V z(y), respectively, and

define Q; and Ely analogously. We have

(0 t <vz(y)
G, ()={1—exp(—[]  AL(rdr) telv.(y),W.(y)
| 1 otherwise
r0 t>vz(y)
G (=1 exp(— [V AL dr) tew,(1),v:()]
\1 otherwise
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‘In(1—7(x,2,)). Q; and Ely take the analogous form with respect

1
T W0 w00 In(1—7"Cx,2,)).

Since wz(x) < wz(x') and v.(x") > v;(x), we have E;,(W) < G, (w) forw < vZ(x") and

y =1
Where Avz(t) - Wz(y)—Wz(y)

to the rate function AJ(t) =

w > w;(x). Now fix w € [V, (x"), wz(x)]; by assumption 7'(x’, ,) < 7(x,2,). Since by assump-
tion Wz (x") —w_(x") = wz(x) — w,(x), we have X;(w) < A%(w), which in turn implies that
va(x/) Xz’f/(r) dr < fvt(x) A%(r)dr. Therefore, E;,(W) <G, (w)forallwe [vZ(x"),wz(x)], and
SO V/Z(X/) >rosp V z(x).
Since w_(x") < w,(x) and v, (x") > v;(x), we have G_(w) < G _(w) for w > v;(x) and
w < w_(x). Now fix w € [w,(x"),vz(x)]; by assumption 7'(x’,2,) > 7(x,z,). Since by as-
sumption W (x") —w (x") = wz(x) —w_(x), we have llgl(w) > A%(w), which in turn implies
that [ A% (r)dr > [*2%) 2 (r) dr. Therefore, G (W) < G, (w) for all w € [w,(x), v, (x)],
and so V', (x") >rosp V 5 (x).
]

Proof of Proposition 1

Fix p €[0,1], fix r,r’ € (0, 1]. Since > satisfies independence, we have v (£,(p)) = vz (£,.(p)).
Since 7 has a CDF-complexity representation and therefore satisfies linearity, we have (£, (p), (w,r)) =
(¢! (p),(w,r")) for all w € R. Defining the valuation paradigm ((¢,(p), Z,), £..(p), Z,1), ¢),
where ¢(v) = v, Lemma 1 implies V; (£.(p)) =p Vz ({,.(p)), and so E[V (£,(p))] is constant
in r as desired. ]

Proof of Proposition 2

Fix any a,a’ € R. Define x = (a, b,c;p,q,1—p—q), 2, = (a,b+ m,c —w;p,q,1 —p —q),
Z = {2, }weromy X' = (@,b,c;p,q,1—p—0q), z, = (a’,b + m,c —w;p,q,1 —p —q), and
2" = {2, }er0m]- Since > satisfies independence, we have v;(x) = vz,(x’). Since 7 has a CDF-
complexity representation and therefore satisfies linearity, we have 7(x,z,) = 7(x’,z/)) for all
w € R. Defining the valuation paradigm ((x, Z), (x’, Z’), ¢), where ¢(v) = v, Lemma 1 implies

Vz(x) =p Vz(x"), and so E[V;(x)] is constant in a as desired. ]

Proof of Proposition 3

For 0 < m; < my, p € (0, 1), define £(1) = (m;;1),£(p) = (m;,my;p,1—p), 2, = (My; w)

Z = {2, }wefo1, and ¢ (v) = 1—1/p-(1—v). Let u be the Bernoulli utility function associated
with >; without loss, assume u(0) = 0. We have v;(£(1)) = u(m;)/u(my) and vz(¢(p)) =
1—p (1 —u(m;)/u(my)), and so p(vz({(p)) = vz(£(1)).
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Noting that z,, = (1 — p)z; + p2,(,) and £(p) = (1 — p)z; + p£(1), linearity of 7 implies
T(€(1),2,0w)) = T((p),2,) forallw € [0, 1]. Defining the valuation paradigm ((£(1), Z), (£(p), 2), ¢),
by Lemma 1, we have V;(£(1)) =, ¢(Vz(£(p)), which in turn implies 1 — E[V;(£(p))] =
p(Q—E[V-(£(1))D.

Proof of Proposition 4

Follows immediately from Lemma 1.

