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Abstract
We investigate whether the definition of economic rationality as choice consistency
is correlated with decision-making ability. Guided by a theoretical framework, we
demonstrate that documented positive correlations may be driven by confounding
properties unrelated to consistency. To address this, in a novel experiment, we isolate
consistency, measured by the Weak Axiom of Revealed Preference. We show that
less sophisticated decision-makers often rely on simple rules and behave consistently,
while more sophisticated ones consciously randomize, appearing inconsistent. These
patterns determine ambiguous correlations, raising doubts about the choice of language
that equates consistency with rationality in economics.

1 Introduction

“Economists sometimes use the adjective rational in place of consistent, with the
implied pejorative that choices that don’t conform to their models are irrational.
This is bad choice of language and is the source of all sorts of silly arguments
with psychologists, sociologists, etc...” (Kreps 2015).

“Rationality, they say, equals consistency... But thismeans only that those choices
are consistent with one anotherwhen viewed from the perspective of some theory
[italics in the original]” (Sugden 1991).

The theory under scrutiny is utility maximization: a decision-maker is a utility
maximizer if andonly if she has transitive and complete preferences,which is the case if
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andonly if her choices are consistent. Economists have attached the adjective “rational”
to consistent behaviour and documented correlations with proxies of decision-making
ability such as wealth, education, and cognitive abilities (Burks et al. 2009; Choi et al.
2014;Andersson et al. 2016;Banks et al. 2019). The definition of consistency, however,
is not innocuous. The classic notion (Arrow 1959; Sen 1971) is represented by the
WeakAxiom of Revealed Preference (WARP), usually regarded as necessary for high-
quality decision-making. Yet, several studies have employed stronger notions driven
by a more structured theoretical framework (Choi et al. 2014) or by the experimental
design (Burks et al. 2009; Andersson et al. 2016). In these cases, consistency has
acquired a meaning beyond the mere existence of a utility function, encompassing
properties that instead characterize its functional form. Some of these properties, e.g.,
monotonicity, may have driven the results, making it unclear whether the existing body
of evidence justifies “the use of the adjective rational in place of consistent”. In this
paper, we take a step back and ask what these correlation exercises really capture.

Our opening argument becomes evident by comparing the prevalence of incon-
sistencies across some influential experiments in the literature. In Andersson et al.
(2016), where Multiple Price Lists tie consistency to monotonicity, only 15% of the
participants are inconsistent. The authors attribute inconsistencies to stochastic errors
and, in line with this assumption, find a positive correlation between consistency and
cognitive abilities. In contrast, in Agranov and Ortoleva (2017) and Rubinstein (2013),
where monotonicity is not a confounding factor, the fraction of inconsistent partic-
ipants spikes to 90% and 88%, respectively. Agranov and Ortoleva (2017) find that
only 23% of the participants are inconsistent due to a stochastic error while 61% are so
by a conscious choice of randomization. Rubinstein (2013), instead, finds that simple
rules are an important driver of consistency questioning whether sophistication may
be detrimental to consistent behaviour.

Neither Agranov and Ortoleva (2017) nor Rubinstein (2013) investigate the rela-
tionship between consistency and decision-making ability, which is our focus. We
design an experiment that combines features of these studies while introducing some
important novelties. More specifically, we induce the use of simple rules and ran-
domization, measure cognitive abilities using a standard Raven test, and disentangle
consistency from potentially confounding properties. Since this latter is a crucial
distinction between our study and previous ones, we begin by zooming in on two
well-known experimental designs in which consistency cannot be tested without fur-
ther requirements on the utility function. These examples not only serve as motivation
but will be analyzed from the lenses of a novel theoretical framework (Sect. 2) and a
discussion of the existing literature (Sect. 7).

Example 1: In their influential paper titled “Who is (more) rational?”, Choi et al.
(2014) find that consistency measured by the Generalized Axiom of Revealed Pref-
erence (GARP) is correlated with wealth and education. By Afriat’s Theorem (Afriat
1967), not only a utility maximizer with a strictly increasing utility function must sat-
isfy GARP, but monotonicity is also necessary for GARP under locally non-satiated
preferences. Consequently, in this setting, consistency has a stronger content than the
mere existence of a utility function.
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Example 2: Burks et al. (2009) and Andersson et al. (2016) use a classical Multi-
ple Price List (MPL) design (Holt and Laury 2002; Andersen et al. 2008) to reveal a
positive correlation between consistency and cognitive abilities. In this case, a failure
of consistency is equated to multiple switches, and it implies a violation of first-order
stochastic dominance: “We define subjects as Consistent if their decisions are compat-
ible with rational [transitive and complete] and monotonic preferences” (Andersson
et al. 2016). As in the previous example, consistency is inevitably tied tomonotonicity,
making it unclear how to test the former without the latter.

Our first step is to build a theoretical framework that identifies which properties
represent consistency and which are, instead, confounding factors. We define two
types of properties (henceforth axioms): consistency axioms (ConAx) and preference
axioms (PrAx), which capture how the decision maker ought to choose, and what she
ought to choose, respectively.Weclarify our distinction by comparingWARP (ConAx)
and monotonicity (PrAx) in the simplest possible setting. Consider a decision-maker
who chooses between £5 and £6. On the one hand, WARP allows her to choose £5
over £6, but it restricts how subsequent choices are organized. Namely, ConAx are
variations of the statement: “If you choose a when b is available in menu A then you
should not choose b if a is available in menu B”.1 On the other hand, monotonicity
imposes the choice of £6, in other words, PrAx are variations of the statement: “If
a dominates b then you should not choose b when a is available.” In our theoretical
framework, we propose a symmetric feature of the axioms that disentangles ConAx
and PrAx.

Guided by this taxonomy, in our design, the decision-maker faces two types of
choice problems. In the MAIN problems, she can only violate ConAx; while in the
remaining ones, violations of both ConAx and PrAx can arise. Similar to Burks
et al. (2009) and Agranov and Ortoleva (2017), we focus on two choice domains:
delayed payment plans (henceforth “Time”) and lotteries (henceforth “Risk”), where
the existence of a transitive and complete preference is a necessary condition for both
discounted and expected utility theory.2 Crucially, our MAIN problems are all the
non-empty subsets of a set of four alternatives, making a test of WARP equivalent to
a test of utility maximization (Sen 1971).

Figure 1 reveals an ambiguous and weak correlation between violations of WARP
(in the MAIN problems) and Raven scores. This observation serves as the starting

1 A review of different notions of consistency both deterministic and stochastic such as Independence
from Irrelevant Alternatives, Stochastic Transitivity, and Regularity (Block and Marschak 1960), and their
violations can be found in Rieskamp et al. (2006).
2 If WARP is satisfied, then these theories are built on other ConAx such as stationarity and independence
that also influence the shape of the maximized functions. However, these properties were not confounding
factors in the existing literature, i.e., the positive correlations documented in Burks et al. (2009), Choi et al.
(2014), and Andersson et al. (2016) are robust to relaxing both expected and discounted utility. In view of
this, we defer their discussion to the Online Appendix.
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Fig. 1 Violations of WARP in Time (left) and Risk (right) and Raven scores

point for our analysis of the relation between consistency and cognitive abilities.3

We begin by assuming that the decision-maker maximizes a deterministic compo-
nent, such as discounted (in Time) and expected (in Risk) utility, plus a stochastic error
(Additive Random Utility Model [ARUM]). From this perspective, measuring con-
sistency using WARP is natural because inconsistencies are interpreted as departures
from deterministic utility maximization. Importantly, the conceptualization of noise
as deriving frommistakes/errors is one of the twomain interpretations of ARUMs (see
Strzalecki 2025 for a discussion) and the one that is most common in the experimental
literature relevant to our paper, e.g., Andersson et al. (2016).4 Henceforth, we refer
to this as the noise-error interpretation, which predicts a positive correlation between
consistency and cognitive abilities—a pattern not observed in our experiment (Fig. 1).
Our research question boils down to why.