Proof of Proposition 5

Fix n > 2, and consider the multiple price list valuation (x, Z") of a DM with (u, ", Q). Letting
w=w_(x)and w=w;(x), define by A, = (w—w)/(n—1) the increment between each price,
and for each k € {1, ...,n}, define z(k) = z,, .

Fixing a realization of signals s, let k denote the index of the highest price for which the DM
receives a signal that z(k) < x, and let k denote the index of the lowest price for which the DM
receives a signal that z(k) > x; these prices are guaranteed to exist since (x, Z) is bounded.
Given s, the DM’s valuation is given by V(s) = (w; +wg)/2.

To show this, we first establish some basic notation and facts. Let 7(k) denote the event
Uyy < oo < Uy < Uy < Uy < ..o < Uy(yy. Under uniform priors, we have E[u,|n(k)] o< k
and E[u,;)|m(k)] o< j+1(j = k). Since given s, the DM has uniform posteriors over the events
n(k + 1), ...(k), the DM’s posterior expected values are given by E[u,|s] oc (k + k+1)/2
Elu,ls] o< j+(j —k)/(E—k), fork <j< k. First, consider the case where E—@ is odd.
For R = (k + k—1)/2, we have Elu,g)ls] < Elu,ls] < E[u,gpls], and so the switching point
is R, leading to the valuation V(s) = (Wg + wg,1)/2 = (w; + wg)/2. Now consider the case
where E—@ is even. In this case, for R = %k, we have a tie: E[u,|s] = E[u,ls], leading to the
valuation V(s) = wy = (W + wg)/2.

Define the random variables 5 = wr—vz(x)and 6" = v;(x)—w,; we have V(s) = vz(x)+
%(En —&"). Since 5 and &" are independent by construction, all that remains is to show that
5 2 gz(x) and §" 2, 8 .(x). For k € {1,...,n}, define €] ~;;; Bernoulli(7"(x, z(k))). Define
Su = Sy el L(wy € [v2(x), t]), p} = (e, 2(K)L(wy € [v5(x),t]), and A, = 35, p. We
have

1-P(>.,S,=0) t<w—vz(x)

otherwise

PG <t)=
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and Le Cam’s theorem implies

P (Zn: S, = O) —exp(—A,)

k=1

<2> ()
k=1

Defining A(t) = == In(1—7(x, 2,)), note that t"(x, z(k)) = 1—exp(—A(w;)A,). By assump-

w—w

tion, A(t) is square-integrable on [w,w], and so 2>, _.(p)* — 0 and A, — fvtz(x) AMr)dr =
fot A(vz(x)+ r)dr, which in turn implies

1—exp (— fot Avz(x)+71) dr) t<w—vz(x)

lim P(6 <t)=
n—eo otherwise

and 50 5 gz(x). An analogous argument shows that §" 2 8 - (x). ]

Proof of Proposition 6

Since x’ >posp x, we have w(x) <w;(x") and w_(x) < w.(x'), and by assumption w(x") —
w.(x") = wz(x) —w_(x). Furthermore, since x’ >3, X, monotonicity of > implies v;(x") >
vz(x), and monotonicity of T implies that 7(x’,2,) < 7(x,z,) for w > v;(x’) and ©(x/,2,) >

7(x,2,) for w < vz(x). By Lemma 2, we therefore have V;(x") >posp Vz(x) as desired.

Proof of Proposition 7

Follows immediately from Lemma 1. [

Proof of Proposition 8

For y > 0, define G : [0,1] — [0,1] by

1 w
G(x)=x+%Jx exp(yJX log(%)dt)dw
1 (" * 2(1—x)t
_EJO exp(yJW log(—x_l_t(l_zx))dt)dw.

It will be useful to observe the following properties of G.
Lemma 3. G has the following properties:

) If x <1/2, then G(x) > x. If x < 1/2, then G(x) > x.
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ii) If x >1/2, then G(x)>1/2.

i) Gi(1—x)=1—G(x).

Proof. Define I(t) =log (%), ¢(s) = log(l“;es), and C,.(t) = ¢ (|I(t) — I(x)]). We have
1 1
G(x)=x+ ER(X) — EL(X)

where R(x) = fxl exp (—y f: Cx(t)dt) dw and L(x) = fox exp (—}f f:: Cx(t)dt)dw. Fix a > 1.
We prove the first three parts in order.

For part (i), assume x < 1/2. It is enough to show R(x) > L(x). For s € [0, x], note that
[(x +s)+1(x—s) is weakly decreasing in s. This implies [(x +s) —[(x) < l[(x)—[(x —s). Since
¢ is increasing, we have C,(x +s) < C,.(x —s) for s € [0, x], and so

f exp(—yf Cx(x+v)dv)dszf exp(—yf Cx(x—v)dv)ds
0 0 0 0

Since L(x) = f; exp (—}/ _f; C.(x —v)dv) ds and R(x) > f; exp (—}/ f; C.(x+ v)dv) ds when-
ever x < 1/2, with a strict inequality whenever x < 1/2, the desired inequalities for part (i)
obtain.

For part ii), assume x > 1/2. For t € [x, 1], note that [(t)+[(1—t) is weakly decreasing in
t. Therefore, we have [(t)+1(1—t) < l(x)+I1(1—x) < 2l(x). Hence I(t)—I(x) < I(x)—1(1—t),
and therefore C,(t) < C,(1 — t). This implies that for all w € [x, 1],

w w 1—x X
J C.(t)dt < J C,(1—t)dt= J C (t)dt < f C, (t)dt.
X x 1-w 1-w
It follows that

1 w X X
f (l—exp (—yf Cx(t)dt))dwsf (l—exp (—}/f Cx(t)dt))dw
X b'e 0 w

and so (1 —x)—R(x) < x—L(x) = G,(x)—1/2 > 0. This proves part ii).
To show part iii), let A,(t) = ti’;(d:;)t), B,.(t) = tigcl(;f)ztt). We have A,_,(1—t) =B,(t) and
B,_,(1—t)=A,(t), and so a change of variables t — 1 —t and w — 1 —w in the two integral

terms in the definition of G,(1 — x) yields G;(1 —x) =1 — G,(x). O

It will also be useful to define the average certainty equivalents ©w(p) = E[V:((1;p))],
for Z = {(w;1)},cr, and the average probability equivalents 1(c) = E[Vz((c;1))], for Z’' =
{(1;W)}we[o,1]-
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Lemma 4. Suppose > has an EU representation u(x) = x* and 7(-,-) has a CDF-complexity
representation (u,H) with H(r) =1—(1—r)". For all p,c € (0,1), n(p) is increasing in a and

Y (c) is decreasing in a.

Proof. Fix p € (0,1). We first show that 7m(p) is increasing in a. Let x = (1;p) and Z =
{(w; 1)},,er. Let V(a) and v(a) = p'/® denote the observed and true valuations, V;(x) and
vz(x), as a function of @, and let T%(-, -) denote the comparability function given a. Fix a’ > a; it
suffices to show that V(a’) >rqsp V(a). Note that v(a’) > v(a). Since for w > v(a), 7*(x,2,,) =

a_ N . . / . . .
l#ﬁzp) is decreasing in a, we have 7% (x,z,) < 7%(x,z,,) for all w > v(a’). Similarly, since
p—w?
p+we’ (1—2p)

w < v(a). By Lemma 2, we have V(a') >;qsp V(@) as desired.
Fix c € (0,1). We first show that v(c) is decreasingin a. Let y = (c; 1) and Z" = {(1; w)},,c[0,1]-
Let V(a) and v(a) = c* denote the observed and true valuations, V,(y) and vz (y), as a func-

forw < v(a), 7¥(x,z2,) = is increasing in a’, we have 7 (x,z,) > 7%(x,z,,) for all

tion of a, and let T*(-, -) denote the comparability function given a. Fix a’ > «; it suffices to show

that V(@) >pesp V(). Note that v(a) > v(a’). Since for w > v(a'), 7% (x,z,) = #f_m) is

increasing in a’, we have 7% (x,2,) > 7%(x, z,) for all w > v(a). Similarly, since for w < v(a),

T%(x,2,) = % is decreasing in a, we have 7% (x,z,) < 7%(x,z,) for all w < v(a’). By
Lemma 2, we have V(a') >osp V(@) as desired. O]

Lemma 1 yields the identities

ElVio(€r)]1=30-7(p),  E[Vy,(ls)]=30p
ElVe (lr)]=0.2p,  E[Vp,({s)]=0.2-¢(p)
E[Vp,(¢g)]1=0.2p-4(0.75),  E[Vp,;(£s)]=0.2-4(0.75p),

and for a = 1, we have G(x) = n(x) = 4 (x) by construction.