We estimate individual preferences and precision parameters, reporting two facts:
(i) a substantial fraction of participants have “extreme” preferences, and (ii) these par-
ticipants are significantly more consistent than those with mild preferences. Within
ARUM, one can be persuaded by the simple idea that extreme preferences, unlike
mild ones, allow shocks in only one direction, leading to more consistent behavior.

3 Despite its relevance, WARP is obviously not the only notion of consistency (see Sect. 7.3 for further
discussions). It is possible that weaker notions of consistency can isolate inconsistencies equivalent to
mistakes. We replicate our analysis using other indices of rationality, such as the Swaps index and the
Houtman–Maks index, and consistency requirements from the literature (Manzini and Mariotti 2007), yet
we still find weak correlations. Similarly, substituting Raven scores with Cognitive Reflection Test scores
does not change this result. These robustness checks can be found in the Online Appendix.
4 As Strzalecki (2025) notices, ARUMs have also been interpreted as unobserved preference heterogeneity,
e.g. in Agranov and Ortoleva (2017). Though the two interpretations are equivalent in static environments,
“they differ when it comes to normative evaluations” (Strzalecki 2025) as in our study.
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We cannot exclude this mechanism, but we argue that noise alone cannot account for
all observed patterns.5 First, we note that the noise-error interpretation predicts a U-
shaped relationship between preference parameters and Raven scores, a prediction that
we reject. From here, a closer look at the participants’ behaviour, i.e., their response
times and violations of PrAX, reveals that for some of them the ARUM is misspec-
ified. We show that the behaviour of participants with extreme preferences is better
captured by heuristics, and in turn, that consistency is not a sufficient condition for
high decision-making ability by validatingRubinstein’s hypothesis (Rubinstein 2013):
“Consistency may reflect the use of a simple rule rather than greater sophistication.”
While we find a strong positive correlation between extreme preferences and consis-
tency in both Time and Risk, cognitive abilities only correlate with the complexity
of the heuristics. We then investigate whether, among the remaining participants, the
noise-error interpretation holds.We follow a growing literature (Agranov andOrtoleva
2017; Cerreia-Vioglio et al. 2019; Agranov and Ortoleva 2025) to show that inconsis-
tencies often arise from “deliberate” choice. In doing so, we show that consistency is
not even a necessary condition for high decision-making ability as participants who
choose to randomize are significantly less consistent while displaying excellent results
in cognitive abilities.6 Finally, we show that for participants whose behaviour cannot
be reconciled with heuristics or conscious randomization, the predicted positive cor-
relation between consistency and cognitive abilities is confirmed, i.e., the noise-error
interpretation applies.

2 Theoretical framework

A decision-maker faces a finite set of alternatives X and has preferences � . P is the
set of all possible preferences, X is the set of all non-empty subsets of X , c : X → X
is a choice function, and C is the set of all possible choice functions. Axioms (Ax)
act by restricting the set of choices Ax(C) ⊆ C. We characterize two types of axioms:
consistency axioms (ConAx) and preference axioms (PrAx), using a symmetric prop-
erty. Let π : X → X be a permutation over X . A permutation π acts on a choice
function c such that for all menus A, πc(A) = π(c(π−1(A))). We say that an axiom
is symmetric if for all π, c ∈ Ax(C) if and only if πc ∈ Ax(C); and it is asymmetric
if this property is violated for some π.

ConAx are symmetric axioms while PrAx are not, a distinction that is reflected by
the language inwhich these axioms are stated. For example, it is easy to see thatWARP
is a ConAx while monotonicity is a PrAx. WARP states that if x = c(A) and y ∈ A
then x, y ∈ B implies y �= c(B). Its definition contains no source of asymmetry; it
only limits “how” choices are organized. Monotonicity, on the other hand, states that

5 Overall, our study shows that consistency cannot be captured solely by a noise parameter that is a function
of utility differences, but one (ormore) other factor plays a role. This observation calls for a formal theoretical
study, which is beyond the scope of this paper.
6 These results are notably in contrast with Choi et al. (2014): “Some subjects may therefore adopt simple
decision rules, and this “simplification” may cause their choices to be inconsistent.”
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if x >PrAx y (for some order >PrAx) and x, y ∈ A then y �= c(A). Clearly, >PrAx
provides a source of asymmetry that imposes “what” to choose irrespective of other
choices.

The decision-maker behaves following a model, namely a mapping from P to C.

In the case of utility maximization the testable conditions are well-known (Sen 1971):
a choice function satisfies WARP if and only if there exists a transitive and complete
preference relation � that rationalizes it. The maximization model induces a mapping
from axioms onP to axioms on C and vice versa,7 i.e., WARPmaps to transitivity and
completeness while monotonicity on C maps to monotonicity onP: if x >PrAx y then
x � y. This observation allows us to interpret the sole existence of a utility function
as a ConAx and asymmetric properties of the utility function as confounding factors
(PrAx).

We can now discuss our two motivating examples. The common theme is that in
many relevant cases (multiple price lists, budget sets, etc...) consistency requirements
imply a joint test of symmetric (“how to choose”) and asymmetric (“what to choose”)
axioms.

Example1 (continued): Adecisionmaker faces the choice betweenn goods. X = R
n+

is the set of quantities, p ∈ R
n++ is a price vector, I is the income, and x ∈ X is a

consumption bundle. A budget set B(p, I ) is the set of bundles such that p · x ≤ I .
If a bundle xi is chosen at prices pi , we write (xi , pi ) and we say that xi � (�)x j
if pi · x j ≤ (<)pi · xi . GARP can be simply stated as follows: if xi � x j then there
exists no sequence x1 . . . xn such that x j � x1 . . . xn � xi with one strict preference.
GARP seems nothing more than a ConAx.8 However, in this setting, not only does
monotonicity imply GARP, but under local non-satiation, Afriat’s Theorem implies
that the converse also holds: observed violations of monotonicity, which is testable in
the data, unlike concavity, imply violations of GARP. This observation implies that
ConAx, interpreted as the existence of a utility function, cannot be tested without also
testing PrAx.

Example 2 (continued): Amultiple price list is a sequence of binary sets ({xi , y})ni=1
that compares the same alternative y to a series of alternatives xi such that for all i < j,
xi >PrAx x j for some order >PrAx . Namely, as we progress in the multiple price list
the first alternative becomes worse according to>PrAx . In Andersson et al. (2016), X
is a set of lotteries and>PrAx is the order representing first-order stochastic dominance
(FOSD). Imagine observing amultiple switch such that y = c(xi , y) and x j = c(x j , y)
with j > i . If transitivity is assumed then FOSD is violated: x j � y � xi implies
x j � xi implying again that ConAx cannot be tested separately from PrAx.