Begin with the proof of (a), and fix p € {0.1,0.2}. For a = 1, Lemmas 3-i) and 3-iii)
jointly imply G(p) > p, which, since G(p) = n(p) = Y(p) for a = 1, implies E[V}, ,({r)] >
E[Vy..({s)] = 30p and 0.2p = E[V,,(£z)] < E[Vp,(£s)]. Now suppose that E[V,, ,(£z)] <
E[Vy..(£5)]. Since E[V,,,(£z)] is increasing in a by Lemma 4, it must be the case that a < 1.
However, since Lemma 4 also implies that E[V, ,({s)] is decreasing in a, it must be the case
that E[V, ,(£z)] < E[V,,(£s)], as desired.

Now, fix p € {0.8,0.9}. For a = 1, Lemma 3-i) implies G(p) < p, which, since G(p) = n(p) =
Y(p) for a = 1, implies E[Vy;,(€r)] < E[Vy,({5)] =30p and 0.2p = E[V;_,(£z)] > E[Vp,(£s)].
Now suppose that E[V,, ,(£z)] = E[V},,(€s)]. Since E[V,, ,(€z)] is increasing in a by Lemma
4, it must be the case that a > 1. However, since Lemma 4 also implies that E[V,_,({s)] is
decreasing in a, it must be the case that E[V,_,(£z)] > E[V,_,(£s)], as desired.
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For the proof of (b), fix p € {0.1,0.2}, and suppose E[V,, ,({z)] < E[V),,({s)]. By the
argument above, it must be the case that a < 1. It suffices to show that 1(0.75p) > py(0.75)
for such a. Notice that by construction, we have (p) = G(p?®), and so it suffices to show that
G((0.75p)*) > pG(0.75%). Since 0.75% > 1/2, Lemmas 3-i) and 3-iii) jointly imply G(0.75%) <
0.75%. If (0.75p)* < 1/2, Lemma 3-i) yields G((0.75p)*) > (0.75p)* > p0.75% > pG(0.75%) as
desired. If instead (0.75p)* < 1/2, Lemma 3-ii) yields G(0.75%) > 1/2 > pG(0.75%) as desired,
since p < 1/2. O

Proof of Proposition 9

The proof of Proposition 8 establishes the following: 1) for p € {0.1,0.2}, E[V,,,(£z)] <
E[Vy,..(€s)]implies a < 1 and E[V,_,(£)] = E[V,_,(£5)] implies a > 1, and 2) for p € {0.8,0.9},
E[Vy..(lr)] = E[V,, ,(£s)] implies a > 1 and E[V},_,(£3)] < E[V,_,(£s)] implies a < 1.

To show (a), fix p € {0.8,0.9} and suppose E[V,, ,(£z)] = E[V,,.,(£s)]. The above implies
a > 1, which by assumption implies E[V,,,(£z)] > E[V,,.,({s)] as desired. To show (b), fix
p € {0.1,0.2} and suppose E[V, ,(£z)] = E[Vp,(€s)]. The above implies a > 1, which by
assumption implies E[V,,,(£z)] > E[V,,;,({s)] as desired. To show (c), fix p € {0.8,0.9} and
suppose E[V, ,(€z)] < E[V,,(£s)]. The above implies @ < 1, which by assumption implies
E[Vp,(£r)] < E[Vp.(£s)] as desired. Finally, to show (d), suppose p € {0.1,0.2,0.8,0.9} and
suppose E[V,, ,(£z)] < E[V},.,(£s)]. By assumption, it must be the case that @ < 1, which by
assumption implies E[V, ,(£z)] < E[Vp_,(£s)] as desired.

C Experimental Design: Details

C.1 Protocol and Design Details

Multiple Price Lists. All valuations are elicited using multiple price lists with evenly spaced
prices, where the endpoints of the list correspond to the natural dominance boundaries of the
valuation task. Price list increments were chosen to keep price list length comparable across

valuation formats, while maintaining simple increments.

* M-a valuations: £ is valued against Z = (', ...,2"), where z' = (0;0.2), 2" = (30;0.2),

and n = 21 for all p.

e M-b valuations: £ is valued against Z = (z!,...,2"), where z' = (0;0.5), 2" = (30;0.5),
and n = 21 for all p. £ is valued against Z = (z%,...,2"), where z' = (0;0.5), 2" =
(30p;0.5),and n =21,19,21,17,18,19 for p = 0.1,0.2,0.8,0.9, respectively.
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* P-a valuations: {4 is valued against Z = (z',...,2"), where z! = (30;0), z" = (30;0.2),

and n = 21 for all p.

e P-bvaluations: £, is valued against Z = (z',...,2"), where z' = (40;0), 2" = (40;0.2), and
n = 21 for all p. £ is valued against Z = (2, ...,2"), where z! = (40;0), 2" = (40;0.2p),
and n =21,21,21,17,18,19 for all p =0.1,0.2,0.8,0.9, respectively.

C.2 Experimental Interface
Instructions, Money Equivalents Block

Part 1 Instructions

Please read these instructions carefully. There will be comprehension checks. If you fail these checks, you will be excluded from the study and
you will not receive the completion payment.

Your task

There are 13 rounds in this part of the study. In each round, you will make a series of choices between a fixed option ("Option A”) and a
range of alternatives (“Option B"). Each of these options are lotteries that pay out an amount of money with some percentage chance, and
pay out nothing otherwise.

Here is an example of a choice list similar to those you will complete in each round, where each row in this list is a separate choice.

Choice Option A (fixed) Option B (varies)
#1 $8.00 with 30% chance or $0.00 with 40% chance
#2 $8.00 with 30% chance or $1.00 with 40% chance
#3 $8.00 with 30% chance or $2.00 with 40% chance
#4 $8.00 with 30% chance or $3.00 with 40% chance
#5 $8.00 with 30% chance or $4.00 with 40% chance
#6 $8.00 with 30% chance or $5.00 with 40% chance
#7 $8.00 with 30% chance or $6.00 with 40% chance
#8 $8.00 with 30% chance or $7.00 with 40% chance
#9 $8.00 with 30% chance or $8.00 with 40% chance

In each choice list, Option B (right side) will have a set chance of paying out some amount of money. This payment amount increases
as you go down the list. In this example, Option B pays out an amount between $0 and $8 with a 40% chance, and pays $0 otherwise.
Option A (left side) will be the same in all rows. Here, Option A pays out $8 with a 30% chance, and pays $0 otherwise.

To make a choice, just click on the option you prefer for each choice (i.e. for each row), and the computer will highlight your choice.
Since Option B pays out progressively more as you go down the list, we assume you will choose Option A at first, and at some point
may switch to choosing Option B. You can click on your choice in the row that you would “switch” from A to B, and we will

automatically fill out the rest of the list for you. We do this by selecting Option A in all rows above and Option B in all rows below your
selected row. Try this on the list above!
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Your bonus payment
Your decisions in this part of the study may affect your bonus. If a round in this part is selected for payment, the computer will randomly
select one of your individual choices. The computer will then play out the lottery you chose, and pay you the outcome of the lottery.
+ For example, if choice #6 in the list below was selected for payment, you'd have a 30% chance of earning $8 and a 70% chance of
earning $0.
«+ If instead choice #7 was selected for payment, you'd have a 40% chance of earning $6 and a 60% chance of earning $0.

Choice Option A (fixed) Option B (varies)
#1 $8.00 with 30% chance or $0.00 with 40% chance
#2 $8.00 with 30% chance or $1.00 with 40% chance
#3 $8.00 with 30% chance or $2.00 with 40% chance
#4 $8.00 with 30% chance or $3.00 with 40% chance
#5 $8.00 with 30% chance or $4.00 with 40% chance
#6 $8.00 with 30% chance or $5.00 with 40% chance
#7 $8.00 with 30% chance or $6.00 with 40% chance
#8 $8.00 with 30% chance or $7.00 with 40% chance
#9 $8.00 with 30% chance or $8.00 with 40% chance

These rounds are completely independent from one another. When a round is selected to determine your bonus, only your choices in that
one round will determine your bonus. This means that it is in your best interest to choose the option you actually prefer in each case.