7 See Mahmoud (2017) for a study of the mapping between axioms on primitives and observables.
8 Notice that somePrAx are built into the structure of the problem. The definition of the revealed preference
� immediately impliesWalras’ Law, which in turn is a result of the problem being defined among goods (not
bads) and local non-satiation. Note that this latter is crucial for testing the hypothesis of utilitymaximization,
as otherwise unstructured utility functions, such as a constant utility, can trivially represent the data.
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Table 1 List of the MAIN
delayed payment plans

Alternatives Months
0 3 6 9 12

One shot (OS) 160 0 0 0 0

Decreasing (D) 110 50 25 0 0

Constant (K) 50 50 50 50 0

Increasing (I) 0 15 40 170 0

Notes: The amounts are described in Token with an exchange rate of
20:1 pounds

Table 2 List of the MAIN
lotteries

Alternatives Token Probabilities EV

Degenerate (D) 50 0 1.0 0.0 50

Safe (S) 65 25 0.8 0.2 57

Fifty-Fifty (50) 90 25 0.5 0.5 57.5

Risky (R) 300 5 0.2 0.8 64

Notes: The amounts are described in Token with an exchange rate of
10:1 pounds

3 Our theoretical environment and the experiment

Our experiment has a within-subject design. In Parts One and Two, participants were
asked to choose from different sets of alternatives: delayed payment plans (Time) and
lotteries (Risk). A delayed payment plan, d ∈ D, is a tuple (m1, . . . ,m5; t1 . . . t5)
with m1, . . . ,m5 being monetary prizes and (t1, . . . , t5) = (0, 3, 6, 9, 12) being the
months after which the respective payments are received. A lottery, l ∈ L, is a tuple
(x1, x2; p1, p2) with x1, x2 ∈ R being monetary prizes and p1, p2 ∈ [0, 1] being the
probabilities respectively of x1, x2.

Each part had 25 choice problems designed to be non-trivial. In both Time and
Risk, we focus on a subset of four alternatives (see Tables 1 and 2) and collect choices
on all the eleven non-empty subsets of these alternatives with cardinality at least two.
We refer to these sets as the MAIN problems and to the four alternatives as the MAIN
alternatives (see the Online Appendix for a complete description of the alternatives).

We measure (in)consistency focusing on the number of violations of WARP
(ConAx), namely the sum over all pairs of elements of the product between the num-
ber of times an element x is chosen when y is available, and vice versa. Formally, for
all x, y ∈ X , let Cxy be the number of times x is chosen when y is available (see the
Online Appendix for robustness checks to our measurement of consistency):

WARP violations =
∑

x,y

Cxy · Cyx

Guided by the literature, we focus on two PrAx in Time and two in Risk that have
characterized some influential experiments in the past, and have been potential con-
founding factors for the study of consistency. The first two PrAx are the most basic
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and fundamental, and both in Time and Risk describe a monotonic preference over
the monetary outcomes: (i) Monotonicity (MON): for all d, d̂, we say d >MON d̂
if for all i = 1, . . . , 5, mi ≥ m̂i with at least one strict inequality; (ii) First Order
Stochastic Dominance (FOSD): for all l, l̂, we say l >FOSD l̂ if given Fl and Fl̂ the
respective cumulative distribution functions: Fl̂(x) ≥ Fl(x) for all x ∈ R. These
monotonic axioms are typical confounders in Multiple Price Lists designs such as,
among many, Andersen et al. (2008), Burks et al. (2009), and Andersson et al. (2016).
The second two PrAx, instead, are constraints on the preferences over the time and
risk dimensions: (i) Impatience (IMP): for all d, d̂, we say d >IMP d̂ if the vector
m̂ is a permutation of m and the non-zero differences mi − m̂i are first positive and
then negative, with at most one sign change9; (ii) Second Order Stochastic Dominance
(SOSD): for all l, l̂, we say l >SOSD l̂ if

∫ x
−∞[Fl̂(h) − Fl(h)]dh ≥ 0 for all x ∈ R.

These last axioms have also played an important role in the experimental literature.
For example, in the influential experiment of Tversky and Russo (1969), repeated by
McCausland et al. (2019), alternatives were ranked by SOSD; while in Manzini et al.
(2010) alternatives were ranked by IMP.

Within the MAIN problems, participants could not violate PrAx, as it is clear from
Tables 1 and 2. Therefore, from now on, when referring to (in)consistency, we mean
WARP violations within the MAIN problems where confounding properties play no
role. Beyond the MAIN problems instead both PrAx and ConAx could be violated,
and alternatives were constructed such that each MAIN alternative is matched to a
dominated alternative for each PrAx (see the Online Appendix for details).

At the beginning of the experiment, participants received general instructions plus
specific instructions about both parts.10 Furthermore, before Parts One and Two,
participants answered three trial problems in order to make them familiar with the
experimental design. The positions of the alternatives were randomized. The partici-
pants could face two orders of problems, andwe also inverted Time andRisk elicitation
for a total of four treatments. A complete structure of the experiment and a description
of the orders can be found in section 2 of the Online Appendix. At the end of the
experiment, participants answered (non-incentivized) a subset of ten Raven matrices.
Finally, one choice was randomly selected in both Time and Risk and paid out. The
reward was measured in tokens with an exchange rate of 1:10 for lotteries and 1:20 for
delayed payment plans. The average reward was approximately £19, and the experi-
ment lasted on average 1h and 15 min. The experiment took place at the University
of St. Andrews between June and September 2019, with a sample of 145 participants,
and it was conducted using z-tree (Fischbacher 2007).

9 We borrow the term “impatience” from Fishburn and Rubinstein (1982) where it is denoted as Axiom
A3.
10 The instructions were available on screen and paper so that they could be consulted during the entire
experiment. Note that the experiment has been designed to be paper-free.
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4 Interpreting (in)consistency

4.1 The noise-error interpretation

We first consider a decision maker who maximizes a utility function, but she does so
with a stochastic error (ARUM). LetUθ be a family of utility functions with parameter
θ. Within our main analysis, in Time,U represents the exponential discounting model
with θ = β as the discount factor, while inRisk, it represents theCRRAutility function
with θ = ρ as the risk aversion parameter.11 In ARUMs, the probability of choosing
an alternative x from a set A is pθ (x, A) = Prob{Uθ (x) + ε(x) ≥ Uθ (y) + ε(y)
for all y ∈ A}. More concretely, stochasticity is modelled using a logit function with

the precision parameter λ such that pθ (x, A) = eλUθ (x)
∑

y∈A eλUθ (y) . Due to our interest in

heterogeneous behaviour12 we estimate for each participant i, the discount factor
βi , the risk aversion parameter ρi , and two precision parameters λi in Time and
Risk. In Figs. 2 and 3, we summarize our estimates by plotting the joint distributions
of preference and precision parameters. The main observations are: (i) a substantial
fraction of participants have “extreme” preferences, and (ii) these participants are
significantly more consistent than those with mild preferences.

An interpretation of noise involving errors implies that cognitive abilities should be
positively correlated with the estimated individual precision (a proxy of consistency,
i.e. the Spearman correlation between precision and WARP violations is −0.78 in
Time and −0.63 in Risk), and have a U-shaped relation with the estimated preference
parameters. We reject both predictions. First, we replicate the results from Fig. 1 as
the (Spearman) correlation between Raven scores and precision is 0.06 in Time (p-
value = 0.464) and−0.04 inRisk (p-value = 0.613).13 Second, both in Time and inRisk
we find a monotone (not U-shaped) relation between preference parameters and cog-
nitive abilities (+0.15 in Time, p-value = 0.059, and −0.15 in Risk, p-value = 0.062).
In the following sections, we will interpret this evidence from different lenses.

4.2 Extreme preferences: failures of the ARUM

Extreme preferences are clearly a key driver of consistency and deserve a detailed
analysis. We categorize these participants using the top and bottom deciles of the
parameter space.14 We call impatient those with discount factor: 0.9 < β < 0.91;
patient: 0.99 < β < 1; risk-averse: 2.2 < ρ < 2.4; and risk-neutral: 0 < ρ < 0.2.