Attention check round
One of the 13 rounds in this part of the study will be an attention check.
+ This attention check round should be very easy to complete if you are paying attention. This is because every row in this particular
choice list will contain a payoff-maximizing option: an option thay pays out more money with a higher chance than the other.
+ To pass this attention check, you must select the payoff-maximizing option in every row of the choice list. Note that this is also
exactly what you would do if you were trying to maximize your bonus.

There will be three attention checks throughout the entire study, inlcuding this one. If you fail two or more attention checks, you will not
be allowed to continue with the study. Therefore, to complete the study, it is important to pay attention to the task.

Comprehension Checks, Money Equivalents Block

Comprehension check
To verify your understanding of the instructions, please answer the comprehension questions below. If you get one or more of

them wrong twice in a row, you will not be allowed to participate in the study and earn a completion payment. in each question,
exactly one response option is correct.

You can review the instructions

1. Which one of the following statements is true?

I should complete the choice lists by thinking carefully about the row in which | would like to switch from preferring Option A (the fixed option) to preferring
Option B (the option with the varying payment amount).

| should always switch in the last row of the choice list, because this increases the chance that Option A (the fixed option) will determine my bonus.
| should always switch in the first row of the choice list, because this increases the chance that Option B (the option with the varying payment amount) will
determine my bonus.

2. Suppose a round is selected to determine your bonus. Which one of the following statements is true?

The computer will randomly select one of the rows of that round, and | will receive the option | selected in that row.
| will receive the option | selected in every row of that round.
1 will receive the option | selected in the first row of that round.

I will receive the option | selected in each row of that round.
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3. Imagine a participant in this study makes the following choices. According to these choices, which of the following statements
about this participant is false?

Choice Option A (fixed) Option B (varies)
#1 $8.00 with 30% chance or $0.00 with 40% chance
#2 $8.00 with 30% chance or $1.00 with 40% chance
#3 $8.00 with 30% chance or $2.00 with 40% chance
#4 $8.00 with 30% chance or $3.00 with 40% chance
#5 $8.00 with 30% chance or $4.00 with 40% chance
#6 $8.00 with 30% chance or $5.00 with 40% chance
#7 $8.00 with 30% chance or $6.00 with 40% chance
#8 $8.00 with 30% chance or $7.00 with 40% chance
#9 $8.00 with 30% chance or $8.00 with 40% chance

The participant prefers getting Option A over getting $5 with 40% chance
The participant prefers getting Option A over getting $3 with 40% chance
The participant prefers getting $5 with 40% chance over getting Option A

The participant prefers getting $6 with 40% chance over getting Option A

4. Suppose the following choice list appeared in an attention check round. To pass the attention check, how should you fill out

this list?

Choice Option A (varies) Option B (fixed)
#1 $8.00 with 20% chance or $0.00 with 15% chance
#2 $8.00 with 20% chance or $1.00 with 15% chance
#3 $8.00 with 20% chance or $2.00 with 15% chance
#4 $8.00 with 20% chance or $3.00 with 156% chance
#5 $8.00 with 20% chance or $4.00 with 15% chance
#6 $8.00 with 20% chance or $5.00 with 15% chance
#7 $8.00 with 20% chance or $6.00 with 15% chance
#8 $8.00 with 20% chance or $7.00 with 15% chance
#9 $8.00 with 20% chance or $8.00 with 15% chance

Task Screen, Money Equivalents Block

Please select the option you prefer in each row.

Choice Option A (fixed) Option B (varies)
#1 $30.00 with 18% chance or $0.00 with 50% chance
#2 $30.00 with 18% chance or $1.50 with 50% chance
#3 $30.00 with 18% chance or $3.00 with 50% chance
#4 $30.00 with 18% chance or $4.50 with 50% chance
#5 $30.00 with 18% chance or $6.00 with 50% chance
#6 $30.00 with 18% chance or $7.50 with 50% chance
#7 $30.00 with 18% chance or $9.00 with 50% chance
#8 $30.00 with 18% chance or $10.50 with 50% chance
#9 $30.00 with 18% chance or $12.00 with 50% chance
#10 $30.00 with 18% chance or $13.50 with 50% chance
#11 $30.00 with 18% chance or $15.00 with 50% chance
#12 $30.00 with 18% chance or $16.50 with 50% chance
#13 $30.00 with 18% chance or $18.00 with 50% chance
#14 $30.00 with 18% chance or $19.50 with 50% chance
#15 $30.00 with 18% chance or $21.00 with 50% chance
#16 $30.00 with 18% chance or $22.50 with 50% chance
#17 $30.00 with 18% chance or $24.00 with 50% chance
#18 $30.00 with 18% chance or $25.50 with 50% chance
#19 $30.00 with 18% chance or $27.00 with 50% chance
#20 $30.00 with 18% chance or $28.50 with 50% chance
#21 $30.00 with 18% chance or $30.00 with 50% chance