11 Since our analysis relies on the correct specification of cardinal utilities, we provide several robustness
checks. More specifically, in Appendix 1, we estimate the model using different specifications, e.g., CARA,
and certainty equivalents in Risk, and Hyperbolic and Quasi-hyperbolic discounting in Time. In the online
appendix, we present alternative model specifications that do not rely on cardinal assumptions and an
alternative specification of the error, the Random Parameter Model (Apesteguia and Ballester 2018). We
confirm the results.
12 The full details regarding the structural model and its estimation (Train 2008) are in Appendix C.
13 Given that the non-linearity of the logit function is reflected in the precision parameter, we report the
Spearman correlation coefficient. Results do not change using linear correlations.
14 In the Online Appendix, we show that results are robust when categorizing participants using different
quintiles.
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Fig. 2 On the top, the joint distribution of β and λ. On the bottom, the marginal distribution of β. Notes:
the top panels report the joint distribution of individual preference and precision parameters. The size of
the bubble is proportional to the number of participants. Precision takes different values in Time and Risk
due to the different scales of the problems so comparisons are only meaningful within domains. The bottom
panels report the marginal distributions on the preference parameter space

Fig. 3 On the top, the joint distribution of ρ and λ. On the bottom, the marginal distribution of ρ. Notes:
the top panels report the joint distribution of individual preference and precision parameters. The size of
the bubble is proportional to the number of participants. Precision takes different values in Time and Risk
due to the different scales of the problems so comparisons are only meaningful within domains. The bottom
panels report the marginal distributions on the preference parameter space
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Fig. 4 Response times in Time. Notes: The bar plots report the sum of the response times in all questions
and the participants are grouped by their preference parameter. On the x-axis, we include in parentheses
the numerosity of each group. Finally, above the bars, we include the p-values from Welch’s t-tests

Comparing the behaviour of participants with mild and extreme preferences reveals
two failures of the ARUM. First, we test the common assumption known as the
chronometric function, i.e., response times are decreasing in utility differences, or
equivalently for us, participants with extreme preferences should be quicker (see Alós-
Ferrer et al. 2021).15 Figures 4 and 5 reject this assumption, showing a clearmonotonic
relation between preferences and response times, with impatient and risk-averse par-
ticipants being significantly quicker than patient and risk-neutral ones.

The second failure of the ARUM is observed in the probability of violating IMP and
SOSD, which should naturally be monotone in the preference parameters. Figures 6
and 7, instead, show a clear non-monotonicity. In other words, patient participants are
less likely to violate IMP than mildly impatient ones, while risk-neutral participants
are less likely to violate SOSD than mildly risk-averse ones. Importantly, this result
is not driven by the higher consistency of participants with extreme preferences, as it
is confirmed if we restrict our focus to participants with mild preferences who are, on
average, as consistent as those with extreme ones.

The stark evidence of Figs. 4, 5, 6 and 7 has a heuristic-based interpretation. The
framing of our experiment induced heuristics that map into extreme preferences. Lot-

15 The prediction that participants with extreme preferences should be quicker follows three observations.
First, the chronometric function implies that response times are decreasing in utility differences. Second,
since utility differences are non-monotone along the parameter space (see Wilcox 2011; Apesteguia and
Ballester 2018 for a discussion), we assume that the chronometric assumption holds on the normalized
utility space (Wilcox 2011). Third, once utilities are normalized, the sum of the utility differences is larger
for participants with extreme preferences. Finally, note that Figs. 2 and 3 suggest that utility differences
for these participants are even larger than those captured by our experimental design, as most are on the
boundary of the parameter space. This observation reinforces the idea that their response times should be
lower.
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Fig. 5 Response times in Risk. Notes: The bar plots report the sum of the response times in all questions
and the participants are grouped by their preference parameter. On the x-axis, we include in parentheses
the numerosity of each group. Finally, above the bars, we include the p-values from Welch’s t-tests

Fig. 6 Share of participants violating IMP in Time. Notes: The bar plots report the share of participants
who violate IMP within each group defined by preference parameters. The group “consistent” is defined as
those participants with WARP violations lower or equal than x, where x is found such that the overall mean
in the group is the closest to that of the participants with extreme preferences. The plot reports the average
number of WARP violations in each group. On the x-axis, we include in parentheses the numerosity of each
group. Finally, above the bars, we include the p-values from Welch’s t-tests
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Fig. 7 Share of participants violating SOSD in Risk. Notes: The bar plots report the share of participants
who violate SOSD within each group defined by preference parameters. The group “consistent” is defined
as those participants with WARP violations lower or equal than x, where x is found such that the overall
mean in the group is the closest to that of the participants with extreme preferences. The plot reports the
average number ofWARP violations in each group. On the x-axis, we include in parentheses the numerosity
of each group. Finally, above the bars, we include the p-values from Welch’s t-tests

teries were represented by pies and delayed payment plans by histograms, and both
were complemented by tables reporting probabilities/timings and monetary amounts.
This framing implies that, on the one hand, risk-averse and impatient participants
could apply simple visual heuristics, such as searching for the highest probability
of the highest amount (Risk) and the highest first histogram (Time). On the other
hand, risk-neutral and patient participants followed heuristics that involved calcula-
tions such as choosing the highest expected value (Risk) and the sum of all monetary
amounts (Time). To rationalize our evidence, notice that the different complexities of
the heuristics induced the differences in response times observed in Figs. 4 and 5,16

while the consistency induced by the use of heuristics explains the non-monotonic
behaviour observed in Figs. 6 and 7.17

16 This evidence, under a similar framing, appears also in Agranov et al. (2025): “safe choices seem to
be related to intuitive, less thoughtful choice processes...risky option seems to require a more deliberate
decision”.
17 Note also that impatient participants by choosing the first and highest histogram have a perfect remedy
against violations of IMP and, in fact, only 1 out of 26 of them violate this axiom (Fisher exact test with
the group of all other participants, violations 28 out of 119, p-value = 0.028). Patient participants, instead,
by summing all the payments, have the perfect remedy against violations of MON, and again, only 2 out
of 73 of them violate this axiom, a proportion that is significantly lower than any other group (Fisher exact
test with the group of all other participants, violations 11 out of 61, p-value = 0.009).
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4.3 Are inconsistencies errors?

So far, we have shown that participants with extreme preferences likely use heuristics
to simplify the choice process. We now ask whether we can interpret errors as simply
noise or whether other factors may play a role. Following Agranov and Ortoleva
(2017), we use the questionnaire (in the Online Appendix we list a sample of the
participants’ answers) to show that a substantial fraction of participants consciously
randomize (henceforth Randomizers) rejecting errors as sole driver of the observed
noise.18,19

Beyond the reported behaviour, we provide two additional pieces of evidence in
favour of our identification of randomizers. The first is based on replicating the find-
ings of Agranov and Ortoleva (2017), showing that randomization is significantly
more widespread in Risk than in Time (19% vs 5%, McNemar test, p-value = 0.000).
This observation further explains two facts: (i) 69% of participants have extreme
preferences in Time while only 37% in Risk as randomizers, in a potentially mis-
specified ARUM, display mild levels of risk-aversion; (ii) the average number of
WARP violations is significantly higher in Risk than in Time (4.99 vs 1.96, unpaired
t-test, p-value = 0.000). The second piece of evidence exploits the possibility, in our
design, of violating both FOSD and SOSD outside the MAIN problems. As described
in Appendix A, Cerreia-Vioglio et al. (2019) show that participants who random-
ize should not choose first-order stochastically dominated alternatives, while there
is no constraint on second-order stochastically dominated ones. This implies that (i)
randomizers should violate SOSD more often, and (ii) we should observe a positive
correlation between violations of SOSD and inconsistencies within the MAIN prob-
lems. In line with these predictions, we find (i) 90% of randomizers violating SOSD,
while this proportion is 71% among the remaining participants (Fisher exact test, p-
value = 0.054); and (ii) a strong positive correlation between violations of SOSD and
WARP violations (r = 0.30, p-value = 0.000).20

5 Main result: rationality and consistency

Recall, within the noise-error interpretation, if individuals with higher cognitive abil-
ities make fewer mistakes, consistency is logically linked to cognitive ability. In
previous sections, we have shown that the noise-error interpretation alone cannot
explain the choices of a subset of participants, implying that this logical link may be