Submit Choices
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Instructions, Probability Equivalents Block

Part 1 Instructions

Piease read these instructions carefully. There will be comprehension checks. If you fail these checks, you will be excluded from the study and
you will not receive the completion payment.

Your task

There are 13 rounds in this part of the study. In each round, you will make a series of choices between a fixed option (“Option A"} and a
range of alternatives (“Option B”). Each of these options are lotteries that pay out an amount of money with some percentage chance, and
pay out nothing otherwise.

Here is an example of a choice list similar to those you will complete in each round, where each row in this list is a separate choice.

Choice Option A (fixed) Option B (varies)
#1 $3.00 with 40% chance or $8.00 with 0% chance
#2 $3.00 with 40% chance or $8.00 with 5% chance
#3 $3.00 with 40% chance or $8.00 with 10% chance
#4 $3.00 with 40% chance or $8.00 with 15% chance
#5 $3.00 with 40% chance or $8.00 with 20% chance
#6 $3.00 with 40% chance or $8.00 with 25% chance
#7 $3.00 with 40% chance or $8.00 with 30% chance
#8 $3.00 with 40% chance or $8.00 with 35% chance
#9 $3.00 with 40% chance or $8.00 with 40% chance

In each choice list, Option B (right side) will pay out a set amount of money with some percent chance. This percent chance increases
as you go down the list. In this example, Option B pays out $8 with a percent chance ranging from 0% to 40%, and pays out $0
otherwise.

Option A (left side) will be the same in all rows. Here, Option A pays out $3 with a 40% chance, and pays $0 otherwise.

To make a choice, just click on the option you prefer for each choice (i.e. for each row), and the computer will highlight your choice.
Since Option B has a progressively higher chance of paying out as you go down the list, we assume you will choose Option A at first,
and at some point may switch to choosing Optien B. You can click on your choice in the row that you would “switch” from A to B,
and we will automatically fill out the rest of the list for you. We do this by selecting Option A in all rows above and Option B in all rows
below your selected row. Try this on the list above!

Your bonus payment
Your decisions in this part of the study may affect your bonus. If a round in this part is selected for payment, the computer will randomly
select one of your individual choices. The computer will then play out the lottery you chose, and pay you the outcome of the lottery.
= For example, if choice #4 in the list below was selected for payment, you'd have a 40% chance of earning $3 and a 60% chance of
earning $0.
= If instead choice #5 was selected for payment, you'd have a 20% chance of eamning $8 and a 80% chance of earning $0.

Choice Option A (fixed) Option B (varies)
#1 $3.00 with 40% chance or $8.00 with 0% chance
#2 $3.00 with 40% chance or $8.00 with 5% chance
#3 $3.00 with 40% chance or $8.00 with 10% chance
#4 $3.00 with 40% chance or $8.00 with 15% chance
#5 $3.00 with 40% chance or $8.00 with 20% chance
#6 $3.00 with 40% chance or $8.00 with 25% chance
#7 §$3.00 with 40% chance or $8.00 with 30% chance
#8 $3.00 with 40% chance or $8.00 with 35% chance
#9 $3.00 with 40% chance or $8.00 with 40% chance

These rounds are completely independent from one another. When a round is selected to determine your bonus, only your choices in that
one round will determine your bonus. This means that it is in your best interest to choose the option you actually prefer in each case.

Attention check round
One of the 13 rounds in this part of the study will be an attention check.
+ This attention check round should be very easy to complete if you are paying attention. This is because every row in this particular
choice list will contain a payoff-maximizing option: an option thay pays out more money with a higher chance than the other.
+ To pass this attention check, you must select the payoff-maximizing option in every row of the choice list. Note that this is also
exactly what you would do if you were trying to maximize your bonus.

There will be three attention checks throughout the entire study, inlcuding this one. If you fail two or more attention checks, you will not
be allowed to continue with the study. Therefore, to complete the study, it is important to pay attention to the task.
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Comprehension Checks, Probability Equivalents Block

Comprehension check

To verify your understanding of the instructions, please answer the comprehension questions below. If you get one or more of
them wrong twice in a row, you will not be allowed to participate in the study and earn a completion payment. In each question,
exactly one response option is correct.

You can review the instructions

1. Which one of the following statements is true?

| should always switch in the first row of the choice list, because this increases the chance that Option B (the option with the varying chance of payment) will
determine my bonus.

| should always switch in the last row of the choice list, because this increases the chance that Option A (the fixed option) will determine my bonus.

| should complete the choice lists by thinking carefully about the row in which | would like to switch from preferring Option A (the fixed option) to preferring
Option B (the option with the varying chance of payment).

2. Suppose a round is selected to determine your bonus. Which one of the following statements is true?
| will receive the option | selected in each row of that round.
| will receive the option | selected in every row of that round.
| will receive the option | selected in the first row of that round.
The computer will randomly select one of the rows of that round, and | will receive the option | selected in that row.

3. Imagine a participant in this study makes the following choices. According to these choices, which of the following statements
about this participant is false?

Choice Option A (fixed) Option B (varies)
#1 $3.00 with 40% chance or $8.00 with 0% chance
#2 $3.00 with 40% chance or $8.00 with 5% chance
#3 $3.00 with 40% chance or $8.00 with 10% chance
#a $3.00 with 40% chance or $8.00 with 15% chance
#5 $3.00 with 40% chance or $8.00 with 20% chance
#6 $3.00 with 40% chance or $8.00 with 25% chance
H7 $3.00 with 40% chance or $8.00 with 30% chance
#8 $3.00 with 40% chance or $8.00 with 35% chance
#9 $3.00 with 40% chance or $8.00 with 40% chance

The participant prefers getting Option A over getting $8 with 20% chance
The participant prefers getting $8 with 20% chance over gefting Option A
The participant prefers gefting Option A over getting $8 with 15% chance

The participant prefers getting $8 with 30% chance over getting Option A

4. Suppose the following cheice list appeared in an attention check round. To pass the attention check, how should you fill out

this list?

Choice Option A (varies) Option B (fixed)
#1 $15.00 with 40% chance or $12.00 with 0% chance
#2 $15.00 with 40% chance or $12.00 with 5% chance
#3 $15.00 with 40% chance or $12.00 with 10% chance
#4 $15.00 with 40% chance or $12.00 with 15% chance
#5 $15.00 with 40% chance or $12.00 with 20% chance
#6 $15.00 with 40% chance or $12.00 with 25% chance
#7 $15.00 with 40% chance or $12.00 with 30% chance
#8 $15.00 with 40% chance or $12.00 with 35% chance
#9 $15.00 with 40% chance or $12.00 with 40% chance
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Task Screen, Probability Equivalents Block

Choice

#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11
#12
#13
#14
#15
#16
#17
#18
#19

Please select the option you prefer in each row.

Option A (fixed)

Option B (varies)

$30.00 with 18% chance

or

$40.00 with 0% chance

$30.00 with 18% chance
$30.00 with 18% chance
$30.00 with 18% chance

or
or
or

$40.00 with 1% chance
$40.00 with 2% chance
$40.00 with 3% chance

$30.00 with 18% chance
$30.00 with 18% chance

or

or

$40.00 with 4% chance
$40.00 with 5% chance

$30.00 with 18% chance

or

$40.00 with 6% chance

$30.00 with 18% chance
$30.00 with 18% chance
$30.00 with 18% chance

or
or
or

$40.00 with 7% chance
$40.00 with 8% chance
$40.00 with 9% chance

$30.00 with 18% chance
$30.00 with 18% chance

or
or

$40.00 with 10% chance
$40.00 with 11% chance

$30.00 with 18% chance
$30.00 with 18% chance
$30.00 with 18% chance

or
or
or

$40.00 with 12% chance
$40.00 with 13% chance
$40.00 with 14% chance

$30.00 with 18% chance
$30.00 with 18% chance
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