18 Examples of randomization in choices among lotteries are Hey and Carbone (1995), Ballinger and
Wilcox (1997), Sopher and Narramore (2000), Hey (2001), Agranov and Ortoleva (2017), Yu et al. (2021)
Evidence of randomization between delayed payment plans can be found in studies involving Multiple
Price Lists such as Andersen et al. (2008).
19 In the online appendix, we provide another evidence that failures of ARUM documented in the previous
section are driven by participants who are likely to either use heuristics or to randomize. Specifically, we
exclude these participants and rerun our analysis in Sect. 4.2, finding results closer to the predictions of
ARUM.
20 The correlation between violations of WARP and SOSD does not depend on the use of heuristics.
When focusing on participants with non-extreme preferences, the correlation is still significant (r = 0.27,
p-value = 0.049).
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absent. Here, we show that this is indeed the case. First, our interpretation through the
lens of the complexity of the heuristic translates into a reformulation of Rubinstein’s
hypothesis (Rubinstein 2013): “Consistency with transitivity may reflect the use of a
simple rule rather than greater sophistication”.

Hypothesis 1 Participants who use heuristics are (i) more consistent but (ii) not more
sophisticated than other participants, especially when adopting simple rules.

Second, (conscious) randomizers, as those modelled by Cerreia-Vioglio et al.
(2019), cannot be narrow bracketers, i.e. their future choices depend on the old ones.
This observation implies that decision-makerswith high cognitive abilitiesmay choose
inconsistently and leads to the following hypothesis.

Hypothesis 2 Randomizers are (i) less consistent but (ii) not less sophisticated than
other participants.

Figure 8 reveals that participants who use heuristics (simple or not) are significantly
more consistent than the remaining ones, confirming (i) in Hypothesis 1, while Fig. 9
shows no evidence of a relationship with Raven scores.21 In detail, we do not reject
the null hypothesis that participants who use heuristics are not more sophisticated,
confirming (ii) in Hypothesis 1.

Figures 8 and 9 also confirm Hypothesis 2. In Risk, randomizers are more likely
to be inconsistent,22 but they are no less sophisticated. In fact, we even reject the
alternative hypothesis that randomizers are less sophisticated (p-value = 0.077 w.r.t.
other participants, p-value = 0.043 w.r.t. participants who rely on simple heuristics
that yield risk-averse preferences).23

5.1 The relation between rationality and consistency: heterogeneous analysis

To stress the importance of choosing the correct model of noise when interpreting
the correlation between consistency and cognitive abilities, we conclude with some
thought-provoking figures. Using the same groups defined in the previous section, in
Fig. 10,weplot the correlationbetween consistency and cognitive abilities, partitioning
our sample into two groups: (i) extreme and randomization; and (ii) others.

21 The relation between preferences and cognitive abilities has been the subject of extensive research, see
e.g. Andersson et al. (2016) for a review on risk preferences. In this paper, we cannot disentangle whether
there is an inherent relationship between preferences and cognitive abilities or whether complexity can
explain past results. There is currently a lively literature on complexity, see e.g. Oprea (2024), Agranov
et al. (2025), and we believe this question is worth investigation.
22 There is a small overlap between participants who are coded as randomizers and have extreme pref-
erences. Not surprisingly, we find that these participants (n = 10) are significantly more likely to violate
WARP than those who have extreme preferences but are not coded as randomizers (p-value = 0.002).
23 We provide several robustness checks to the analysis in this section. In Appendix 1, we use reported
behaviours from the questionnaire to identify the use of heuristics. We find strong correlations with extreme
preferences and replicate the patterns of Figs. 8 and 9. In Appendix B.2, we reveal the participants’ pref-
erences using non-parametric methods such as the Minimum Swaps algorithm (Apesteguia and Ballester
2015), and the Sequential algorithm (Horan and Sprumont 2016), and again replicate our findings. Finally,
in the Online Appendix, we replicate our analysis using several other approaches.
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Fig. 8 WARPviolations (heterogeneous analysis). Notes: The two plots report the average number ofWARP
violations for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”, “Randomize”), and the
remaining participants (“Others”). On the x-axis, we include in parentheses the numerosity of each group.
Finally, above the bars, we include the p-values fromWelch’s t-tests. Importantly, since our hypotheses are
one-directional, the statistical tests are one-tailed

Fig. 9 Raven scores (heterogeneous analysis). Notes: The two plots report the average Raven scores for each
group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”, “Randomize”), and the remaining participants
(“Others”). On the x-axis, we include in parentheses the numerosity of each group. Finally, above the bars,
we include the p-values from Welch’s t-tests. Importantly, since our hypotheses are one-directional, the
statistical tests are one-tailed
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Fig. 10 Correlation betweenWARP violations and Raven scores (heterogeneous analysis). Notes: the three
panels report the joint distributions of Raven scores andWARP violations for two categories of participants.
“Ext & Rand” are either participants with extreme preferences or randomizers. “Others” are the remaining
participants. In the top panel, we denote “Ext & Rand” participants who are categorized as such either in
Time or in Risk. In the parentheses, we report the numerosity of the groups with n1 representing “Ext &
Rand” and n2 representing “Others”

The main panel shows data aggregated by Time and Risk, where the “others” group
is defined as those participants who are never coded as having extreme preferences or
as randomizers. The smaller panels focus separately on Time and Risk. As expected,
we find different correlation patterns in the two groups, mostly with opposite signs
(Fisher z-tests: in aggregate p-value = 0.011, in Time p-value = 0.235, in Risk p-
value = 0.186). These results speculatively suggest that the noise-error interpretation
of ARUMs for the “others” group is adequate.

6 Further results: preference axioms and consistency

Before our final discussion, we investigate whether PrAx, in our experiment, play the
role of confounding factors. First, we look at the prevalence of PrAx violations and
compare these results with the literature. In Time, 9% of participants violated MON
while 20%violated IMP, and these violations are correlated (r = 0.27, p-value = 0.001).
In Risk, 26% of the participants violated FOSD while 74% violated SOSD, with
a lower correlation between them (r = 0.1, p-value = 0.246), confirming that the
sources of violations of these two axioms are different. Our results are similar to
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Fig. 11 Violations of PrAx and Raven scores. Notes: The bars show the average Raven scores for partic-
ipants who either satisfy or violate different PrAx. Above the bars, we include the p-values from Welch’s
t-tests

Burks et al. (2009) with significantly more violations of monotonicity in Risk than
in Time (McNemar test, p-value = 0.000) and furthermore, in Risk, the prevalence
of violations of FOSD resemble the proportion of multiple switching in the literature
(Filippin and Crosetto (2016), see Sect. 7 for a further discussion).

Figure 11 shows the correlation between violations of PrAx and cognitive abil-
ities. We find negative correlations everywhere, though only significant for IMP.
Noticeably, since patient participants rarely violate MON due to their heuristic (see
footnote 17), among the remaining participants, the correlation is larger and significant
(p-value = 0.026). The results in Risk are less clear. In particular, while violations of
SOSDcan be rationalized by appealing to randomization,we fail to explain the absence
of correlation regarding violations of FOSD and we do not find any significant effect
of extreme preferences or randomization for this property.

Finally, we ask whether participants who violate PrAx overlap with those who
violate ConAx. The stark differences in the prevalence of violations, i.e., excluding
SOSD, 42% of participants violate one of MON, IMP, and FOSD while 88% violate
WARP at least once, suggest that a substantial group of participants violateWARP but
notmonotonicity (in any form). Table 3 shows onlyweak correlations that become even
weaker once controlling for the use of heuristics, as they induce higher consistency
both for ConAx and PrAx. The only exception is SOSD, for which we find a strong
and positive correlation that drops after controlling for randomization, in line with our
discussion in the previous section.

7 Discussion and further research

Our study is naturally related to the literature on GARP and multiple switching
behaviour (MSB). Here, we build on our motivating examples to show how our find-
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Table 3 Correlation between violations of ConAx and PrAx in Time

WARP Time WARP Risk
(1) (2) (3) (1) (2) (3)

Panel A—Impatience Panel A—FOSD

0.784 −0.499 −0.302 0.411 0.489 0.412

(0.587) (0.518) (0.512) (0.647) (0.588) (0.574)

Panel B—Monotonicity Panel B—SOSD

0.806 −0.277 −0.160 2.376∗∗∗ 1.537∗∗ 1.228∗
(0.796) (0.488) (0.499) (0.610) (0.600) (0.652)

Extreme and random × � � × � �
Response times × × � × × �
Observations: 145 145 145 145 145 145

Notes: The dependent variable is the number of violations ofWARP, and the main independent variables are
the dummy variables representing violations of PrAx. Column 1 displays the unconditional correlations.
In column 2, we control for dummy variables representing extreme preferences and randomization. Finally,
in column 3, we control for response times within ALL problems. The regression models are estimated in
Stata (Robust standard errors). ***< 0.01, **< 0.05, *< 0.1

ings fit into the existing literature, and we provide further theoretical mechanisms that
could explain the differences. Then, we discuss the assumptions behind our analysis
and, in particular, the focus on WARP and utility maximization.

7.1 Discussion: violations of GARP

Asmentioned in the introduction,ConAx are often considered as necessary conditions
for high-quality behaviour as expressed by Choi et al. (2014): “if decisions are high-
quality then there exists a utility function the choices maximize” (see also Kariv and
Silverman 2013; Carvalho and Silverman 2019). The authors (see Section II.B in Choi
et al. 2014) highlight that GARP does not impose normative restrictions on the utility
function showing that GARP allows for violations of FOSD. We believe this point is
worth a discussion in view of our findings.

Choi et al. (2007, 2014), and Dembo et al. (2022) find that the vast majority of
participants violate GARP, even if mildly, a result that may be expected given the
high number of choices participants encountered in their experiment (see Figure 4,
in Choi et al. 2007). However, in these papers, not only do most of the participants
violate GARP, but they also violate FOSD, i.e. Dembo et al. (2022) find that no par-
ticipant satisfies FOSD in a 3-dimensional case, while only a handful satisfy it in the
2-dimensional case (see the Appendix in Dembo et al. 2022, and similarly Choi et al.
2007, 2014). The high number of bothGARP and FOSDviolations seems to be a strik-
ingly different result from that observed in other studies. For instance, in Agranov and
Ortoleva (2017) and in our experiment, almost all participants violate WARP (90%
and 85.5%, respectively) but much less violate FOSD (6% and 26%, respectively).
To reconcile this evidence, we propose the following explanation. First, in the con-
text of budget sets, FOSD is a complex theoretical concept that involves interactions
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among states of theworld (seeDembo et al. 2022). GARP, instead, imposes constraints
(monotonicity and concavity) only within states. Given this premise, the high number
ofGARPviolations is consistentwith the high number ofWARPviolations observed in
choice under risk in Agranov and Ortoleva (2017) and in our experiment. On the other
hand, the low prevalence of FOSD violations in these latter studies can be rationalized
by the fact that states of the world are unlabeled. Here, FOSD implies the existence
of a probability space and two random variables ordered by state-by-state stochastic
dominance (see Theorem 1 in Hansen et al. 1978 and subsequent discussions), i.e.
participants may be able to apply FOSD when it overlaps with more intuitive notions
of stochastic dominance, while they fail when this is not the case, as in Choi et al.
(2014) and Dembo et al. (2022). We believe further research is needed to deepen our
understanding of why decision-makers may violate (or satisfy) different stochastic
dominance properties, as well as other PrAx, and how these properties are related to
ConAx.

7.2 Discussion: multiple switching behaviour

Amirroring discussion can be developed focusing on the literature on MSB. As antic-
ipated, MPLs do not allow for a separate test of ConAx and PrAx. This is strikingly
clear in the existing literature. Filippin and Crosetto (2016) collect 54 studies involv-
ing 6315 participants and find an average of 17.1% of participants display MSB. In
line with this prediction, Andersson et al. (2016) find 14.8% and 30.48% in their two
treatments, respectively. These numbers are interestingly aligned with the proportion
of our participants who violate FOSD, but in stark contrast to the proportion who
violate WARP.

More recently, Chew et al. (2022) introduced a distinction between regular and
irregular MSB (see Chew et al. 2022 for details), arguing that only the former can
be explained by conscious randomization. The authors then look at the correlation
between cognitive abilities and MSB and find that both participants with regular and
irregular MSB display a negative correlation, but with the latter having a regression
coefficient twice that of the former (see Table 3 in Chew et al. 2022). Since the
authors use randomization to explain their findings, this evidence appears to support
our results. However, the result does not seem robust. First, using data fromAndersson
et al. (2016), we confirm a negative correlation for both regular and irregularMSB, but
we do not find statistically significant differences between the two groups. Second, Yu
et al. (2021) investigate possible explanations forMSB and find that when participants
are nudged into reconsidering their choices the proportion of MSB drops from 31% to
10% implying a relationship between low understanding and MSB.24 Third, Agranov
and Ortoleva (2025) find no systematic relation between the extent to which decision-
makers randomize and measures of cognitive abilities. Finally, in our experiment, we
find no correlation between violations of FOSD and cognitive abilities. This result is
surprising and, when paired with evidence fromMPLs, suggests that this relation may

24 Interestingly, note that this approach follows Gilboa (2009) definition of rationality as “feeling of embar-
rassment” when confronted with a previous choice, and it is in line with the recent approach adopted by
Nielsen and Rehbeck (2022).
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depend on features of the experimental design (i.e., violations of transitivity are easily
identifiable by multiple-switching behaviour) as well as on the lotteries under study.

We believe that further research is needed to investigate the interaction between
PrAx andConAxwithinMPLs and the effect on the correlationwith cognitive abilities
as extensive literature has drawn conclusions that may potentially be misleading.

7.3 Discussion: model misspecification and our notion of consistency

Recognizing the importance of the underlying model of behaviour is crucial to inter-
preting the correlation between consistency and cognitive abilities. For example, if
participants were explicitly instructed to choose according to a model, i.e., to maxi-
mize utility, departures from the model’s predictions (WARP) would likely correlate
with cognitive abilities, as they would reflect the ability to perform the task effec-
tively. In practice, however, the choice of the model is endogenous and affects the
observed correlation. For instance, heuristics may be preferred for their simplicity
(e.g., thinking aversion) while randomization may be computationally burdensome as
the problem becomes non-separable. As analysts, we do not know the correct model
specification and often interpret the data, leaving the model implicit. Many studies
have concluded, upon observing a positive correlation between consistency and cog-
nitive abilities, that (most) inconsistencies were errors, implicitly assuming an ARUM
specification. In this paper, we explicitly model inconsistencies as errors in a utility
maximization problem and demonstrate that this model is misspecified for a subset of
our participants. As a result, we uncover the underlying mechanisms behind the lack
of correlation between consistency with WARP and cognitive abilities observed after
controlling for confounding factors.

We acknowledge, however, that our measure of consistency also relies on model
assumptions being a distance fromutilitymaximization. This, on the one hand, allowed
us to decouple utility maximization from cognitive sophistication. On the other hand,
inconsistencies may hide regularities that our focus on WARP did not reveal. For
example, weaker notions may be necessary conditions for high decision ability, as
sophisticated decision-makers may explore reasonable departures from utility maxi-
mization. In the online appendix, we explore two of such weaker notions: “No Binary
Cycle” and “Always Chosen” which are jointly equivalent to WARP (Manzini and
Mariotti, 2007, Proposition 1). These properties interestingly categorize violations
of WARP into two types: intransitivities in binary menus and menu effects, which
may correlate differently with cognitive abilities. Notably, our results hold for both
properties. Another example is conscious randomization which is characterized by
a consistency property over mixtures of lotteries (Cerreia-Vioglio et al. 2019, see
Appendix A), whereas our definition of WARP is on lotteries alone. It is possible that
“consistent” randomizers have better decision-making ability than inconsistent ones
but our design is not equipped to investigate this question. We believe this could be an
interesting avenue for future work. To conclude, although we have shown that WARP
is not a necessary condition for high decision-making ability, we cannot rule out that
other notions of consistency may be.
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8 Conclusion

Existing literature has documented a positive correlation between cognitive sophisti-
cation and consistent behaviour, and has consequently interpreted inconsistencies as
errors.We have shown that this correlation could be driven by confounding factors, and
isolating violations of consistency, we found no correlation. Heuristics and randomiza-
tion are key mechanisms underlying our result. The former make non-sophisticated
decision-makers consistent, while the latter make sophisticated ones appear incon-
sistent. Overall, this suggests that consistency with WARP is neither sufficient nor
necessary for high decision-making ability, challenging the use of the language that,
in economics, equates rationality and consistency.
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Appendix A: Randomization

Conscious randomization has been modelled by Machina (1985) and more recently
by Cerreia-Vioglio et al. (2019), and denoted “deliberate” randomization. Decision-
makers have a deterministic preference over the convex hull of a set of lotteries and
randomize to obtain the optimum. We use the framework of Cerreia-Vioglio et al.
(2019) to formalize this idea. Let [w, b] ⊆ � be an interval on monetary prizes and �

be the set of lotteries over [w, b]. Denote A as the collection of all finite, non-empty
subsets of �; and co(A) as the convex hull of A ∈ A. A stochastic choice function ρ

is a map that assigns to each A a probability distribution ρ(A). Particularly, ρ(A) is a
compound lottery and ρ(A) is the induced lottery over monetary outcomes:

ρ(A) =
∑

q∈A

ρ(A)(q)q.
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A stochastic choice function ρ has a Deliberate Stochastic Choice representation
if there exists a complete preorder � over � such that:

1. For every A ∈ A:
ρ(A) � q ∀ q ∈ co(A)

2. For all p, q ∈ �, p >FOSD q implies p � q.

Appendix B: Robustness checks: identification of the heuristics

B.1 Questionnaire

At the end of the experiment, we collected information through a questionnaire.
We used open questions to ask which model participants adopted and identify both
heuristics and randomization. In theOnlineAppendix, we provide examples of the par-
ticipants’ answers. Below, we replicate our analysis on WARP violations and Raven
scores (Figs. 8 and 9), while in the Online Appendix, we also replicate the results
regarding response times (Figs. 4 and 5).

First, our reported measures are highly correlated with the estimated extreme pref-
erences. In particular, the correlation is 0.61 (p-value = 0.000) for patient participants,

Fig. 12 WARP violations (heterogeneous analysis). Notes: The two plots report the average number of
WARP violations for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”, “Randomize”),
and the remaining participants (“Others”). On the x-axis, we include in parentheses the numerosity of
each group. Finally, above the bars, we include the p-values from Welch’s t-tests. Importantly, since our
hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed
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Fig. 13 Raven scores (heterogeneous analysis). Notes: The two plots report the average Raven scores
for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”, “Randomize”), and the remaining
participants (“Others”). On the x-axis, we include in parentheses the numerosity of each group. Finally,
above the bars, we include the p-values from Welch’s t-tests. Importantly, since our hypotheses in Sect. 5
are one-directional the statistical tests are one-tailed

0.58 (p-value = 0.000) for impatient ones, 0.41 (p-value = 0.000) for risk-neutral
ones, and 0.29 (p-value = 0.000) for risk-averse ones. As the reader can see, com-
paring Sect. 5 with the above figures, the results are very similar both in Time and in
Risk, with participants who reported the use of heuristics being more consistent and
having no significant differences in decision-making ability (Figs. 12, 13).

B.2 Revealed preferences

As described in the Sect. 4.1, our structural approach is based on several assumptions.
Here, we replicate our analysis on WARP violations and Raven scores (Figs. 8 and 9)
using three (non-parametric) approaches to revealed preferences (similar to the pre-
vious section, other results are relegated to an online appendix): (i) minimum swaps
(Apesteguia and Ballester 2015), (ii) sequential method (Horan and Sprumont 2016),
and (iii) the reported ordinal preferences. These approaches map participants’ choices
into ordinal preferences (possibly incomplete in the case of Apesteguia and Ballester
2015). Our definition of extreme preferences is restrictive. FromTables 1 and 2, denote
the delayed payment plans: One Shot Payment [OS], Decreasing [D], Constant [K],
Increasing [I]; and the lotteries: Degenerate [D], Safe [S], Fifty-Fifty [50] and Risky
[R]. Impatient and patient participants have preferences OS � D � K � I and I � K
� D � OS, respectively. Risk-averse and risk-neutral participants have preferences
D � S � 50 � R and R � 50 � S � D, respectively. The results are robust to all these
identification approaches (Figs. 14, 15, 16, 17, 18, 19).
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Fig. 14 WARP violations (heterogeneous analysis) with “minimum swaps” revealed preferences. Notes:
The two plots report the average number of WARP violations for each group (“Impatient”, “Patient”, “Risk
averse”, “Risk neutral”, “Randomize”), and the remaining participants (“Others”). On the x-axis, we include
in parentheses the numerosity of each group. Finally, above the bars, we include the p-values fromWelch’s
t-tests. Importantly, since our hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed

Fig. 15 Raven scores (heterogeneous analysis)with “minimumswaps” revealed preferences.Notes: The two
plots report the average Raven scores for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”,
“Randomize”), and the remaining participants (“Others”). On the x-axis, we include in parentheses the
numerosity of each group. Finally, above the bars, we include the p-values fromWelch’s t-tests. Importantly,
since our hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed
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Fig. 16 WARP violations (heterogeneous analysis) with “sequential” revealed preferences. Notes: The two
plots report the average number of WARP violations for each group (“Impatient”, “Patient”, “Risk averse”,
“Risk neutral”, “Randomize”), and the remaining participants (“Others”). On the x-axis, we include in
parentheses the numerosity of each group. Finally, above the bars, we include the p-values from Welch’s
t-tests. Importantly, since our hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed

Fig. 17 Raven scores (heterogeneous analysis) with “sequential” revealed preferences. Notes: The two
plots report the average Raven scores for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”,
“Randomize”), and the remaining participants (“Others”). On the x-axis, we include in parentheses the
numerosity of each group. Finally, above the bars, we include the p-values fromWelch’s t-tests. Importantly,
since our hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed
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Fig. 18 WARP violations (heterogeneous analysis) with reported preferences. Notes: The two plots report
the average number of WARP violations for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neu-
tral”, “Randomize”), and the remaining participants (“Others”). On the x-axis, we include in parentheses the
numerosity of each group. Finally, above the bars, we include the p-values fromWelch’s t-tests. Importantly,
since our hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed

Fig. 19 Raven scores (heterogeneous analysis) with reported preferences. Notes: The two plots report the
average Raven scores for each group (“Impatient”, “Patient”, “Risk averse”, “Risk neutral”, “Randomize”),
and the remaining participants (“Others”). On the x-axis, we include in parentheses the numerosity of
each group. Finally, above the bars, we include the p-values from Welch’s t-tests. Importantly, since our
hypotheses in Sect. 5 are one-directional the statistical tests are one-tailed
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Appendix C: Structural estimation

Complementing Sect. 4.1, we provide more details on our structural estimation. Let
X be a set of alternatives and {Uθ }θ∈	 be a collection of utility functions character-
ized by the preference parameter θ. We focus on two functional forms of the utility
functions: the CRRA utility function with preference parameter ρ ∈ R

+ to model risk
preferences25 and the exponential discounting with preference parameter β ∈ [0, 1]
to model time preferences.

UCRRA
ρ (x1, x2; p1, p2) =

2∑

i=1

pi
x1−ρ
i

1 − ρ

UEXP
β (m1, . . . ,m5; t1, . . . , t5) =

5∑

i=1

β ti mi .

We assume the decision-maker can make a stochastic error modelled using a logit
functionwith precision parameter λ.Weuse the “contextual approach” as described by
Wilcox (2011) to limit the non-monotonic behaviour of the implied probabilities in the
preference parameters. Namely, for each parameter θ the utilities of each alternative
x is normalized as follows:

Ûθ (x) = Uθ (x) = Uθ (x) − minz∈X Uθ (z)

maxz∈X Uθ (z) − minz∈X Uθ (z)

The decision-maker faces 11 choice menus (the set of all non-empty subsets of X ) Ai

indexed by i = 1, . . . , 11. We denote (a, Ai ) the observation in which the decision
maker chooses a from the set Ai . In each menu Ai , the probability of selecting an
alternative a, Pr(a, Ai ) is:

Pr(a, Ai ) = eλÛ (a)

∑
b∈Ai

eλÛ (b)
.

Estimation of individual preference and cognitive parameters Due to our interest
in heterogeneous behaviour we use a latent-class model approach (Train 2008; Dard-
anoni et al. 2023). Let s = 1, . . . , S be the participants. A type ω = (θ, λ) is a tuple of
preference and precision parameter. The individual types ω1, . . . , ωS are generated by
an unknown density g(ω). Each participant faces each of the 11 choice menus inde-
pendently and each realisation of the unobserved parameter ωs yields, independently
for each participant s = 1, . . . , S, observed choices (a, Ai )s, realized according to the
probabilities defined in the previous section. The observed choices of each participant
s are summarized in the choice function cs .

25 The definition of CRRA utility function in the main text is not defined for ρ = 1, but it well-known that
in such case UCRRA

ρ (x1, . . . , xn; p1, . . . , pn) = ∑n
i=1 pi log(xi ).
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We estimate the population density g(ω) by maximum likelihood, and given the
actual individual choices, we adopt the standard approach of using Bayes’ Theorem to
estimate the posterior distribution of parametersωs . Following Train (2008), we define
a finite number of unobserved types in the population by appropriately discretizing θ

in a finite grid of � values, and λ in a finite grid of � values. There are � · � = 	

unobserved types in the population, with an unknown distribution described by a	×1
probability vectorπ.Notice that this formulation leaves the joint distribution of the two
underlying deep parameters unrestricted in line with our interest in heterogeneity and
can be viewed as a discrete non-parametric approximation of their joint distribution.

An estimator of π, i.e. the (discretized) population density of ω, can be obtained
as follows. First, for each discretized value of ω, we can write the probability for each
possible choice vector cs . Let P denote the S × 	 matrix arraying these probabilities
for each participant and each discretized value of ω, that is Ps, j = Pr(cs | ω j ).

Bayes rule implies that for each participant s, the 	 × 1 vector of posterior proba-
bilities

Pr(ω j | cs) = diag(ps)π

psπ

where ps denotes the s row of P. Let H denote the S × 	 matrix collecting the
posterior probabilities for all S participants. Notice that, given the model and the
discretized parameters, H is a function of π only. The following iterative procedure
(EM-algorithm)26 gives our estimator π̂ . Start with a value π1 (typically uniformly
distributed). At each iteration t : (1) compute H(πt ); (2) compute π ′

t+1 = 1′H(πt )/S,

where 1 denotes the S × 1 vector of ones; (3) Iterate until convergence.
From π̂ ,we can use Bayes theorem as in the above formula to obtain the individual

posterior distributions of the preference and precision parameters (θs, λs) from which
we have plotted the expected values in Figs. 2 and 3.

C.1 Robustness check: utility specifications

In Sect. 4.1, we estimated preference and precision parameters using Exponential
discounting in Time and CRRA utility in Risk. Our subsequent claims on response
times and violations of IMP and SOSD rely on a correct cardinal specification of
the functionals. Here, we provide a robustness check by replicating the structural
estimation with other well-known cardinal definitions. In Time, beyond exponential
discounting where the discount factor follows the power function β t = 1

(1+δ)t
, we

focus on hyperbolic discounting, i.e. β(t) = 1
1+δt , and quasi-hyperbolic discounting,

i.e. β(0) = 1 and β(t) = γ 1
(1+δ)t

for all t ≥ 1, with γ ∈ (0, 1]. In Risk, beyond
the CRRA utility function, we focus on three other specifications: the CARA utility
function, i.e. (1−e−ρx )

ρ
, and the certainty equivalents of both CRRA and CARA utility

functions. Below, in Tables 4 and 5, we report the correlations between the estimates
of δ and ρ in the different specifications, as well as the precision parameters. The
correlations between the preference parameters are close to one in Time, while slightly

26 Note that we keep fixed the discretized values of the parameters. The same estimation can be performed
maximizing the values of the parameters as described in Arcidiacono and Jones (2003). This extra step is
computationally burdensome, does not change the results, and is beyond the scope of the paper.
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Table 4 Correlations between
preference parameter estimates

Exp Hyp Q-Hyp

Exp 1.000 0.998 0.993

Hyp 0.998 1.000 0.989

Q-Hyp 0.993 0.989 1.000

CRRA CARA CRRA/ce CARA/ce

CRRA 1.000 0.977 0.892 0.896

CARA 0.977 1.000 0.948 0.950

CRRA/ce 0.892 0.950 1.000 0.995

CARA/ce 0.896 0.950 0.995 1.000

Notes: We report the linear correlations between the individual prefer-
ence parameter estimates under different utility specifications

Table 5 Correlations between
precision parameter estimates

Exp Hyp Q-Hyp

Exp 1.000 0.874 0.978

Hyp 0.874 1.000 0.826

Q-Hyp 0.978 0.826 1.000

CARA CARA CRRA/ce CARA/ce

CRRA 1.000 0.967 0.892 0.935

CARA 0.967 1.000 0.933 0.978

CRRA/ce 0.892 0.933 1.000 0.983

CARA/ce 0.935 0.978 0.983 1.000

Notes: We report the linear correlations between the individual preci-
sion parameter estimates under different utility specifications

lower in Risk, as expected given the discussion of the differences between the two
environments in Apesteguia and Ballester (2018). The precision parameters are also
highly correlated. This evidence supports the robustness of our approach. In theOnline
Appendix, we replicate all main figures under all these specifications.
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C.2 Validation

Finally,weprovide an additional sanity check of our structural estimates using the three
approaches introduced in Appendix B.2. Figures 20 and 21 show strong correlations
between the (revealed) preferences from all of these methodologies and our estimated
parameters.

Fig. 20 Discount Factor and elicited preferences. Notes: This figure and Fig. 21 report on the y-axis the
average preference parameters. On the x-axis, there is the best element either revealed with the minimum
swaps and the sequential algorithms, or directly reported

Fig. 21 CRRA risk parameter and elicited preferences. Notes: Figure 20 and this figure report on the y-axis
the average preference parameters. On the x-axis, there is the best element either revealed with theminimum
swaps and the sequential algorithms, or directly reported
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